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Chapter 1

Background

The consumption of milk and dairy foods has been a longstanding tradition in many
cultures. With the genetic adaptation to lactase persistence (LP), certain populations
were able to continue consuming dairy into adulthood. Thereby, these populations
obtained considerable intakes of proteins, fats, and other essential nutrients from
dairy consumption, which in turn contributed to their survival and reproduction.
Furthermore, while early modern humans obtained calcium and other minerals from
wild plant foods [1], the domestication of animals led to milk becoming a predominant
source. The development of pasteurization in the 19t" century has led to improved safety
and shelf life of milk and has therefore enabled the upscaling of dairy farming and
wider consumption of dairy products. Milk and milk products form a substantial part
of traditional diets in many countries. In several countries, there have been national
campaigns to promote dairy consumption by emphasizing the nutritional benefits and its
place in healthy diets, particularly in the post-war period when nutritional deficits were
widespread. The Netherlands has a renowned cheese sandwich culture that traces its
origins back to the Middle Ages and has endured ever since. Cheese sandwiches, toasties
or white buns with cheese continue to be the most popular breakfast and lunch options
for many of us ‘kaaskoppen’ [cheese heads]. Dutch hard cheeses like Gouda and Edam
have become popular worldwide. In Dutch culture, the habit of eating dairy is instilled
from a young age; for me it was mandatory to drink one glass of milk per day, as well as
first having a savoury ‘healthy’ sandwich (i.e., with cheese), only then a ‘bad’ one with
sweet toppings was allowed.

Dairy foods are currently recommended in many guidelines worldwide as part of a
healthy diet. Dairy is an interesting preventive target for maintaining cardiometabolic
health, as it is a rich source of protein, odd-chained fatty acids, calcium, magnesium,
potassium, vitamins A, D, B2 and B12. Nevertheless, several concerns have been raised
about dairy, as it is relatively high in saturated fat (SFA), sodium, potential hormones [2]
and sugar, compounded by the high prevalence of lactose intolerance. Around 65% of the
global population has some degree of lactose intolerance, up to 95% in the East Asian
population [3]. With aging populations, the link between diets and chronic diseases has
become more apparent. The discovery of a link between SFA and coronary heart disease
(CAD) has resulted in critiques on dairy consumption, and consequently many guidelines
recommend low-fat dairy types. However, this claim is currently not substantiated by
literature, as the current literature does not show the harmful effects of dairy that would
be expected based on the SFA content [4]. Dairy contains a complex mixture of fatty acids
with potentially different health effects, and because they are eaten within a matrix,
the dairy matrix, the effect depends on the interactions between various components
within this matrix, further affected by the bioactivity of several components derived
from various fermentation and processing techniques. Dairy has therefore received
ample attention in the literature. Nevertheless, the health effects of dairy foods remain
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General introduction

heterogeneous, and the debate in the scientific world as well as in the public about the
role of dairy in the prevention of cardiometabolic diseases is ongoing.

Dairy consumption

Dairy types and constituents

The ‘dairy’ group is a heterogeneous group of foods that vary in the structure, profile
and amounts of nutrients, the fat content, the addition of sugars, water content,
bioactive components, and other constituents, and the processing methods including
fermentation or aging. Dairy foods can be divided into several types, including milk,
powdered milk, fermented products, yogurt, quark (i.e., soft cheese), cheese, custard,
cream, and ice cream. Studies that investigate the health effects of dairy foods often
categorize products based on their relative fat content, distinguishing between low-fat
(<2% for liquid dairy types or <20% for solid dairy types) and high-fat (>2% for liquid
dairy types or 220% for solid dairy types). Nevertheless, the absolute fat content of
cheese is much higher due to a lower moisture content compared to high-fat milk. Within
each dairy type, the low-fat varieties contain similar protein, lactose, minerals (calcium,
sodium, potassium, phosphorus, magnesium), and water-soluble vitamins compared
to the high-fat varieties, but less fat-soluble vitamins (Table 1). The fat-soluble vitamins
A, D, E and K and several essential fatty acids are found in milk fat. The bioavailability
of calcium was found not to substantially differ among various dairy products, but
differences in the bioavailability of other vitamins and minerals are understudied [5,
6]. Most European countries, the UK and Australia do not fortify dairy products with
vitamin D, unlike Finland, Canada, and the United States, which have national vitamin
D fortification policies [7].

Full-fat milk consists of 87.6 g water, 3.4 g milk fat and 9 g non-fat constituents including
3.3 g protein, 4.5 g lactose (carbohydrates), and 0.65 g minerals (Table 1). Of proteins,
80% are casein micelles and 20% are whey proteins. Raw milk normally contains ~4.4 g of
fat per 100 g. In the Netherlands, and many other countries such as the UK and Australia,
the fat content is standardized to 3.5% fat for full-fat milk, 1.5-1.8% for semi-skimmed
milk and 0.1% for skimmed milk. There are some minor variations in international
standardization. Furthermore, modifications in the composition of milk are allowed if
indicated on the product packaging.

Milk is an emulsion of milk fat globules within a water-based fluid that contains dissolved
carbohydrates and protein aggregates with minerals. The milk fat globule is surrounded
by a membrane consisting of bioactive polar lipids (phospholipids and sphingolipids) and
proteins (i.e., the milk fat globule membrane, MFGM). Homogenization of milk leads to
smaller fat globules with a membrane consisting mostly of milk protein. SFA amount
and composition in milk depend on region, season, physiological factors, feeding and
farming practices [8-10]. SFA accounts for 67-72% of total fat in milk, including mostly
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palmitic (C16:0, 30-33% total FA), myristic (C14:0, 10-11 % total FA), stearic (C18:0, 9-10
% total FA) acids and short to medium chain FA (C4:0-C12:0, < 4 % total FA) [9]. Odd-
chain FA such as pentadecanoic (C15:0) and heptadecanoic (C17:0) represent 1 % and
0.5% of total FA, respectively. Furthermore, milk contains monounsaturated (MUFA)
and polyunsaturated fatty acids (PUFA) (18:1n-9, 18:2n-6, and 18:3n-3), branched-chain
saturated fats (BCSFA), and trace amounts of natural (ruminant) trans fats (e.g., trans-
palmitoleic acid, trans-C16:1n-7) [11].

Raw milk undergoes a separation process to separate a high-fat cream layer from a
low-fat milk layer. Milk is then standardized by adding cream to achieve the desired fat
content. Churning the cream causes fat globules to clump together, removing the MFGM,
and forming butter, which is then separated from the liquid buttermilk. In research
and dietary guidelines, butter is often excluded from the definition of the dairy food
category as butter contains only triglycerides and lacks the other components found in
whole milk. Instead, in the Dutch dietary guidelines, butter is included in the fats and
oils group [12]. For dairy desserts such as custard and ice cream, milk, cream, sugars,
and other ingredients are combined.

Fermented dairy refers to dairy products that are produced through the fermentation of
milk with living (lactic acid) bacteria, such as yogurt, quark, buttermilk, and kefir. Yogurt is
produced by adding a bacterial starter to milk which converts the milk sugars into lactic
acid, changing the protein structure to more gel-like. For cheese production, natural
rennet and bacterial starter cultures are added to milk, leading to coagulation of the
casein proteins and the formation of a curd, which is separated from the liquid whey. This
curd undergoes further processing involving drying, salting, and ripening, during which
the proteins undergo further structural changes. This curd can also serve as the base for
quark production. Many fermented dairy types contain probiotics, which are used as a
starter culture alone or in combination with lactic acid bacteria or are incorporated into
dairy after fermentation to enhance functional properties of the product [13]. Probiotics
are live microorganisms that have health benefits if administered in adequate amounts
[14]. Probiotics are capable of surviving passage through the digestive tract which
enables them to confer their health benefits. Lactic acid bacteria do not survive passage
through the digestive tract and therefore lack the same health-promoting properties
attributed to probiotics.
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Chapter 1

Guidelines for dairy consumption

Many guidelines worldwide recommend consuming 2-3 servings daily, mostly driven
by the provision of sufficient calcium into diets [15, 16]. Generally, dietary guidelines
emphasize intake of plain or unsweetened, low-fat dairy to limit intake of added sugars
and saturated fatty acids [15].

Current Dutch guidelines for dairy consumption

In 2015, the Dutch Health Council (HCN) formulated for the first time food-based dietary
guidelines, based on complementing evidence from prospective cohort studies and RCTs
on the prevention of the top 10 diseases contributing to mortality, years of potential
life lost, or burden of disease in the Netherlands (i.e., CHD, stroke, heart failure, type
2 diabetes (T2D), chronic obstructive pulmonary diseases, breast cancer, colorectal
cancer, lung cancer, dementia, and depression) and risk factors (i.e., blood pressure,
LDL cholesterol and body weight) [17]. Based on extensive literature reviews, the Dutch
Health Council recommends consuming dairy products daily, including milk or yogurt
and cheese, as literature shows that yogurt is associated with lower T2D risk, and dairy
and milk are associated with lower colon cancer risk. Additionally, they state that dairy
foods are important sources of essential nutrients including calcium, potassium, and
vitamin A, especially relevant for some groups with low intake of these nutrients. The
Dutch Health Council did not recommend a specific fat content for dairy products due
to insufficient evidence on whether the fat content of dairy has distinct health effects.

This advice has been translated by the ‘Voedingscentrum’ [The Netherlands Nutrition
Centre] into the ‘Schijf van Vijf' [Wheel of Fivel, which provides specific dietary
recommendations for the general public [12] (Figure 1). For both men and women,
the guidelines recommend consuming 2-3 servings per day, along with a maximum of
40 grams of cheese per day. This intake covers 80-90% of the Recommended Dietary
Allowance (RDA) for calcium is achieved. Low-fat dairy is preferred due to the higher
energy density of high-fat dairy. Furthermore, low-fat dairy options are recommended
to meet the guideline of limiting total saturated fat content of the diet to <10% of
total energy (en%). Milk and milk products included in this advice may contain <1.1
g of saturated fat per 100 g, <6 g of total sugar per 100 g, and should not have added
trans fats, sodium, or sugars. Thereby, skimmed, and semi-skimmed milk and yogurt,
and curd cheese are recommended, but high-fat milk and high-fat yogurt are not. Also,
puddings, custard, ice creams and other dairy desserts with added sugar are excluded
from this recommendation. Furthermore, dairy drinks are considered as a sugar-
sweetened beverage (SSB) if the total sugar content is >6g/100g and is then excluded
from recommendations. For cheese, the guidelines are <14g/100g SFA and <820mg/100g
sodium, and no added trans fats or sugar. Thereby, it is recommended to consume 20+
or 30+ cheese with reduced salt, soft goat cheese, mozzarella, and dairy spread, but not
48+ and diverse foreign cheeses such as brie and blue cheeses.
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The last advisory report from the HCN for the Dutch dietary guidelines was published
in 2015 [17]. This advisory report was supplemented with specific recommendations
for individuals with T2D in 2021 [18] and cardiovascular disease (CVD) in 2023 [19]. Both
reports concluded evidence was insufficient on health effects among these patient
groups to deviate from the existing dietary guidelines for the general population.

: Example of recommended daily amounts for an
: adult woman (elged from 19*50)

. M 250 grams of vegetables
. @@ 2 portions of fruit
@ 4-5 brown / whole-grain sandwiches

* A5 4-5serving spoons of whole-grain products or
e 4-5 potatoes

voedingscentrum.nl i . g 1 portion of fish/ pulses / meat

W!leel ok - . & 25 grams of unsalted nuts

of k ~ .

flve I, 2-3 portions of dairy products
\ . 40 grams of cheese

40 grams of spreadable fats and cooking fats

¥ 1,52 litres of fluids

Figure 1. The ‘Schijf van Vijf' [Wheel of Five] and an example of recommended daily amounts for
adult women (aged from 19-50), including the recommendation to consume 2-3 portions of dairy
products. Derived from: https://www.voedingscentrum.nl/

The HCN published an advisory report on a ‘healthy protein transition’ in 2023 [20].
This transition encompasses a change in the dietary patterns of Dutch individuals to
60% plant-based proteins and 40% animal-based proteins. Currently, 57% of proteins
are from animal-based sources. Research shows that a transition in diets is needed
to be able to comply with climate goals and to ensure sufficient healthy foods for the
world population. The greenhouse gas emissions of milk and milk products among
Dutch individuals aged 19-30 years was 12% in men and 13% in women [21]. For cheese,
this was 6% and 7%, respectively. This makes dairy the second largest in greenhouse
gas emissions, after 31% and 29% for red meat among men and women, respectively.
To lower the environmental burden of Dutch diets, the focus should be on reducing
consumption of red meat and both alcoholic and non-alcoholic beverages, increasing
water and tea intake, and moderating dairy intake to recommended levels [20, 21]. The
Eat-Lancet Commission on healthy diets from sustainable food systems states that a
wide range of intakes may fit within an overall healthy diet, with an optimal intake of
250 g/day within a range of 0-500 g/day [22]. No specification of fat content is made, as
with low-fat dairy intake, the fat proportion will remain in the human food supply for
example as butter or cream, resulting in limited effects on population health.
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Plant-based dairy alternatives

Achieving a sufficient intake of high-quality proteins, calcium, magnesium, and potassium
in a diet without dairy products requires effort. Without dairy products in the diet,
individuals need to actively seek alternative sources to meet their nutritional needs.
Suitable alternative sources include legumes, nuts, and seeds, while calcium, magnesium,
and potassium can be obtained from various fruits, vegetables, and fortified foods. Many
plant-based alternatives for dairy have entered the market in the Netherlands, and a
comparison of nutrient content is made in Table 2. Plant-based beverages need to adhere
to criteria for dairy products including calcium = 80 mg/100 g (> 500 mg/100g for plant-
based cheese alternatives), vitamin B12 > 0.24 mcg/100 g > 20 en% from protein. Soy
drinks provide more protein, magnesium, and vitamin K1 compared to other plant-based
drinks. Except for soy drinks, other milk alternatives are not considered good sources of
protein. Concerns have been raised about the lower protein quality and bioavailability
of plant-based drinks compared to milk [23, 24], as well as the lower bioavailability of
fortified calcium in plant-based beverages [25, 26]. Additional comparative studies on
the absorption and digestibility of proteins, added vitamins and minerals, and health
effects of plant-based alternatives are needed.

Dairy consumption patterns

The consumption of dairy products in different populations is highly heterogeneous
due to various demographic, cultural and socioeconomic factors. Dairy consumption
in the Netherlands is relatively high compared to other countries, attributed to dairy
products being embedded deeply in our culture, a low percentage of adults with lactose
intolerance (2%) and a highly developed dairy industry offering a diverse range of
nutrient-rich products tailored to trends in consumer behaviour.

The dietary habits of Dutch citizens are monitored in the Voedselconsumptiepeiling
(VCP) [Dutch National Food Consumption Survey] [27]. In the VCP of 2019-2021, the mean
dairy intake was 338 grams/day of dairy products, and 13 grams/day of dairy substitutes.
Milk-based drinks are consumed most frequently (51%), followed by yogurt (20%) and
cheese (9%). Consumption in children (336 grams/day) and adults (348 grams/day) is
comparable, although children consume more milk and milk products, and adults more
yogurt, quark, and cheese. Furthermore, intake in men (338 grams/day) is higher than
in women (315 grams/day) mostly due to higher milk and milk products consumption.
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Chapter 1

Dairy consumption habits change over time. Total dairy intake has decreased in the
Netherlands by 14%, since the VCP of 2007-2010 among all age groups and both sexes,
and both for milk and yogurt products and other dairy types. The VCP shows that since
the publication of the 2015 dietary guidelines, average dairy intake has remained stable.
Based on consumption data from ZuivelNL [Organization of the Dutch dairy sector] and
Statistics Netherlands (CBS), the intake of milk decreased by approximately 21% (56.6 to
44.7 kg milk per person per year) from 2005 to 2021 [28]. In contrast, cheese and quark
intake increased by 40% (18.4 to 25.7 kg of cheese per person per year). This shift in
dairy intake patterns can be attributed to changing lifestyle trends, dietary preferences,
and a deeper understanding of the health effects of various types of dairy foods. Two
explanations are noteworthy here. First, over recent years it has become more apparent
thatincreasing dietary protein is favourable for promoting muscle growth and increasing
energy expenditure. Consequently, products like quark have gained greater attention in
the fitness and dairy sectors due to its high protein content and favourable total fat-to-
energy ratio. Second, concerns about the climate impact of dairy products might have led
to consumers choosing to decrease their milk intake, especially since dairy alternatives
with similar nutrient content and taste are widely available, in line with decreasing meat
intake. For cheese, consumers might not be willing to decrease their intake due to its
high palatability which is difficult to replace with plant-based options [29].

Worldwide, more than 6 billion people consume milk and milk products; most of these
people live in developing countries. The milk and dairy production (including butter) is
projected to increase globally by 0.8% in 2020-22 to 15.7 kg in 2032 (milk solids, excluding
water content of milk or dairy products), driven by population and income growth mainly
in India, Pakistan, and several African Countries (Figure 2) [30]. Of dairy consumption
worldwide, 81% of milk is cow’s milk, 15% buffalo and 4% other such as goat, sheep, and
camel. Most dairy products are consumed in the form of fresh dairy products which
underwent minimal processing (i.e., pasteurised or fermented, including milk, yogurts,
quark). In low- and middle-income countries, two-thirds of the average per capita dairy
production is fresh dairy. In high-income countries, consumption of processed dairy
products is higher (i.e., butter, cheese, skim milk powder, whole milk powder, whey
powder and, for few cases casein). In Europe, consumption trends are similar to the
Netherlands. In Northern Europe, milk production is expected to decline as domestic
demands stagnate due to low population growth and declining population per capita
consumption of fresh dairy products, partly at the expense of increased intake of plant-
based replacements. Cheese intake is increasing in many European and North American
regions. Furthermore, in Southeast Asian countries, cheese intake will increase due
to urbanization and income increases resulting in more fast-food intake (i.e., pizza or
burgers with cheese).
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Figure 2. Per capita consumption of processed and fresh dairy products in milk solids. Milk solids
are calculated by adding the amount of fat and non-fat solids for each product; Processed dairy
products include butter, cheese, skim milk powder and whole milk powder. Source: OECD/FAO
(2023), "OECD-FAO Agricultural Outlook”, OECD Agriculture statistics (database), http://dx.doi.
org/10.1787/agr-outl-dataen [30].

Burden of prediabetes

Prediabetes is an intermediate stage between normoglycaemia and T2D, defined by
plasma glucose levels that are higher than the normal range but fall just below the
diagnostic threshold for T2D [31]. Diagnostic cut-off levels for normoglycaemia and
prediabetes are outlined in Table 3. People in this risk stage already display insulin
resistance and declined pancreatic beta-cell function, resulting in impaired fasting or
postprandial glycaemia. Prediabetes is asymptomatic and describes a high-risk stage
for progressing to micro-and macrovascular diseases. It is important to acknowledge
that not all individuals with prediabetes will eventually develop T2D, nor that individuals
without prediabetes will remain free from developing T2D.

Prediabetes definition

The term ‘prediabetes’ was used for the first time in 1979 by the National Diabetes Data
Group to describe impaired glucose tolerance (IGT), based on a two-hour postprandial
glucose (2hPG) after an oral glucose tolerance test (OGTT) of 7.8-11.0 mol/L [140-199
mg/dL] [32]. This definition was adopted by the American Diabetes Organisation (ADA)
and the World Health Organisation (WHO), who both later (1997 and 1998, respectively)
additionally introduced a definition of impaired fasting glucose (IFG) based on fasting
plasma glucose (FPG) values of 6.1-6.9 mmol/L [110-125 mg/dL] [31]. In 2003, the ADA
broadened the prediabetes definition, lowering the threshold for FPG from 6.1 mmol/L
to 5.4 mmol/L to optimise sensitivity and specificity in T2D risk prediction and make
IFG and IGT prevalence more similar [33]. In 2009, the International Expert Committee
(IEC) recommended using HbA1c for T2D diagnosis as this measure reflects long-term
glucose exposure, also identifying a high-risk group at HbA1c levels of 6.0-6.5% for whom
preventive interventions are recommended [34]. In 2010, the ADA defined a slightly
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lower HbA1c cut-off for prediabetes diagnosis, ranging from 39-46 mmol/mol [5.7-6.4%]
[35]. The WHO decided not to adopt these lower cut-offs, as the prediabetes prevalence
based on the ADA cut-offs is substantially higher than based on the WHO-ICE cut-offs,
creating a lower-risk group with a better cardiometabolic risk profile.

Table 3. Definitions of normoglycaemia and prediabetes according to different guidelines

Definition by Marker Normoglycaemia Prediabetes

WHO [31] FPG <6.1 mmol/L (<110 mg/dL) IFG: 6.1-6.9 mmol/L (110-125 mg/dL)

ADA [35] FPG <5.6 mmol/L (<100 mg/dL) IFG: 5.6-6.9 mmol/L (100-125 mg/dL)
WHO/ADA [31, 35] 2hPG <7.8 mmol/L (<140 mg/dL) 1GT: 7.8-11.0 mmol/L (140-199 mg/dL)
IEC [34] HbATc <42 mmol/mol (<6.0%) 42-46 mmol/mol (6.0-6.4%)

ADA [35] HbATc <39 mmol/mol (<5.7%) 39-46 mmol/mol (5.7-6.4%)

Abbreviations: 2hPG, two-hour postprandial glucose; ADA, American Diabetes Association; FPG, fasting
plasma glucose; IEC, International Expert Committee; IFG, impaired fasting glucose; IGT, impaired glucose
tolerance; HbA1c, haemoglobin Alc; WHO, World Health Organization.

Prediabetes prevalence

The prevalence of prediabetes is increasing worldwide at an alarming rate due to the
aging of populations, economic developments, and unhealthier behaviours [36]. A
high prevalence is especially observed in people with obesity and of older age [37].
There is limited overlap between IGT and IFG; only 20-25% of people with IGT have
IFG, and 30-45% of individuals with IFG have IGT [38]. This is because IGT tends to be
characterized by insulin resistance in muscle and decreased glucose uptake, while IFG is
generally driven by insulin resistance in the liver and excess hepatic glucose production.

A review of over 7,000 studies showed a global age-adjusted prevalence of 9.1% (464
million) for IGT, and 5.8% (298 million) for IFG (based on WHO definitions) among adults
aged 20-79 years in 2021 [36]. The prevalence was highest in high-income countries
(11.2% for IGT and 6.4% IFG, respectively). By 2045, the global prevalence of IGT and
IFG was projected to increase to 10.0% and 6.5% (414 million), respectively. In the
Netherlands, 1.156.900 (~10%) adults have T2D [39]. Exact estimates of prediabetes are
lacking, but estimates range from 10% [40] to 25% of the adult population [41].

The prevalence of prediabetes varies according to the diagnostic tests and cut-off
values used. For example, in the US National Health and Nutrition Examination Survey
(NHANES) of 2015-2016, the prevalence of prediabetes in adults aged 20 or older was
4.3% based on the IEC-HbA1c definition, 12.3% based on the ADA-HbA1c definition, 14.7%
based on the ADA/WHO-2hPG definition, 15.4% on the WHO-FPG definition and 43.5%
based on the ADA-FPG definition [42]. If any of the cut-offs were met, the prevalence
was 51.3%, and the prevalence was 2.5% if all criteria were met.
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Complications of prediabetes

Prediabetes increases the risk to develop T2D and CVD. A systematic review of 103
prospective studies up to 2018 from the Cochrane library assessed the overall prognosis
of developing T2D [43]. The estimated cumulative T2D incidence over 5 years of follow-up
was 50% (95%Cl 37-63%) based on the combination of IFG and IGT, and 38% (95%CI 26-
51%) based on IEC-HbA1c definition. A meta-analysis of 129 prospective studies showed
that prediabetes compared to normoglycaemia was associated with an increased risk
of CVD with a relative risk of 1.15 (95% confidence interval [CI] 1.11-1.18) with a median
follow-up time of 9.8 years [44]. Effect estimates for coronary artery disease (CAD) and
stroke were similar. Furthermore, a Mendelian randomization (MR) study of 1,326,915
participants showed that prediabetes is likely causally linked with CAD, with a 26%
higher odds of CAD per mmol/L increase in FPG [45]. Additionally, early stages of typical
complications of T2D, including retinopathy, nephropathy, and neuropathy, have been
reported among people with prediabetes, as well as other disorders associated with
T2D including periodontal disease, cognitive dysfunction, obstructive sleep apnoea,
metabolic syndrome, fatty liver disease, and cancer [46].

Public health implications of prediabetes

Recognizing individuals with prediabetes can have significant public health implications.
Identifying and screening for prediabetes could help preventive efforts and treatment
[47]. Effective preventive strategies are essential, as interventions targeting the reversal of
abnormal glucose levels and prevention of complications are most effective when initiated
during the early stages. Besides screening, education, community programs, and policy
interventions, lifestyle modification is one of the key preventive strategies to prevent
prediabetes [42]. Landmark clinical trials have shown that intensive lifestyle modification
(i.e., dietary changes and increased physical activity) among people with prediabetes can
help to prevent T2D, reducing the incidence of T2D with 25-58% over 3-6-year periods
compared to placebo or standard of care groups, mainly by inducing weight loss [48-51].

Moreover, considering the high prevalence of prediabetes, minor adjustments to risk
factors could have a profound impact on population health. This perspective aligns with
the public health approach to preventive medicine as defined by Geoffrey Rose, which
emphasized shifting population risk exposure toward a lower mean, through alterations
in environmental conditions that contribute to increased risk [121].

In the Netherlands, there has been limited emphasis on screening for or treating
prediabetes specifically in national health initiatives or guidelines. People with elevated
blood glucose levels are generally monitored by general practitioners (GPs), who may
offer lifestyle advice or refer them to combined lifestyle intervention (GLI) programs
aimed at managing overweight and obesity [52]. Diagnosis of individuals with prediabetes
is at this moment primarily done in the context of research studies rather than routine
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clinical practice, possibly due to its asymptomatic nature and varying risk outcomes, as
well as limited treatment capacity.

Prediabetes in epidemiological studies

In research, distinguishing individuals with prediabetes from normoglycaemia and T2D
allows for the comparisons of more homogenous groups. Risk factors of early onset
of T2D among normoglycaemia can be better understood by excluding individuals
with prediabetes at baseline. This approach also helps to remove a potential source of
heterogeneity, as associations of dairy intake may vary depending on the level of glycaemic
disturbances [53], for example due to varying levels of insulin sensitivity, metabolic
disturbances, and differences in body composition. A comparison between the use of
prediabetes versus glycaemic markers as outcome measures in epidemiological studies
on the association between dairy intake and hyperglycaemia is provided in Table 4.

Table 4. Comparison of outcome measures in epidemiological studies assessing dairy intake and

hyperglycaemia: prediabetes versus glycaemic markers.

Prediabetes outcome

Glycaemic markers

Outcome Definition based on a combination Many glycaemic markers have
definition of glycaemic markers (i.e., FPG, been assessed, including those of
2hPG and/or HbA1c). insulin sensitivity and resistance.
Distribution Binary Continuous
Effect Odds Ratio (OR), Relative Risk (RR) B with 95%Cl
estimate or Hazard Ratio (HR) with 95%ClI
Meaning Quantification of ratio of Magnitude and direction of the
probability between exposed association.
versus unexposed or lower
exposure group.
Advantages e Provides insights into the e Early detection of changes in

preventive associations of

certain exposures on the onset

of prediabetes.

Allows for the comparisons

of more homogenous groups.

Helps removing heterogeneity in

baseline levels.

Can be applied to populations

with different disease

prevalences aiding comparison

of exposure effects across

populations, therefore often

used in prospective cohort

designs.

o Clear clinical relevance,
directly translatable to dietary
guidelines.

glycaemic markers, even before
early-disease states, providing
insights on maintenance of
normal glycaemic control and
preventing development of
metabolic disorders.

¢ High sensitivity, small variations
are captured, therefore often
used as outcome in intervention
studies.

e Repeated measures may provide
insights into glycaemic variability
and long-term trends.
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Table 4. Comparison of outcome measures in epidemiological studies assessing dairy intake and
hyperglycaemia: prediabetes versus glycaemic markers (continued).

Prediabetes outcome Glycaemic markers
Disadvantages - Effectestimates may be affected » Effect estimates are difficult

by the exact definition used. to compare between studies

o Intra-individual variability in as heterogeneity in baseline
glycaemic markers introduces levels have implications for
noise. strength and direction of effect

o Cut-offs have varying estimates.
sensitivity and specificity. e Intra-individual variability in

glycaemic markers introduces
noise and make it challenging to
detect meaningful changes.

Based on FPG and fasting insulin, as well as on the 2hPG, various indices for insulin
sensitivity and resistance have been proposed to predict T2D development in non-
diabetic populations in clinical and epidemiological studies [54]. Especially the
homeostatic model of insulin resistance (HOMA-IR) is frequently used to quantify insulin
resistance and B-cell function [55]. This model correlates well with the hyperinsulinemic-
euglycaemic clamp technique (r = 0.88), accepted as the gold standard for assessing
insulin sensitivity. Thereby, studies using indices of insulin sensitivity and resistance
contribute to our understanding of T2D pathogenesis.

Dairy and hyperglycaemia

As dairy foods are widely consumed and contain many beneficial but also detrimental
nutrients for (cardio)metabolic health, it may be an important factor contributing to
prediabetes development. Currently, no randomized controlled trials (RCT) examine
the effects of dairy intake on prediabetes. Regarding glycaemic markers, RCTs suggest
inconsistent effects of high compared to low dairy intake [1-7]. Observational evidence
mainly comprises cross-sectional studies with prediabetes or continuous glycaemic
markers as outcome, or prospective cohort studies with T2D as outcome. In cross-
sectional studies, the exposure and outcome are assessed simultaneously and
thereby causality cannot be established. When the outcome precedes the exposure
measurement, it introduces the possibility of reverse causality. In such cases, the
outcome itself may have influenced health and dietary behaviours, as well as the
reporting of these behaviours. Therefore, a major advantage of prospective studies
compared to cross-sectional studies is that the exposure assessment proceeds the
development of the outcome, limiting the risk for reverse causality. Nevertheless,
before conduction of the studies in this dissertation, only one prospective cohort study
examined the associations between dairy intake and prediabetes [53]. The observational
evidence is summarized in the following paragraphs. Questions remain about the type
and dosage of dairy linked to the development of prediabetes, the nature of dose-
response relationships, and potential confounding factors related to health behaviours
and food intake.
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Dairy intake and prediabetes risk in cross-sectional studies

Four cross-sectional studies were performed recently on the association of dairy and
prediabetes, with varying results (mostly neutral, inverse and some positive associations)
(Table 5) [56-59]. A study in the Dutch Maastricht cohort found that higher consumption
of skimmed dairy, fermented dairy, yogurt, and cheese was associated with lower odds
of prediabetes, but high-fat dairy was not related to prediabetes [56]. In line with these
results, inverse associations for skimmed, fermented dairy and prediabetes were found
in the Lifelines cohort [57]. This study also found positive associations for high-fat dairy,
non-fermented dairy, and custard. In contrast to these inverse associations for low-fat
dairy, in the Feel4Diabetes study low intake (0-1 servings/d) compared to high intake (=1
serving/day) of low-fat dairy was associated with lower odds of prediabetes [58]. Another
study in the German KORA-FF4 found no associations between total dairy, milk, yogurt
and cheese and the odds of prediabetes in the fully adjusted models [59].

Dairy intake and continuous glycaemic markers in cross-sectional
studies

Twelve cross-sectional studies regarding the associations between dairy intake and
glycaemic outcomes from observational studies are summarized in Table 6. Similar
to prediabetes, neutral, inverse and some positive associations were reported. The
ELSA-Brasil study including 10,010 participants found inverse associations of several
dairy types with FPG, 2hPG, HbA1c, fasting insulin, and HOMA-IR, with strongest inverse
associations for cheese with 2hPG, and yogurt with HbA1c [60]. Nevertheless, also
desserts exhibited strong inverse associations with 2hPG in this study. Furthermore,
inverse associations were found for high-fat dairy intake with fasting insulin and HOMA-
IRin aJapanese cohort [61], and for yogurt intake with FPG and HOMA-IR in a UK cohort
[62]. Three studies reported null associations of dairy types with FPG, specifically for
total, low-fat, high-fat dairy [63], cheese [64] and yogurt and dairy desserts [65]. Three
studies reported positive associations between milk intake and glycaemic outcomes,
specifically of milk and HbA1c [66], milk and HOMA score [67], and high-fat milk and
FPG [68]. However, no associations of milk with FPG were found in three Danish cohorts
including 98,529 participants [69] and in four cohorts in the US and Spain including 7,177
participants [70].
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Chapter 1

Dairy intake and T2D risk in prospective cohort studies

Several systematic reviews and meta-analyses have published evidence on the
prospective association of dairy intake and risk of T2D [71-84]. An overview of summary
estimates from systematic reviews and meta-analyses based on a review from Alvarez-
Bueno et al. (2019) [85] updated with three additional meta-analyses [81, 83, 84] is
provided in (Table 7).

Table 7. Summary of evidence from meta-analyses on prospective observational associations
between dairy intake and T2D, derived from the overview by Alvarez-Bueno et al. (2019) [85] updated
with the additional meta-analyses [81, 83, 84].

Dairy type High vs. low intake Dose-response

aNn::;::'s RR range :n:;::; RR range
Total dairy 7 (6 significant) 0.81-1.00 5 (4 significant)  0.88-0.98 per 200-400 g/d
High-fat dairy 4 (0 significant) 0.95-1.00 4 (0 significant) 0.95-0.98 per 200 g/d
Low-fat dairy 4 (4 significant) 0.81-0.83 4 (3 significant) 0.88-0.97 per 200 g/d
Fermented dairy 3 (2 significant) 0.88-0.94 2 (1 significant)? 0.92-0.98 per 200 g/d
Milk 6 (3 significant) 0.82-1.12 4 (2 significant) 0.83-1.27 per 200 g/d
High-fat milk 4 (1 significant) 0.87-1.12 3 (0 significant) 0.99-1.27 per 200 g/d
Low-fat milk 2 (2 significant)  0.82(0.69-0.97)> 3 (1 significant) 0.83-1.01 per 200 g/d
Yogurt 7 (7 significant) 0.74-0.86 5 (3 significant)  0.78-0.94 per 50-200 g/d
Cheese 6 (3 significant) 0.82-0.94 5 (2 significant) 0.80-1.00 per 10-50 g/d

" Other meta-analyses identified but not included were Mohan et al., (2023) [86] and Companys et al. (2020)
[87]including fewer prospective cohort studies compared to earlier meta-analyses and Mishali et al. (2019)
[82] pooling the estimates of total dairy and milk for studies that reported these outcomes separately.

2 Derived from a study presenting two estimates, for low-fat or high-fat fermented dairy separately [79].
3Same estimates based on both meta-analyses, RR (95%Cl) [85].

Abbreviations: g/d, gram per day; RR, relative risk.

Additionally, the results of two recent meta-analyses are summarized here as they
were similar in search strategy and inclusion criteria, but differed in statistical analysis,
included studies, cases, and results. The systematic umbrella review and meta-analysis
by Giosué et al. (2022) [88] including studies up to December 2021 is summarized in
Table 8. Gijsbers et al. (2016) [79] updated by Soedamah-Muthu and de Goede (2018) [80]
included studies up to July 2018 in Table 9. Gijsbers et al. (2016) included more studies
and/or cases for some dairy types than Giosue et al., (2022) (e.g., for total milk, 8,061
vs. 17,241 cases) and explored nonlinear associations. For cheese, the most recent and
complete meta-analysis was conducted by Zhang et al. (2023) [84].
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Table 8. Summary of evidence on prospective observational associations between dairy intake and
type 2 diabetes from the systematic umbrella review of meta-analyses by Giosué et al. (2022) [88].

Dairy type N N cases (N total Intake Relative risk Evidence quality
ytyp studies not reported) (95%Cl) based on NutriGrade'

Total dairy 21 42,204 200 g/day  0.95(0.92-0.98) Low

High-fat dairy 14 28,817 200 g/day  0.98(0.93-1.03) Low

Low-fat dairy 15 29,023 200 g/day  0.97(0.93-1.00) Low

Milk 1 8,061 200 g/day 0.90(0.83-0.98) Low

Yogurt 10 37,223 100 g/day  0.94(0.90-0.98) Moderate
Cheese 10 9,479 30g/day  0.97(0.91-1.04) Moderate

NutriGrade is a scoring system for the quality of evidence, i.e., the thrustin the summary estimate, based
on risk of bias/quality assessment, precision, heterogeneity, directness of evidence, publication bias,
funding bias, effect size and dose-response gradient [89].

Table 9. Summary of evidence on prospective observational associations between dairy intake and
type 2 diabetes from the systematic review and meta-analysis by Gijsbers et al. (2016) updated by
Soedamah-Muthu and Goede (2018) [79, 80].

Dairy type . tu':ies NthaosteasI/ Intake Re:g;ioﬁ::‘)i sk g:::ii;o(-la r:::il\ll:er?:k
(95%Cl)
Total dairy 21 46,905/5,741,718 200 g/day 0.97 (0.95-1.00) 63% Linear
High-fat dairy 13 24,034/327,895 200g/day 0.98(0.93-1.03) 52% Linear
Low-fat dairy 16 28,531/5,313,782 200 g/day 0.96 (0.92-1.00) 60% Linear
Fermented 5 14,311/64,227 200 g/day 0.98 (0.90-1.06)/ 56%/ Linear
dairy 0.92(0.83-1.03) 51%
Milk " 17,241/145,472 200 g/day 0.97 (0.93-1.02) 57% Linear
High-fat milk 9 21,995/336,102 200 g/day 1.01(0.97-1.05) 72% Linear
Low-fat milk 7 20,098/267,607 200 g/day 0.99(0.88-1.11) 84% Linear
Yogurt 14 37,223/5,184,590 100 g/day 0.94(0.91-0.97) 69% At 80 g/day, 0.86
(0.83-0.90)
Cheese 12 32,936/369,697 30g/day 1.00(0.99-1.02) 62% Linear
Cream 5 19,730/258,571 5 g/day 0.99 (0.97-1.01) 34% Linear
Ice cream 5 19,730/258,571 10 g/day 0.93(0.89-0.97) 86% At 10 g/day, 0.81
(0.78-0.85)

'Summary estimates including either the estimate for low-fat or high-fat fermented dairy of one included
study, respectively.
Abbreviation: Cl, confidence interval.

Overall, these meta-analyses show an association between a higher intake of total dairy
and a lower risk of T2D, especially for low-fat dairy and yogurt intake. High-fat dairy
intake and cream were not associated with T2D. For total milk intake, the evidence is
mixed, with the largest meta-analysis showing no association (RR per 200g/day 0.97,
95%Cl 0.93-1.02), also not when considering high-fat or low-fat milk intake separately
(Table 9). Yogurt intake was strongly inversely associated with T2D in all meta-analyses
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(Table 7). This association was found to be nonlinear with the lowest risk at 80 g/day
compared to 0 gram/day (RR 0.86, 95%Cl 0.83-0.90), but no additional benefit with higher
intakes (Table 9). For cheese, a moderate association was found in some studies, but not
all. The most complete meta-analysis concluded that high compared to low cheese intake
was associated with lower T2D risk (n = 25, 44,584 cases among 674,107 participants,
0.93, 0.88-0.98, 12 = 45%) [84]. Nevertheless, no evidence for a linear or nonlinear dose-
response association was found (n = 18, 35,449 cases among 394,508 participants, RR
per 30 g/day 1.00 95%Cl 0.95-1.06, 1> = 57%), and evidence was graded as low based on
the AMSTAR-2 tool [90]. Ice cream intake was non-linearly associated with lower T2D
risk, with the lowest risk at 10 g/day compared to 0 g/day (RR 0.81, 0.78-0.85), with no
further decrease at higher intakes (Table 8). Giosué et al., (2022) graded the quality of
evidence for total, high-fat and low-fat dairy, and milk as low, and for yogurt and cheese
as moderate [88] (Table 8). Zhang et al. (2023) graded the evidence for cheese as low
based on the AMSTAR-2 tool [90].

Dairy intake and prediabetes risk in prospective cohort studies

In 1,884 participants with normoglycaemia at baseline from the Framingham Offspring
Cohort Study in the US, 902 cases of prediabetes (48.3%) were identified over a mean
follow-up of 10.5 + 4.1 years [53]. Higher intake of total dairy (HR highest compared
with lowest intake 0.61, 95%Cl 0.46-0.81, P, , = 0.002), high-fat dairy (HR 0.75, 95%Cl
0.47-1.17, P___=0.03), and low-fat dairy (HR 0.68, 95%CI 0.51-0.92, P,___ =0.03) were
associated with lower prediabetes risk. Nonlinear associations were found for total milk,
skim milk and whole milk intake with prediabetes risk, with the greatest risk reductions
at moderate intakes (around 1 to <3 servings/week). This study also showed that the
associations of dairy intake varied by baseline glycaemic status (i.e., normoglycaemia
or prediabetes) for high-fat milk (HR =1 serving/week 0.84 and 1.16, respectively) and
cheese intake (HR 24 serving/week 0.88 and 0.37, respectively). This highlights the
importance of considering individual metabolic profiles when assessing the impact of
dairy consumption on health outcomes.

trend trend

Substitutions of dairy intake

The most common approach in nutritional epidemiology is to compare individuals with
high intake of food compared to those with low intake, controlling for intake of total
energy. Thereby, the estimate represents a joint effect of the investigated food and
the substituted food [91]. In substitution analysis, the food that is being substituted
is specified, helping to elucidate the health implications of dietary modifications and
insights into the optimal composition of diets. A common approach is a leave-one-out
model, involving adjustments for all dietary sources and total energy except those being
substituted with the exposure.

Studies using substitution analysis in the context of associations between dairy and
T2D are scarce. A study by Ibsen et al. (2017) in the Danish National Diabetes Register
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(n =54,277, 7,137 cases, mean follow-up 15.3 years) examined the relationship between
substituting one dairy product subgroup for another at baseline and incidence of T2D
[92]. Substituting low-fat yogurt in place of high-fat yogurt was associated with higher
T2D incidence (HR . yingraay 1:17, 95%C1 1.06-1.29). Substituting high-fat yogurt in place of
low-fat milk (HRseng,day 0.89, 95%CI 0.83-0.96), whole-fat milk (HRservmg/day 0.89, 95%ClI
0.82-0.96) or buttermilk (HR__, , ., 0.89; 95%Cl 0.81, 0-97) was associated with a lower
T2D incidence. Furthermore, in the same cohort (n = 39,393), Ibsen et al. examined the
relationship between substituting one dairy product subgroup for another during 5
years of follow-up and the subsequent 10-year risk of T2D [93]. They found that replacing
whole-fat yogurt for milk reduced T2D risk in those aged 56-59 years, while replacing
skimmed milk for semi-skimmed milk increased risk among those aged 60-72 years. A
study by the same group in the European Prospective Investigation into Cancer (EPIC)-
InterAct case cohort, showed that replacing red and processed meat with cheese (HR,,
grday 090, 95%CI 0.83-0.97) or yogurt (HR,, .. 0.90, 95%Cl 0.86-0.95) was associated
with a lower rate of T2D [94]. A study by Stuber et al. (2020) using EPIC-NL data found
no associations between substitutions among milk and yogurt and T2D risk [95]. No
studies have examined the associations of substituting dairy types with prediabetes risk.

Considerations on confounding factors and dairy intake
associations

Confounding is a major issue in every type of research. The findings of studies are
affected by various parameters related to the aims of the research, such as age, and
sex, but also baseline values of the parameters under study and time-dependency.
Discrepancies in the associations between different dairy types and health outcomes
may be partly explained by various dietary, behavioural, and socioeconomic factors
across populations [96]. Dairy intake, and especially yogurt, may function as a marker
for overall health behaviours and diet quality [16, 56, 97-99]. Positive correlations have
been observed between higher dairy and yogurt intake and health behaviours including
non-smoking, higher physical activity and favourable cardiometabolic profile [56, 62,
63, 97-101]. Low-fat cheese intake might relate to overall higher SEP [102], female sex,
higher physical activity, and better diet quality [103-106]. While studies examining dairy-
hyperglycaemia associations often employ confounder adjustment models to derive
independent estimates, the exactimpact of these confounders on relationships remains
unclear.

Potential mechanisms

It is not clear if the beneficial associations of dairy foods on the development of
prediabetes and T2D are a result of indirect benefits on lower adiposity or lipidaemia,
or if dairy has direct protective effects on glycaemia [107]. With decreased insulin
sensitivity, the B-cells may become dysfunctional or fail to produce enough insulin to
overcome insulin resistance, resulting in hyperglycaemia. Obesity is the most important
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risk factor for the development of prediabetes and T2D [108], with accumulation of
abdominal fat and lower lean body mass both associated with insulin resistance and
heightened risk [109]. Adipose tissue dysfunction is a key factor in the onset of obesity-
related insulin resistance [109]. In obese individuals, when energy intake surpasses
energy expenditure, lipid overflow due to overloaded adipocytes leads to excessive fat
storage in non-adipose tissues including the liver, skeletal muscle, and pancreatic islets.
This, coupled with inflammation and disruptions in adipokine secretion, can contribute
to the development or progression of insulin resistance. Skeletal muscle is the primary
driver of glycaemic control, responsible for over 80% of insulin-stimulated postprandial
glucose uptake [110]. Reduced sensitivity of skeletal muscle to insulin may appear in
the earliest stages of T2D development before the onset of 3-cell failure and may occur
independently of obesity [111].

The Health Council Netherlands concluded that under ad libitum conditions, a daily intake
of three servings of dairy, particularly when additional dairy consumption is advised,
leads to a 0.5 kg increase in body weight in adults over six months [112]. This is based on
two meta-analyses (based on 14 and 18 RCTs) providing compelling evidence with limited
heterogeneity [113, 114]. Itis unlikely that weight changes will occur when additional dairy
foods are compared under isocaloric conditions [112]. In energy restricted RCTs, dairy
foods have been related to weight regulation and body composition. A meta-analysis of
37 RCTs (n =3,007) showed that high dairy diets increased lean mass, while decreasing
body weight, body fat and waist circumference [107]. Yogurt intake was associated with
a lower risk of obesity, weight gain, and elevated waist circumference based on a meta-
analysis of 22 prospective studies [115]. A MR study showed an inverse association of
genetically predicted milk intake with increased lean mass (0.52 kg per serving/day,
SE =0.17) but also increased waist circumference (1.33 cm per serving/day, SE = 0.62)
[116]. In the context of energy-restriction, dairy foods may assist in appetite control
exerting favourable effects on body composition [117]. Branched-chain amino acids
(BCAA) derived from amino acids may enhance muscle protein synthesis, lean muscle
mass, and skeletal muscle metabolic function [118]. Exploring non-obesity-related
pathways directly relating dairy intake to disrupted glucose metabolism and insulin
resistance is important for gaining a comprehensive understanding of the relationship
between dairy and prediabetes development. Several relevant molecular pathways of
dairy intake and prediabetes pertain to the effects of dairy proteins, calcium, the milk fat
globule membrane (MFGM), dairy fat, probiotics, vitamin K and lactose (Figure 3) [11].
However, direct causal molecular mechanisms remain unclear and potential pathways
do need further testing in experimental studies.
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Chapter 1

Dairy protein

Dairy proteins regulate postprandial glycaemia, affect gastric emptying, regulate lipid
changes induced by glucose ingestion, and promote satiety and reduce appetite which
can help in weight management [119-124]. Studies indicate that higher dairy protein
intake contributes to reducing fat mass while maintaining lean mass in weight loss
[125]. Dairy proteins are rich in BCAA leucine, isoleucine, and valine, which have been
linked to enhanced thermogenesis and insulin secretion in animal studies, by activating
the signalling pathways including mTOR (mammalian target of rapamycin) and SIRT1
(silent information regulator transcript 1) [126, 127]. In vitro, BCAA have been shown
to directly impact pancreatic B-cells and promote the release of incretin glucagon-
like peptide 1 (GLP-1), slowing down gastric emptying and promoting insulin secretion
[128]. Also, several dairy-derived peptides were linked to incretin hormones [119],
however relevance might be limited due to their low bioavailability [129]. To prevent
the resulting hypoglycaemia after a dairy-rich meal, insulin sensitivity might be reduced.
This insulinotropic effect of dairy may explain the short-term effects of high-dairy diets
on fasting insulin and insulin sensitivity in RCTs [130, 131]. However, in an RCT in healthy
subjects, whey proteins increased the GLP-1 and peptide YY (PYY) secretion without
altering insulin secretion [120].

Dairy fats

Dairy fats exhibit complex effects on glycaemia, depending on the exact fatty acid
composition of a dairy type. Plasma phospholipid even-chain SFAs (ECSFA) [(myristic
acid (C14:0), palmitic acid (C16:0), and stearic acid (C18:0)] have been associated
with higher T2D risk [132, 133]. Nevertheless, these ECSFA are also sourced from
exogenous non-dairy sources (such as meat, cocoa, and coconut oil) and are produced
by de novo lipogenesis which is stimulated by increased intake of carbohydrates and
alcohol [134, 135]. Therefore, these positive associations with T2D might only partly
represent dairy intake. In contrast, the odd-chain SFAs (OCSFAs) pentadecanoic acid
(C15:0), heptadecanoic acid (C17:0) and trans-palmitoleic acid (tC16:1n7) have been
associated with lower T2D risk [133, 136]. These OCSFAs occur in ruminant milk and
have no or little endogenous FA production in the body and have therefore been used
as biomarkers of dairy fat intake [137, 138]. Whether they play a functional role in the
aetiology of T2D, or if they merely reflect dairy fat intake is yet to be determined [139-
141]. Hypothesized biological pathways relating OCSFA to insulin resistance involve
facilitating the replenishment of the citric acid cycle, enhancing mitochondrial function,
and protect against hepatocyte dysfunction through the promotion of MUFA synthesis
by activation of PPAR-a [142]. In animal studies, dietary tC16:1n7 as well as BCSFA were
related to inhibition of hepatic de novo lipogenesis, activation of PPAR-a and PPAR-
y, improving insulin sensitivity and reducing inflammation [11, 143, 144]. Additionally,
medium chain SFAs (MCSFA) have different molecular and metabolic effects compared to
long-chain SFA (C16:0 and C18:0). In rodents, MCSFA has been shown to maintain glucose
homeostasis during high-fat and energy overfeeding [145]. In a RCT of 17 healthy men,
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the substitution of LCSFAs with MCSFAs after overfeeding with LCSFAs resulted in a full
reversal of insulin resistance in all tissues, especially in the skeletal muscle [146]. An
underlying mechanism might be that MCSFA enhanced mitochondrial oxidative capacity
and reduced lipid accumulation in vitro [147], while LCSFA activated NF-kB and decreased
insulin sensitivity [148].

Probiotics

Probiotics have been associated with lower weight gain, lower cholesterol, and blood
glucose levels in animal models, possibly by compositional and functional changes in
the gut microbiome, increased butyrate production and anti-inflammatory effects [11,
149]. Probiotics in some dairy types may affect the viability and composition of the gut
microbiota and influence gene expression related to improved glucose metabolism [150,
151]. These viability and compositional changes may include higher epithelial integrity,
thereby reducing leakage of lipopolysaccharides into systemic circulation, and reducing
low-grade inflammation [152, 153]. The effects depend on the bacterial strains and their
amount [154].

Vitamin K

Two major forms of vitamin K exist in food sources: K1 (phylloquinone), which is abundant
in green-leafy vegetables and certain vegetable oils, and K2 (menaquinone). Dairy,
especially cheese, is a significant source of vitamin K2 due to the utilization of vitamin
K2-producing bacteria species in industrial dairy fermentation. Therefore, cheese is a
major contributor to vitamin K2 intake in Europe and North America [155, 156]. Both
vitamin K1 and K2 have been associated with lower T2D risk [157]. In animal models of
T2D, vitamin K2 supplementation showed dose-dependent reductions of HbAl1c and
FPG and improved insulin resistance and B-cell function [158, 159]. In 68 patients with
T2D, vitamin K2 supplementation reduced FPG and HbA1c [160]. Vitamin K may improve
insulin sensitivity via several pathways derived from animal models. Vitamin K2 may
upregulate carboxylate osteocalcin, improving B-cell proliferation, insulin expression,
and upregulation of serum adiponectin levels [161]. Adiponectin, in turn, enhances insulin
sensitivity through increased fatty acid oxidation in skeletal muscles and inhibition of
hepatic glucose production in the liver [162].

Dairy matrix

Potential health effects of dairy intake are not only derivable to individual nutrients but
depend on the matrix of dairy products with specific nutrients, and mutual interactions,
possibly further affected by bioactive components. This dairy matrix concept entails
the unique structure of a dairy type, combining the single effects and interactions of
nutrients and non-nutrient components (e.g. probiotics) on dairy digestion, nutrition
absorption and physiological functions relevant to health [6]. This concept is derived
from research showing that the health effects of dairy products differ from the effects of
individual nutrients. Multiple RCTs demonstrated that isoenergetic substitution of butter
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with milk or cheese has a greater impact on rising triglycerides and LDL-cholesterol levels,
showing differential effects of SFAs on blood lipids when eaten in different matrices [163-
166]. Of particular importance are the calcium content and the bioactive polar lipids in
the MFGM. Calcium has been studied for potential anti-obesity effects. Higher calcium
intake may inhibit fat absorption by the formation of insoluble “soaps” in the intestine
and/or the formation of hydrophobic aggregation, thereby increasing fat exertion and
affecting overall energy balance [167, 168]. This also results in a lower postprandial rise
in triglycerides and LDL-cholesterol. Some animal studies showed that the effects of
calcium on attenuated weight gain, hepatic steatosis and hyperglycaemia and insulin
resistance were mediated by correction of leptin and GLP-1 signalling, lower calcitriol
levels, suppression of lipogenesis and gut microbiome alterations, but results are mixed
[11]. Also, RCTs in humans on the effects of calcium supplementation on weight outcomes
are mixed [169-171], suggesting limited relevance of calcium specifically [11]. The MFGM
prevents gastric lipase from digesting triacylglycerides (TAG) in the fat globule core,
slowing fatty acid release resulting in lower postprandial lipidaemia. Homogenization
in the production of milk and yogurt reduces the fat globule size, increases their surface
area, and changes the MFGM structure, resulting in a higher susceptibility of the TAG core
for gastric lipase [26]. However, gastric coagulation of caseins can enclose fat globules,
hindering lipolysis. For most commercially available cheese, homogenized milk is used.
The digestion of the TAG core in cheese is further hindered by the semi-solid protein
matrix. In mice studies, phospholipid, and sphingolipid supplementation (as present in
the MFGM) reduced serum cholesterol and hepatic lipid accumulation through lowering
of cholesterol absorption and changes in hepatic gene expression [172, 173]. Stabilization
of postprandial lipidaemia and reduced availability of fatty acids for gluconeogenesis
can contribute to stabilizing postprandial glucose levels.

Lactose digestion

Lactose consumption results in a lower glycaemic response than would be expected
based on its monosaccharide composition due to buffering salts, whey proteins and the
caloric value of fat and proteins slowing down gastric emptying, limiting postprandial
glucose levels [26]. A meta-analysis showed that most people with a clinical diagnosis
of lactose malabsorption can tolerate up to 18 grams/day of lactose without having
symptoms, as long the lactose is ingested together with other nutrients and eaten
throughout the day [174]. This means that, hypothetically, most of the lactose-intolerant
population could consume about 360 ml of milk per day without symptoms [175]. LP
individuals can digest lactose and absorb the resulting galactose and glucose molecules
in the small intestine. Individuals with lactase non-persistence (LNP) lack the expression
of the lactase enzyme in the brush border of their small intestine, which hinders the
digestion of lactose from milk in this specific location. In two cohorts in the US and the
UK, higher milk intake was associated with lower T2D risk among lactase non-persistent
(LNP) individuals (RR 0.70, 95%CI 0.52-0.94 and 0.83, 0.70-0.98, respectively) but not
among lactase persistent (LP) individuals (1.19, 0.86-1.64 and 1.00, 0.94-1.05, respectively)

38



General introduction

[176]. In LNP individuals, undigested lactose remains in the small intestine and may
serve as an energy source for intestinal microbiota, affecting microbiota composition
and activity [177]. Alterations in gut microbiota (e.g. Bifidobacterium) in LNP individuals
may relate to alterations in circulating metabolites resulting in lower T2D risk [176].

Nutritional epidemiology

Nutritional epidemiology is the study of linking intake of nutrients, foods and dietary
patterns, and nutritional status, to health outcomes and occurrence of disease in groups
of people. Nutritional epidemiology is essential to obtain insights into these relations,
aiming to inform policy and guidance, and improve the food supply, health behaviour
and population health. Nevertheless, establishing clear associations between diet and
specific health outcomes is extremely challenging, due to the individual variability in
response to dietary exposures, the multifactorial nature of diseases, and the long latency
periods of certain diseases.

A case for observational studies

Evidence-based nutrition aims to integrate the best available evidence with clinical
experience [178]. The hierarchy of the evidence pyramid, derived from medicine, reflects
the amount of evidence available and the strength expected from each design (Figure
4). The pyramid places systematic reviews and meta-analyses of all relevant RCTs,
observational studies and mechanistic studies at the top [179], followed by RCTs, and
cohort studies.

Systematic reviews and
meta-analyses of RCTs*
Randomized
controlled trials
High L
-T o

Case-control studies
Quality of . _
evidence ; _ Risk of bias
Cross-sectional studies, surveys I
Eoisar Case reports, case studies -

Mechanistic studies

Editorials, expert opinion

Figure 4. Hierarchy of evidence pyramid. *Systematic reviews and meta-analyses of RCTs,
observational studies and mechanistic studies.
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RCTs are often considered to provide the strongest evidence for causal relationships
between exposures and health outcomes. This is because randomization reduces bias
due to unknown confounding factors, the intervention can be done while minimizing
external influence, blinding is possible, temporal sequences can be examined, and results
can be replicated in different settings. However, RCTs studying the effect of dietary
interventions on hard disease endpoints in humans have several limitations, and are
often costly, impractical, and ethically challenging. Dietary exposures are difficult to blind
in RCTs, the chosen comparison group and background diet may profoundly affect the
outcomes, and health effects may relate to relevant contextual factors and interactions
not captured in RCTs. Therefore, RCTs, even if possible, will not provide definite proof
for many research questions in nutritional epidemiology [180]. Consequently, for testing
of relations of dietary exposures to disease, observational studies are the only viable
option.

Observational studies provide valuable insights into potential associations between diet
and health outcomes with long latency periods in large groups in real-world settings. The
results of observational studies are important for generating hypotheses and informing
more rigorous intervention studies. Prospective cohort studies are considered as higher
quality of evidence than cross-sectional or case-cohort studies, as the assessment of
the exposure precedes the development of disease. This temporal sequence helps
to minimize the potential for recall bias and reverse causation. For these reasons,
most evidence of associations between dietary exposures and T2D is gathered from
prospective cohort studies. To increase the certainty of evidence based on observational
studies, careful conduct, and thorough reporting according to current standards are
paramount [181]. This includes, amongst others, careful consideration of the target
population and study setting with certain dietary intakes and nutritional statuses, clearly
defining dietary exposures, and efforts to mitigate biases. Alongside the primary causal
study hypothesis, alternative non-causal hypotheses can be considered that may explain
how certain biases have led to associations between exposure and disease [180].

With sufficient consistent observational evidence, combined with coherent findings
from mechanistic studies establishing biological plausibility, associations become a key
point of evidence in the direction of causality, without the need for RCTs to come to any
conclusions [180]. In recent years, more emphasis has been placed on observational
studies in nutritional recommendations [17].

This thesis

The aim of this thesis was to study the relationship between the intake of total dairy
and various dairy types and prediabetes in prospective cohort studies including general
populations.
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Methods

The first part of this project focussed on the assessment of associations of dairy and
prediabetes in The Netherlands. Secondly, our objective shifted towards the inclusion
of international cohorts, with the overarching goal of synthesizing all available evidence
from prospective cohort studies in a meta-analysis. The prospective cohorts that were
used in this thesis were selected based on the following criteria:

« Inclusion of adults aged 18 years or older with normoglycaemia at baseline;

« Utilization of a prospective observational cohort design;

+  Collection of continuous glycaemic measures at baseline and follow-up assessments;

* Implementation of a validated dietary assessment method to quantify dairy
consumption at baseline, such as an FFQ or diet history;

* Inclusion of a wide range of sociodemographic and health risk factors for a
comprehensive analysis.

The prospective cohorts that met our criteria and were available for our secondary
analyses included the Dutch Hoorn Studies, the Rotterdam Study, the Lifelines study,
the Australian Diabetes, Obesity, and Lifestyle Study (AusDiab), and the Fenland study
from the United Kingdom. Limitations of this selection is the restriction to Western
high-SES populations. Therefore, we extended invitations to Principal Investigators
from the CARDIA study from the United States, the Tianjin Chronic Low-Grade Systemic
Inflammation and Health Cohort Study (TCLSIH) in China, and the Korea Genome and
Epidemiology Study (KoGES) in South-Korea; however, we were not able to achieve
collaboration. Furthermore, we explored potential collaborations with several other
cohort studies and the InterConnect project [180] but did not proceed with this because
of the limited availability of glycaemic measures.

Cohort General aim Baseline (years) N total cohort

Prevalence and risk factors
) . HS1: 1989-1992
for disturbances in glucose 9,733
) ) HS2:2006-2007
metabolism and diabetes.

RS-1: 1989-1993
RS-1I: 2000 14,926
RS-111: 2006

ROTTERDAM Aetiology and risk factors of
STUDY diseases in elderly.

Biobank enabling research

[ ] L ]
I f I to better prevent, predict, 2006-2013 167,729
I e I nes% diagnose, and treat diseases.
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Cohort General aim Baseline (years) N total cohort
?..‘35 D"'i"d Benchmark data on
- ' prevalence and examination
3 z of the natural history of 1999-2000 11,247
’%_.: = diabetes, pre-diabetes, heart
":-% o disease and kidney disease.
05, Ot
Interaction between
environmental and genetic
factors in determining 2005-2015 12,435
obesity, T2D, and related
lic di .
FENLAND metabolic disorders
STUDY

Exposure assessment

All cohorts used a validated FFQ at baseline developed specifically for these cohorts to
measure dietary intake. We aggregated the items from each FFQ into commonly used
categories for dairy intake, including total dairy, fermented dairy, milk and milk products,
yogurt, cheese, and ice cream, distinguishing between low-fat and high-fat types. Further
distinction into sweetened and unsweetened dairy products was not possible.

The mean dairy intake in each of the included cohorts, and compared to the VCP [27],
are shown in Figure 5. The FFQ used in each cohort differed considerably and therefore
comparison of exact intakes is not possible. The mean dairy intake and distribution of
different dairy types to the total intake is similar in Dutch cohorts, with lower milk intake
in more recent cohorts. Fermented dairy intake is lower in AusDiab and the Fenland
study compared to the Dutch cohorts.

We analysed the dairy types in servings/day according to serving size definitions
employed by national health agencies. Thereby, relative risks (RRs) are standardized
facilitating comparison across different studies and populations and are in line with
national guidelines facilitating integration of research findings. An exception is the
Lifelines study, where we expressed intakes in servings/day enforcing equal water
content of liquid dairy types, and comparable to high-fat cheese regarding energy
content. These latter serving sizes were used in the meta-analysis to allow for a better
comparison of the strength and significance of relative risks for the various dairy types.
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Figure 5. Mean dairy intake in the Hoorn Studies (HS), the Rotterdam Study (RS), the AusDiab study,
the Fenland study, the Lifelines cohort, and the Food Consumption Survey Netherlands (VCP) [27]
with year of (baseline) assessment shown.

Analysis methods

In each of the selected cohorts, we rigorously assessed our objectives based on a
standardized analysis plan to establish a robust evidence base. This standardized
methodology contributed to high-quality input for the meta-analysis. This also
allowed for deeper insights into the potential sources of heterogeneity across cohorts
with specific explorations of confounding factors, mediation effects of obesity and
cardiometabolic markers, and effect modification by age, sex, and obesity. Such
cross-cohort comparisons and replication analyses are imperative for drawing firmer
conclusions based on observational nutritional epidemiological studies.

We employed a novel approach using network models to describe the holistic
interrelationships of dietary characteristics, and sociodemographic, health and
cardiometabolic risk factors and prediabetes. Network models have a unique advantage
of analysing and visualizing all mutual connections simultaneously, providing a
comprehensive understanding of the key variables, clustering, and pathways. With
this integrative approach, we aimed to uncover insights into the found associations
between dairy intake and prediabetes risk, considering the connections of dairy intake
to potential confounding factors and their collective influence on prediabetes risk.
Nutritional epidemiology often relies on regression analysis for the assessment of diet-
disease relationships, offering insights into the independent effect of a single dietary
exposure. Nevertheless, regression analysis does not fully capture the complex network
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of relationships between variables. Leveraging network modelling techniques, previously
employed within the field of nutritional epidemiology to identify dietary patterns [183-
186] and to explore relationships between demographics, dietary behaviours, and clinical
markers [187], we aimed to offer a more nuanced understanding of these associations.
To our knowledge, using holistic network models to interpret the results of reductionist
regression analysis represents a novel approach in the field.

We derived this network approach from the psychology field, which adapted social
networks (i.e., connections to persons or entities) to networks visualizing connections
between mood states, symptoms, or attitudes [188]. In network analysis, the
conditional interdependencies between all these variables are estimated using machine
learning regularization techniques and visualized together (Figure 6). We applied this
methodology in two prospective cohort studies, firstly in the Lifelines study due to
its large sample size, and secondly as validation in the Fenland study for its definition
of prediabetes based on FPG, 2hPG and Hbalc, and its unique inclusion of objective
measurements of physical activity within the cohort. Subsequently, we assessed several
structural features of the network, including the predictability of variables, clustering
of variables, and centrality indices.

p(xly, 2) = p(xly)
— /) —ee0e— —

Multivariate data Joint probability Conditional Network Network analysis
distributions associations

Figure 6. Graphical presentation of steps undertaken in network analysis.

Finally, we identified, summarized, and evaluated all available evidence in a systematic
review and meta-analysis. Systematic reviews and meta-analyses are often considered
at the top of the hierarchy of evidence and are paramount for informing evidence-
based guidelines and clinical practice. We aimed to follow a rigorous and predefined
methodology following the Preferred Reporting Items for Systematic Reviews and
Meta-analyses (PRISMA) and Meta-analysis of Observational Studies in Epidemiology
(MOOSE) guidelines to reduce bias in the selection and interpretation of studies [189].
We conducted an extensive literature search in several databases on longitudinal
studies reporting associations of any dairy intake with continuous glycaemic markers
or prediabetes incidence. Articles were selected and relevant information was extracted
independently by two researchers. The quality of the individual studies was assessed by
the Newcastle-Ottawa Scale, a well-known scoring system for observational studies [190].
Separate meta-analyses were performed for each dairy type in relation to prediabetes.
Dose-response random-effects meta-analyses were used to derive incremental dose-
response associations and we examined potential non-linear associations using quadratic
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and restricted cubic spline models. The quality of each meta-analysis was assessed using
the NutriGrade scoring system to clearly communicate the level of confidence in the
findings [89]. This scoring system is tailored to characteristics, strengths and limitations,
and biases of observational designs in nutritional science.

Outline of this thesis

After the General Introduction, each chapter describes the research in the five analysed
prospective cohort studies. Chapter 2 describes the prospective associations between
dairy intake and prediabetes risk in the Hoorn Studies. Furthermore, we examined
substituting dairy types with alternative dairy types in relation to prediabetes risk.
Chapter 3 presents the findings of the Rotterdam Study, focusing on the analysis and
comparison of associations between dairy intake and incident prediabetes during the
follow-up period, as well as dairy intake with repeated measures of insulin resistance.
Chapter 4 describes the association between dairy intake and prediabetes risk in
the AusDiab study. In Chapter 5, we evaluate the associations of dairy intake and
prediabetes risk in the Lifelines study, with a focus on exploring potential sources of
heterogeneity of associations in the literature. We adopt a novel approach to investigate
the interrelatedness of dairy intake in a network of metabolic risk factors, individual
health behaviours and intake of other food groups, to contextualize and interpret the
associations between dairy consumption and prediabetes risk. Furthermore, possible
reverse causation is examined by relating baseline prediabetes risk and a desire to lose
weight to baseline dairy intake, as potential awareness of an individual's risk might relate
to certain dietary choices. Chapter 6 presents the associations between dairy intake and
prediabetes risk in the Fenland study. We analysed changes in dairy intake in relation
to changes from normoglycaemia to prediabetes and T2D, as well as with changes in
glycaemic markers, which has not been done before and may shed light into these
complex relationships. Furthermore, we examined mediation by dairy fat biomarkers
on the associations between dairy intake and prediabetes, examined the impact of
the definition of prediabetes on associations between dairy types and prediabetes,
and examined interrelations of dairy intake in a network with confounding factors
and prediabetes. In a short Intermezzo, distinct patterns of dairy type intake based
on principal component analysis (PCA) in relation to prediabetes risk are examined in
the Lifelines and Fenland study. In Chapter 7, we provide an overview of the literature
and our studies on dairy intake in relation to prediabetes and glycaemic markers in
healthy adult populations. In this chapter, we combined all evidence from prospective
observational studies in a dose-response meta-regression analysis and graded the
quality of evidence. All findings described in this thesis are discussed in the concluding
chapter, Chapter 8. Furthermore, we discuss methodological considerations of the
studies and provide implications and recommendations for future research.
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Abstract

Objective
Our aim was to investigate prospective associations of consumption of total dairy and
dairy types with risk of prediabetes in a Dutch population-based study.

Methods

Two enrolment waves of the Hoorn Studies were harmonized, resulting in an analytic
sample of 2,262 participants without (pre-)diabetes at enrolment (mean age 56 + 7.3
years; 50% male). Baseline dietary intake was assessed by validated food frequency
questionnaires. Relative risks (RRs) were calculated between dairy, fermented dairy,
milk, yogurt (all total/ high/low-fat), cream and ice cream and prediabetes. Additionally,
substituting one serving/day of dairy types associated with prediabetes with alternative
dairy types was analysed.

Results

During a mean 6.4 + 0.7 years of follow-up, 810 participants (35.9%) developed
prediabetes. High-fat fermented dairy, cheese and high-fat cheese were associated with
a17% (RR0.83, 95%Cl 0.69-0.99, P, __, =0.04), 14% (RR 0.86, 95%Cl 0.73-1.02, P, ,= 0.04)
and 21% (RR0.79, 95%Cl 0.66-0.94, P, = 0.01) lower risk of prediabetes, respectively, in
top compared to bottom quartiles, after adjustment for confounders. High-fat cheese
serving/day0'94'
95%Cl 0.88-1.00). Total dairy and other dairy types were not associated with prediabetes
risk in adjusted models, irrespective of fat content (RR ~ 1). Replacing high-fat cheese
with alternative dairy types was not associated with prediabetes risk.

consumption was continuously associated with lower prediabetes risk (RR

Conclusion

The highest intake of high-fat fermented dairy, cheese and high-fat cheese were
associated with a lower risk of prediabetes, whereas other dairy types were not
associated. Cheese seems to be inversely associated with type 2 diabetes risk, despite
high levels of saturated fatty acids and sodium.
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Introduction

Prediabetes is a condition characterized by blood glucose levels that are above the
normal range, but still fall below the diagnostic threshold for type 2 diabetes (T2D) [1].
The prevalence of prediabetes is rapidly rising worldwide from 374 million in 2019 to an
expected 548 million in 2045 [2]. People with prediabetes are at increased risk of developing
T2D and cardiovascular diseases (CVD) [3, 4], but may reverse to normoglycaemia with
lifestyle adaptation [5]. This emphasizes the need to identify modifiable risk factors that
could prevent or reverse this condition. Suboptimal diet is causally linked to incidence of
prediabetes and T2D, and majority of cases can be prevented by dietary modification [6, 7].

Dairy products are widely consumed and may provide considerable quantities
of beneficial nutrients for metabolic health, including protein, minerals (calcium,
magnesium, potassium) and vitamins (A, D, B2, B12), but also contain saturated fatty
acids (SFAs) and sodium. A recent summary of meta-analyses reported dose-response
relations of low-fat dairy (RRs ranging from 0.88-0.98), yogurt (0.78-0.94) and cheese
(0.80-1.00) with T2D, inconsistent results for milk (RRs 0.83-1.27), with considerable
heterogeneity present between studies [8]. One possible explanation for heterogeneity,
proposed by Hruby et al., could be differences in participant’s baseline glycaemic status
[9], and the precise moment along the physiological progress of T2D at which specific
dairy products modify risk is largely unknown. Therefore, studies aiming to elucidate
associations between dairy and early-risk stages are warranted.

Only one prospective cohort study investigated the associations of dairy products with
incident prediabetes, based on fasting plasma glucose (FPG)[9]. In the US FHS Offspring
Cohort (n = 1867, 12-year follow-up), highest consumption of total, low-fat and high-fat
dairy was associated with 39%, 32% and 25% lower prediabetes incidence, respectively,
compared to lowest consumption, with nonlinear protective associations for milk and
yogurt. In the French DESIR study (9-year follow-up), prediabetes and T2D were combined
as one outcome, inhibiting interpretation of associations with prediabetes alone. The
DESIR study observed an association between higher total dairy (except cheese) intake
with lower hyperglycaemia incidence [10]. Furthermore, two studies investigating
continuous outcomes of glucose metabolism showed no associations of any dairy types
[11, 12], except for an association of higher fermented dairy with lower FPG and HbAlcin
the Danish Inter99 study [11]. Evidence from cross-sectional studies indicated that mainly
higher fermented and skimmed dairy intake were associated with lower prediabetes risk
[13-15], with one study also reporting associations for higher non-fermented and high-fat
dairy intake and higher prediabetes risk [14]. Thus, although there are some indications
for beneficial associations of dairy consumption on prediabetes risk, associations are
highly heterogeneous, partly underlined by different definitions of prediabetes outcomes
and large variations in dairy consumption habits, advocating the need for country and
region-specific prospective data.
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Therefore, this study aimed to investigate prospective associations between consumption
of total dairy and dairy types with incident prediabetes.

Methods

Study design and population

This study used data of the Hoorn Studies, a prospective population-based cohort study
with the first enrolment wave in 1989-1992 (Hoorn Study 1, HS1) and a second wave in
2006-2007 (HS2). The aim was to study prevalence and risk factors for disturbances in
glucose metabolism and T2D. Both enrolment waves were similar in design, population
characteristics and questionnaires [16], and could, therefore, be harmonized to increase
sample size and study power. Furthermore, this harmonization resulted in increased
variation in dairy product intake and inclusion of more up-to-date information. People
from the general population were recruited, aged 50-75 years in the HS1 and 40-65 years
in the HS2 at time of inclusion. Follow-up measurements were performed between the
years 1996-1998 in the HS1 and 2013-2015 in the HS2. Visits took place at the Diabetes
Care Center in the city of Hoorn, the Netherlands. Written informed consent was
obtained from all participants. The study was approved by the Ethics Committee of the
Amsterdam University Medical Centers, location VUMC.

From participants with follow-up data available (n = 3,245), we excluded participants
with prediabetes (n = 557) or T2D at baseline (n = 229) or follow-up (n = 528) (Figure 1).
Exclusion of prediabetes was based on FPG between 6.1-7.0 mmol/L, 2 h plasma glucose
(2hPG) between 7.8 and 11.0 mmol/L and/or HbA1c levels between 6.0 and 6.5% [1, 17].
Exclusion of T2D was based on diagnosis by a general practitioner, diabetes medication
user and/or an FPG = 7.0 mmol/L, 2hPG = 11.1 mmol/L, or HbA1c > 6.5%. Other exclusion
criteria were self-reported history of T2D prior to baseline (n = 59), extreme energy intake
(top and bottom 0.5%) (n = 34) or missing information on dairy intake (n = 42), and/or
missing data on prediabetes at follow-up (n =9). After exclusion, the analytic sample
consisted of 2,262 participants.
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Invited (n=9,733)
- HS1 (n=3,553)
- HS2 (n=6,180)

A 4

Refused to participate (n=4,442)

\ 4

Baseline (n=5,291)
- HS1 (n=2,484)

A 4

Loss to follow-up (n=2,046)
\ 4
Follow-up (n=3,245)
- HS1 (n=1,504)
- HS2 (n=1,741)

Exclusion criteria
- prediabetes at baseline (n=557)
- type 2 diabetes at baseline (n=229)

\ 4

v - type 2 diabetes at follow-up (n=528)
- history of type 2 diabetes (n=59)
Population for analysis (n=2,261) - extreme energy intakes (n=34)
- HS1 (n=997) - missing dairy intake at baseline (n=42)
- HS2 (n=1,265) - missing prediabetes at follow-up (n=9)

Figure 1. Flow-chart for inclusion of participants for the present analysis of the Hoorn Studies (HS).

Ascertainment of prediabetes

At all study visits, bloods samples were drawn to determine FPG, 2hPG levels after a
75-g oral glucose tolerance test (OGTT) and HbA1c levels, except at the HS2 follow-up
visit, where no OGTT was conducted and HbA1c was measured in fasting capillary blood
samples obtained using a blood spot card. FPG and 2hPG levels were determined using
the glucose dehydrogenase method (Merck, Darmstadt, Germany). In the HS1, HbAlc was
determined by ion-exchange high-performance liquid chromatography with a Modular
Diabetes Monitoring System (Bio-Rad, Veenendaal, The Netherlands). In the HS2 at
baseline, HbAlc levels were assessed using standardized reverse-phase cation-exchange
chromatography (HA 8160 analyzer; Menarini, Florence, Italy). In the HS2 at follow-up,
HbA1c levels were derived from blood spot cards, using thermo immunoturbidimetry
according to a validated protocol [18]. Prediabetes at follow-up was defined according
to the diagnostic criteria of the World Health Organization of 2006 [1], complemented
with the HbA1c cut-offs values proposed by the 2009 international expert committee
for prediabetes [17], with FPG between 110 and 125 mg/dL (6.1 and 6.9 mmol/L), 2hPG
between 140 and 199 mg/dL (7.8 and 11.0 mmol/L) and/or HbA1c levels between 42 and
46 mmol/mol (6.0 and 6.4%).
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Dietary assessment

Baseline dietary intake was assessed with a 92-item food frequency questionnaire (FFQ)
in the HS1 and a 104-item FFQ in the HS2. The HS1 FFQ was validated against a dietary
history in 74 males and females and was valid for ranking individuals according to energy
intake (r =0.72), and main nutrients in dairy products; animal protein (r = 0.68), SFAs
(r=0.73) and calcium (r = 0.75) [19]. The HS2 FFQ was validated against actual energy
intake in controlled feeding trials for energy intake (r = 0.82) [20] and validated against
three 24-h recalls for animal protein (r = 0.49), SFA (r = 0.44) and calcium (r = 0.56) [21].

Participants were asked to report their usual frequency of consumption, serving size
and preparation in the past year. Seasonal variations in milk consumption were assessed
with separate questions for winter and summer intakes. Participants completed the
questionnaire at home and checked for completeness by a trained dietician. Intake
(gram/day) per FFQ item was calculated using the Dutch food composition table (NEVO)
1989/1990 for HS1 and the NEVO 2006 for HS2. FFQ items were combined and categorized
as total dairy, fermented dairy, and by subtypes milk (all types and plain milk), yogurt,
cheese, cream, and ice cream (Table 1). Each dairy category was further divided into
low-fat (liquid products, < 2%; cheese < 20%) and high-fat (liquid products, > 2%; cheese
>20%). Intakes were converted to servings per day according to Dutch standard serving
sizes: milk, 200 mL; yogurt, 150 mL; cheese, 20 g; cream, 3 g; ice cream, 100 g (https://
portie-online.rivm.nl/). In the total dairy category, a serving of liquid dairy products was
defined as 200 mL and a serving of cheese as 20 g. Because two different FFQs were
used, dietary intakes of food groups and dairy types stratified by enrolment wave are
reported in Supplementary Table 1.

Table 1. Food items and their fat content included in total dairy and dairy types and consumption
in the Hoorn Studies (n = 2,262).

Consumers’ Intake (servings/d)?
Dairy product Included dairy types
% Mean +SD Median [IQR]
Total dairy All dairy products 99.8% 3.0+1.7 2.711.8;3.9]
High-fat All high-fat dairy products 98.1% 1.5+1.3 1.3[0.5; 2.2]
Low-fat All low-fat dairy products 92.7% 1.5+1.2 1.3[0.6; 2.1]
Total fermented  Full fat yogurt, full fat fruit yogurt, full fat 98.5% 22+1.4 1.9[1.1; 2.8]
dairy curd, high-fat cheese, full fat luxury cheese
High-fat® Full fat yogurt, full fat fruit yogurt, full fat 87.7% 1.3+1.2 1.0[0.4; 1.9]
curd, high-fat cheese, full fat luxury cheese
Low-fat? Semi-skimmed yogurt, skimmed yogurt, 83.8% 0.9+0.9 0.7[0.2;1.3]

skimmed fruit yogurt, semi-skimmed curd,
skimmed curd, semi-skimmed fruit curd,
skimmed fruit curd, low-fat cheese, low-fat
luxury cheese
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Table 1. Food items and their fat content included in total dairy and dairy types and consumption
in the Hoorn Studies (n = 2,262). (continued)

Consumers'’ Intake (servings/d)?
Dairy product Included dairy types

% Mean £SD Median [IQR]
Total milk All milks 91.6% 1.1+1.0 0.8[0.3; 1.5]
High-fat Full fat milk, full fat chocolate milk, milk 40.8% 0.2+0.5 0.0[0.0; 0.1]

powder, full fat milk added to the coffee,
drinking yogurt®, fruit flavoured milk®

Low-fat Semi-skimmed milk, skimmed milk, 82.8% 0.9+0.9 0.7[0.1; 1.4]
buttermilk, semi-skimmed chocolate milk,
skimmed chocolate milk, semi-skimmed
milk added to the coffee, skimmed milk
added to the coffee, semi-skimmed fruit

milk
Plain milk All plain milks 81.1% 09+1.0 0.7 [0.1; 1.4]
High-fat Full fat milk 12.1% 0.1+04 0.0[0.0; 0.0]
Low-fat Semi-skimmed milk, skimmed milk, 76.3% 0.8+0.9 0.5[0.0; 1.4]
buttermilk
Yogurt Yogurt 83.3% 0.5+0.5 0.5[0.1;0.9]
High-fat? Full fat yogurt, full fat fruit yogurt 30.4% 0.1+0.3 0.0[0.0; 0.1]
Low-fat® Semi-skimmed yogurt, skimmed yogurt, 68.0% 0.4+0.5 0.3[0.0; 0.6]
skimmed fruit yogurt
Cheese All cheeses 95.2% 1.4+11 1.1 [0.6; 1.9]
High-fat HS1: regular cheese, cheese cubes; HS2: 85.6% 1111 0.9[0.3;1.8]

40 + cheese (e.g. Edam), 48 + cheese (e.g.
Gouda, cheddar, cheese spread, goat
cheese), full fat luxury cheese (e.g. cream
brie, cream cheese, mon chou), cheese
cubes, grated cheese, feta, cheese fondue

Low-fat HS1: skimmed cheese; HS2: 20 + and 30 31.9% 0.2+0.5 0.0[0.0; 0.3]
+ cheese (e.g. cheese spread, cottage
cheese), low-fat luxury cheese (e.g. brie,
goat cheese)

Cream Whipped cream, coffee cream, semi- 58.5% 0.8+2.5 0.3[0.0;0.5]
skimmed coffee cream, sour cream, creme
fraiche, cooking cream

Ice cream Ice cream 68.3% 0.1+£0.1 0.0[0.0; 0.1]

" Consumers were defined as consuming >0 servings/day of a specific dairy type.

2Serving sizes were milk, 200 mL; yogurt, 150 mL; cheese, 20 g; cream, 3 g and ice cream, 100 g.
3Includes oatmeal porridge, rice porridge and full fat custard in HS2.

“Includes buttermilk in HS1, buttermilk porridge and skimmed custard in HS2.

5Only assessed in HS2.

¢Includes semi-skimmed curd, skimmed curd, semi-skimmed fruit curd, skimmed fruit curd, buttermilk
porridge and skimmed custard in HS2.

Abbreviations: HS1 Hoorn Study 1 (first enrolment wave), HS2 Hoorn Study 2 (second enrolment wave).
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Covariates

The self-administered baseline questionnaire for both enrolment waves included
questions on socio-demographic, life- style and clinical factors. Responses were
verified in a per- sonal interview. Smoking status was categorized as current, former, or
never. Highest educational level was obtained in eight levels, which were subsequently
categorized to low (no education or primary school), middle (secondary education) and
high (tertiary education). Moderate physical activity in hours/week was assessed using
the SQUASH questionnaire, for which the Spearman correlation for overall reproducibility
was 0.58 in 50 participants compared to an activity monitor [22]. The activities included
sports, bicycling, gardening, walking, doing chores and housekeeping. Alcohol intake was
categorized as non-drinker, < 10, 10-30 and > 30 g/day. Family history of diabetes was
defined as having at least a grandparent, parent, sibling, or child with diabetes.

Physical measurements were performed at baseline. BMI was calculated as weight divided
by height squared (kg/m2), and categorized as < 25 kg/m2, 25-30 kg/m2 and = 30 kg/ m2.
Blood pressure was measured on the right arm with a random-zero sphygmomanometer
(Hawksley-Gelman Ltd, Lancing, United Kingdom) while participants were sitting. Plasma
levels of total cholesterol, triglycerides, high-density lipoprotein (HDL) were measured
in fasting blood samples by enzymatic techniques (Boehringer-Mannheim, Mannheim,
Germany) and low-density lipoprotein (LDL) was calculated using Friedewald’s formula
(except for participants with triglycerides > 4.55 mmol/L)[23].

Statistical analysis

Statistical analyses were performed using R version 3.6.2 (R Foundation for Statistical
Computing, Vienna, Austria). Baseline characteristics are displayed as means + SD,
medians (IQR) or percentages for the total study population and in quartiles of total dairy
intake. Missing values in con- founding variables (for 6% of participants, highest 2% for
physical activity) were imputed using multiple imputation (n = 10) (Supplemental table 2).

Poisson regression with robust variance was used to examine associations between
dairy product intakes and prediabetes, because of the high incidence of prediabetes
(35.9%), in which case the odds ratio overestimates the strength of the association [24].
RRs with 95%Cls were calculated for quartiles of dairy intake (reference lowest) and on a
continuous scale (serving/day). Dairy products for which many participants reported no
intake were divided in a non-consumer category (reference) and consumers in tertiles.
Linear trend across intake range categories were assessed by including median values
of each category as a continuous variable in the model. Linearity was assumed in all
models, as no indications for non-linearity presented assessed by adding a quadratic
term to model 3. Regression coefficients for each of the imputed datasets were pooled.
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Confounder models were constructed based on literature [25] and on distributions of
baseline characteristics across quartiles. Model 1 included age, sex, follow-up duration
and enrolment wave. Model 2 additionally adjusted for energy intake, education, smoking,
physical activity, alcohol consumption and family history of diabetes. Model 3 additionally
adjusted for food groups associated with T2D including intakes of fruit, vegetables, tea,
coffee, grains (whole and refined), meat (processed and red) and sugar-sweetened
beverages [26, 27]. BMI, blood pressure (systolic and diastolic) and LDL cholesterol
were added separately in model 4 because of their potential mediating or otherwise
confounding effect. We checked for effect modification by enrolment wave by including
an interaction term in model 3 and stratified associations by enrolment wave to assess if
associations differed for each wave of the Hoorn Studies. Furthermore, effect modification
by age, sex and BMI was examined, and associations were stratified in case of significance.

We provided a supplementary baseline table stratified by the dairy types that were
significantly associated with prediabetes in the main analyses, to examine confounding
of associations by healthy lifestyle. Furthermore, we examined substituting one serving/
day of significant dairy types with alternative dairy types in model 3. Models included a
total dairy intake variable (servings/day), all individual dairy types (servings/day) except
for the dairy type to be substituted, and energy intake. The estimated RR for each
alternative dairy type can be interpreted as the RR for substitution of a daily serving of
the alternative dairy type for a daily serving of the excluded dairy type [28].

A series of sensitivity analyses were conducted using model 3. First, the independence
of the associations of specific dairy types was evaluated by mutually adjusting for intake
of other dairy types. Second, we repeated the analysis excluding participants with self-
reported CVD (n = 261). Third, we repeated the analysis in ‘'normal energy reporters’ only,
identified using the Goldberg method [29]. For this method, the basal metabolic rate
(BMR) was calculated for each participant using Schofield equations specifically for age
and sex categories based on weight [30]. Following, the ratio of energy intake (El) and
BMR was calculated. Using the Goldberg cut-offs described by Black et al., participants
with E:BMR < 1.08 were classified as under-reporters, participants with 1.08 < El:BMR <
2.22 were classified as ‘'normal reporters’ and those with EI:BMR > 2.22 were defined as
‘over-reporters’ [29]. Lastly, to address possible misclassification in prediabetes defined
at baseline, we repeated analyses including participants with prediabetes at baseline
(n =557, final sample n =2,661).

Results

Participant characteristics

The mean age of the study population was 55.9 + 7.3 years, 50% were male and 22%
were current smokers (Table 2, by enrolment wave Supplemental Table 1). The mean
BMI was 25.7 + 3.4 kg/m2 and 10% of participants were obese (BMI > 30 kg/m2). The

63
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mean dairy intake was 3.0 + 1.7 servings/day (357 + 237 g/day) (Table 1). Participants in
the top (3.9-15.4 servings/day) compared to the bottom quartile (0-1.8 servings/day) of
dairy intake were more often male (54% vs 43%), with low education (16% vs 8%), more
physically active (median (IQR): 9.0 (5.1-13.7) vs 6.5 (3.5-10.5) hours/week) and had higher
LDL cholesterol levels (4.2 + 1.1 vs 3.5 £ 1.0 mmol/L). With increasing dairy intake over the
quartiles, energy, calcium, fruit, and processed meat intakes were higher and vegetable
and alcohol intakes were lower. Participants with complete follow-up data (n = 3,245)
were similar to participants lost-to-follow-up (n = 2046) with regard to age (56.9 + 7.6 vs
58.0+ 9.0 years), sex (51% vs 49% male), physical activity (7.5 QR 4.0-12.3vs 7.0 IQR 3.5-
12.7 h/week), BMI (26.3 + 3.6 vs 26.6 + 4.1 kg/m2) and fasting glucose (5.6 £+ 1.0 versus
5.8 £ 1.6 mmol/L) (Supplemental Table 3). Participants lost-to-follow-up were slightly
more often lower educated (22% vs 15%), current smoker (31% vs 23%) and had a lower
alcohol intake (median 5.0 IQR 0.0-15.3 vs 7.2 IQR 2.0-17.2).

Dairy intake and prediabetes risk

During a mean follow-up duration of 6.4 + 0.7 years, 811 out of 2,262 participants
developed prediabetes (35.9%). High-fat fermented dairy intake was significantly
associated with lower prediabetes risk in model 3 (RRy, .o, 0.83, 95%Cl 0.69-0.99,
P...q = 0.04) (Table 3). High-fat fermented dairy intake mainly consisted of cheese intake
(63%), which was marginally significantly associated with lower risk of prediabetes in
the top versus bottom quartile (RR,, ., 0.86, 95%Cl 0.73-1.02, P, _ . = 0.04). Specifically
higher intake of high-fat cheese (52% of high-fat fermented dairy, 83% of total cheese
intake) was significantly associated with lower prediabetes risk (RR, ., 0.79, 95%Cl
0.66-0.94,P__ ,=0.006). High-fat cheese was the only dairy type continuously associated
with prediabetes (RR_ ;. 4,, 0.94, 95%Cl 0.88-1.00). Total dairy, fermented dairy, milk,
plain milk, yogurt, cream, and ice cream intake both in quartiles and continuously were
not associated with risk of prediabetes in multivariate adjusted models (RR ~ 1). Further
adjustment for BMI, LDL cholesterol and blood pressure in model 4 did not change the
associations.

trend

Table 2. Baseline characteristics of participants in the Hoorn Studies in the total population and
across quartiles (Q) of total dairy intake (n = 2,262).

Total Q1 Q2 Q3 Q4
(n=2,262) (n =562) (n=573) (n=561) (n = 566)
Dairy intake (servings/day) 3.0+£1.7 1.2+0.5 2.3+0.3 3.3+0.3 53+1.3
Range 0-15.4 0-1.8 1.8-2.7 2.7-3.9 3.9-15.4
Median 2.7 1.3 2.3 3.3 5.0
Follow-up time (year) 6.4+0.7 6.6+0.7 6.4+0.7 6.4+0.7 6.2+0.6
Sex (men) 50% (1132) 43% (243) 52% (296) 52% (289) 54% (304)
Age (year) 559+7.3 541 +71 55.6 +7.3 56.6 £ 7.5 57.3+71
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Table 2. Baseline characteristics of participants in the Hoorn Studies in the total population and
across quartiles (Q) of total dairy intake (n = 2,262). (continued)

Total Q1 Q2 Q3 Q4
(n=2,262) (n=562) (n=573) (n=561) (n=566)

Education level

Low 13% (299) 8% (46) 15% (84) 14% (79) 16% (90)

Middle 58% (1310) 60% (336) 54% (309) 57% (317) 61% (348)

High 28% (631) 31% (172) 30% (174) 28% (159) 22% (126)
Smoking

Current 22% (493) 20% (115) 23% (131) 22% (124) 22% (123)

Previous (> 2 months ago) 38% (851) 40% (226) 37% (211) 37% (208) 36% (206)

Never 40% (908) 38% (216) 40% (228) 41% (228) 42% (236)
Cigarette years 210[9-480] 290 [100-560] 220 [30-470] 180[0-450] 160 [0-460]
Alcohol intake

0 g/day 18% (401) 15% (87) 18% (103) 17% (97) 20% (114)

<10 g/day 42% (959) 42% (237) 43% (246) 40% (226) 44% (250)

10-30 g/day 30% (678) 30% (170) 31% (178) 32% (179) 27% (1517)

>30 g/day 10% (223) 12% (68) 8% (45) 11% (59) 9% (51)
Family history of diabetes 24% (553) 25% (141) 27% (152) 21% (119) 25% (141)

PA, moderate intensity,

7.5[4.2-12.0] 6.5[3.5-10.5] 7.0[3.8-12.0] 7.8([4.5-12.6] 9.0[5.1-13.7]

hours/week

BMI (kg/m2) 25.7+3.4 259+35 25.5+3.2 25.5+3.3 26.1+3.4

Fasting glucose (mmol/L) 5304 53+04 53+0.4 52+0.4 52+0.4

Systolic blood pressure 13017 130+ 16 13018 13017 13018

(mmHg)

Diastolic blood pressure 78+ 11 78+ 11 78+ 11 79+10 80+ 10

(mmHg)

Antihypertensive medication  13% (304) 16% (92) 12% (70) 13% (73) 12% (69)

use

LDL cholesterol (mmol/L) 3.8+ 1.1 3.5+£1.0 3.8+ 1.1 3.9+11 4.2+11

Lipid lowering medication 5% (108) 9% (50) 4% (22) 3% (18) 3% (18)

Dietary intake
Energy intake (kcal/day) 2100 £ 600 1900 + 540 2100 £ 530 2200 £ 570 2400 £ 620
DHD15-index score 7014 66 + 14 71+£14 7214 70+13
Fruit (g/day) 200 £ 140 160 £ 130 190 £ 130 200+ 130 240 + 150
Vegetables (g/day) 150+ 85 170+ 91 150 + 83 150 + 86 140+ 75
Grain (g/day) 200+ 95 200+95 200+ 92 200 £ 96 200 £ 96
Red meat (g/day) 34+23 37+23 35422 33+23 31+23
Processed meat (g/day) 46 + 33 37 +30 44 +32 47 + 33 54 + 35
Lean fish (g/day) 11+£13 11+£12 11+£13 1M+12 12+14
Fatty fish (g/day) 5.0+8.4 49+7.2 5.4+10.6 47+7.4 49+8.1
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Table 2. Baseline characteristics of participants in the Hoorn Studies in the total population and
across quartiles (Q) of total dairy intake (n = 2,262). (continued)

Total Q1 Q2 Q3 Q4

(n=2,262) (n=562) (n=573) (n=561) (n=566)
Coffee (g/day) 500 + 270 450 + 290 490 £ 270 520 + 250 540 £ 270
Tea (g/day) 280 + 260 270 £ 290 280 + 250 290 + 250 300 + 260
Fruit juice (g/day) 60+ 95 69 + 110 60+ 89 54 + 83 55+ 98
SSBs (g/day) 110 £ 140 130 £ 160 110 £ 140 100 £ 130 110 £ 150
Saturated fat (en%) 14.6+3.7 12.6+3.3 14.2+3.3 15.2+3.4 16.6 + 3.5
Protein (en%) 145+2.4 13.8+2.3 143+2.3 14.6+2.2 15.4+2.5
Calcium (g/day) 1000 + 370 650 + 180 880+ 160 1100£160 1500 + 300

Values are mean + SD for continuous variables with a normal distribution, or median [IQR] for continuous
variables with a skewed distribution, percentages for categorical variables, based on unimputed data.
Abbreviations: BMI, body mass index; DHD15-index, Dutch Healthy Diet 2015 index score [56]; en%,
percentage of total energy intake; LDL, low-density lipoprotein; PA, physical activity; SSBs, sugar-
sweetened beverages.

Interactions were present between the exposures low-fat dairy (p =0.03), low-fat
fermented dairy (p = 0.01) and low-fat cheese (p < 0.0001), and enrolment wave. In
stratified analysis, low-fat fermented dairy and low-fat cheese were associated with
prediabetes in HS1 (RR__ .., respectively, 1.10, 95%Cl 1.03-1.19 and 1.33, 95%Cl
1.20-1.47) but not in HS2 (RR__ ;. 4., 0.92, 95%Cl 0.81-1.05 and 0.92, 95%Cl 0.81-1.05)
(Supplemental Table 4). Low-fat cheese intake was much lower in HS1 as compared to
HS2 (10.3% vs 46.2% of low-fat fermented dairy). Furthermore, interactions with age were
present for low-fat dairy (p = 0.004), low-fat fermented dairy (p < 0.001), yogurt (p = 0.01),
low-fat yogurt (p = 0.003), low-fat cheese (p = 0.002) and interactions were present with
BMI for low-fat fermented dairy (p = 0.01) (Supplemental Table 5). Associations between
these dairy exposures and prediabetes in participants aged 56 years and over, and in
participants with a BMI = 30 were similar as in HS1. Other stratified analyses were not
significant.

None of the adjusted associations for substitution of high-fat cheese for alternative
dairy products were significant (Table 4). We further examined potential confounding of
inverse associations between high-fat cheese and prediabetes by assessing lifestyle and
risk factors according to high-fat cheese intake (Supplemental Table 6). In the highest
compared to lowest quartile of high-fat cheese intake, participants were more often
male (53% vs 44%), current smoker (24% vs 17%), used less medication (antihypertensive
10% vs 17%; lipid lowering 2% vs 9%) and had higher LDL cholesterol levels (4.1 + 1.1 vs
3.5+ 1.0 mmol/L). Low-fat cheese intake was lower and intakes of all other dairy types,
energy and processed meat were higher.
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Dairy intake and prediabetes risk - the Hoorn Studies

Table 4. The associations of substitution of high-fat cheese with alternative dairy products and
prediabetes risk in the Hoorn Studies (n = 2,262).

High-fat cheese Continuous relative risk (95%Cl)’
High-fat milk 1.06 (0.93-1.21)
Low-fat milk 1.06 (0.96-1.16)
High-fat yogurt 1.20(0.99-1.46)
Low-fat yogurt 1.09 (0.95-1.26)
Low-fat cheese 1.09 (0.98-1.22)
Cream 1.05 (0.98-1.12)
Ice cream 0.82(0.44-1.54)

' Continuous relative risks per 1 serving/day (see definition in Table 1) were estimated, adjusted for
covariates as follows: age (continuous), sex, follow-up duration, cohort, education (3 categories), smoking
(3 categories), physical activity (continuous), alcohol consumption (4 categories), family history of diabetes
(yes/no), intakes of fruit, vegetables, tea, coffee, grains (whole and refined), meat (processed and red)
and sugar-sweetened beverages (continuous). The substitution model included total servings/day of dairy
intake and energy intake (kcal).

Abbreviations: Cl, Confidence Interval.

Sensitivity analyses

Mutual adjustment for intake of all other dairy types did not result in different associations
(Supplemental Table 7). In the sample without CVD at baseline, associations between
high-fat fermented, total cheese and high-fat cheese and prediabetes had similar
effect estimates compared to associations in all participants, but these were no longer
significant. Using Goldberg cut-offs, we identified 481 ‘under reporters’ (21%) and 62 ‘over
reporters’ (3%). Repeating analysesin 1,716 ‘normal reporters’ (76%) resulted in stronger

associations for high-fat fermented dairy (RR,,,.,, 0.79, 95%Cl 0.65-0.97, P, =0.04),
total cheese (RR .., 0.78,95%C1 0.64-0.96, P, ,=0.01,RR__ . 0.92,95%Cl 0.86-0.99)
and high-fat cheese (RRy,, ., 0.73, 95%Cl 0.60-0.90, P, .= 0.003, RR 0.92, 95%Cl

serving/day

0.86-0.99). In ‘normal reporters’, continuous associations were significant for total dairy
(RR . ying/aay 0-95, 95%C10.91-0.99) and total fermented dairy (RR 0.95, 95%Cl 0.90-
1.00) and prediabetes, although associations in quartiles were not. In analysis including
participants with prediabetes at baseline, only high-fat cheese remained significantly
associated with prediabetes (RR, .o, 0.85, 95%Cl 0.73-0.98). Associations between
high-fat fermented and total cheese and prediabetes were attenuated but remained in
the same direction. Sensitivity analyses of substitution of one serving/day of high-fat
cheese with alternative dairy types resulted in similar associations as in main analysis
(Supplemental Table 8).

serving/day

Discussion

A high intake of high-fat fermented dairy, total cheese and high-fat cheese were
associated with lower risk of prediabetes in this population-based cohort. Associations
were driven by high-fat cheese intake, as 52% and 83% of, respectively, high-fat fermented
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dairy and total cheese intake consisted of high-fat cheese. We found no associations
for substitutions of high-fat cheese with other dairy products and risk of prediabetes.
Total dairy and milk, yogurt, cream, and ice cream intake were not associated with
prediabetes, irrespective of fat content.

Results in context

Our observed associations of high-fat cheese with prediabetes were consistent with
the prospective FHS Offspring Cohort [9]. They reported a non-significant association
between the highest and lowest cheese intake (HR 0.86, 95%Cl 0.69-1.07), although
the median cheese intake in their highest category was substantially lower than ours
(median < 1 vs 2.6 servings/day). The cross-sectional Dutch Maastricht study reported
an association for higher cheese intake with lower prediabetes risk (OR,,, ., 0.88, 95%Cl
0.80-0.97) [13]. Similar inverse associations of cheese and 2hPG were also found in the
longitudinal Inter99 study (BZOEMay -0.05, 95%Cl -0.01; -0.001 mmol/L) [11] and in the cross-
sectional ELSA-Brasil (B, -0.05, 95%Cl -0.09; -0.02 mmol/L) [15]. Our findings are in
line with a review of three meta-analyses reporting moderate evidence of a prospective
association between higher cheese intake and lower T2D risk [8], and the prospective
Urban Rural Epidemiology (PURE) study including 131,481 individuals from 21 countries
showing a 24% lower risk at > 1 servings/day compared to 0 servings/day (HR 0.76,
95%Cl1 0.64-0.91, P ,=0.001) [31]. Overall, current evidence indicates that higher cheese
consumption is associated with lower prediabetes and T2D risk.

Our results of no associations between total, low-fat and high-fat dairy and prediabetes
are not in accordance with results from the FHS Offspring Cohort, which reported a lower
risk of, respectively, 39%, 32% and 25% in the highest compared to lowest intake category
[9]. These associations with prediabetes risk were driven by moderate consumption
of low-fat, skim milk and whole milk consumption, none of which were significant in
our study. Several explanations may underscore these different findings, including a
longer follow-up in their study (12 years vs 6.4 years), a higher prediabetes incidence
(48.3% vs 35.9%), and a different prediabetes definition (no use of 2hPG and HbA1c, lower
cut-off of 5.6 vs 6.0 mmol/L for FPG). Furthermore, they used repeated measurements
of dairy intake during follow- up to account for within-person variability, which may
have strengthened the associations. Also, in US populations, high dairy consumption
is associated with an overall healthier dietary pattern [32], whereas in Europe, dairy
consumption is more widespread across a range of populations.

Our results pointed towards effect modification of associations of low-fat dairy types
and yogurt with prediabetes by enrolment wave, age, and BMI. Positive associations
for low-fat dairy types and prediabetes were shown in HS1, but not in HS2, which could
be explained by differences in low-fat dairy consumption patterns, such as negligible
low-fat cheese consumption in HS1. Changes in dairy intake observed between the
two enrolment waves correspond to the changes observed from 1987/88 to 2007/10
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as assessed in the Dutch National Food Consumption Survey [33]. They showed an
increase in intake of dairy, especially of low-fat types, skimmed and semi-skimmed
yogurt and cheese. Furthermore, differences in characteristics between the enrolment
waves could explain effect modification, especially as the HS1 population was somewhat
older compared to HS2. Effect modification by enrolment wave may explain positive
associations of low-fat dairy types and prediabetes present in those with higher age
and BMI, as these are not in line with previous studies [9, 34].

We found no associations of yogurt consumption with prediabetes, yet especially higher
yogurt consumption has been associated to lower T2D risk in previous high-quality
research [8]. Significant nonlinear associations of yogurt with prediabetes were found
in the FHS Offspring Cohort, with 25% risk reduction observed for 1 to < 3 servings/
week compared to no consumption, yet risk increased with higher intakes [9]. Inverse
associations between yogurt and pre- diabetes were also reported by two cross-sectional
studies [13, 15], but no associations were found in the much larger Lifelines study [14].
Our neutral observations for yogurt could be due to the inclusion of porridge and
custard in this category for HS2, as the HS2 FFQ combined these in a single question.
Furthermore, yogurt consumption has been related to healthier diet and lifestyle [13,
35], and residual confounding could explain discrepancies in results across studies.

There are several mechanisms that may explain the observed associations of cheese
with prediabetes. Despite an average fat content of 24-35 g/100 g [36] of which 70%
SFAs, various RCTs demonstrated less adverse effects of SFAs contained within the
cheese matrix compared to SFAs in different matrixes [36-38]. Beneficial associations
have been found between ruminant trans fatty acids and insulin resistance and T2D [39,
40], with potential mechanisms suggested in animal studies being inhibition of hepatic
de novo lipogenesis, activation of PPAR-a and PPAR-y, improving insulin sensitivity and
reducing inflammation [40, 41]. As shown by meta-analysis of 15 RCTs [42], calcium may
affect energy balance by increasing faecal fat excretion, due to formation of insoluble
Ca-fatty acid soaps and/or formation of hydrophobic aggregations. However, in a meta-
analysis of 20 RCTs, calcium supplementation did not reduce body weight or body fat
[43]. Fermented foods contain lactic acid bacteria and bioactive molecules, which
are beneficial for viability and composition of the gut microbiota and influence gene
expression related to glucose and insulin metabolism [41, 44]. Furthermore, vitamin K2
(menaquinones) in dairy is synthesized during fermentation, and cheese is the richest
source of vitamin K2 in Western diets (12.7 pg/20 g) [45]. Higher vitamin K2 intake has
been related to lower T2D risk in the Dutch EPIC cohort [46]. In animal models of T2D,
vitamin K2 supplementation showed dose-dependent reductions of HbA1c and FPG
and improved insulin resistance and B-cell function [47, 48]. Vitamin K2 may upregulate
carboxylated osteocalcin, resulting in increased serum adiponectin levels, which
enhances insulin sensitivity through increased fatty acid oxidation in skeletal muscles
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and inhibition of hepatic glucose production in the liver [49]. Whether the vitamin K2
induced pathways underline long-term effects of cheese warrants further investigation.

Despite multiple studies pointing to a role of cheese in diabetes prevention, the exact
place of cheese in healthy diets is unclear. Current American and European dietary
guidelines only advise low-fat cheese to limit intake of SFAs and sodium [50], although
evidence of more favourable associations of low-fat cheese with cardiometabolic
outcomes is lacking [51]. The limited evidence available is not sufficient to justify changes
to dietary guidelines, and additional well- designed controlled trials are needed.

Strengths and limitations

This study has several strengths, including the assessment of a wide range of dairy
subtypes and possibility to disseminate low and high-fat types, also for yogurt and
cheese. Other strengths include the longitudinal design with 6 years of follow-up
and extensive adjustments for confounders. Despite these notable strengths, there
are certain limitations that should be mentioned. First, although both FFQs were
validated [19, 20], measurement errors in reported dietary intake due to recall bias
are unavoidable. We corrected for energy misreporting and found slightly stronger
associations in ‘normal reporters’, indicating attenuated effect sizes in main analyses
due to energy misreporting. The FFQs used in the two waves were overall comparable,
and slight differences in brands and dairy products included largely reflect the changes
in dietary patterns between two time periods [33], for example the inclusion of more
low-fat cheese types in the HS2 cohorts. No compositional changes in dairy products
were observed between both NEVO-tables used for calculating nutrient intakes by
the FFQ. The main findings and conclusions were similar when stratifying associations
by enrolment wave. Second, no repeated measurements of diet were available, and
although dietary patterns have shown to be somewhat stable [52, 53], for dairy product
intake specifically in comparison to other food groups [53], errors in single dietary
measurements may result in bias of associations towards the null. We addressed reverse
causality due to dietary changes related to diagnoses of disease by excluding participants
with history of diabetes, and excluding participants with prevalent CVD, resulting in
similar associations although no longer significant, likely because of less power. Lastly,
identification of prediabetes cases was less sensitive in HS2 compared to HS1, because
no OGTT was done at follow-up and capillary sample HbA1c levels were used, which tend
to be higher than venous sample HbA1c levels [54]. Furthermore, reproducibility of FPG
and 2hPG is only moderate [55], and participants may revert to normoglycaemia during
follow-up [5]. We addressed this possible misclassification by including participants with
prediabetes at baseline in sensitivity analysis, showing similar significant associations
for high-fat cheese in quartiles, and other associations remained in similar direction.
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Conclusions

In conclusion, higher consumption of high-fat cheese was continuously associated
with lower risk of prediabetes, suggesting a potential preventive role of cheese in T2D
development. Observed associations between higher high-fat fermented dairy and total
cheese consumption and lower prediabetes risk were likely driven by high-fat cheese
consumption. We found no associations between total dairy, fermented dairy, milk,
yogurt, cream and ice cream, regard- less of fat content, with prediabetes development.
Further prospective and intervention research is needed to elucidate health effects of
cheese considering high SFAs and sodium content, and its place in healthy diets.
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Abstract

Background

Evidence suggests neutral or moderately beneficial effects of dairy intake on type 2
diabetes mellitus risk. Nevertheless, evidence on associations with early phases of type
2 diabetes remains inconsistent.

Aims
We aimed to examine associations between dairy-type intake with prediabetes risk and
longitudinal insulin resistance.

Methods

The analytic sample consisted of 6,770 participants (aged 62 + 4 years, 59% female) free
of (pre-)diabetes at baseline from the prospective population-based Rotterdam Study.
Dairy intake was measured at baseline using food frequency questionnaires. Data on
prediabetes (fasting blood glucose 6.1-6.9 mmol/L or non-fasting 7.7-11.1 mmol/L) and
the longitudinal homeostatic model assessment of insulin resistance (HOMA-IR) were
available from 1993-2015. Associations with these outcomes were analysed with dairy
intake in quartiles (Q4 versus Q1) and continuous using multivariable Cox proportional
hazard models and linear mixed models.

Results

During a mean follow-up of 11.3 + 4.8 years, 1139 incident prediabetes cases were
documented (18.8%). In models adjusting for sociodemographic, lifestyle and dietary
factors, a higher intake of high-fat yogurt was associated with lower prediabetes risk
(HR 40501 0-70, 95%CI 0.54-0.91 and HR 0.67, 0.51-0.89). In addition, a higher
intake of high-fat milk was associated with lower prediabetes risk (HR,, .o, 0.81, 0.67-
0.97, HRserving/day 0.88, 0.79-0.99). Associations were found for low-fat dairy, low-fat
milk, and total cheese with a higher prediabetes risk (HR__ ;. 4, ranging from 1.05-1.07,
not significant in quartiles). Associations with longitudinal HOMA-IR were similar to
prediabetes for high-fat yogurt, low-fat dairy and low-fat milk. Fermented dairy, low-fat
yogurt, high-fat cheese, cream, and ice cream were not associated with the outcomes.

serving/day

Conclusions

Ahigher intake of high-fat yogurt was associated with a lower prediabetes risk and lower
longitudinal insulin resistance. Additionally, high-fat milk was associated with a lower
prediabetes risk. Some low-fat dairy types were inconsistently associated with these
outcomes. Studies are needed to confirm associations and to examine the influence of
confounding by population characteristics.
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Introduction

The diabetes mellitus epidemic is a global public health problem, making it crucial to
identify preventive strategies effective in the early stages of the disease. In the early
stages, progressive loss of B-cell capacity and mass result in the development of insulin
resistance and elevation of fasting blood glucose [1]. Prediabetes is a widely prevalent
condition, characterized by elevated blood glucose levels above the normal range, but
below the diagnostic threshold for type 2 diabetes (T2D) [2]. Prediabetes is associated
with cardiovascular disease and mortality [3, 4] and likely causally with coronary artery
disease, as concluded by a Mendelian randomization study [3]. Thus, it is essential
to identify modifiable risk factors that could prevent or revert insulin resistance and
prediabetes or delay its transitions to T2D.

An unhealthy diet, physical inactivity and excess weight are of major importance in the
development of T2D, and many cases can be prevented with lifestyle modifications [5-8].
Dairy products can be an interesting preventive target in maintaining cardiometabolic
health, as they are a rich source of calcium, potassium, and vitamins. Furthermore, dairy
proteins have been associated with favourable body composition and improved insulin
sensitivity [9]. Vitamin K2 (menaquinones) may improve insulin sensitivity via several
pathways [10] and has been associated with reduced T2D risk [11]. Nevertheless, dairy
also contains sodium, saturated fatty acids (SFAs) and may contain added sugars. Dietary
guidelines of many countries worldwide recommend consuming 1 to 4 servings of dairy
foods daily, focusing on selecting low-fat options to lower SFA intake [12]. However, this
recommendation is insufficiently substantiated as evidence on the harmful effects of
high-fat dairy on cardiometabolic health is lacking [13, 14]. The health effects differ by
individual SFA type, further modulated by the dairy food matrix [9]. Thus, there has been
controversy concerning the place of dairy and its subtypes in healthy diets.

The overall evidence indicates a neutral or moderately beneficial association between
dairy intake and T2D, especially yogurt [15-17]. Not much is known about dairy in relation
to earlier phases of T2D, while this may provide further insights into its role in the aetiology
of the disease. Only two prospective cohort studies have studied the associations of dairy
and prediabetes risk. Data from The US Framingham Offspring Cohort with 12 years of
follow-up (n = 1867) showed a 39%, 32% and 25% lower prediabetes risk for, respectively,
total, low-fat, and high-fat dairy for the top versus bottom quartile and nonlinear inverse
associations for milk and yogurt [18]. On the contrary, in our recent analysis in the Dutch
Hoorn Studies (n =2262; [19]), we did not observe associations for total dairy or most of
the studied dairy types and prediabetes risk. However, high-fat fermented dairy, cheese
and high-fat cheese were associated with a lower risk of prediabetes during a mean
follow-up of 6.4 years. In the cross-sectional ELSA-Brasil study, inverse associations of
dairy and insulin resistance were found [20]. A meta-analysis from Randomized Controlled
Trials (RCTs) showed that beneficial effects of dairy on insulin resistance were more likely
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to be observed in studies longer than 12 weeks [21]. Nevertheless, studies with long-
term follow-up to confirm these results are lacking. Considerable heterogeneity between
results, possibly explained by variation in dairy type intake or outcome definition,
underline the need for extensive longitudinal studies.

Therefore, we examined associations between the consumption of total dairy and dairy
subtypes with incident prediabetes and longitudinal insulin resistance in the prospective
Rotterdam Study populations.

Materials and Methods

Study Population

This study was embedded in three sub-cohorts of the Rotterdam Study (RS), a
prospective cohort study ongoing since 1990. It is comprised of middle-aged and elderly
persons living in the district Ommoord in Rotterdam, the Netherlands. Details of the
study design are described elsewhere [22]. The first sub-cohort (RS-I) was established
in 1989-1993 among inhabitants aged 55 and over (n = 7,983). The second sub-cohort
(RS-Il) was recruited in January 2000 among people who had become 55 years of age
or moved into the study district (n = 3,011). The third sub-cohort (RS-IIl) was initiated in
2006 for which subjects aged 45 years and older were recruited (n = 3,932). These three
sub-cohorts of the Rotterdam Study comprised of 14,926 subjects at baseline with an
overall response of 72%. Examinations were repeated every 3-5 years. The study was
approved by the Medical Ethics Committee of Erasmus University Medical Centre, and
all participants provided written informed consent.

For the current analysis, we excluded participants with prevalent T2D and without
dietary data at baseline, resulting in 6,770 participants (RS-I1-1: n=2,971, RS-II- 1:
n=1,413, and RS-1ll-1: n = 2,386) (Figure 1). For the prediabetes incidence analysis, we
additionally excluded participants with prediabetes at baseline or without follow-up
data on prediabetes, resulting in 6,053 participants (RS-1: n = 2,617, RS-Il: n = 1,250, RS-
I1l: n =2,186). For analyses on insulin resistance, we excluded participants without data
on the homeostatic model assessment of insulin resistance (HOMA-IR) at baseline and
follow-up, resulting in 6,593 participants (RS-I: n = 2,892, RS-1l: n = 1,391, RS-lll: n = 2,310).
Data on outcome measures were available until 2015.
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14,926 participants

RS-I: 7,983; RS-II: 3,011; RS-Ill: 3,932 5,140 without dietary data at baseline
T RS-I: 2,548; RS-I: 1,352; RS-III: 1,240
v 85 with implausible energy intake (<500 or 24000
kcal/day)
9,701 with valid dietary data at baseline RS-I: 2; RS-II: 35; RS-Ill: 48

RS-I: 5,433 RS-II: 1,624; RS-lIl: 2,644

l 2,932 with diabetes or without diabetes
information at baseline
RS-I: 2,462; RS-II: 212; RS-III: 258

6,770 with dietary data and without diabetes at baseline
RS-I: 2,971; RS-II: 1,413; RS-III: 2,386

691 with prediabetes at baseline 177 without glucose or insulin level at
—>| RS-I: 335; RS-II: 158; RS-I1: 198 > baseline and follow-up
26 without prediabetes information at RS-I: 79; RS-II: 22; RS-II: 76
follow-up

RS-I: 19; RS-II: 5; RS-II: 2

6,053 for prediabetes risk 6,593 for insulin resistance
RS-1:2,617; RS-II: 1,250; RS-11I: 2,186 RS-1: 2,892; RS-II: 1,391; RS-III: 2,310

Figure 1. Flow-chart for inclusion of participants in the present analyses for prediabetes and
longitudinal insulin resistance in the Rotterdam Study (RS).

Assessment of Outcomes

Fasting blood was drawn at two time points in each sub-cohort; at RS-1-3 (1997-1999) and
I-5(2009-2011), at RS-1I-1 (2000-2001) and 11-3 (2011-2012), and RS-11I-1 (2006-2008) and
I11-2 (2012-2014). Glucose levels were measured using the glucose hexokinase method [23].
We set the third visit of RS-l (RS-I-3; 1997-1999) as a baseline, as fasting blood samples
were not collected at the first two visits of RS-1. Information from general practitioners,
structured home interviews, pharmacy dispensing records and follow-up examinations in
the research facility was used to identify prediabetes and T2D cases at baseline and during
follow-up. Prediabetes was defined as having a fasting blood glucose between 110 and 125
mg/dL (6.1 and 6.9 mmol/L) or non-fasting blood glucose between 138.6 and 199.8 mg/
dL (7.7 and 11.1 mmol/L), according to WHO guidelines [2]. T2D was defined as a fasting
plasma glucose level > 126 mg/dL (7 mmol/L), a non-fasting plasma glucose level 2199.8
mg/dL (11.1 mmol/L) or the use of blood glucose-lowering medication [2]. Two study
physicians independently identified all cases. In case of a disagreement, a consensus
was sought by consulting endocrinologists. Serum insulin levels were measured using
the Roche Modular Analytics E170 analyzer. The HOMA-IR was calculated by multiplying
fasting insulin (mU/L) by fasting glucose (mmol/L) divided by 22.5.
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Methods

Assessment of Dairy Intake

Food intake data at baseline and follow-up were obtained with a 170-item (RS-I-1 and
RS-11-1) and with a 389-item (RS-11I-1, RS-1-5, and RS-1I-3) food frequency questionnaire
(FFQ) as described in detail elsewhere [24]. The FFQs were checked during an interview
by a trained dietician at the study centre. The 170-item FFQ was validated in 80 RS
participants against fifteen 24 h food records with adjusted Pearson’s correlations of
0.66 for protein intake, 0.52 for saturated fat intake, 0.58 for sodium intake and against
24 h urine collections showing a Spearman correlation coefficient of 0.67 for protein [25].
The 389-item FFQ was validated in two Dutch populations against a 9-day dietary record
and a 4-week dietary history with Pearson'’s correlation coefficients of 0.61 for total
protein intake, 0.73-0.75 for saturated fat and 0.60 for calcium, and 0.60 for milk and milk
products and 0.61 for cheese [26, 27]. Nutrient and energy intake were calculated using
the Dutch Food Composition Tables 1993, 2001, 2006 and 2011 (NEVO) depending on the
year of data collection in the sub-cohorts. Participants with an unreliable dietary intake
according to the trained dietician or extreme energy intakes (<500 or >5000 kcal/day)
were excluded [24]. Dairy categories included total dairy, fermented dairy, milk, yogurt,
cheese, cream, and ice cream (Table 1). Each dairy category was further divided into
low-fat (liquid products < 2%, cheese < 20%) and high-fat (liquid products > 2%, cheese
> 20%). Intakes were expressed in servings/day according to Dutch serving sizes: milk,
200 mL; yogurt, 150 mL; cheese, 20 g; cream 3 g; ice cream, 50 g (https://portie-online.
rivm.nl/, accessed on 1 September 2021). In the total dairy category, a serving of liquid
dairy products was defined as 200 mL and cheese as 20 g.

Table 1. Food items included in total dairy and dairy types and consumption in the Rotterdam
Studies (n = 6770). Grouping of dairy products included for the present analysis of the Rotterdam
Studies.

Dairy type Definition

Total dairy All dairy products
High-fat’ All high-fat dairy products
Low-fat' All low-fat dairy products

Fermented dairy  All fermented products

High-fat? High-fat yogurt, high-fat cheese, full fat curd, full fat fruit curd
Low-fat Low-fat yogurt, low-fat cheese, semi-skimmed curd, skimmed curd, semi-
skimmed fruit curd, skimmed fruit curd
Milk, all types All milk and milk products
High-fat Full fat milk, full fat chocolate milk, milk powder, full fat milk added to the
coffee
Low-fat Semi-skimmed milk, skimmed milk, buttermilk, semi-skimmed chocolate

milk, skimmed chocolate milk, semi-skimmed milk added to the coffee,
skimmed milk added to the coffee
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Table 1. Food items included in total dairy and dairy types and consumption in the Rotterdam
Studies (n =6770). Grouping of dairy products included for the present analysis of the Rotterdam
Studies. (continued)

Dairy type Definition
Yogurt All yogurts
High-fat Full fat yogurt, full fat fruit yogurt
Low-fat® Semi-skimmed yogurt, skimmed yogurt, semi-skimmed fruit yogurt
skimmed fruit yogurt
Cheese All cheeses
High-fat 40+ cheese (e.g., Edam), 48+ cheese (e.g. Gouda, cheddar, cheese spread,

goat cheese), full fat luxury cheese (e.g. cream brie, cream cheese, mon
chou), cheese cubes, grated cheese, feta, cheese fondue

Low-fat 20+ and 30+ cheese (e.g., cheese spread, cottage cheese), low-fat luxury
cheese (e.g. brie, goat cheese)

Cream Whipped cream, coffee cream, semi-skimmed coffee cream, sour cream,
creme fraiche, cooking cream

Ice cream Ice cream

"High-fat dairy includes full fat custard for RS-l and RS-IIl. Low-fat dairy includes skimmed custard for RS-I.
2Includes mousse and chipolata pudding in RS-III.

3 Includes skimmed custard, semi-skimmed curd, skimmed curd, semi-skimmed fruit curd and skimmed
fruit curd in RS-111.

Abbreviations: RS, Rotterdam Study.

Assessment of Covariates

Information on demographic factors, education, health status, medical history and
smoking behaviour was obtained during home interviews at baseline. Education
attainment was defined as primary (primary education), low (lower/intermediate
general education or lower vocational education), intermediate (intermediate vocational
education or higher general education) or high (higher vocational education or university).
Participants were classified as never, former, or current smokers. Height (cm) and weight
(kg) were assessed during a physical examination at the research centre, and body mass
index (BMI) was calculated as kg/m2. Waist circumference was assessed at baseline and
during follow-up (RS-1-3 (1997-1999), RS-1-4 (2002-2004), RS-1-5 (2009-2011) and RS-I-6
(2014-2015); RS-11-2 (2004-2005), RS-11-3 (2011-2012) and RS-11-4 (2015-2016); and RS-IlI-
2 (2012-2014)). Waist circumference in cm was measured at the level midway between
the lower rib margin and the iliac crest with the participant in a standing position. Data
on physical activity (PA) expressed in metabolic equivalent of task (MET) minutes per
week were obtained using the Zutphen Physical Activity Questionnaire for RS-I-3 and
RS-11-1 [28] and using the LASA Physical Activity Questionnaire (LAPAQ) for RS-I1I-1 [29,
30]. Diet quality was expressed as adherence to 14 food groups of the Dutch Dietary
Guidelines 2015 [24, 31]. Information on medication use was obtained from both home
interviews and pharmacy dispensing records. Blood pressure was calculated as the
mean of two consecutive measurements with a random-zero sphygmomanometer while
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subjects were in a sitting position and had rested for 5 min. Hypertension was defined
as: systolic blood pressure > 140 mmHg; and/or diastolic blood pressure > 90 mmHg;
and/or use of antihypertensive medication. Serum total cholesterol and HDL cholesterol
were measured with the use of an automatic enzymatic procedure. Information on family
history of diabetes was available at RS-I-1 and RS-11-1 and was defined as having at least
one parent or sibling with T2D. Coronary heart disease (CHD) at baseline was defined
as having a medical record of myocardial infarction and at follow-up as myocardial
infarction or definite coronary mortality [32].

Statistical Analysis

Descriptive data were presented as means and standard deviations (SD) for continuous
variables, medians, and interquartile ranges (IQR) for non-normally distributed
continuous variables and frequencies and percentages for categorical variables.
Natural log-transformed values for HOMA-IR were used to approximate normal data
distributions. To analyse associations between the various dairy types and prediabetes
incidence, we used Cox proportional hazard models. Results were expressed as a Hazard
Ratio and 95% confidence intervals (HR, 95%Cl). To analyse associations between dairy
types and longitudinal HOMA-IR, we performed linear mixed models with time as a fixed
effect, a random intercept for participants and a random slope for the time of repeated
HOMA-IR measures. Results were expressed as beta coefficients of log-transformed
HOMA-IR and 95% confidence intervals (3, 95%Cl), representing the overall effect of
dairy consumption averaged across follow-up. Dairy types were analysed as categorical
variables based on quartiles, comparing the highest versus lowest (reference) quartile of
intake, and continuous variables (servings/day). Dairy types for which many participants
reported no intake were categorized into a non-consumer category (reference) and
consumers into tertiles. The p for the trend was calculated using the median values of
dairy intake range categories as continuous variables in the model. For each model, we
examined whether non-linear terms of continuous dairy types (2nd order polynomials
or natural splines with 3 degrees of freedom, excluding outliers) significantly improved
model fit compared to the linear model assessed by likelihood ratio tests.

Confounders were chosen based on previous research [31, 33, 34]. The basic model
(model 1) was adjusted for age, sex, and daily energy intake. Model 2 was additionally
adjusted for educational attainment, alcohol intake, smoking status, physical activity,
family history of T2D (RS-l and RS-Il only), intake of fruits, vegetables, whole grains,
legumes, nuts, tea, coffee, red meat, and sugar-sweetened beverages (SSBs). We
presented descriptive data stratified by the dairy types significantly associated with the
outcomes to provide insight in characteristics of participants with high and low intakes.
Effect modification by age, sex and waist circumference were examined in model 2,
and stratified associations were presented in case of significant interactions (p < 0.05).
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Multiple sensitivity analyses were performed in model 2 to examine the robustness of the
findings. First, we additionally adjusted for longitudinal waist circumference to examine
the potential confounding or mediating effect of obesity over time in associations of
dairy, prediabetes incidence and longitudinal HOMA-IR. To adjust for longitudinal waist
circumference in models of prediabetes incidence, we applied a joint modelling approach
[35]. With this approach, model 2 was combined with a random slope linear mixed model,
including the repeated measures of waist circumference before the onset of prediabetes
as an outcome, time of waist circumference measurements and interactions between
dairy types and time of waist circumference measurements. Second, we additionally
adjusted for cholesterol, hypertension, and triglycerides, as these factors are potential
mediators. Third, we additionally adjusted for consumption of other dairy types to
assess whether associations of certain dairy types were independent of each other.
Fourth, participants with prevalent or incident CHD were excluded to address reverse
causation by the change of diet and lifestyle. Fifth, associations were calculated with
energy-adjusted intake of dairy types in gram/day using the residual method. Sixth,
repeated measures of dairy intake (baseline and measures 20 years after baseline in RS-|
(n=1,028, 34.6%) and 10 years after baseline in RS-l (n = 859, 60.8%)) were included in
Cox models as time-dependent exposure and in linear mixed models as a fixed effect.
Note that for most participants, the Cox model used baseline measures of dairy only
because most prediabetes cases occurred before the repeated dietary assessment.
Therefore, we additionally adjusted for dairy intake at follow-up in the subset with these
data available to explore potential effects of altered dairy intake.

All analyses were performed separately for RS-I, RS-1l and RS-Ill, and the results were
pooled using a fixed-effects meta-analysis. To adjust for potential bias associated with
missing data, a multiple imputation procedure (n = 10) was used to account for missing
data on covariates (Supplemental table 1). No correction for multiple testing was made,
as most exposures were correlated, and corrections may have resulted in a type Il error
[36]. Statistical procedures were performed using SPSS statistical software, version
21.0 (IBM Corp, Armonk, NY, USA) and R version 4.0.2. (The R Foundation for Statistical
Computing, Vienna, Austria).

Results

Population Characteristics

The mean total dairy intake was 3.6 + 1.2 servings/day, mostly consisting of low-fat milk
(0.9 £ 0.6) and high-fat cheese consumption (1.5 + 0.8) (Figure 2). The mean age was 61.7
+ 3.9 years, and 58.7% were female (Table 2). The mean waist circumference was 91.1
+ 6.7 cm, the mean BMI was 26.6 + 2.2 kg/m2 and 16% were obese (BMI = 30 kg/m2). In
the highest (6.0 + 1.1 servings/day) compared to the lowest quartile of dairy intake (1.5
+ 0.3 servings/day), participants were more often highly educated (21.4 versus 16.1%)
and less often smokers (22.4 versus 27.0%). Furthermore, diet quality, energy intake
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and intakes of vegetables, fruit, whole grains, sodium, and calcium were on average
higher with increasing dairy intake. Characteristics by dairy consumption, sub-cohort
and included versus excluded from the current analyses are presented in Supplemental
Table 2. Stratified by cohort, RS-Ill was on average younger (56.8 + 6.4, 65.5 + 6.7, 63.6
+ 7.2 years in RS-llI; -I; -1I, respectively), with more highly educated participants (28.7%
versus 10.1 and 18.1%). Participants included in this study (n = 6,770) compared to those
who were excluded (n = 8162) were generally younger (62.0 + 7.8 versus 69.2 + 11.4),
higher educated (18.3 versus 11.6%), less often smokers (22.7 versus 25.6%), had higher
physical activity levels and lower HOMA-IR levels (2.9 + 2.4 versus 5.6 + 13.0).
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Figure 2. Dairy type intake by cohort of the Rotterdam Studies in servings/day (mean + SD): milk,
200 mL; yogurt, 150 mL; cheese, 20 g; cream 3 g; ice cream, 50 g. Combined total dairy category:
liquid dairy products, 200 mL; cheese, 20 g. Abbreviations: RS, Rotterdam Study.
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Table 2. Baseline characteristics of participants in the Rotterdam Study in the total population and
across quartiles (Q) of total dairy intake (n = 6770).

Total Q1 Q2 Q3 Q4
n=6770 n=1692 n=1697 n=1688 n=1693
Total dairy intake 3.6+1.2 1.5+0.3 2.8+0.2 3.9+0.2 6.0+1.1
Range 0-15.1 0-1.2 0.9-1.9 1.4-2.7 2.2-15.1
Age at dietary assessment 61.7+3.9 62.1+4.0 62.0+3.9 61.8+3.8 60.9+3.7
Sex, female (%) 58.7 59.9 61.7 59.6 53.8
BMI (kg/m2) 26.6+2.2 26.7+2.2 26.7+2.2 26.6+2.2 26.6+2.2
Waist circumference (cm) 911 +6.7 91.1+6.7 90.7+6.6 91.0+6.5 91.6+6.8
Education level (%)
Primary education 11.8 13.7 1.2 1.4 11.0
Lower education 40.9 42.2 43.8 401 37.6
Intermediate 28.9 28.0 28.0 29.7 30.0
Higher 18.3 16.1 17.0 18.8 21.4
Smoking (%)
Never 32.2 31.3 335 329 31.3
Ever 45.0 4.7 459 46.3 46.3
Current 22.7 27.0 20.6 20.8 22.4

Physical activity (MET-hours/week)
Zutphen Physical Activity 79.7 [54.7, 77.7 [51.5, 78.2[53.0, 79.4[57.5, 82.4[56.6,

Questionnaire (n = 4,328) 112.1] 110.8] 109.2] 111.9] 115.6]
LASA Physical Activity 42.9[17.7, 39.8[15.0, 40.5[16.9, 48.2[21.0, 45.0[18.0,
Questionnaire (n =2,177) 82.5] 75.9] 79.9] 87.8] 86.4]
Family history diabetes 12.8 12.7 12.6 12.6 13.3
Dietary intake
Energy (kcal/day) 2113+333 1858 + 293 2012+ 283 2151 +£285 2452 £ 365
Diet quality score (0-14) 6.6+ 1.1 6.0+1.0 6.6+1.0 70+£1.1 7.0+1.1
Total fat (E%) 351 +3.6 35.3+4.1 35.0+£3.5 345+33 35.4+3.6
Total saturated fat (E%) 13.2+1.6 12.4+1.6 129+1.5 131+1.4 141 +1.8
Total protein (E%) 16.7+£1.7 15.8+1.6 16.4+1.6 16.8+1.5 176 1.7
Carbohydrate (E%) 445+4.2 445+4.9 449+4.1 449+3.8 43.8+3.9
Calcium (mg/day) 1109 + 251 688+ 113 960 + 95 1175+ 101 1621 + 245
Sodium (mg/day) 2344 + 463 1979 + 385 2203 £ 366 2398 +£372 2814+ 511
Alcohol (g/day) 6.6[0.7,18.8] 6.7[0.5,20.9] 6.6[0.7,18.6] 6.2[0.7,17.6] 6.7[0.7,17.6]
Vegetables (g/day) 211 +69 206 £ 62 208 +71 207 +59 220+ 74
Fruit (g/day) 228 +98 209+ 102 230+93 235+94 234 +£101
Wholegrains (g/day) 116 +43 95+41 M +4 123+42 133+ 46
Legumes (g/day) 16.5+£12.5 15.7+14.6 16.4+11.2 15.4+99 17.5+£11.8
Nuts (g/day) 8.5+79 79+8.0 8.3+79 85+73 9.1+8.1
Red meat (g/day) 93 +36 91 +35 92+34 93+32 97 +40
Fish (g/day) 20+13 19+13 21+£12 20+13 21+13



Chapter 3

Table 2. Baseline characteristics of participants in the Rotterdam Study in the total population and
across quartiles (Q) of total dairy intake (n = 6770). (continued)

Total Q1 Q2 Q3 Q4
n=6770 n=1692 n=1697 n=1688 n=1693
Tea (g/day) 288 £ 155 286 + 162 275+ 146 304+ 152 286 + 159
Coffee (g/day) 471 £152 445 + 155 462 £ 144 475+ 146 502 + 159
SSBs (g/day) 94 +74 92+78 96+ 74 86+ 63 101 £79

Values are mean + SD for continuous variables with a normal distribution (pooled), or median [IQR]
for continuous variables with a skewed distribution; percentages for categorical variables, based on
unimputed data. Abbreviations: E%, percentage of total energy intake; MET, metabolic equivalent of
task; RS, Rotterdam Study; SD; standard deviation, SSBs, Sugar Sweetened Beverages.

Dairy Intake and Prediabetes Risk

During a mean follow-up of 11.4 + 4.8 years, 1139 incident prediabetes cases were
identified among 6,053 participants (18.8%). In pooled multivariable models (Table 3,
Model 2), high-fat yogurt (19% of the sum of total yogurt intake) was associated with
a lower prediabetes risk (HR,, .o, 0.70, 95%Cl 0.54-0.91 and HR__ .. 0.67, 95%Cl
0.51-0.89). Additionally, high-fat milk (21% of total milk) was associated with a lower
prediabetes risk (HR,, .., 0.81, 0.67-0.97 and HR 0.88, 95%Cl 0.79-0.99). In
contrast, low-fat dairy, low-fat milk, and total cheese were associated with a higher
prediabetes risk when analysed on a continuous scale and not in quartiles (HR_ ...,
respectively, 1.05, 1.01-1.10; 1.07, 1.01-1.13; 1.05, 1.01-1.09). In addition, low-fat cheese
was associated with a higher prediabetes risk when analysed in quartiles (15% of total
cheese, HRy, .o 1:17,95%C1 0.95-1.44, P = 0.04). Total and high-fat dairy; total, high-
fat, and low-fat fermented dairy; total milk; total and low-fat yogurt; high-fat cheese;
cream and ice cream were not associated with a prediabetes risk.

serving/day

trend

Dairy Intake and Longitudinal Insulin Resistance

The median HOMA-IR index was 2.3 (IQR 1.7-3.4) at baseline and 2.4 (1.7-3.8) at follow-up.
In line with results for prediabetes, high-fat yogurt was associated with lower longitudinal
log-transformed HOMA-IR (B o, -0-10, 95%Cl -0.16; -0.05, P, ,=0.0003, B, /.y ~0-08,
95%Cl -0.13; -0.03) (Table 4, Model 2). Low-fat dairy and low-fat milk were associated
with higher longitudinal log-HOMA-IR (B, respectively, 0.06, 95%Cl 0.03-0.10,
P\ ens = 0.0003 and 0.07, 0.03-0.11, P =0.001, and Bservmglday, respectively, 0.02, 0.01-
0.03 and 0.02, 0.01-0.04). Total milk was significantly associated with higher longitudinal
log-HOMA-IR only when comparing top versus bottom quartiles (B,,.,, 0.05, 0.01-0.09,
P...q = 0.02). In contrast to observations for prediabetes risk, total dairy, high-fat milk,
and total and low-fat cheese were not associated with longitudinal HOMA-IR. A better fit
of non-linear associations was found for low-fat fermented dairy, low-fat milk, high-fat
milk, low-fat yogurt, and cream, but non-linear trends were inconclusive, as only a few
participants had high intakes (Supplemental Figure 1).

trend



Dairy intake in relation to prediabetes and insulin resistance - the Rotterdam Study

(£0°1-66'0) €0°L 70 (LL'Ll-8£0)€6'0 (L1'1-08°0) ¥6'0 (91°1-€8'0) 66'0 (390 L C [SPON

(£0°1-66'0) €0°L 70 (LL'L-6£0) 760 (Tl'1-18°0)S6°0 (£1'1-¥8'0) 66'0 (390 L L ISPOIN
€l (OR3) 8'L Ll 0 p/s8uinias ‘ueipaiy
€151/18¢ 0¢SlL/98¢ 8evl/6LC (441747414 |ejoy u/sesed u
Aarep pajyusawiay yey-ySiH

(90°1-66'0) €0°L 60 (6L'L-78°0) 00'L (€1'1-08°0) S6'0 (S1'1-€8°0) 86'0 (394) L C ISPOIN

(50°'1-86°0) 2O'L 870 (LL'1-6£70) ¥6°0 (0L'L-6£'0) €60 (71'1-28°0) 96'0 (394) L L [9PON
c'c [ LT 8’1l o'l p/s8ulnJas ‘uelpaiy
€1SL/¥8¢ 1lSL/6LC L0SL/¥8¢ Sesl/eec |ej03 u/sssedx u
Kaiep pajusawiayg

«(0LL-L0'1) S0°L 90°0 (6€°1-66'0) LL'L (Le'l-€6'0)0L'L (82°'1-76'0) 80°L (390 L C [SPON

(80°1-660) €0°L L€0 (82°1-76'0)60°L (SZ°'1-06'0)90°L (92°1-06'0) LO'L (390 L L ISPOIN
'L L€ 8’1l o'l 1’0 p/s8uiAlas ‘uelpaN
SlSl/sec 0LSL/e8C 1191/88¢ L1SL/€LC |ejoy u/sesed u
Aarep yey-mo1

(r0°'1-96'0) 00°L faa] (€L'1-82'0) ¥6'0 (51'1-28°0) £6°0 (LEL-¥6'0) LL'L (390) L C ISPOIN

(r0'1-96°0) 00°L [AN0] (60°1-9£°0) L6°0 (91'1-€8°0)86'0 (0€'L-¥6'0) LL'L (394) L L [SPON
L'l 9'c (4 vl 70 p/S8uiAJas ‘uelpaN
L0SL/¥9¢C ¢€SL/88¢C c0sl/20e ZL§1/98¢ |30} U/seseds u
Kaep 1ey-ysiH

(£0°'L-00°L) €0°L 8€'0 (LE'1-160) 60°L (80°1-9£°0) L6°0 (91'1-€8'0) 86'0 (390 L C [9PON

(S0°1-66°0) 20'L 680 (61°1-¥8°0) 00°L (00°L-1£0) S8°0 (EL'1-18°0) 960 (3901 L ISPOIN
€¢ 9'q 6'€ 8¢ 9'L p/s8uiAlas ‘uelpay
€509/6€LL L1G1/86¢ €1G1/LSC L1SL/L8C CZlSl/Lec |ejoy u/sesed u
Kaep jejoyr

(12 %56) ¥H " 70O €0 20 Lo

;snonupuo)

,sa110833ed a8uel axe3ul ssoude (]D%G6) 013es piezey pajood

(£G0°9 = U) SaIPN1S WepJal1oy 3yl ul ysii saragelpald pue sadAy1onpoud Auiep jo suol

120ssY "€ a|qeL



Chapter 3

(z0'1-28°0) 2Z6'0 S0°0 (66°0-1£°0) ¥8°0 (6LL-%78°0) 00°L (80°L-6£'0) 260 (3001 Z I9PON
x(86'0-82'0) 880 000 (¥6'0-£9°0) 08°0 (01'1-8£"0) €6'0 (¥0'1-££'0)68°0 (3001 L [9pON
¥'0 0l 90 €0 00 p/s8uInJLS ‘UBIPIIN
z62LIvLT LEzL/1ze 08¥1l/64¢ 0502/S2¥ |ejo) u/sased u
1n8oA |ejo)
x(ELL-10'L) LO'L 0Z0 (9€°1-96'0) ¥L'L (Ev'L-20°L) 0Z'L (lr'1-1oL) 6L'L (3001 Z 13poN
(11'1-66'0) SO'L S0 (62°'1-26'0) 60°L (0v'1-00°L) 6L°L (ov'1-L0°L) 6L'L (3001 L [9pOIN
80 [ara 'L S0 00 p/sSuUInJSS ‘UBIPaN
6vLIvie 06v71/76¢ 88Y1/L6T €8SL/vLT [e101 U/Sased u
Alw jej-moT
£(66'0-6£°0)88°0 ¥0°0 (£6°0-£9°0) 180 (lz'1-88°0) €0°L (E1'1-8£°0) ¥6'0 (3001 Z I9PON
£(£6°0-8L°0) £8°0 200 (¥6°0-99'0) 6£°0 (8LL-£8°0) LO'L (80°L-G£°0) 060 (3001 L I9SPON
00 0L 0 1’0 00 p/s8uinias ‘uelpay
0501/591 LrLL/92¢ 098/8%L Z00£/009 |30} u/sased u
Al yey-ysSiH
(80°'L-£6'0) 20'L LE0 (62°'1-26'0) 60°L (0€'1-26°0) 60°L (€€'1-56'0) €L'L (3001 Z I3poN
(90°1-56'0) 00°L €L0 (Zz'1-£8°0)€0°L (5Z'1-68'0)SO'L (Le'L-s60)Zl'L (300 L L [9pOIN
0L v’z €l 80 1’0 p/s8uUInISS ‘UBIPaN
8091/€6C LEVLILLT 6611/66C 60S1/9.T [e101 U/Sased u
AW jejol
(£0°1-96'0) LO'L S8°0 (61°1-58°0) LO'L (LL'L-6£"0) €6'0 (91'1-€8'0)86°0 (390 L ZISpoN
(S0°'L-6'0) 66'0 0S50 (0L'L-6£'0)€6'0 (#0'1L-5£'0) 880 (Z1'1-18'0)96°0 (3001 L I9SPON
9'0 1’z 60 €0 00 p/s8uinias ‘uelpay
96%1/€8¢ €9%1/85¢ €751/68C LLSL/60€ |30} u/sased u
Kaep pajuawiay jej-mo
(12 %S6) ¥H "y %) €0 70 10

;snonuijuo)

,S3110833ed aSue. 3jejul ssolde (1%SG6) olre. piezey pajood

“(PaNUIIU02) (£50'9 = U) SAIPNIS WepJa330y 9y} Ul XSl sa3aqelpald pue sadAy 3onpoud AJiep Jo suolledossy *g ajgel

(o)}



Dairy intake in relation to prediabetes and insulin resistance - the Rotterdam Study

(rl'1-£6°0)90°L 00 (r¥'1-56°0) LL'L (s¥'l-€6'0)9L'L (9€°1-06'0) OL'L (390 L ZI3poN
(r1'1-£6°0) SO°L 0L'o (G€'1-68'0)60°L (l7'L-16'0) EL'L (0€°1-98°0)90°L (394 1 L ISPOIN
00 8L L0 0 00 p/s8uInIas ‘uelpay
809/LLL 095/¥0L GZ9/LLL 09Zv/€L8 |30} u/sased u
9s993Yd jej-moT
(80°L-00"L) €0°L SL0 (5Z'1-88°0) S0°L (lz'1-£8°0) €0°L (¥2'1-68'0)S0°L (#94) 1 Z19po
£ (L0'L-00°L) ¥O'L .0 (¥Z'1-88°0) ¥0'L (¥Z'1-68°0) SO°L (§Z°1-06°0) 90°L (300 L L [9pOIN
L 6'C Ll L'l 1’0 p/sSUIAJBS ‘UeIpaN
ZL51/062 €051/98¢ 2051/78¢ 9€51/18¢ |e30) u/sased u
9saayd iej-ysiH
£(60'1-10'1) GO'L z€0 (€€'1-¥6°0) LL'L (£1'1-€8°0) 86°0 (€2°1-88°0) ¥0'L (3001 Z 19poIN
£(80°'L-10°1) GO'L 9%°0 (62°'1-26'0) 60°L (S1'1-28°0) £6'0 (€2°1-88°0) ¥0O'L (3941 L ISPOIN
Sl I'e 0¢ L S0 P/S8UInIDS ‘Uelpa N
YESL/OLE L0GL/0.LT L1S1/48¢ LosL/zLe |e103 u/sased u
9s99yd |ejol
(11'L-88°0) 66'0 %50 (L1'1-€8°0)66°0 (Le'L-z6'0) OL'L (8Z'1-€6'0)0L'L (394) 1 Z19po
(90'L-¥80) ¥6'0 LL0 (LL'L-6£'0) 760 (€T°'1-£80)¥0'L (rZ'1-16'0)90°L (494) 1 L [9PON
1’0 0L S0 L'0 00 p/SSUIAJBS ‘ueIpaN
zszL/oLe 0£01/502 LLELILIT vSET/LSY |e30) u/sased u
34nSoA jej-mo
2% (68°0-15°0) £9°0 G000 (16'0-¥5°0) 0£°0 (8Z'1-¥8°0) ¥0'L (68'0-75°0) 0£°0 (3001 Z 19poN
+%(88°0-05°0) 99°0 €000 (68'0-25°0) 89°0 (8Z'1-¥8°0) ¥0'L (88'0-%5°0) 69°0 (394 1 L ISPOIN
00 L0 €0 1’0 00 P/S8UInIDS ‘Uelpa N
EvY/79 00S/00L ¥15/69 9651/806 |e103 u/Ssesed u
3anSoA yey-ySiH
(12 %S6) ¥H "y %) €0 z0 Ko)

zshonuijuo)

,sa1108a3ed ague. 3jejul ssolde (17%S6) olred piezey pajood

‘(PanNuU02) (£G0'9 = U) SBIPNIS WEPIBII0Y BY3 Ul YSii sa1aqelpald pue sadAy 1onpoud Auiep jo suol

120ssY "€ a|qeL



Chapter 3

9|134en ‘O {|eAJI93U| DOUIPIJUOD ‘|D SUOIIRIARIQQY

"10°0>d %% 'S0°0 03 LO'0=d x' PS3RWIIS3 343M (| 3|geL Ul uoniuyap 99s) Aep/Suinlss | Jad sopzed piezeH ,

‘[apow ay3 ul 3|geldeA snonujuod e se A1ogaied yoes Jo sanjeA ueipawl Suipn|dul Ag passasse sem sa110891ed a3ued 9)eiul SSoJde puaJdl Jeaul] ((Snonujuod)

(gSS) so8eJanaq pauslsams-1e8ns pue ‘Jeaw paJ ‘934402 ‘ea} ‘synu ‘sawngs| ‘sule8ajoym ‘sa|qeiadan ‘3inJy jo sayeiul Suipn|dul ‘'saaqgelp g 9dA31 yum palerposse sdnoud
pooy pue (AJUo ||-SY pue |-SY ‘ou/sak) saraqgelp o A1oisiy Ajiwey ‘(sa140891ed {7) uoindwinsuod joyod|e ‘(snonujjuod) Aianae |eaisAyd ‘(sario8aied g) upjows ‘(sa1408931ed €)
uonedINpa Joj paisnipe Ajjeuonippe sem z [9pOo AN “(Snonuiuod) axeiul AS1aua pue xas ‘(snonujauod) a8e papn|dul | [9POIN :SMO||0} S S9)elJeAOD 10} paisn(pe ‘@oualayal
9y se A108a1ed 1SaM0| 3y Y3Im S31408931e2 3]13433 + SI9WNSUO0I-UOU JO (O 03 LD) SanjeA aj13ienb Aq 11jds s2140891ed UN0oj SSOJde Palew|Isa 3Jam (S|DG6) Solled piezeH |

(92'1-0£°0) ¥6°0 050 (L1'1-8£'0) €6'0 (S0°1-0£'0)98°0 (TL'1-LL0) €60 (121) | Z I9pon
(92°1-1£°0) 760 850 (€1'1-08'0) S6'0 (L0°'1-1L'0) £8°0 (EL'1-8L0) ¥6°0 (Ja1) L L I9POIN
00 82°0 LL0 L0°0 00 p/sSuinias ‘uelpaN
188/L91 59./22L Z6LILEL SLOE/ELL |e303 U/sased u
wesaJud 9|
(91'1-26'0) €0'L 750 (zz'1-z8'0)00'L  (60°L-2£°0)68°0 (OL'L-¥£'0) 060 (Jaa) L Z 13pon
(LV1-€6'0) ¥O'L L0 (€2'1-€8°0) LO'L (£0'1-12'0)88°0  (60°L-¥L0)68°0 (Jaa) L L I3pON
00 670 81°0 L0°0 00 p/sSuinias ‘uelpay
SLLI9EL 6v8/82L SZ8/0VL ¥09€E/SEL |e30) U/sased u
weaua)
(12 %S6) ¥H "y %) €0 70 10
zshonuljuo) FWO_LOMOHNU asgue. 9)jejul ssosde A_Uo\emmv oljel piezey pajood

“(PaNUIIU02) (£50'9 = U) SAIPNIS WepPJa330y 9y Ul XSl sa3aqelpald pue sadAy 3onpoud AJiep Jo suolledossy *g ajgel

(o)}



Dairy intake in relation to prediabetes and insulin resistance - the Rotterdam Study

(L0'0‘L0°0-) 00°0 6v'0 (€0°0'50°0-) LO'0- (200 '50°0-) LO'0- (90°0'20°0-) 20°0 304 C [9PON
(L0'0‘L0°0-) 00°0 [aa] (z0'0'90°0-) 20°0- (Z0'0'90°0-) 20°0- (90°0'20°0-) 200 304 L ISPOIN
7'l € 8’1l Ll 0 cUBIpIN
2991 81791 S99l 8591 |e301 N
Karep pajuawiay yey-ysSiH
(00°0'L0°0-) 00°0 LL°0 (€00 '50°0-) LO'0- (700 '¥0°0-) 00°0 (z0'0'90°0-) 20'0- 304 C |9POIN
(000 '20°0-) LO'0- oLo (00°0 '80°0-) ¥0°0- (z0'0'90°0-) 20°0- (L0'0'£0°0-) €0°0- 394 L [PPOIN
44 Y LT 8L L cueIpaN
LS9l vv9l Sval €991 |e303 N
Aa1ep pajuswiay
£%(€0°0°10°0) 200 +¥¥E000°0 (0L'0“€00)90°0 (0L'0“€0°0)90°0 (90°0'10°0-) 200 34 C [9PON
£(20°0'00°0) LO0 ++10°0 (60°0°1L0°0)S0°0 (600 '20°0) S0°0 (90°0'20°0-) 200 304 L ISPOIN
€1l € L'L l (0] cUBIPIN
Le9l 999l G99l 99l |e101 N
Karep 3ej-mon
(000 ‘20°0-) LO'O- 900 (L0°0'£0°0-) €0°0- (10’0 '£0°0-) €0°0- (90°0 ‘'20°0-) 200 304 C |°9POIN
(0001L0°0-) LO'0- €00 (L0'0'80°0-) €£0°0- (00'0'£0°0-) €£0°0- (90'0 '20°0-) 200 4ol L I9SPOIN
L'l 9'c c'c 7l 70 eUBIPON
v¥ol ol €991 9ol |BI0I N
Kaep 1ej-ysiH
(L0°0'00°0) 00°0 L0°0 (80°0'00°0) ¥0°0 (00 '¥0°0-) 00°0 (50°0'20°0-) 200 304 C [9PON
(L0'0'L0°0-) 00°0 LE°0 (90°0'20°0-) 200 (z0'0'50°0-) 20'0- (S50°0'€0°0-) LO'O 394 L ISPOIN
€¢c 9'q 6'€ 8¢C 9'L cUBIPIN
7591 L¥9l ol 0S91 |eI0IN
Kaep jejoyr
(1D %56) g g %9 €0 20 10

,snonuiuo)

,sa1108a3ed aSue. X e3ul SS0IIR (17%S6) HI-VINOH paw.ojsuell-So| wouy se3aq pajood

"(£65'9 = U) SBIPNIS WEPI110Y BYI Ul 9dULISISaJ ulnsul [euipniiduo| pue sadA11onpoud Airep jo suol

120ssY '¥ a|qeL



Chapter 3

(00°0 '¥0°0-) 200~ 8L0 (20°0'50°0-) LO'0- (#0°0 '¥0°0-) 00°0 (80°0°L0°0) ¥0°0 JEY T I9poN
++(10°0-'S0°0-) €0°0~ %200 (00°0°£0°0-) €0°0-  (€0°0'S0°0-) LO'O- (£0°0'00°0) ¥0°0 JEY L I9pPON
¥'0 o'l 90 €0 0 cueIpaN
ozel o7l 9091 652¢ [e303 N
3anSoA |ejol
+xx (10°0°L0°0) 20°0 +x100°0 (L1'0'€0°0) £O'0 (90°0'20°0-) 200 (90°0 '20°0-) 200 JEY Z IapoN
xxx (10°0°10°0) 20°0 ¥x200°0 (L1'0'€0°0) £0°0 (90°0 10°0-) €0°0 (90°0'10°0-) €0°0 JEY L ISPONN
80 [44 UL S0 0 cuelpay
€e9l 0791 7091 9€/1 [e10} N
Allw jej-moT
(00°0 '¥0°0-) Z0'0- 90 (€0°0 '¥0°0-) 00°0 (10°0'90°0-) €0°0- (#0°0 '¥0°0-) 00°0 JEY T I3poN
(00°0 '¥0°0-) 200" 9t°0 (¥0°0 '¥0°0-) 00°0 (20°0'50°0-) 20°0- (50°0'€0°0-) LO'O JEY L I9PON
€000 60 z0 S0°0 0 cueIpaN
LT2l avllL w6 8/T€ [e30} N
Aw 3ey-ysSiH
(20'0'00°0) LO'0 %200 (60°0'1L0°0) S0°0 (£0°0'00°0) £0°0 (£00'L0°0-) €0°0 JEY Z IspoN
(20°0'00°0) 100 %200 (60°0'1L0°0) S0°0 (£0°0'10°0-) €0°0 (£0'0'L0°07) €0°0 JEY L ISPOnN
0l vz €1 80 1’0 cuelpay
18S1L 75LL L2791 €e9l [e301 N
Aliw jejor
(100 '10°0-) 00°0 0£°0 (90°0'10°0-) 20°0 (80°0'00°0) ¥0°0 (80°0L0°0) S0°0 JEY T I3poN
(00'0'20°07) LO°0- LE0 (#0°0 '¥0°0-) 00°0 (90°0'L0°0-) €0°0 (80°0'00°0) ¥0°0 JEY L I9PON
S0 z 60 €0 0 cueIpaN
6851 ¥Z9l 7991 8Ll [e30} N
Kaep pajuawiay jej-mo
(1D %S6) g "y %) €0 70 10

,snonuuo)

,sa1108a3ed ague. axelul ssolde (17%S6) HI-VINOH paw.iojsuesl-So| woij se3aq pajood

(panuUOd) (£65'9 = U) SIPNIS WEPISII0Y Y Ul ddUrISISaJ uljnsul jeuipnii8uo] pue sadAl 1onpoud Aliep Jo suoiedossy * ajqer

o
o
—



Dairy intake in relation to prediabetes and insulin resistance - the Rotterdam Study

(€0'0°L0°07) LOO 0S'0 (£0°0'€0°0-) 200 (90°0 ‘¥0°0-) LO'O (£0°0'20°0-) 200 304 C [9PON
(200 '20°0-) 00°0 €80 (¥0°0 '50°0-) LO'0- (50°0'50°0-) 00°0 (£0°0'€0°0-) 200 394 L ISPOIN
00 8l L0 z0 0 cueIpa
009 L¥9 ¥99 7897 [e303 N
9S93Y2 1B4-MO
(L0°0°10°0-) 00°0 760 (¥0°0 '¥0°0-) 00°0 (#¥0'0 '¥0°0-) 00°0 (50°0'20°0-) LO'O 4ol C ISPOIN
(L0'0'L0°0-) 00°0 ¢S50 (€0°0'S0°0-) LO'0- (€00 '¥0°0-) LO'0- (50°0'20°0-) LO'O 30l L ISPON
€l (083 L'L [ 0 cUBIPIN
€Vol 591 £091 169l |B3I01I N
9saayd 1ej-ySiH
(L0'0‘L0°0-) 00°0 290 (50°0'€0°0-) LO'O (00 '¥0°0-) 00°0 (90°0'20°0-) 200 394 C [9PON
(L0'0'1L0°0-) 00°0 290 (€0°0'50°0-) LO'0- (z0'0'50°0-) LO'0- (S0°0'€0°0-) LO'O 394 L ISPOIN
Sl L'€ 0'¢ 'l S0 cUBIPIN
0¥9l 0491 €€91 0S91 |BI0IN
9saayd |ejoL
(20°0'€0°0-) 00°0 ¢S50 (50°0 '20°0-) LO'0 (0L'0'€0°0) £0'0 (£0°'0'00°0) €0°0 Jo. C I9POIN
(100 '¥0'0-) 200~ L0 (€0°0 '¥0°0-) 000 (60°0 '20°0) S0°'0 (90°0°L0°0-) €0°0 3o L [SPOIN
710 o'l S0 1’0 0 cUBIPIN
ceel 99¢l 454" €65C B30I N
34nSoA jej-mo
££(€0°0- '€1'0-) 80°0- *»xE000°0 (50°0-‘91°0-) OL°0- (50°0 '50°0-) 00°0 (¥0°0'90°0-) LO0- 394 C [SPON
££(€0°0- '€1'0-) 800~ *»+x1000°0 (90°0-£1°07) LL'O- (50°0'50°0-) 00°0 (€0'0'90°0-) LO'0- 394 L ISPOIN
00 L0 €0 1’0 0 cUBIPIN
299 0Ly (01749 L20s |B101 N
3an8oA yey-ySiH
(1D %56) g " 0O €0 20 To)

zshonuijuo)

,Sa1108a3ed aSue. 3y eIUl SS0IIR (1%S6) dI-VINOH paw.ojsuesl-So| wouy se3aq pajood

(panuUO0d) (€659 = U) S3IPNIS WEPIS1I0Y 3Y) Ul 3dURISISaJ ulnsul jeuipnii8uo| pue sadA3 1onpoud Auiep jo suol

120ssY '¥ a|qeL



Chapter 3

‘(1 @4n814 jeausawa|ddns) sayejur ysiy pey syuedidizied may e Ajuo se ‘aAlsn|puodUI

9J9M SpUSJ) JB3UI|-UOU INQ ‘WeaJd pue ‘1n8oA "a|iriend ‘O ‘22Ur1SISay UINSU| JO JUBWISSISSY [9POIA J1IBISOBWOH “Y|-VINOH ‘[BAJIDIU| 2DUIPIIUOD ‘D :SUOIIRIASIQQY
*L0°0>d xx ‘S0°0 03 L0'0=d « ‘P/SSuIAIaS Ul A108318d 28Ukl dyelul Jad d¥eIul URIPIA ¢

'Pa1BWIISS 243M (| 3|geL Ul uoniuyap 93s) Aep/8uinias | Jad Y|-VINOH pPaw.ojsuell-80| wody seiaq

‘|[9pOW ay3 Ul 3|gelieA SNONUIIUOD

se A108a1ed yoes Jo sanjeA ueipaw Suipn|dul Ag passasse sem $a140821ed 98Ue 93 BIUI SSOUIE PUSJ) JBUIT "92USJ3WNdJID 3Siem |euipniiduol Joj paisnipe Ajjeuonippe
Sem ¢ [9PON ‘(SNoNuUU0d) sa8eiaAaq PaUISaMS-1eSNS pUER ‘IeaWl PaJ ‘934400 ‘B3l ‘SINU ‘sawnga) ‘sulelSajoym ‘S9|qeIa8aA 1INy O SaYeIUl pue (AJUo [|-SY pue |-Gy
‘ou/sak) salagelp jo A1oisiy Ajiwey ‘(salio8aied f) uonduwnsuod joyodie ‘(snonujnuod) Alade [edisAyd ‘(sa1io08a1ed €) Supjows ‘(sa140891ed €) uolednpa Joj paisnipe
Kljeuonippe sem Z [9pOJA “(Snonuinuod) axeiul A31aus pue xas ‘(snonuizuod) a8e papn|dul | [9POIA :SMO||0} Se S21e1IBAOD 104 paisnfpe ‘@duaJajal ayl se A10821ed 1samo|
943 Y3IM S31103331e2 313493 + SI2WNSU0I-UOU JO (O 03 L D) san|eA 3|134enb Aq 31jds sa110891ed UN0j SSOJIdE PAJEWIISA 34aM (S]DS6) ¥I-VINOH pawJojsuell-3o| wodj seyag ,

(80°0'L0°0-) ¥0°0 750 (500 '€0°0-) L0'0 (£0°0 '20°0-) 20°0 (£0'0'20°0-) €0°0 181 Z 19pon
#(01'0°000) S0°0 S0°0 (£0'0'10°0-) €0°0 (80°0'00°0) ¥0°0 (80°0'00°0) ¥0°0 181 L I9POIN
00 €0 z0 L0°0 0 cUeIPaIN
€78 956 158 £96€ |e301 N
wesaJud 9d|
(10°0 '50°0-) 200~ LLO (€0'0-'Z1'0-) £0'0-  (00°0'60°0-) S0'0-  (Z0°0'£0°0-) €0°0- 2l Z13pon
(10°0 '¥0°0-) L0°0- 68°0 (z0'0-"11'0-) £0'0-  (L0°0-'0L'0-)90°0- (200 ‘£0°0-) €0°0- oy L I9pOIN
00 S0 z0 L0°0 0 cUeIpaN
L06 628 088 LL6E |e303 N
weau)
(1D %S6) g "y %) €0 70 10
zsnonuijuo) —mw_;owwumu aguea 9)jejul ssosde :Ue\emmv dI-YINOH _QOE._Oum:thWO_ wio.} sejaq pajood

(panuIUOd) (£65'9 = U) SIPNIS WEPISII0Y Y Ul 3dUeISISaJ uljnsul jeuipnii8uo] pue sadAl 1onpoud Aliep Jo suoienossy *y ajqer

N
o
-—



Dairy intake in relation to prediabetes and insulin resistance - the Rotterdam Study

Associations in Sub-Cohorts

The association of a higher intake of high-fat yogurt with a lower prediabetes risk
and longitudinal insulin resistance was consistently found in all three sub-cohorts
(Supplemental Tables 3 and 4). For other dairy types, some discrepancies were found.
Associations of low-fat dairy and low-fat milk with a higher prediabetes risk were found
in RS-l and RS-II but not in RS-Ill, whereas the positive associations with HOMA-IR were
observed in RS-Il and RS-l but not in RS-I. The positive association for total cheese and
prediabetes was observed in RS-l but not in RS-1l and RS-III.

Sensitivity Analysis

We observed significant interactions of dairy consumption with sex and waist
circumference on prediabetes risk (Supplemental Table 5) and with sex, age, and waist
circumference on HOMA-IR (Supplemental Table 6). However, stratified analyses revealed
no clear patterns. Associations of dairy types with prediabetes risk and longitudinal
HOMA-IR were comparable, although for most, no longer statistically significant after
additionally adjusting for longitudinal waist circumference (Model 3) (Supplemental
Table 7 and 8). Furthermore, all associations were similar or only slightly attenuated after
additional mutual adjustment for other dairy types; additional adjustment for cholesterol,
hypertension, and triglycerides; exclusion of participants with prevalent and incident CHD;
or using dairy intake as an energy adjusted variable with the residual method, instead.
In a subsample of RS-I and RS-l with repeated dietary intake assessment, dairy intake
at follow-up was similar to baseline - only total cheese intake was higher in RS-1(2.5+ 2.1
versus 1.9 £ 1.1 servings/day) (Supplemental Table 9). After adjustment for dairy intake
at follow-up, associations generally remained similar, except for low-fat dairy, total milk,
and low-fat milk in RS-Il (Supplemental Table 10 and 11).

Discussion

In this population-based cohort study, high-fat yogurt was consistently associated with
a lower prediabetes risk and lower longitudinal insulin resistance. Additionally, high-
fat milk was associated with a lower prediabetes risk but not with longitudinal insulin
resistance. Higher intakes of low-fat dairy, low-fat milk and total and low-fat cheese
were associated with a higher prediabetes risk but inconsistently across sub-cohorts
and by variable type (continuous or quartiles). Higher intake of low-fat dairy and total
and low-fat milk were associated with a higher longitudinal insulin resistance. Total
dairy, fermented dairy, low-fat yogurt, high-fat cheese, cream, and ice cream were not
associated with prediabetes risk or longitudinal insulin resistance.

Of the dairy types examined in our study, high-fat yogurt intake was most strongly
associated with prediabetes and insulin resistance, consistent across all three sub-
cohorts and robust in sensitivity analyses. Generally, prior studies lack information
on the fat content of yogurt. Previous meta-analyses of observational studies showed
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that a higher compared to a lower intake of total yogurt is significantly associated with a
lower T2D risk (relative risks (RRs) ranging from 0.74-0.86 in five meta-analyses) [15, 16].
There are limited prospective [18, 19] and cross-sectional studies with prediabetes as
the specific outcome [37, 38]. In the FHS Offspring cohort, yogurt intake was non-linearly
associated with prediabetes, with the lowest risk at 2-4 servings/week but an increased
risk with higher intakes [18]. In addition, the Dutch Maastricht cohort (n = 3,451) showed
that the highest versus the lowest intake of yogurt was associated with lower odds of
prediabetes (OR 0.67, 95%Cl 0.50-0.90) [37]. On the contrary, no associations of yogurt
with prediabetes were found in two other Dutch studies: the prospective Hoorn Studies
[19] and Lifelines study [38]. An important explanation for heterogeneous associations
between populations may be the potential confounding by unmeasured differences
in population characteristics and health status. In Dutch populations, dairy foods are
consumed by various population groups and within a wide range of diets, while, for
example in the US, high dairy intake generally reflects overall healthier behaviour
[40]. Furthermore, the quantity and composition of dairy-type categories vary by the
availability of products and consumption habits in a region. FFQs do not assess the
sugar content of yogurt products. The intake of plain and sugar-sweetened yogurt may
differ between populations, both plausibly differentially associated with cardio metabolic
outcomes. Overall, the evidence indicates a neutral or inverse association between
yogurt and early phases of T2D, yet there is a need for studies explaining heterogeneity
and further examining the role of fat content on cardio metabolic effects.

In our cohort, a higher intake of high-fat milk was associated with a lower prediabetes
risk, but not with longitudinal insulin resistance. In the FHS Offspring Cohort, a non-linear
association was found for high-fat milk, with moderate intakes associated with a lower
prediabetes risk but a higher risk with higher intakes [18]. No associations with high-fat
milk or milk were found in the Hoorn Studies [19] and two Dutch cross-sectional studies
[37, 38]. Meta-analyses of observational studies indicate neutral associations of milk and
T2D, confirmed by Mendelian randomization studies [39].

The associations found for higher intake of total dairy, low-fat dairy, low-fat milk and
total and low-fat cheese and the outcomes were somewhat weaker and not found in the
most recent Rotterdam sub-cohort. Previous analyses of the Rotterdam Study showed
that protein from dairy was associated with a higher prediabetes risk (HR per 5% energy
increment 1.26, 95%Cl 1.06-1.49) and longitudinal insulin resistance (3 0.04, 95%Cl
0.0003, 0.08), independent of other macronutrients and diet quality [40]. This suggests
that specifically dairy protein intake might underlie the positive associations between
low-fat dairy types and outcomes in the Rotterdam Study. Our results differ from the
previous evidence of prospective studies [18, 19]. The FHS Offspring Cohort (n = 1,867)
reported beneficial associations for total and low-fat dairy [18], and the Hoorn Studies
(n =2,262) found no associations between low-fat dairy types and prediabetes risk [19].
The intake of low-fat dairy and total protein was slightly higher in the Rotterdam Study
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compared to the Hoorn Studies, plausibly explaining different associations. In addition,
with higher low-fat dairy intake, energy intake and total carbohydrate intake was also
higher, yet associations were independent of major sources of carbohydrates, suggesting
that protein content could be responsible for the associations. These associations need
further confirmation in trials. So far, the evidence from trials is inconclusive. A recent
meta-analysis from our group of 54 controlled dietary intervention studies reported that
higher protein diets led to greater weight loss, fat mass loss and beneficial reductions
in systolic blood pressure and improved lipid and insulin outcomes compared to lower
protein diets over a follow-up period of four to five months [41]. This study showed no
detrimental effects and some beneficial effects of higher protein diets on body weight
and markers of cardiometabolic health. Longer- term trials are warranted to give insights
on the effects of specific dairy proteins [42]. Furthermore, our results contradict with
meta-analyses of observational studies showing mostly neutral or slightly beneficial
associations between these dairy types and T2D [15].

An additional source of inconsistencies in the associations of dairy types with prediabetes
and insulin resistance may arise from the inclusion of participants with various
metabolic states at baseline [18]. Potential non-linear associations, less pronounced
effect estimates in insulin resistance models and potential measurement errors in dairy
intake warrant replication studies. Recent meta-analyses of studies using experimental
designs show contradicting results [43, 44]. Null associations (13 RCTS, n = 840) [43] as
well as significant reductions in HOMA-IR (14 RCTs, n =794) [44] have been reported
when comparing diets high and low in dairy. In addition, a recent RCT showed that
both high-fat and low-fat dairy diets, compared to a diet low in dairy, were associated
with decreased insulin sensitivity [45]. Nevertheless, it is worthy to note that this study
included participants with the metabolic syndrome, and the primary outcome, glucose
tolerance, did not change. Overall, these interventions were heterogeneous in the study
population (age, co-morbidities), duration and treatment and control diets. Furthermore,
the authors did not specify the dairy type or fat content. It is unknown if these results
translate to long-term risk of diabetes, for which future well-designed trials and long-
term studies are needed.

Multiple explanations have been proposed linking dairy intake, especially yogurt, to a
lower risk of T2D development, although causal molecular mechanisms remain unclear
[9]. Yogurt contains probiotics originating from the fermentation process. Probiotics
have been associated with lower weight gain, lower cholesterol, and blood glucose
levels in animal models, possibly by compositional and functional changes in the gut
microbiome, increased butyrate production and anti-inflammatory effects [42, 46, 471.
In a study in people with prediabetes, participants with daily intake of yogurt enriched
with Lactobacillus plantarum showed greater reductions in HbA1c levels compared to
participants with a daily intake of conventional yogurt [48]. Some dairy fats and proteins
have been related to pathways linked to a lower risk of prediabetes in animal and in
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vitro studies, albeit the content of these specific nutrients in yogurt is low. For example,
branched-chain and ruminant trans fatty acids may inhibit hepatic de novo lipogenesis,
improve insulin resistance, and reduce inflammation [46, 49]. In vitro, whey proteins have
shown to upregulate hepatic glucose metabolism through gene expression regulation
[50]. Branched-chain amino acids may activate the mammalian target of the rapamycin
complex (mTOR) signalling pathway upregulating insulin secretion, resulting in enhanced
glucose clearance [51]. Yet, prolonged increased insulin levels may lead to insulin
resistance and T2D [52]. Nevertheless, high protein diets show favourable effects on
weight loss in RCTs [41], related to effects on gut-derived hormones and thermogenesis
promoting satiating, and preservation of fat-free mass during weight loss [53]. We did
observe that both beneficial associations of high-fat yogurt and positive associations of
low-fat dairy slightly attenuated after adjustment for longitudinal waist circumference,
suggesting obesity may partly mediate some associations [40]. However, we observed
that associations were independent of blood lipids and hypertension, suggesting that
these factors did not play a role.

The current study has multiple strengths. First, we examined associations of several dairy
types with both prediabetes and insulin resistance in a large population-based cohort.
In addition, our study provided temporal associations with repeated measures of insulin
resistance and a considerable follow-up duration. Second, to our knowledge, this is the
first study examining associations of dairy with repeated measures of insulin resistance.
Third, the associations were controlled for a wide range of confounders. These included
major energy-providing food groups previously associated with development of T2D to
prevent confounding by background diet, which is not widely done in dairy-diabetes
research, thus improving the quality of the current evidence on dairy-diabetes research
[54].

There are also some limitations to the current study. First, measurement errors in the
habitual dairy intake assessment, for example due to recall bias, may result in bias
towards the null. Furthermore, dairy intake might have changed over time. However, a
sensitivity analysis incorporating repeated measures of dairy consumption and excluding
participants likely to change their diet due to diagnosis of cardiovascular diseases
showed similar associations for most dairy types. Second, the between-person variation
in the intake of several dairy products, such as high-fat yogurt and low-fat cheese, were
limited due to the observational nature of our study. Third, residual and unmeasured
confounding can never be ruled out in observational studies, for example, by potential
effects of meal frequency and timing and replacement choices for dairy consumption
[55, 56]. Fourth, no 2 h plasma glucose levels were available, and using the FPG only to
define prediabetes cases may lead to underestimation of prediabetes cases [2]. This
possible non-differential misclassification of the outcome may have resulted in bias
towards the null.
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Conclusions

In this population-based cohort study, high-fat yogurt showed robust inverse
associations with a prediabetes risk and longitudinal insulin resistance. Higher intake of
high-fat milk was also associated with a lower prediabetes risk. Low-fat dairy, total milk,
low-fat milk, and total and low-fat cheese were positively associated with the outcomes
but inconsistently. With the current study, we extend the understanding of the role of
dairy intake before clinical stages and decreasing the risk of reverse causation by the
presence of disease. Well-designed prospective cohort studies and long-term trials are
needed to confirm associations and to explore confounding factors.
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Abstract

Background

Investigating modifiable risk factors for the early stages of the development of type 2
diabetes is essential for effective prevention. Some studies show protective associations
between dairy and prediabetes; however, associations are heterogeneous by the type
and fat content of dairy foods.

Objective
To examine the relationship between the consumption of dairy, including different types
of dairy products and risk of prediabetes.

Methods

The study included 4891 participants with normal glucose tolerance (aged 49.0 + 12.3
years, 57% female) of the Australian Diabetes, Obesity, and Lifestyle (AusDiab) study,
a longitudinal population-based study. Dairy intake was measured at baseline using a
food frequency questionnaire. Prediabetes at the 5-y and 12-y follow-ups was defined
according to the WHO criteria as fasting plasma glucose levels of 110-125 mg/dL or
2-h plasma glucose levels of 140-199 mg/dL. Associations were analysed using Poisson
regression, adjusted for social demographics, health behaviours, a family history of
diabetes, and food group intake.

Results

In total, 765 (15.6%) incident cases of prediabetes were observed. The mean intake of
dairy foods was 2.4 + 1.2 servings/day, mostly consisting of low-fat milk (0.70 + 0.78
servings/day) and high-fat milk (0.47 + 0.72 servings/day). A higher intake of high-fat
dairy (RR,, a4, 0-92, 95%Cl 0.85, 1.00), high-fat milk (0.89, 95%CI 0.80, 0.99), and total
cheese (0.74, 95%Cl 0.56, 0.96) was associated with a lower risk of prediabetes. Low-fat
milk intake was associated nonlinearly with prediabetes risk. Low-fat dairy foods, total
milk, yogurt, low-fat cheese, and ice cream were not associated with prediabetes risk.

Conclusion

In this large Australian cohort, protective associations were found for high-fat dairy
types, whereas neutral associations were seen for low-fat dairy types. Studies with more
detail on sugar content of types of dairy foods and products eaten with dairy foods (e.g.,
cereals or jam), and studies into potential causal mechanisms of the health effects of
dairy intake are required.
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Introduction

Prediabetes is defined as the intermediate stage between normal glucose tolerance (NGT)
and type 2 diabetes (T2D), including impaired fasting glucose and/or impaired glucose
tolerance [1]. People in this early risk stage of T2D already display metabolic disturbances
and are prone to develop microvascular and macrovascular complications [2-5]. The
prevalence of prediabetes is increasing worldwide [6, 7]; in particular, a high prevalence
is observed in people with obesity and of older age [8]. Prevention is needed because a
significant proportion of people with prediabetes will develop T2D over time (cumulative
incidence of 9%-84%, depending on the follow-up duration and prediabetes definition) [9],
and the incidence of cardiovascular disease among people with prediabetes is substantial
[relative risk (RR): 1.15, 95%Cl 1.11, 1.18 compared with NGT] [5]. Furthermore, people
with prediabetes may revert to NGT [9, 10]. Lifestyle modification is the recommended
approach to prevent and treat prediabetes, and its effectiveness has been shown in
randomized controlled trials (RCTs) [11, 12]. Dairy food is a key component in many diets
and has, therefore, received ample attention in the literature. Nevertheless, the health
effects of dairy foods are heterogeneous, partly underlined by differences in study
populations and variations in consumed dairy types [13, 14].

Few prospective cohort studies have presented associations between dairy intake and
incident prediabetes. In the Framingham Offspring Cohort (FHS-OC) (n = 1,867, 12 years
of follow-up), total, low-fat, and high-fat dairy were associated with a 39%, 32%, and 25%
lower risk of incident prediabetes, respectively, for the top compared with the bottom
intakes [15]. In addition to this study in the United States, our research group conducted
analyses in 2 large Dutch cohort studies because dairy consumption is much higher and
more widespread in the Netherlands compared with that in other countries. In the Hoorn
Studies (pooling 2 cohorts, n = 2,262, 6.4 years of follow-up), high-fat fermented dairy,
total cheese, and high-fat cheese were associated with a lower risk of prediabetes, but
total dairy and other types of dairy were not associated with prediabetes [16]. On the
contrary, in the Rotterdam studies (pooling 3 cohorts, n = 6053, 11.4 years of follow-up),
high-fat yogurt and high-fat milk intake were strongly associated with a lower prediabetes
risk, but low-fat dairy and low-fat milk were associated with a higher prediabetes risk [17].

In a previous analysis of the Australian Diabetes, Obesity, and Lifestyle (AusDiab) study
(n =5582, 5-y follow-up), a nonsignificant association of total dairy and T2D incidence
was found (OR: 0.71, 95%CI 0.48, 1.05 for the third compared with the first tertile) [18].
Low-fat milk was significantly associated with lower odds of diabetes incidence (OR: 0.65,
95%Cl 0.44, 0.94), whereas there was no association with full-fat milk, yogurt, and cheese.
The relationship between dairy intake and prediabetes has not yet been investigated
in the AusDiab population. Investigating this early stage is essential because potential
associations between dairy and prediabetes have important implications for effective
early-stage prevention of diabetes and cardiovascular disease.
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Therefore, the aim of this study was to examine the relationship between the consumption
of dairy, including different types of dairy products, and prediabetes risk in the nationwide,
on a population-based longitudinal AusDiab study with 12 years of follow-up.

Methods

Study design and population

The AusDiab study is a national, population-based survey of 11,247 adults aged older
than 25 years in 1999-2000, with follow-up measurements in 2004-2005 and 2011-2012;
details are described previously [19]. The AusDiab study aimed to provide national
benchmark data on the prevalence, incidence and risk factors of diabetes, obesity,
hypertension, and kidney disease in Australia. In short, a stratified cluster sample was
drawn from 42 randomly selected census collector districts across Australia, including
mostly participants with an Australian, New Zealand or British background (85%).

Participants were interviewed at home after which they received a biomedical
examination at the centre. All eligible participants were invited to attend the follow-
up measurement, excluding those who were deceased, had moved overseas or into a
nursing facility classified for high care, or had a terminal iliness. Of those completing the
baseline household interview, 55% completed the biomedical examination. Differences
between responders and non-responders have been described previously [19]. The
baseline measurements were repeated at 5 years (response rate 60.6% of eligible
participants) and 12 years of follow-up (response rate, 59.8% of eligible participants)
[20-22]. The study was approved by the human research ethics committee of the
International Diabetes Institute, and the Alfred Hospital (Melbourne, Australia). All
participants provided written informed consent.

For this analysis, we excluded pregnant participants (n = 60), participants with missing
baseline dietary data (n = 203), or those with implausible energy intakes (defined as
men <800 or >4,200 kcal, women <500 or >3,500 kcal) (n = 276) [23, 24] (Figure 1).
Furthermore, we excluded participants with prediabetes or diabetes at baseline
(n =2,823) or with missing information related to glucose testing at baseline (n = 94),
resulting in 7791 participants without prediabetes or diabetes at baseline. Participants
with complete follow-up information for the 5-y and/or 12-y examination and without
diabetes or missing prediabetes information at the follow-up were included in the
analysis, resulting in an analytical sample of 4891 participants.
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11,247 completed baseline measures

60 pregnant participants
203 with missing baseline FFQ
276 with implausible energy intake

A 4

A 4

10,708 with valid baseline dietary data

1,931 with prediabetes at baseline

892 with diabetes at baseline
v 94 with missing information related to glucose
testing at baseline

A 4

7,791 without (pre-)diabetes at baseline

A 4

2,710 with missing prediabetes information at
both 5-year and 12-year follow-up
190 with diabetes at 5-year or 12-year follow-up

A 4
4,891 included in the analysis
® 4,383 with 5-year follow-up (1,665 with 5-year
outcome status in analysis)
® 3,474 with 12-year follow-up (3,226 with 12-year
outcome status in analysis)

Figure 1. Flow-chart for inclusion of participants for the present analysis of the Ausdiab Study.

Ascertainment of prediabetes and type 2 diabetes

At baseline and both follow-up measurements, blood samples were collected after an
overnight fast (=8 h) [25]. All participants except those on diabetes medication or who
were pregnant underwent a standard 75-g oral glucose tolerance test (OGTT) [1]. Fasting
plasma glucose (FPG) levels and 2-h glucose levels (2hPG) based on the OGTT were
determined with a glucose oxidase method at baseline and with a spectrophotometric-
hexokinase method at both follow-up measurements [21]. Prevalent prediabetes at
baseline and incident prediabetes at the follow-up was defined as FPG levels in the
range 110 and 125 mg/dL (6.1 and 6.9 mmol/L) or 2hPG between 140 and 199 mg/dL
(7.8 and 11.0 mmol/L) based on the WHO criteria [1, 20]. Additional sensitivity analyses
were per- formed with FPG levels in the range 100 and 125 mg/dL (5.6 and 6.9 mmol/L)
based on the American Diabetes Association (ADA) criteria [26]. T2D was defined as
FPG levels of 2126 mg/dL (=7.0 mmol/L) or 2hPG levels of 2200 mg/dL (=11.1 mmol/L) or
current treatment with insulin or oral hypoglycaemic agents. Incident prediabetes was
defined as occurrence of the outcome at 5-y or 12-y follow-up. Thus, participants with
prediabetes at 5-y follow-up were coded as prediabetes regardless of their 12-y follow-up
status (n = 255) or if they had missing 12-y follow-up status (n = 153). Participants with
NGT at 12y and NGT or missing information at 5y were coded as having NGT (n = 2,869).
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Dietary assessment

Dietary intake in the last 12 months was measured without the interviewer’s assistance
using a self-administered 74-item FFQ designed by the Cancer Council Victoria [27]. This
FFQ was compared with 7-d weighted food records in 63 women of childbearing age, with
correlation coefficients of 0.39 for protein, 0.64 for saturated fat, and 0.30 for sodium.
Diet quality was measured with the food-based Australian Guideline Index, comprising 15
items, with scores ranging from 0 to 150, with higher scores reflecting better adherence
to dietary guidelines [28]. Questions on dairy intake included milk (full-fat milk, reduced
fat milk, and skimmed milk), flavoured milk, yogurt, cheese (hard cheese, firm cheese,
soft cheese, low-fat cheese, ricotta/cottage cheese, and cream cheese), and ice cream.
For milk intake, participants were asked to report quantity of intake per day (from “none”
to “3 cups or more"”). For other dairy food types, participants were asked to select from
10 frequency responses (“never” to “3 or more times per day”) for each item on the FFQ.
Daily intakes in grams were calculated using sex-specific standard portion sizes derived
from weighted food records. Nutrient intakes were calculated using the NUTTAB95 food
composition table [29]. Intake in grams were converted to standard serving size, that
is, milk: 250 g, yogurt: 200 g, cheese: 40 g, and ice cream: 50 g [30]. In the combined
total dairy and fermented dairy category, a serving of liquid dairy products was defined
as 200 mL and cheese as 20 g. Dairy types analysed included total dairy, high-fat dairy
(liquid products >2%, cheese >20%; including full-fat milk, hard cheese, firm cheese,
soft cheese, cream cheese, and ice cream), low-fat dairy (liquid products <2%, cheese
<20%; including reduced-fat milk, skimmed milk, low-fat cheese, and ricotta/cottage
cheese), and fermented dairy (yogurt and hard cheese, firm cheese, soft cheese, and
low-fat cheese) (Table 1). Because the FFQ did not distinguish between high-fat and
low-fat yogurt types, yogurt intake was divided equally across the high-fat and low-fat
dairy category according to the Australian Health Survey showing that ~ 45% of yogurt
consumption was low-fat and ~48% was regular or high-fat yogurt [31].

Table 1. Food items and their fat content included in total dairy and dairy types and consumption
in the Ausdiab (n =4,781).

Dairy product Included dairy types Consumers Intake (servings/day)
N (%) Mean £ SD Median [IQR]
Total dairy All dairy products 4874 (99.7) 2.38+1.20 2.29[1.52,3.04]
High-fat High-fat milk, high-fat cheese, ice 4843(99.0) 0.76+0.92 0.33[0.08, 1.12]
cream, yogurt (50% of intake)
Low-fat Low-fat milk, low-fat cheese, 4236 (86.6) 0.98+1.01 1.00[0.03,1.88]

yogurt (50% of intake)

Total fermented Yogurt, hard cheese, firm cheese, 4739(96.9) 0.80+0.65 0.72[0.33,1.13]

dairy soft cheese, low-fat cheese

Total milk High-fat milk, low-fat milk, 4552 (93.1) 1.17+0.72 0.82[0.80, 1.50]
flavoured milk (2 g)
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Table 1. Food items and their fat content included in total dairy and dairy types and consumption
in the Ausdiab (n = 4,781). (continued)

Dairy product Included dairy types Consumers Intake (servings/day)
N (%) Mean +SD Median [IQR]
High-fat Full-fat milk (full cream milk) (3.3 1811(37.0) 0.47+0.72 010, 0.80]
g)
Low-fat Reduced fat milk (1.2 g), skimmed 2699(55.2) 0.70+0.78 0.80[0, 1.50]
milk (0 g)
Yogurt Yogurt (3.8 g) 3696 (75.6) 0.19+0.28 0.05[0.01,0.20]
Cheese All cheeses 4555(93.1) 0.33+0.29 0.26[0.10, 0.45]
High-fat Hard cheese (33.5 g), firm cheese 3840(78.5) 0.25+0.27 0.20[0.04, 0.36]

(31.3 g), soft cheese (21.7 g), cream
cheese (34.2 g)

Low-fat Low-fat cheese (15.3 g), ricotta 1165(23.8) 0.08+0.19 0[O0, 0]
(11.8 g) or cottage cheese (5.7 g)
Ice cream Ice cream (5.8 g) 4318(88.3) 0.26+0.43 0.11[0.03,0.30]

"Values are mean + SD. Consumers were defined as consuming >0 servings/day of a specific dairy type.
Serving sizes were milk, 250 mL; yogurt, 200 mL; cheese, 40 g; and ice cream, 50 g. Combined total dairy
category: liquid dairy products, 200 mL; cheese, 20 g.

Covariates

Interviewer-administered questionnaires were used to collect data on demographic and
health-related information. Educational level was categorized into primary school/never
attended, some secondary school, completed secondary school, or university/further
higher education. A smoking history was assessed using a validated questionnaire, and
participants were categorized as current, past, and never smoker [32]. Total leisure-time
physical activity was measured using the Active Australia questionnaire [33, 34]. Total
physical activity was calculated as the sum of time spent on walking (if continuous and for
>10 min) or moderate-intensity activities, plus double the time spent in vigorous-intensity
activities in the past week [35]. Physical activity was categorized as none, insufficient,
1-149 min/wk or sufficient, 2150 min/wk. A family history of diabetes was defined as
having a parent diagnosed with diabetes. The presence of cardiovascular disease (CVD)
was obtained during the interviewer-administered questionnaire. BMI was calculated
as weight (in kilograms) divided by height (in meters) squared.

Waist circumference (WC) was measured in duplicate halfway between the lower border
of the ribs and the iliac crest on a horizontal plane [36]. Serum triacylglycerol, total
cholesterol, LDL-cholesterol, and HDL-cholesterol concentrations were measured using
standard enzymatic methods (Olympus AU600 analyzer; Olympus Optical) in serum
fasting samples. Systolic and diastolic blood pressure levels were measured in a seated
position using a Dinamap oscillometric blood pressure recorder (GE Healthcare), except
in Victoria, where a standard mercury phygmomanometer was used with appropriate
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adjustments to calculate blood pressure levels [37]. Hypertension was defined as systolic
blood pressure of 2140 mm Hg, diastolic blood pressure of 290 mm Hg, and/or reporting
the use of antihypertensive medication.

Statistical analysis

Descriptive data were presented as means and SDs for continuous variables, medians
and IQRs for nonnormally distributed continuous variables, and frequencies and
percent- ages for categorical variables. Poisson regression models with robust variance
were used because of the high incidence of prediabetes, in which case an odds ratio
would overestimate the strength of the association [38]. Relative risks and 95% Cls for
associations between dairy types and prediabetes incidence were calculated for dairy
types in tertiles (reference lowest) and continuously (servings/day). For dairy types with
many zero-consumers, a non-consumer category (reference) was made, and consumers
were dichotomized at the median value. The P, was calculated by incorporating the
median values of dairy tertiles as continuous variables in the model. For each model, we
examined whether nonlinear terms of continuous dairy types (second-order polynomials
or natural splines with 3 to 5 knots depending on the intake range, excluding outliers)
significantly improved model fit compared with the linear model assessed by likelihood
ratio tests. To adjust for potential bias associated with missing data, a multiple imputation
procedure (n = 10) was used for missing data on covariates (Supplemental Table 1). No
corrections for multiple testing were made as most exposures were correlated, and
corrections may resultin a type Il error [39]. Statistical procedures were performed with
the software STATA (version 15.1).

Confounders were selected based on the literature [40-42]. The basic model (model 1)
adjusted for age, sex, and energy intake. Model 2 was additionally adjusted for educational
level, alcohol intake, smoking status, physical activity, and genetic background with a family
history of T2D. Model 3 additionally adjusted for food group intake associated with T2D
including fruits, vegetables, whole grains, legumes, nuts, red and processed meat, and fruit
juice intake. Model 4 additionally adjusted for baseline WC, change in WC from baseline to
follow- up, LDL-cholesterol and hypertension as these variables are potential mediators.

To further examine possible confounding of associations by a healthy life- style, we
presented descriptive data stratified by the dairy food types significantly associated with
the outcomes. Potential effect modification by age, sex, and WC were explored in model
3, and stratified associations were presented in case of significant interactions (P < 0.05).

Multiple sensitivity analyses were performed in model 3 to examine the robustness of
the findings. First, we additionally adjusted for intake of all other dairy types to assess
whether associations of certain dairy types were independent of each other. Second,
participants with prevalent CVD were excluded to address reverse causation by change
of diet and lifestyle (n = 211). Third, associations were calculated with energy-adjusted
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intake of dairy types using the residual method [24]. Fourth, analyses were repeated
using the ADA cutoff levels for prediabetes [26].

Results

Participant characteristics

In 4,891 participants with NGT as measured by blood glucose at baseline, the mean age
was 49.0 + 12.3y, 57% were female, and 12% were current smokers (Table 2). The mean
WC was 88.0 £ 12.8 cm, the mean BMI was 26.1 £ 4.3 kg/m2, and 15.7% were obese (BMI
> 30 kg/m2). The mean total dairy intake was 2.4 + 1.2 servings/day, mostly consisting of
low-fat milk (0.70 + 0.78, consumed by 55% of participants) and high-fat milk (0.47 + 0.72,
consumed by 37% of participants) intake (Table 1). Participants in the highest (3.7 £ 0.9
servings/day) compared with the lowest (1.2 + 0.5 servings/day) tertile of total dairy intake
recorded a higher educational level (47.9 versus 39.1% with university/further education
level), were more physically active (58.8 versus 52.2% with sufficient (= 150 min/wk) level)
and were less likely to be hypertensive (19.9 versus 24.7%) (Table 2). Furthermore, the
average diet quality, energy intake, and intake of fruits, vegetables, grains, and fruit juice
were higher in participants with the highest dairy intake that those with the lowest intake.
Characteristics by the intake of specific dairy food types and by included versus excluded
from the current analyses are presented in Supplemental Table 2.

Table 2. Baseline characteristics of participants in the AusDiab study in the total population and
across tertiles (T) of total dairy intake (n = 4,891).

Total T T2 T3
(n =4891) (n = 1646) (n=1624) (n=1621)
Total consumption (serving/day) 24+1.2 1.2+0.5 2.3+0.3 3.7+0.9
Range 0.0-9.1 0.0-1.8 1.8-2.7 2.7-91
Follow-up time (5y/12y) 34.0/66.0 35.7/64.3 34.0/66.0 32.5/67.6
Age at baseline (y) 49.0+12.3 49.4+11.7 49.0+12.7 48.7+12.4
Sex, female 56.7 56.7 56.5 56.9
Educational level
Primary school/never attended school 3.4 4.0 3.3 2.8
Completed some high school 331 37.4 32.3 29.5
Completed high school 19.6 19.6 19.3 19.8
University/further education 44.0 39.1 45.1 479
Smoking
Current 11.5 12.3 11.2 11.2
Former 28.1 28.3 29.4 26.7
Never 60.4 59.4 59.5 62.2
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Table 2. Baseline characteristics of participants in the AusDiab study in the total population and
across tertiles (T) of total dairy intake (n = 4,891). (continued)

Total T1 T2 T3
(n = 4891) (n = 1646) (n = 1624) (n=1621)

Physical activity level

Inactive (0 min/wk) 14.6 17.9 13.0 13.0
Insufficient (1-149 min/wk) 29.8 29.9 311 28.2
Sufficient (=150 min/wk) 55.6 52.2 56.0 58.8
Family history of diabetes 17.7 18.4 17.8 16.8
BMI (kg/m2) 26.1+4.3 26.1+4.4 26.1+4.3 26.0+4.3
Waist circumference (cm) 88.0+12.8 88.3+12.9 88.1+12.8 87.8+12.7
Total cholesterol (mmol/L) 56+1.0 56+1.1 56+1.0 56+1.0
LDL-cholesterol (mmol/L) 3.5+0.9 3.5+0.9 3.5+0.9 3.5+0.9
HDL-cholesterol (mmol/L) 1.5+0.4 1.5+0.4 1.5+0.4 1.5+0.4
TAG (mmol/L) 1.1(0.8-1.7) 1.2(0.8-1.7) 1.1(0.8-1.7) 1.1 (0.8-1.6)
Hypertension 22.6 247 23.4 19.9
Dietary intake
Energy intake (kcal/d) 1910 + 657 1689 + 590 1876 + 610 2170+ 677
Diet quality 84.6 +13.9 80.3+14.5 85.0+13.0 88.6+12.9
Fruit (g/day) 198.0+136.5 193.8+144.8 191.9+129.8 208.5+133.9
Vegetables (g/day) 104.1+49.1 100.6+50.9 104.2+477 107.6+48.4
Grains (g/day) 164.3+122.3 152.1+120.6 158.3+118.3 182.7+125.7
Legumes (g/day) 27.7+£19.3 27.4+20.0 27.5+19.2 28.2+18.6
Nuts (g/day) 3.4+6.4 3.6+7.0 27+4.6 39+72
Meat (red and processed) (g/day) 97.8+73.8 93.5+75.6 96.8+72.8 103.3+72.5
Fruit juice (g/day) 86.3+120.8 80.3+128.4 83.3+109.2 955+123.3
Total fat (en%) 36.0+5.7 36.4+5.6 35.8+5.6 35.8+5.8
Saturated fat (en%) 14.4+3.5 13.7+3.3 14.4+3.4 149+3.6
Carbohydrates (en%) 452 +6.0 451 +6.4 454+5.9 45.0+5.5
Protein (en%) 19.3+3.0 19.0+31 19.2+3.0 19.6+2.8
Calcium (mg/day) 908 + 326 619+ 172 875+ 148 1233+ 277
Sodium (mg/day) 2612 £ 991 2318 +909 2575+932 2950+ 1026
Alcohol (g/day) 13.0+16.7 13.8+17.9 12.9+16.6 12.3+15.5

Values are mean + SD for continuous variables with a normal distribution, or median [IQR] for continuous
variables with a skewed distribution, percentages for categorical variables, based on unimputed data.
Abbreviations: en%, percentage of total energy intake; LDL, low-density lipoprotein; HDL, high-density
lipoprotein; TAG, triacylglycerol.
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Dairy intake and prediabetes risk

Atotal of 765 incident prediabetes cases were identified (15.6%): 408 at the 5-y follow-up
(of 4,383, 9.3%) and 357 at the 12-y follow-up (of 3,474, 10.3%). A higher intake of total
dairy was significantly associated with a lower prediabetes risk in model 2 (RR . ving/day
0.94, 95%Cl 0.89-1.00), but this association was no longer significant after additional
adjustment for dietary intake in model 3 (Table 3). Furthermore, a higher intake of
fermented dairy was associated with a lower prediabetes risk in model 2 (RR_, ;.. 4.,
0.88, 95%Cl 0.78-0.99) but non-significantly in model 3 (RR__ ;. /4,,0.91, 95%Cl 0.80-1.02).
A higher intake of high-fat dairy (44.4% of total dairy intake) was significantly associated
with a lower prediabetes risk in fully adjusted models when analysed on a continuous
scale (RRserv.‘ng/dayOBZ, 95%Cl 0.85-1.00) but not when analysed in tertiles. In line with the
results of high-fat dairy intake, a higher intake of high-fat milk (39.8% of total milk) was
associated with a lower prediabetes risk on a continuous scale in model 3 (RR__ ;. .,
0.89, 95%CI 0.80-0.99, p = 0.03) and borderline significant in the third compared with
those of the first intake category (RR; ., 0.79, 95%Cl 0.65-0.97, P .= 0.05). Furthermore,
a higher intake of total cheese was associated with a lower prediabetes risk (RR ¢ yings
day0.74, 95%Cl 0.56-0.96). A higher intake of high-fat cheese (77.1% of total cheese) was
associated with a lower prediabetes risk in model 2 (RR__ ;. 4., 0.71, 95%Cl 0.54-0.95),
but this association was similar but no longer significant in model 3 (0.75, 95%Cl 0.57-
1.00). The third compared with the first intake category of low-fat milk (59.8% of total
milk) intake was associated with a higher prediabetes risk in model 3 (RR ; ., 1.15, 95%Cl
0.97-1.35, P, = 0.04), although continuous associations were not significant. A better
fit of a nonlinear association was found for low-fat milk (P = 0.03) consumption, showing
anincreased risk of up to 1.5 servings/ d and a lower risk with higher intakes (Figure 2).
Low-fat dairy, total milk, total yogurt, low-fat cheese, and ice cream were not associated
with risk of prediabetes in multivariate-adjusted models. With additional adjustment
for the potential mediators baseline WC, change in WC from baseline to follow-up, LDL-
cholesterol, and hypertension in model 4, only total cheese remained associated with

a lower prediabetes risk (RR 0.74, 95%Cl 0.57-0.96).

serving/day

Table 3. The associations of dairy intake and prediabetes risk in the AusDiab study (n = 4,891).

Relative risk (95% Cl) across intake range Continuous?

categories’

T1 T2 e - RR (95%Cl)
Total dairy
n cases/n total 280/1646 250/1624 235/1621 765/4891
Median, servings/d 1.3 2.3 3.4
Model 1 1 (ref) 0.92(0.78-1.07) 0.88(0.75-1.04) 0.14  0.93(0.88-0.99)*
Model 2 1 (ref) 0.93(0.80-1.09) 0.91(0.77-1.07) 0.26  0.94(0.89-1.00)*
Model 3 1 (ref) 0.97 (0.82-1.13) 0.97 (0.82-1.15) 0.72 0.96 (0.91-1.02)
Model 4 1 (ref) 0.97(0.83-1.13) 0.97 (0.82-1.15) 0.73 0.96 (0.90-1.02)
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Table 3. The associations of dairy intake and prediabetes risk in the AusDiab study (n =4,891).

(continued)

Relative risk (95% Cl) across intake range Continuous?
categories’
T T2 T3 [ RR (95%Cl)

High-fat dairy

n cases/n total 258/1637 280/1645 227/1609

Median, servings/d 0.05 0.3 1.9
Model 1 1 (ref) 1.06 (0.90-1.24) 0.90 (0.76-1.06) 0.08  0.91(0.84-0.98)*
Model 2 1 (ref) 1.07 (0.92-1.25) 0.89 (0.75-1.06) 0.06  0.90(0.83-0.98)*
Model 3 1 (ref) 1.10(0.94-1.28) 0.92(0.77-1.09) 0.12  0.92(0.85-1.00)*
Model 4 1 (ref) 1.12(0.96-1.31)  0.96 (0.81-1.14) 0.29  0.94(0.87-1.02)

Low-fat dairy

n cases/n total 237/1608 270/1664 258/1619

Median, servings/d 0.01 1.0 1.9
Model 1 1 (ref) 113(0.96-1.32)  1.09(0.93-1.28)  0.29  1.03(0.97-1.10)
Model 2 1 (ref) 1.15(0.98-1.35)  1.13(0.96-1.34) 0.14 1.05 (0.98-1.11)
Model 3 1 (ref) 1.16 (0.98-1.36) 1.16 (0.98-1.37) 0.08 1.06 (0.99-1.13)
Model 4 1 (ref) 1.13(0.96-1.32) 1.10 (0.94-1.30) 0.24 1.04(0.97-1.11)

Fermented dairy

n cases/n total 294/1656 231/1530 240/1703

Median, servings/d 0.2 0.7 1.4
Model 1 1 (ref) 0.89 (0.76-1.04) 0.83(0.71-0.98)  0.03* 0.87(0.78-0.98)*
Model 2 1 (ref) 0.89 (0.76-1.04) 0.85(0.72-0.99) 0.05 0.88(0.78-0.99)*
Model 3 1 (ref) 0.91 (0.78-1.07) 0.88(0.75-1.04) 0.16 0.91 (0.80-1.02)
Model 4 1 (ref) 0.90(0.77-1.05) 0.92(0.78-1.08) 0.34 0.92(0.82-1.04)

Total milk

n cases/n total 269/1568 165/1017 331/2306

Median, servings/d 0.8 0.8 1.5
Model 1 1 (ref) 1.05(0.87-1.25)  0.89(0.76-1.03)  0.04*  0.94(0.86-1.03)
Model 2 1 (ref) 1.05(0.88-1.25)  0.90(0.78-1.05)  0.08  0.95(0.87-1.04)
Model 3 1 (ref) 1.06(0.89-1.27)  0.94(0.81-1.10) 0.22  0.98(0.89-1.08)
Model 4 1 (ref) 1.01(0.85-1.21)  0.92(0.79-1.07) 0.17  0.97(0.88-1.06)

High-fat milk

n cases/n total 502/3080 153/923 110/888

Median, servings/d 0.0 0.8 1.5
Model 1 1 (ref) 1.02(0.87-1.21) 0.77 (0.64-0.94)  0.03* 0.88(0.78-0.99)*
Model 2 1 (ref) 1.00(0.85-1.18) 0.77(0.63-0.94)  0.02* 0.88(0.79-0.97)*
Model 3 1 (ref) 0.99 (0.84-1.17) 0.79(0.65-0.97)  0.05* 0.89(0.80-0.99)*
Model 4 1 (ref) 1.03(0.88-1.22) 0.83(0.69-1.01) 0.15 0.91(0.82-1.01)

Low-fat milk

n cases/n total 312/2192 242/1342 211/1357

Median, servings/d 0.0 0.8 1.5
Model 1 1 (ref) 1.27 (1.09-1.48) 1.10 (0.94-1.29) 0.11 1.04 (0.97-1.13)
Model 2 1 (ref) 1.28 (1.10-1.49) 1.13(0.96-1.33) 0.06  1.06(0.98-1.14)
Model 3 1 (ref) 1.27(1.09-1.49)  1.15(0.97-1.35)  0.04*  1.07 (0.99-1.16)
Model 4 1 (ref) 1.20(1.03-1.39)  1.08(0.92-1.27)  0.20  1.04(0.96-1.13)
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Table 3. The associations of dairy intake and prediabetes risk in the AusDiab study (n =4,891).

(continued)

Relative risk (95% Cl) across intake range

categories’

Continuous?

T T2 T3 RS- RR (95%Cl)

Total yogurt

n cases/n total 219/1195 220/1537 326/2159

Median, servings/d 0.0 0.01 0.36
Model 1 1 (ref) 0.91 (0.76-1.08) 0.94 (0.80-1.10) 0.83 1.05(0.84-1.32)
Model 2 1 (ref) 0.92(0.77-1.10) 0.97 (0.82-1.15) 0.89 1.10(0.87-1.38)
Model 3 1 (ref) 0.93(0.78-1.11) 0.99 (0.84-1.17) 0.69 1.14(0.90-1.43)
Model 4 1 (ref) 0.93(0.78-1.10) 1.01(0.85-1.19) 0.50 1.20(0.95-1.51)

Total cheese

n cases/n total 278/1583 297/1894 190/1414

Median, servings/d 0.05 0.3 0.7
Model 1 1 (ref) 0.91(0.79-1.06) 0.81(0.68-0.97)  0.02* 0.69(0.53-0.91)**
Model 2 1 (ref) 0.92(0.79-1.06) 0.82(0.69-0.97)  0.02* 0.69(0.53-0.91)**
Model 3 1 (ref) 0.94(0.81-1.09) 0.85(0.72-1.01) 0.07  0.74(0.56-0.96)*
Model 4 1 (ref) 0.93(0.81-1.08) 0.85(0.72-1.01) 0.07  0.74(0.57-0.96)*

High-fat cheese

n cases/n total 293/1656 332/2218 140/1017

Median, servings/d 0.0 0.2 0.7
Model 1 1 (ref) 0.86 (0.74-0.99) 0.81(0.67-0.98) 0.04* 0.72(0.54-0.95)*
Model 2 1 (ref) 0.85(0.74-0.99) 0.81(0.67-0.98) 0.04* 0.71(0.54-0.95)*
Model 3 1 (ref) 0.87(0.75-1.01) 0.84(0.70-1.02) 0.1 0.75(0.57-1.00)
Model 4 1 (ref) 0.85(0.74-0.98) 0.85(0.70-1.02) 0.12 0.78 (0.59-1.03)

Low-fat cheese

n cases/n total 591/3726 711457 103/708

Median, servings/d 0.0 0.1 0.4
Model 1 1 (ref) 1.02(0.81-1.29) 0.97 (0.80-1.18) 0.77 0.85(0.59-1.22)
Model 2 1 (ref) 1.02 (0.82-1.29) 0.98 (0.81-1.19) 0.87 0.86 (0.60-1.22)
Model 3 1 (ref) 1.02(0.81-1.28) 0.99(0.82-1.20) 0.94 0.87 (0.61-1.25)
Model 4 1 (ref) 1.00 (0.80-1.25) 0.96 (0.80-1.17) 0.71 0.84(0.58-1.20)

Ice cream

n cases/n total 273/1676 242/1581 250/1634

Median, servings/d 0.02 0.1 0.5
Model 1 1 (ref) 0.95(0.81-1.11) 0.87 (0.74-1.04) 0.14 1.02 (0.86-1.20)
Model 2 1 (ref) 0.95(0.81-1.12) 0.87 (0.74-1.04) 0.13 1.02 (0.86-1.20)
Model 3 1 (ref) 0.95(0.81-1.11) 0.88(0.75-1.05) 0.18 1.03(0.87-1.21)
Model 4 1 (ref) 0.94 (0.80-1.10) 0.88(0.74-1.04) 0.16 1.03(0.88-1.21)

" Relative risks (95CIs) were estimated across four categories split by tertile values (T1 to T3) or non-
consumers + median categories with the lowest category as the reference, adjusted for covariates
as follows: Model 1 included age (continuous) and sex and energy intake (continuous). Model 2 was
additionally adjusted for education (3 categories), smoking (3 categories), physical activity (3 categories),
alcohol consumption (continuous), and a family history of diabetes (yes/no). Model 3 was additionally
adjusted for food groups associated with T2D, including intakes of fruit, vegetables, grains, legumes, nuts,
red and processed meat, and fruit juice (continuous). Model 4 included baseline WC, change in WC from
baseline to follow-up, LDL-cholesterol, and hypertension. Linear trend across intake range categories was
assessed by including median values of each category as a continuous variable in the model.

2 Relative risks per 1 serving/day (see definition in Table 1) were estimated. P-value significance level:
*0.05, **0.01, ***0.001.

Abbreviations: Cl, Confidence Interval; Q, Quartile.
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Figure 2. Non-linear association between low-fat milk intake and prediabetes risk in the AusDiab
study (p for non-linearity = 0.04). The solid line indicates risk estimate fitted with a restricted
cubic spline regression with 3 knots specified at the 5th, 50th, and 95th percentile of low-fat milk
intake as indicated by the dashed vertical lines. The coloured area indicates the 95% confidence
interval around the relative risk (RR). The model was adjusted for age, sex, energy intake, education,
smoking, physical activity, alcohol consumption, a family history of diabetes, fruit, vegetables,
grains, legumes, nuts, red and processed meat, and fruit juice intake.

Sensitivity analyses

None of the interactions of types of dairy food with sex, age, and baseline WC were
statistically significant. The associations for the intake of high-fat dairy and high-fat milk
were similar but no longer statistically significant. All associations were similar after
adjustment for intake of all other dairy types, after excluding participants with prevalent
CVD and with dairy types adjusted for energy intake (Supplemental Table 3). Using the
ADA cutoffs resulted in attenuation of the associations for high-fat dairy and high-fat
milk but not for total cheese.

Discussion

In this large, prospective Australian cohort, high-fat dairy, high-fat milk, and total
cheese were associated with a lower incidence of prediabetes. These associations were
independent of age, sex, energy intake, educational level, smoking status, physical
activity, alcohol consumption, a family history of diabetes, and background dietary
intake. By contrast, a nonlinear association for low-fat milk intake was found; risk was
highest at 1.5 servings/day, with a decreasing risk at lower and higher intakes. Total dairy
foods, fermented dairy, and high-fat cheese were associated with a lower incidence of
prediabetes, but not when considering dietary intake of other food groups. Low-fat dairy
foods, total milk, total yogurt, low-fat cheese, and ice cream were not associated with
risk of prediabetes in multivariable models.
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Results in context

Dairy should not be regarded as one single product but as a heterogeneous group of
foods because associations with (markers of) disease risk vary by the product type [43].
Furthermore, our results showed that distinguishing the fat content is important for the
assessment of the health effects of dairy. For instance, we found a protective association
for high-fat milk and prediabetes and a nonlinear positive association for low-fat milk.
These associations were in accordance with those of the Dutch Rotterdam studies, where
we found significant associations for high-fat milk (HR_, .., 0-88, 95% C1 0.79-0.99) and
in the other direction for low-fat milk (HR_,, ., 1.07, 95% CI 1.01, 1.13) [17]. However,
low-fat milk and high-fat milk were not associated with prediabetes in the Dutch Hoorn
Studies [16]. In the FHS-OC, no contrast in associations by the fat content of milk was
found; they reported significant dose-response associations for both skimmed milk
(HR 2.14 versus 0-1 servings/wk, 0.82, 95%Cl 0.61-1.10) and whole milk (HR 2.1 versus 0
servings/wk, 0.84, 95%Cl 0.69-1.01) [15].

A higher intake of total and high-fat cheese was associated with a lower prediabetes
risk, which is consistent with the Hoorn Studies (total cheese, RR top versus bottom
quartile: 0.86, 95%Cl 0.73-1.02), high-fat cheese, RR__ . .. 0.94, 95%Cl 0.88-1.00; and
RR top versus bottom quartile: 0.79, 95%Cl 0.66-0.94) [16] and the FHS-OC (total cheese,
HR 2-4 versus 0-1 servings/wk, 0.86, 95%Cl 0.69-1.07) [15] but not with the Rotterdam
Study [17]. In addition, this association was reported in several cross-sectional studies
with prediabetes outcomes [44, 45] and meta-analyses of prospective cohort studies
on cheese and T2D [46].

Many guidelines worldwide recommend low-fat dairy types to limit the intake of
saturated fat [47]. However, there is currently little evidence that high-fat dairy
regardless of its high saturated fat content is harmful for health [48-50]. Differences
in nutrient content are marginal: for example, high-fat milk contains 3.5% fat, semi
skimmed milk contains 1%-1.5% fat, and skimmed milk contains no more than 0.15%
fat, but high-fat milk contains higher concentrations of fat-soluble vitamin A (36, 15,
and 1 pg, respectively) [29] and vitamin K (1.4, 0.7, and 0 pg, respectively) [51]. It is
unlikely that these nutritional differences completely accounted for the sign reversal of
our observed associations for milk. Possibly, low-fat foods have a lower satiety value,
which could result in overconsumption of carbohydrates, particularly harmful to health
if fats are substituted for refined starches and sugar [52, 53]. Furthermore, consumers
may prefer sweetened low-fat milk to compensate for the reduced flavour by removing
fat globules and cream, subsequently increasing sugar intake. Indeed, in our study, the
diet of participants in the top compared with those in the bottom tertiles of low-fat milk
and low-fat cheese contained higher proportions of carbohydrates. Compared with high
glycaemic carbohydrates, saturated fat increases HDL-cholesterol levels, resulting in
similar total cholesterol/HDL-cholesterol and lower triglyceride levels [54]. In addition,
the effects of saturated fatty acids depend on the type. Dairy contains palmitic acid
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associated with increased T2D risk but also various fatty acids with potential opposite
effects. A meta-analysis of 16 studies showed that higher levels of odd-chained saturated
fatty acids (C15:0 and C17:0), and natural ruminant trans-fats [t16:1(n-7)] were associated
with a lower T2D risk [55].

We did not find that yogurt intake was associated with prediabetes in our study, in line
with previous prospective studies [15, 16]. Only in the Rotterdam Study, we previously
found that high-fat yogurt was associated with a lower prediabetes risk, but low-fat
yogurt showed neutral associations [17]. A nonlinear inverse association was found
between yogurt intake and T2D (at 80 g/day, RR: 0.86, 95%Cl 0.83-0.90), with no
additional benefit at higher intake levels [56]. Furthermore, in 3 large cohorts among US
individuals and in the Iranian Tehran Lipid and Glucose study, increased intake of yogurt
during the follow-up was associated with a lower risk of T2D [57, 58]. Compared with US
and Western-European cohorts, intake levels of yogurt were considerably lower in our
current study (0.19 + 0.28 servings/d), which might explain the neutral as- sociation we
observed. Low intake levels in this sample were in line with the Australian Health Survey
(0.12 servings/d) [31]. Furthermore, in Australia, 76% of yogurt was flavoured or had
added fruit, and 46% was of low fat. The FFQs used in many population-based studies
do not consider the variety in sugar, protein, and fat content of commercially available
yogurts [59, 60]. Moreover, many consumers add sweeteners such as sugar, jam, or
honey to plain yogurt [61]. Unmeasured differences in nutrient content of consumed
yogurts in each cohort might contribute to inconsistent findings. Future studies should
collect more detailed information on yogurt composition and consumer behaviour to
elucidate potential heterogeneity.

Our results are not in line with population-based studies showing inverse associations
for low-fat dairy and yogurt intake with T2D [46]. Furthermore, our findings are not in
line with the previous analysis of the AusDiab study, which found an inverse association
between low-fat milk intake and T2D incidence at the 5y follow-up (OR: 0.65, 95%ClI
0.44, 0.94) and a nonsignificant association for full-fat milk (OR: 1.18, 95%Cl 0.78, 1.79)
[18]. Nevertheless, associations between yogurt and cheese were similar. We excluded
approximately 2,000 participants with prediabetes at baseline, and thus, these different
findings may result from a baseline sample with less variation in the glycaemic status
compared with studies on T2D. It could be that dairy has differential effects according
to individual's metabolic state or degree of insulin resistance [15], and more research
is needed in that regard.

Current evidence from long-term RCTs with dairy consumption as the main intervention
and diabetes related outcomes is inconclusive owing to differences in design, duration,
and geographic location [62]. Results are further affected by the diet consumed parallel
or in replacement of high dairy diets, physical activity levels, and weight variation
during the study. Two recent RCTs studying the effects of diets high in dairy did not

128



Dairy intake and prediabetes risk - Australian Diabetes, Obesity, and Lifestyle Study

find differences in glucose measurements after the intervention [63, 64]. However,
one of these RCTs showed that insulin sensitivity was decreased in the high dairy diets
compared with that in the low dairy control, possibly because of the insulinotropic effect
of dairy and alterations in the gut microbiota [63]. Short-term controlled feeding trials
showed that milk proteins attenuated acute hyperglycaemia [65] and regulated lipid
changes induced by glucose ingestion [66]. Future studies are required to detangle the
role of different dairy types and dairy fat content in T2D development, particularly RCTs.

Strengths and limitations

This study was performed within a large population-based study with up to 12 y of
follow-up. This study adds to the body of evidence by differentiating associations by
the fat content of dairy types. Prediabetes was defined both based on FPG and 2hPG,
representing impaired fasting glucose and impaired glucose tolerance, respectively, 2
distinct states of T2D development [1]. The results should be interpreted carefully by
considering the following limitations. First, we used only baseline data on dairy intake,
and people might have changed their diet over time, resulting in misclassification of
the exposure, biasing estimates toward the null. However, in our previous analyses of
the Rotterdam Study, we showed that the inclusion of repeated measurements of dairy
consumption did not change associations [17]. Second, the FFQ is useful in estimating
the intake of frequently used foods such as dairy and ranking participants according
to their food intake in observational studies; however, the FFQ relies on participants’
memory and ability to estimate portion sizes and is, therefore, prone to recall bias. Thus,
misclassification of exposure is possible, resulting in bias toward the null. Third, reverse
causality might be an issue. Prediabetes is commonly an asymptomatic condition,
making reverse causality due to a prediabetes diagnosis unlikely. Moreover, the exclusion
of people with CVD at the baseline or follow-up in sensitivity analyses did not change
the estimates. However, presence of obesity or other risk factors might have induced
behavioural changes, such as a shift from high-fat to low-fat dairy consumption to reduce
fat and caloric intake. Fourth, residual confounding cannot be ruled out considering the
observational nature of our study; nevertheless, we carefully adjusted for a wide range
of confounders, such as background diet and CVD risk factors. Finally, the AusDiab is not
entirely representable of the general population, as socioeconomic status of responders
was somewhat higher than of non-responders, and some healthy volunteer selection
bias is likely [19]. Furthermore, there was a considerable loss to the follow-up in the
AusDiab study.

Conclusions

In conclusion, in the long-term, population-based Australian cohort, associations of
dairy and prediabetes differ by both type and fat content. High-fat dairy foods, high-
fat milk, and total cheese were associated with a lower prediabetes incidence. Further
prospective studies should collect more specific information on fat and sugar content
of various milk and yogurt types and examine the influence of reverse causation.
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Abstract

Background

Evidence on associations between dairy consumption and incident prediabetes is
inconsistent. One potential explanation for heterogeneity is that health behaviour and
food intake covary with the consumption of various high-fat and low-fat dairy types. The
objective was to investigate the associations of total dairy and dairy types with incident
prediabetes and to assess how dairy intake is linked with metabolic risk factors, health
behaviours, and foods, as potential explanations for these associations.

Methods

Overall, 74,132 participants from the prospective population-based Lifelines study were
included (mean age, 45.5 + 12.3 y; 59.7% female). Baseline dairy intake was measured
using a validated food frequency questionnaire. Prediabetes at follow-up was defined
based on the World Health Organization/International Expert Committee criteria as
fasting plasma glucose of 110-125 mg/dL or glycated haemoglobin concentrations of
6.0%-6.5%. Associations were analysed using Poisson regression models adjusted for
social demographics, health behaviours, family history of diabetes, and food group
intake. Interconnections were assessed with mixed graphical model networks.

Results

At a mean follow-up of 4.1 + 1.1 years, 2746 participants developed prediabetes (3.7%).
In regression analyses, neutral associations were found for most dairy types. Intake of
plain milk and low-fat milk were associated with a higher risk of prediabetes in the top
compared with bottom quartiles (RR 1.17; 95%Cl 1.05-1.30; P, _ = 0.04 and RR 1.18; 95%ClI
1.06-1.31; P, .., = 0.01). Strong but non-significant effect estimates for high-fat yogurt
in relation to prediabetes were found (RR_, .., 0.80; 95%Cl 0.64-1.01). The network
analysis showed that low-fat milk clustered with energy-dense foods, including bread,
meat, and high-fat cheese, whereas high-fat yogurt had no clear link with health risk

factors and food intake.

Conclusions

In this large cohort of Dutch adults, low-fat milk intake was associated with higher
prediabetes risk. Heterogeneous associations by dairy type and fat content might partly
be attributed to confounding caused by behaviours and food intake related to dairy
intake.

136



Dairy intake and prediabetes risk - the Lifelines study

Introduction

Prediabetes, or intermediate hyperglycaemia, is characterized by blood glucose levels
above the normal range but below the diagnostic threshold for diabetes [1]. Prediabetes
increases the risk of type 2 diabetes (T2D) and cardiovascular disease (CVD) [2-5],
emphasizing the need to identify potentially modifiable risk factors, including diet, that
could prevent this condition. Dairy products are widely consumed and contain nutrients
with beneficial health effects, including minerals and vitamins, but also contain nutrients
linked to adverse cardiometabolic health, including saturated fat, added sugars, and
sodium [6]. Observational studies regarding the relationship between dairy intake and
prediabetes reported inconsistent results [7-13], calling for a better understanding of
these associations and exploration of potential sources of heterogeneity.

One potential explanation for heterogeneity is that health behaviour and food intake
may covary with consumption of different types of dairy intake. For example, yogurt
consumption may relate to a relatively healthy diet and healthy lifestyle behaviour [14-
171, and residual confounding because of unmeasured or incomplete adjustment of
this healthier diet and lifestyle behaviour may explain the inverse associations found
with prediabetes [10, 12]. As such, the association between one food and prediabetes
relies on that foods’ covariation with health behaviours or other foods with potentially
different health effects. Multivariable regression models allow for the estimation of a
hypothesis-driven independent effect of an exposure on an outcome. In addition to
this traditional reductionism method, a holistic network modelling approach may aid
the interpretation of regression models by accounting for this interrelatedness of risk
factors. In network analyses, the conditional interdependencies between all exposures
and confounding factors are analysed and visualized at once [18]. Network models fit
with the multifactorial aspect of prediabetes because it describes clusters of risk factors
and dietary patterns as potential causes. In the field of nutritional epidemiology, network
modelling has been used to identify dietary and meal-specific patterns [19-22] and to
describe relations between demographics, dietary behaviours, and clinical markers [23].

The current study aimed to investigate prospective associations of total dairy and dairy
types with prediabetes in the Lifelines Cohort. We additionally aimed to assess how
dairy intake is linked with metabolic risk factors, health behaviours, and food intake as
potential factors underlying associations of total dairy and dairy types with prediabetes.
We hypothesize that risk of prediabetes at baseline may be related to intake of specific
dairy types, as potential awareness of individual’s risk might relate to certain dietary
choices, for example, a preference for low-fat dairy types to adhere to dietary guidelines
[24]. Furthermore, we hypothesize that the concept that dairy intake is part of a network
of metabolic risk factors, individual health behaviours and intake of other food groups
may explain the heterogeneity in previous findings.
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Methods

Design and participants

Lifelines is a multidisciplinary prospective population-based cohort study examining in a
unique 3-generation design the health and health- related behaviours of 167,729 persons
living in the North of the Netherlands [25]. It employs a broad range of investigative
procedures in assessing the biomedical, sociodemographic, behavioural, physical,
and psychological factors that contribute to the health and disease of the general
population, with a special focus on multimorbidity and complex genetics. Baseline
measurements took place between 2006 and 2013. All participants were invited for the
second assessment between 2014 and 2018 and will be invited for follow-up assessments
every 5 years. Participants were recruited by their general practitioner, through family
members, or by self-registration via the website. Exclusion criteria included having a
severe psychiatric or physical iliness, limited life expectancy (<5 years) and insufficient
knowledge of the Dutch language to complete a Dutch questionnaire. The Lifelines study
is conducted according to the principles of the Declaration of Helsinki and in accordance
with the research code of the University Medical Centre Groningen. The Lifelines protocol
was approved by the University Medical Centre Groningen Medical ethical committee
under number 2007/152.

In total, 147,182 participants were aged >18 y and were not pregnant during baseline
or follow-up (Figure 1). We excluded participants without dietary data at baseline or
the food frequency questionnaire (FFQ) judged as unreliable by research dieticians, for
example, owing to nutrient or food group reports below the possible under or upper limit
(n =8,662) or with implausible energy intakes (defined as men <800 or >4200 kcal and
women <500 or >3,500 kcal) (n = 14,515) [26, 27]. We excluded participants with diabetes
(n=4,695) or prediabetes (n =10,400) at baseline or missing (pre-)diabetes information at
baseline (n = 690). Exclusion of diabetes was based on self-reported diabetes, diabetes
medication use, or a fasting plasma glucose (FPG) 2126 mg/dL or glycated haemoglobin
(HbA1c) concentration of 26.5% [1]. Of the participants, 1,714 (1.2% of 147,182) had a
FPG of 2126 mg/dL or HbATc concentration of 26.5% without a self-report diagnosis or
medication use for diabetes. Exclusion of prediabetes was based on FPG between 110
and 125 mg/dL or HbAlc concentrations between 6.0% and 6.4% [1, 28]. Furthermore,
we excluded 27,710 participants without follow-up measurements, 5,272 participants
with missing prediabetes information at follow-up, and 461 participants with diabetes
at follow-up. A total of 74,132 participants were included in our analysis.
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167,729 total Lifelines cohort

14,868 aged under 18
> 5,679 pregnant at baseline or during follow-up

147,182 eligible participants

8,662 without dietary data at baseline intake
> 14,515 with implausible energy intake

Y

123,360 with valid dietary data at baseline

4,695 with diabetes at baseline
10,400 with prediabetes at baseline
690 with missing (pre-)diabetes information at baseline

107,575 without (pre-diabetes) at baseline

27,710 without a second follow-up measurement
5,272 with missing prediabetes information at follow-up
74,132 for prediabetes incidence analyses 461 with diabetes at follow-up

Y

Figure 1. Flowchart for inclusion of participants for the present analysis of the Lifelines Cohort.

Dietary assessment

Dietary intake was assessed with the “Flower-FFQ,” which contains 1 main questionnaire
on energy and macronutrient intake (heart) assessed at baseline, and 4 complementary
food questionnaires (petals) on micronutrients assessed during follow-up. Information
about the development and validation of the Flower-FFQ has been previously published
[29]. For this analysis, the baseline data of the flower heart were used, comprising 110
food items, including all major dairy types, bread, pasta, rice, potatoes, fruit, vegetables,
legumes, meat, fish, coffee, tea, and soda/juice, selected based on the Dutch National
Food Consumption Survey. Participants indicated the frequency of consumption in the
past months, ranging from “never” to “6-7 d/wk.” Portion sizes were estimated using
natural portions and commonly used household measures. FFQ data were converted
into nutrient intake by researchers from Wageningen University & Research using the
Dutch Food Composition table 2011 (NEVO) [30, 31]. The Flower-FFQ was compared with
a conventional FFQ in 2048 participants showing comparable mean absolute intake
estimates for major food groups (Spearman correlations r > 0.40) and good ranking
agreement (280% in the same or adjacent quartile) [29]. Furthermore, the Flower-FFQ
was validated in 242 and 361 participants with data on urinary sodium and potassium
excretions, showing acceptable ranking abilities of respectively 75% (r = 0.40) and 73%
(r = 0.37) of participants in the same or adjacent quartile [29]. The Flower-FFQ does not
differentiate between whole grain and refined cereal products. Whole meal and brown
bread contribute to ~70% of bread consumption and is the largest contributor to whole
grain intake in the Netherlands [32, 33]. Therefore, bread intake was used as a proxy for
whole grain consumption in this study. Dairy types included total dairy, fermented dairy,
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milk, yogurt, cheese, cream, and ice cream (Table 1). Each dairy category was further
divided into low-fat (liquid products <2%, cheese <20%) and high-fat (liquid products >2%,
cheese >20%). Intakes were expressed in servings/day enforcing equal water content of
each type: milk, yogurt, cream, and ice cream: 150 mL; cheese, 20 g.

Table 1. Food items included in total dairy and dairy types and consumption in the Lifelines study
(n=74,132).

Dairy Included dairy types Consumers? Intake (servings/day)?
product’ % Mean:SD  Median [IQR]
Total dairy  All dairy products 99.9% 3.52+1.83 3.26[2.27,4.45]
High-fat  All high-fat dairy products 99.6% 1.63+1.33 1.31[0.70, 2.20]
Low-fat All low-fat dairy products 98.0% 1.88+1.35 1.65[0.93, 2.58]
Fermented dairy 98.9% 2.07+1.47 1.79[1.03, 2.78]
High-fat  High-fat yogurt, high-fat cheese, curd 96.9% 1.30+1.22  0.98[0.44, 1.82]
cheese
Low-fat Low-fat yogurt, low-fat cheese, 76.7% 0.78+0.95 0.46[0.04,1.12]
buttermilk
Milk Full fat milk, skimmed milk, semi 91.6% 112+£1.06 0.93[0.32, 1.86]

skimmed milk, buttermilk, chocolate
milk, coffee milk, plain milk in coffee

Plain milk Full fat milk, skimmed milk, semi 70.9% 0.66 +0.85 0.36[0, 0.93]
skimmed milk
High-fat  Full fat milk 9.8% 0.06+0.28 0[0, 0]
Low-fat Skimmed milk, semi skimmed milk 66.8% 0.60+0.82 0.29[0, 0.93]
Yogurt 59.8% 0.23+0.32 0.121[0, 0.37]
High-fat  Full fat natural yogurt 20.4% 0.06+0.17 010, 0]
Low-fat ~ Skimmed yogurt, skimmed fruit yogurt 47.4% 0.18 £0.29 010, 0.27]
Cheese 96.9% 1.50+1.28 1.19[0.64, 2.03]

High-fat 40+ (spreadable) cheese, 48+ (spreadable) 94.6% 1.15+1.18 0.82[0.31,1.60]
cheese, cream cheese, foreign cheeses,
cheese cubes, (cream) cheese on baguette
and on pieces of toast, grated cheese,
diced cheese, feta cheese, cheese fondue

Low-fat 20+/30+ (spreadable) cheese 46.4% 0.36 +0.69 0[0, 0.45]
Cream Whip cream, coffee cream 71.9% 0.01 £0.01 0.01 [0, 0.01]
Ice cream Milk-based ice cream 62.6% 0.04 +0.06 0.02 [0, 0.06]

" Low-fat (liquid products <2%, cheese <20%); high-fat (liquid products > 2%, cheese > 20%).

2 Consumers were defined as consuming >0 servings/day of a specific dairy type.

3 Intakes are expressed in servings/day enforcing equal water content of each type: milk, yogurt, cream,
and ice cream: 150 mL; cheese, 20 g.
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Prediabetes incidence

Fasting blood samples were collected at baseline and at the follow- up measurement.
FPG in venous plasma was determined using the glucose hexokinase method. HbA1c
was determined in whole blood (EDTA-anticoagulated) using the turbidimetric inhibition
immuno-assay on a Cobas Integra 800 CTS analyser (Roche Diagnostics Netherland
BV). This assay was standardized against the reference method of the International
Federation of Clinical HbA1c and Laboratory Medicine and had a variation coefficient of
2.1% for a mean HbA1c of 5.5% and 1.9% for a mean HbA1c of 10.6% [34]. Prediabetes was
defined according to the WHO as FPG concentrations between 110 and 125 mg/dL (6.1
and 6.9 mmol/L) and the International Expert Committee (IEC) as HbAlc levels between
42 and 46 mmol/mol (6.0 and 6.4%) [1, 28], similar to our previous publications on this
topic [11-13]. Additional sensitivity analyses were performed with prediabetes defined
by the American Diabetes Association (ADA) criteria, defined as an FPG between 100 mg/
dL and 125 mg/dL (5.6 and 6.9 mmol/L) and/or HbATc concentrations between 39 and
46 mmol/mol (5.7 and 6.4%) [35]. We presented the main results using the international
WHOY/IEC cutoffs because this is European data, and we aimed to assess dairy in relation
to an intermediate stage at which individuals are at high risk of progression of T2D and
CVD. Using ADA compared with the WHO/IEC cutoffs for prediabetes results in a higher
number of prediabetes cases, which are generally healthier people. Consequently, this
broader definition of prediabetes is associated with a lower incidence of T2D and CVD
[36, 371.

Other variables

A self-administered baseline questionnaire included data on sociodemographic, health,
and clinical factors. Educational level was assessed in 9 categories and subsequently
categorized into primary, secondary, higher, or other education. Smoking status was
categorized as current, former, or never. Physical activity was measured using the
validated Short QUestionnaire to ASsess Health-enhancing physical activity (SQUASH)
and expressed in moderate to vigorous leisure time and commuting physical activity
in min/wk (nonoccupational) [38, 39]. The SQUASH is fairly reliable with a Spearman
correlation for overall reproducibility of 0.58 in 50 adults compared with an activity
monitor [39]. Alcohol consumption was categorized as non-drinker, <10, 10-30, and =30
g/day. A family history of diabetes was defined as having at least a parent, sibling, or child
with diabetes. Physical measurements were performed by research assistants at 1 of the
12 Lifelines research sites located in the North of the Netherlands. BMI was calculated
as weight divided by height squared (kg/m2). Waist circumference in centimetres was
measured at the level midway between the lower rib margin and the iliac crest at the
end of gentle expiration. Blood pressure in mmHg was measured automatically 10 times
during 10 min in a lying position, and the final 3 readings were averaged. Medication use
was assessed by questionnaires and by medication wrapper brought to the baseline visit.
Hypertension was defined based on self-report or as systolic blood pressure 2140 mmHg
and/or diastolic blood pressure 290 mmHg and/or use of antihypertensive medication.
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Total cholesterol and HDL cholesterol were assessed in serum using an enzymatic
colorimetric method. LDL cholesterol was determined in serum with a colorimetric
method. Serum triglyceride (TAG) concentrations were measured with a colorimetric
UV method. At baseline and follow-up, participants were asked to indicate the presence
of various cardiac and vascular diseases, including treatments and/or cancer. Baseline
diabetes risk was calculated using the Prospective Cardiovascular Minster (PROCAM)
risk algorithm, including major risk factors but no lifestyle or dietary components [40].
Participants indicated with one question if they desired to lose weight (yes/no).

Statistical analysis

Statistical analyses were performed using R version 4.1.2 (R Foundation for Statistical
Computing). Descriptive data are reported as means and SDs for normally distributed
continuous variables, medians, and interquartile ranges (IQRs) for skewed continuous
variables, and frequencies and percentages for categorical variables.

Multivariable regression analyses

Poisson regression with a robust variance was used to examine the prospective
associations between baseline dairy type intakes and prediabetes at the follow-up
measurement [41]. This approach is suited to directly calculate a relative risk (RR) and
95% confidence intervals (Cls) for common binary outcome data [42, 43]. The dairy types
were modelled both in quartiles of intake (reference lowest), as the FFQ is suited for
ranking participants, and continuously in servings/day. Dairy products for which many
participants reported no intake were divided into a non-consumer category (reference)
and consumers in tertiles. Linear trends across intake range categories were assessed by
including the median values of each category as a continuous variable in the model. For
each model, we examined whether nonlinear terms of continuous dairy types (second-
order polynomials or restricted cubic splines, excluding outliers) significantly improved
model fit compared with the linear model assessed by likelihood ratio tests. A multiple
imputation procedure (n =10) was used to account for missing data on covariates
(Supplemental Table 1). Regression coefficients for each of the imputed datasets were
pooled.

Potential confounders were chosen based on the literature [6, 44, 45]. Multiple models
were constructed to allow for the comparison of the associations estimated from the
various models. Model 1 included age, sex, energy intake, and follow-up duration.
Model 2 additionally adjusted for educational level, smoking behaviour, alcohol use,
physical activity level, and family history of diabetes. Model 3 additionally adjusted for
food groups associated with T2D, including fruit, vegetables, bread, legumes, nuts, red
and processed meat, coffee, tea, and sugar-sweetened beverages (SSBs). Model 4 was
additionally adjusted for potential mediating or otherwise confounding factors, including
TAGs, LDL cholesterol, waist circumference, and hypertension.
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Potential effect modification by age, sex, waist circumference, and educational level
was explored, and associations were stratified in case of significance [46]. A series of
sensitivity analyses were conducted using model 3. First, the independence of the
associations of specific dairy types was evaluated by mutually adjusting for the intake
of other dairy types. Second, the analysis was repeated excluding participants with self-
reported CVD or cancer at baseline or follow-up (n =12,977). Third, associations were
calculated with energy-adjusted intake of dairy types in grams/day using the residual
method [47]. Fourth, analyses were repeated using sex-specific cutoffs for quartiles
of dairy type intake to account for sex differences in dairy and energy intake. Lastly,
analyses were repeated using the ADA cutoff levels for prediabetes [35].

Next, we explored if there was a potential influence of participants who choose a certain
dairy type because of higher risk of T2D, and in line with this, a desire to lose weight. For
each dairy type, a multivariable linear regression model was performed with baseline
T2D risk, as calculated with the PROCAM risk algorithm [40], or desire to lose weight
(yes/no), as an independent variable, and intake of the dairy type as the dependent
variable. Covariates from model 3 were used, except for energy intake as this was not
considered a confounder. Furthermore, models were additionally adjusted for desire
to lose weight (yes/no).

Network estimation

Two exploratory mixed graphical model (mgm) networks were estimated in participants
with complete data (n = 67,206) using the mgm and qgraph packages [48, 49]. The first
network included dairy types and food groups. A second, complete network additionally
included incident prediabetes and baseline sociodemographic characteristics, health
risk factors, and clinical markers. The primary objective of network analysis is to
characterize conditional dependencies between pairs of variables in multivariate data
[50, 51]. The network model used is a Mixed Graphical Model (MGM), which allows
for the combination of different variable types [48]. Mixed refers to the possibility to
include variables with continuous, categorical and Poisson distributions in the same
model. In an MGM, the nodes represent variables and the connections (edges) represent
dependencies controlled for all other variables. Thus, the nodes that are unconnected
are conditionally independent [48, 50]. In the case of continuous variables only, the edge
weights represent partial correlations, similar to Gaussian Graphical Models (GGMs) [52].
The partial correlations range from -1 to 1. In the context of a MGM with both continuous
and categorical variables, the edge weights represent a summary of several parameters
involved in the regression of the variables, considering the appropriate measures for
each variable including conditional variances or conditional probabilities. Prior studies
have shown good sensitivity (the ability to identify true edges) and specificity (the
ability to ignore spurious edges) of GGMs, meaning that networks are able to provide
an accurate depiction of true connections [50].
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Network analysis may provide insight into complex diet-disease relations, complementary
to regression analysis. Confounding factors are visualized in a network when they are
(in)directly connected with the exposure and outcome, indicating that these should be
controlled for in the regression analysis. In addition, network models offer a valuable
approach to exploring mediating effects, as multiple indirect pathways are visualized
at once, which helps to interpret the complex pathways [50]. Furthermore, network
models are suitable for highly correlated data, as the high correlation is informative
of interconnectedness and clustering. In regression models, it can become difficult to
disentangle the associations of the two strongly correlated variables with an outcome.
The variable of interest might only be strongly associated with the outcome because it
is strongly related to another variable, or to a cluster of variables, and thereby accounts
for all the variance of these related variables in the regression model. In this case, the
interrelatedness of the variable is associated with the outcome in the regression model,
rather than the variable of interest itself. Thus, network analysis is suitable for highly
interrelated factors such as food groups and clinical markers, while adjusting for all these
factorsin regression models could result in spurious associations in regression models.
Careful consideration of the variables in the network model is needed as network models
are prone to collider bias. This bias might occur when a variable is caused both by the
exposure and outcome (a collider) and is included in the network model. By conditioning
this variable an artificial association between the exposure and the outcome is created
[53].

We used the mgm and qgraph package in RStudio to estimate a k-order MGM in
participants with complete data [48, 49]. To obtain a joint distribution, a |1-penalized
(LASSO) regression withing the Generalized Linear Model (GLM) framework is
performed [54]. This LASSO regularization is applied to shrink small edges to zero to
retain meaningful associations. This regularization parameter A was selected using the
Extended Bayesian Information Criterion (EBIC) with tuning parameter y = 0.5. This
tuning parameter is set at 0.5 to obtain a parsimonious model with higher specificity [55].

The nodes are connected with blue (positive, higher intake or risk factor), orange
(negative, lower intake or protective factor) or grey (relationship between at least one
categorical node). For example, for food groups, positive edges indicate that intake of
one food group correlates with higher intake of another food group, while negative edges
mean the opposite. The edge with the highest absolute weight has full-colour saturation
at the widest width. The nodes are positioned using the Fruchterman-Reingold layout
algorithm, organizing the network according to strength of the connections [56]. This
visual aspect of network models enhances interpretation of underlying data structures
and complex associations [57]. To note, with each estimation of a network figure, the
edges are identical, however node placement may differ considerably, thus placement
of nodes based on visual assessment only should not be overinterpreted.
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Node predictability

For continuous variables, predictability of nodes was specified as the proportion of
explained variance (R2) [58]. The predictability for categorical variables is slightly
different. For categorical variables, the proportion of correct classification (accuracy) is
calculated, divided into the accuracy of the intercept model (the accuracy achieved by
just using the marginal of the variable, e.g. 90% correct if the other nodes do not predict
this variable and the prevalence is 90%), and the additionally achieved accuracy achieved
by all other remaining variables.

Clustering of nodes

The spinglass algorithm from the igrpah package was used to identify clusters of nodes
in the network model [59]. With this procedure, clustering nodes are identified, with
each node belonging to one cluster only. The spinglass algorithm provides different
results with each run, therefore we performed the algorithm 100 times and extracted
the number of clusters with the highest frequency.

Centrality

For each node in the network, the centrality was estimated and standardized by
calculating the strength (i.e., sum of the absolute connection weight), closeness (i.e.,
inverse sum of the distance between one node and all other nodes) and betweenness
(i.e., number of times the node is in the shortest paths between other nodes) [60]. From
a social network perspective, nodes that are more central could be more influential in
the network. Therefore, nodes that represent modifiable risk factors with high centrality
could be targets for interventions. Another interpretation is that central nodes may
contribute to the development and maintenance of the outcome. Centrality indices
yield insightin the structure and behaviour of the related variables, a unique feature of
network modelling which would not be possible when assessing the variables separately
[58]. However, centrality measures are relative metrics, and their value is dependent
on all other factors in the network [61]. Furthermore, the assumptions on which
centrality indices are based on may not hold for networks with conditional independent
relationships instead of observable connections in social networks [62]. Some studies
showed that closeness and betweenness were somewhat unstable in cross-sectional
networks [63]. Furthermore, a study on symptoms of social anxiety disorder showed that
the most central symptoms were simply those that were more commonly reported [64].
The application of centrality in networks with nutritional intake data is understudied.
Therefore, the centrality indices should not be overinterpreted, and always be regarded
with other properties of the network such as clustering and prediction.

Edge-weight accuracy

The accuracy of the edges in the network were assessed by bootstrapping the 95%Cl
around the edge weights [50], using non-parametric bootstrapping (n boots = 100) with
the resample function in the mgm package [48]. Hereby, the conditional independent
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relationships are recalculated 100 times in randomly drawn sample subsets with
replacement, meaning that some participants may be included more than once. For
each edge weight, the proportion of nonzero estimates across all bootstrap models were
obtained, plotted at the mean with lines indicating the 5% lower and 95% upper quantile.
Thus, if the edge between two nodes varies widely in each bootstrapped sample, the
Cl will be wide [48, 50]. Smaller Cls around the edge-weights indicate more accurate
estimates. Wide, overlapping Cls indicate that there are little differences between edge-
weights even though some might appear stronger than others, and interpreting the
order of the edges should be done with care.

Centrality stability

The stability of centrality indices was investigated by estimating the networks in subsets
of the data using case-dropping bootstrapping (n boots = 1000) with the bootnet package
[50]. Hereby, the network and centrality indices are estimated in 1000 bootstrapped
samples created by randomly excluding a percentage of the sample. This procedure
is repeated excluding 10% up to 99% of the sample. The average correlation between
the centrality incidence in the networks sampled with the participants dropped and
the original sample were plotted. The Correlation-Stability Coefficient (CS-coefficient)
was calculated, describing the mean percentage of the sample that can be dropped
withholding a correlation of r=0.9 between the case-dropped centrality indices and the
original sample indices. A high CS-coefficient indicates that participant characteristics
are not influencing the centrality indices. The CS-coefficient should not be lower than
0.25, and preferably be higher than 0.5.

Non-normality

The GGM can be estimated if data is assumed to be jointly normally distributed as an
estimate of the covariance matrix is required as input. Consequences of violating this
assumption within the GGM network are to be investigated in more detail, and methods
to deal with multivariate non-normality are under development. As such, data-driven
bootstrap methods to assess network stability are recommended [65]. A model that
can be used to relax the normality assumption is the semi-parametric Gaussian copula,
using a nonparanormal transformation described by Liu et al., 2009, 2012 [66-68]. An
advantage of this nonparanormal transformation is the fast computation and it requires
one pass of the data matrix only, making it easy to implement within the procedure for
mixed graphical models.

The dairy types, food groups, physical activity and TAG were not-normally distributed, as
assessed with histograms and QQ-plots. We applied a nonparanormal transformation
to these variables using the huge package [68]. The shrunken empirical cumulative
distribution function (ECDF) option was selected to estimate the transformation
function. With this function the empirical parameters were shrunken towards a uniform
distribution (a continuous probability distribution in which all values in the range of
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the distribution are equally likely to occur) [66, 67]. Thus, the averages of the empirical
quantiles were weighted towards a normal distribution. These transformed variables
were merged with the remaining normally distributed continuous variables and the
categorical variables. Next, the network model was estimated as described above.

Results

Participant characteristics

In the study sample of 74,132 participants, the mean dairy intake was 3.5 + 1.8 servings/d,
mainly consisting of high-fat cheese intake (1.15 + 1.18 servings/day), low-fat milk (0.60
+0.82 servings/day) and low-fat yogurt (0.18 + 0.29 servings/day) (Table 1). Dairy intake
contributed to a median of 10.0 weight% of the total diet (Supplemental Figure 1).
The mean age was 45.5 + 12.3 y, 59.7% were female, and 17.6% were current smokers
(Table 2). The mean waist circumference was 89.1 + 11.6 cm, the mean BMI was 25.7 +
3.9kg/m2, and 12.4% were obese (BMI 230 kg/m2). Participants with a high dairy intake
(top quartile, mean 5.9 + 1.7 servings/day) compared with low dairy intake (bottom
quartile, mean 1.6 + 0.5 servings/day) were on average older (47.8 £ 11.7 compared
with 42.5 + 12.4 years), more often male (52.8% compared with 63.4% females), more
physically active (220 min/wk, IQR: 90-420 compared with 180 min/wk, IQR: 60-360), had
a higher alcohol intake (7.9 £ 8.9 compared with 7.0 + 9.0), were more often hypertensive
(24.7% compared with 21.3%), and had a slightly higher waist circumference and total
cholesterol. Furthermore, the mean total energy intake was higher, as well as the intake
of fruits, vegetables, bread, nuts, meat, coffee, added sugar, and calcium. Participant
characteristics according to quartiles of milk, yogurt, and cheese intake, sex, by included
versus excluded from the current analysis and by having a follow-up measurement
versus not are presented in Supplemental Table 2. Participants included in the study
were more often highly educated (32.2% compared with 26.5%, P < 0.001), less often
smokers (17.6% compared with 24.2%, P < 0.001), and had a generally more beneficial
CVD risk factor profile compared to those excluded (all P <0.001). Participants lacking a
follow-up measurement were slightly younger (40.8 + 12.5 compared with 45.5 + 12.3, P
<0.001), more often smokers (26.1% compared with 17.6%, P <0.001), and had a slightly
lower diet quality (23.2 + 6.1 compared with 24.4 + 6.0, P < 0.001) than those with a
follow-up measurement.
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Table 2. Baseline characteristics of participants of the Lifelines Cohort in the total cohort and

according to quartiles of total dairy intake (N = 74,132).

Total Q1 Q2 Q3 Q4
(n=74132) (n=18,600) (n=18,485) (n=18,503) (n=18,544)
Total dairy intake, 35+1.8 1.6+0.5 2.8+0.3 3.8+0.3 59+17
(servings/day)
Range 0-22.4 0-2.3 2.3-3.3 3.3-4.5 4.5-22.4
Follow-up time 4111 41 +£11 4111 41 +£11 41 +£11
Sex, female (%) 59.7 63.4 61.6 61.0 52.8
Age at baseline (y) 455+12.3 42.5+12.4 451+12.4 46.5+12.1 47.8+11.7
Educational level (%)
Low 27.6 26.9 274 27.7 28.2
Intermediate 40.2 41.2 40.7 39.7 39.4
High 32.2 31.9 31.9 32.7 32.4
Smoking (%)
Never 48.2 48.1 48.5 48.6 47.5
Former 34.2 31.0 34.2 35.0 36.6
Current 17.6 20.8 17.4 16.4 15.9
Pack years 12.0[5.6,20.2] 11.0[4.8,19.2] 12.0[5.9, 19.6] 12.4[5.9,20.0] 13.5[6.5, 21.9]

Alcohol (g/day)
Physical activity (min/wk)

No

Yes

Unknown/missing
BMI (kg/m2)
Waist circumference (cm)
Total cholesterol (mmol/L)
LDL cholesterol (mmol/L)
HDL cholesterol (mmol/L)
TAG (mmol/L)
Hypertension (%)
Dietary intake

Energy intake (kcal/day)

Diet quality’

Fruit (g/day)

Vegetables (g/day)

Bread (g/day)

Legumes (g/day)

Nuts (g/day)

Meat (red and processed)
(g/day)

Fish (g/day)

73187

200([75,375]
Family history of diabetes (%)

29.5
8.2
62.3
25.7+39
89.1+£11.6
51+1.0
3.3+£09
1.5+0.4
0.9[0.7,1.3]
23.4

2054 + 583
24.4+6.0
141+ 112
105+58
113 +£60
9.7+15.4
12.8+14.8

66.7 +33.3

12.5+12.7

7.0+9.0

180 [60, 360]

32.0
8.1
59.9
25.6£4.1
88.1+12.0
50+1.0
3.2+£09
1.5+0.4
0.9[0.7,1.3]
21.3

1773 £537
23.4+6.2
126 £ 113

100 £ 61
98 + 60
9.2+16.7
11.5+14.6
63.2+33.9

121131

7.0+8.4

195[75, 360]

29.5
8.6
61.9
25.7+4.0
88.9+11.6
51+1.0
3.2+09
1.5+0.4
1.0[0.7,1.3]
23.4

1954 + 511
24.4+6.0
136 £ 106
102 £57
109+ 57
9.2+14.2
12.3+14.3
65.2+31.4

12.3+12.2

7.2+8.4

210 [85, 380]

28.6
8.3
63.1
25.7+3.9
89.2+11.4
52+1.0
3.3+09
1.5+04
0.9[0.7,1.3]
24.5

2097 +513
249+59
145+ 108
106 + 56
116 £ 56
9.5+14.2
13.0+14.2
67.0+31.4

12.5+12.2

79+89
2201[90, 420]

27.9
7.7
64.3
25.7+3.8
90.0£11.3
52+1.0
3.3+09
1.5+0.4
1.0[0.7,1.3]
24.7

2394 + 585
24.8+5.8
156 £ 117
112 +60
129+ 63
10.9+16.3
14.5+15.9
71.2+£35.7

13.0+13.0
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Table 2. Baseline characteristics of participants of the Lifelines Cohort in the total cohort and
according to quartiles of total dairy intake (N = 74,132). (continued)

Total Q1 Q2 Q3 Q4

(n=74,132) (n=18,600) (n=18,485) (n=18,503) (n=18,544)
Coffee (g/day) 423+ 275 360 £ 285 416 + 271 438 + 261 478 + 268
Tea (g/day) 256 £ 248 261 + 266 254 + 244 256 £ 238 252 £ 240
SSBs (g/day) 142 £172 149 + 188 137 £ 164 136+ 159 144 +£173
Total fat (en%) 345+4.8 33.9+5.2 34.3+4.7 34.5+4.5 3531438
Saturated fat (en%) 15.3+2.3 14.6+2.4 15.0+2.2 15.4+2.1 161 +£2.2
Carbohydrates (en%) 46.0+5.7 47.0+6.3 46.5+5.5 46.0+5.2 447 +5.5
Added sugar (g/day) 52.5+32.5 47.8+32.7 51.1 +30.9 53.2+31.2 57.8+34.3
Calcium (mg/day) 996 + 352 634 £ 149 854 + 124 1044 +132 1432 £ 314

Values are mean + SD for continuous variables with a normal distribution, or median [IQR] for continuous
variables with a skewed distribution, percentages for categorical variables, based on unimputed data.

' Diet quality was measured using the Lifelines Diet Score (LLDS), reflecting adherence to the 2015 Dutch
Dietary Guidelines for prevention of chronic disease, with higher scores indicating better adherence [30].
The LLDS consists of 12 food groups, and possible scores range from 0 to 48.

Abbreviations: BMI, body mass index; en%, percentage of total energy intake; HDL, high-density
lipoprotein; LDL, low-density lipoprotein; SD, standard deviation; SSB, sugar-sweetened beverage; TAG,
triglyceride.

Dairy intake and incident prediabetes

At a mean follow-up of 4.1 £ 1.1 years (median: 4.1; IQR: 3.3-4.8), 2,746 incident cases of
prediabetes were identified among 74,132 participants (3.7%). In multivariable-adjusted
models, the top compared with bottom quartiles of plain milk (59.6% of total milk) and
low-fat plain milk (91.0% of total plain milk) intake were associated with a 17% and 18%
higher risk of prediabetes, respectively (RR,,. o, 1.17, 95%Cl 1.05-1.30, P, = 0.04 and
1.18, 95%Cl 1.06-1.31, P, , = 0.01) (Table 3). Associations with these exposures on a
continuous scale were not significant (RR . ving/day respectively 1.04, 95%Cl 0.99-1.08 and
1.04; 95%ClI 1.00-1.09). Better fit of a nonlinear model was found for plain milk (P for
nonlinearity = 0.02), with the highest risk at low intake (0.25-0.6 serving/day) but no
additional risk at higher intakes (Figure 2). High-fat yogurt (24.5% of total yogurt intake)
was associated with a lower risk of prediabetes in model 1 (RR, ;.. ., 0-73, 95%Cl 0.58-
0.93, RRy,, o; 0.81, 95%Cl 0.69-0.95, P, ,=0.02) and model 2 (RR__ ;.. 0.78, 95%CI
0.62-0.98, quartiles P ., =0.08). However, this association slightly attenuated after
additional adjustment for intake of other food groups related to diabetes (model 3,
RR_.vingraay 0-80, 95%Cl 0.64-1.01, Ry, o, 0.86, 95%Cl 0.74-1.01, P, =0.13). A potential
nonlinear association was observed for cream, with lower risk already at low intakes (P
for nonlinearity = 0.03) (Figure 2). Total dairy, fermented dairy, and cheese, irrespective
of fat content, milk, high-fat plain milk, total and low-fat yogurt, and ice cream were not
associated with prediabetes (Table 3). With additional adjustment for clinical markers
including TAGs, LDL cholesterol, waist circumference, and hypertension, the associations
for total plain milk, low-fat plain milk, and high-fat yogurt were attenuated.

trend

trend

trend
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Figure 2. Non-linear associations between plain milk (p for nonlinearity = 0.02) and cream intake (p
for nonlinearity = 0.03) and prediabetes risk in the Lifelines study. The solid line indicates the risk
estimate fitted with restricted cubic spline regression with 4 knots specified at the 5" percentile
at intake of 0 gram/day, and at the 33™, 67" and 95" percentile of intake as indicated by dotted
vertical lines. The coloured area indicates the 95% confidence interval. The model was adjusted
for age, sex, energy intake, follow-up duration, educational level, alcohol use, smoking behaviour,
physical activity level, family history of diabetes, fruit, vegetables, bread, legumes, nuts, red and
processed meat, coffee, tea, and sugar-sweetened beverages intake.

Subgroup analysis

Significant interactions were observed for total dairy and sex, high-fat dairy and high-fat
cheese and age, and low-fat fermented dairy, and plain milk with waist circumference
and low-fat fermented dairy, high- fat yogurt, low-fat cheese with educational level
(Supplemental Table 3). In participants aged 260 y, high-fat dairy was associated with
a lower risk of prediabetes (RR_, ,;./4., 0-93, 95%Cl 0.88-0.99). However, there were no
significant associations in other age groups (RR_,, ..., ranging from 0.93-1.04). High-fat
yogurt was associated with lower risk of prediabetes in participants with high educational
level (R, /0.y 0-45 95%Cl 0.27-0.76) but not in participants with intermediate (RR__ .,
0.78, 95%Cl 0.51-1.19) or low (RRservmg/dayLH, 95%CIl 0.81-1.54) educational level. In
contrast, low-fat cheese was only associated with higher risk of prediabetes among
participants with high educational levels (RR_ ;. .., 1.16, 95%Cl 1.06-1.26) but not among
intermediate and low educational levels (RR . Other stratified associations
were not significant.

day

serving/day ~1 )

Sensitivity analysis

In sensitivity analyses, all associations were similar after additional adjustment for intake
of all other dairy types; in models excluding participants with prevalent and incident
CVD or cancer; with models using energy- adjusted dairy intake as exposure; and with
models using sex- specific quartiles of dairy as exposure (Supplemental Table 4). When
using the ADA cutoffs, 8,705 incident cases of prediabetes were identified among 74,132
participants (11.7%). Using this cutoff resulted in attenuation of associations for total
plain milk, low-fat plain milk, and high-fat yogurt.
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Secondary analysis with diabetes risk score and “desire to lose weight”

The diabetes risk score at baseline (PROCAM risk score) was associated with the intake
of total dairy and all dairy types (Supplemental Tables 5, 6), i.e., a higher baseline risk
was related to a lower intake of high-fat dairy (BServmg/day -0.17, 95%Cl -0.20; -0.15) and a
higher intake of low-fat dairy (B, , e/, 012, 95%Cl 0.10; 0.14). This was seen for all types
of dairy (fermented dairy, milk, yogurt, and cheese). A similar pattern was observed for
“desire to lose weight,” which was associated with lower intake of high-fat dairy (B., iy
-0.15, 95%Cl -0.16; -0.13) and higher intake of low-fat dairy (B,,,z/a.y 0-10, 95%Cl 0.08;
0.11) (Supplemental Tables 5, 7). Furthermore, additional adjustment for “desire to lose
weight” slightly attenuated nonsignificant associations for high-fat plain milk, high-fat
yogurt, and low-fat yogurt (Supplemental Table 8).

Network structure

The network structure, including food groups and dairy types, showed several foods
that are frequently consumed together within an eating pattern, as indicated by positive
(blue) partial correlations (i.e., correlations corrected for all other factors in the network),
or not consumed together, as indicated by negative (orange) partial correlations (Figure
3). High-fat dairy types were connected by positive edges (i.e., high-fat milk, high-
fat yogurt, and high-fat cheese), which were negatively connected with their low-fat
counterpart (e.g., high-fat yogurt correlated negatively with low-fat yogurt), reflecting
a preference of participants for either high-fat or low-fat dairy. Meat, bread, high-fat
cheese, and coffee were positively connected and somewhat connected with low-fat
milk. In contrast, negative connections between beverages, tea, coffee, and SSBs were
observed. Food groups considered beneficial for health were connected with positive
edges, including vegetables, fruit, fish, legumes, tea, and nuts. A considerable positive
connection between low-fat yogurt and fruit was observed.

The complete network structure showed that prediabetes was placed centrally in a
cluster of age and clinical markers (Figure 4; Supplemental Figure 2). Prediabetes
connected strongly with age and waist circumference, which in turn connected with
the sociodemographic characteristics and health risk factors, and from there, further
connecting with the food groups. Including energy intake in this network resulted in
the clustering of food groups with high energy density around energy intake, including
bread, meat, nuts and SSBs, as well as milk, cheese, cream, and ice cream. Furthermore,
a cluster of fruit, vegetables, fish, legumes, and physical activity was observed. Low-
fat yogurt was connected with this cluster in a network without the other dairy types
where the positioning of low-fat yogurt was not affected by that of high-fat yogurt
(Supplemental Figure 3).

Next, predictability was determined, describing the extent to which a node can be

predicted by all other factors in the network. Thus, nodes with low predictability
are determined by other factors not included in the network or self-determined.
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Furthermore, a node with many connections but low predictability may indicate that
the relevance of connections is limited. The degree of predictability is indicated by
the rings around each node in the network plot. Of continuous nodes, energy intake
(mean explained variance 0.69 as indicated by the blue rings in the figures), age (0.43),
bread (0.41), waist circumference (0.31), and coffee (0.30) had the highest predictability,
meaning that these nodes were somewhat determined by all other factors in the network
(Figure 4). The individual dairy types and physical activity had the lowest predictability,
meaning that they were determined to a lesser extent by factors in the network. For
categorical nodes, the predictability was specified as the accuracy, divided into the
proportion of correct classification by just using the marginal of the variable, and the
accuracy achieved by all other remaining variables. The latter part is more relevant as
it indicates if other nodes in the network provided sufficient information to classify the
node. Prediabetes and low, but for sex, education, and smoking, the network provides
some additional information.

Furthermore, the centrality of nodes was considered, quantifying the nodes that have a
more central position in the network. Somewhat in line with predictability, energy intake,
sex, age, smoking, and waist circumference showed the highest centrality in the network,
meaning that they were related more closely to other nodes and were potentially more
influential (Figure 5). Food groups with high centrality included SSBs, meat, coffee,
and tea, reflective of high- intake levels in this population, yet direct edges with clinical
markers were small. Of dairy types, high-fat cheese had the highest centrality. LDL
cholesterol, physical activity, and other dairy types, especially high-fat milk, and high-fat
yogurt, showed low centrality compared to other nodes.

Some dairy types were connected to the cluster of clinical markers, age, and prediabetes,
although the visibility of these connections is limited in the network plot (Figure 4).
Dairy types positively connected with waist circumference included low-fat milk, low-fat
cheese, low-fat yogurt, ice cream, and high-fat cheese, and dairy types with negative
connections included high-fat yogurt and high-fat milk.

Results on edge-weight accuracy, centrality stability and the semi-parametric copula
network can be found in Supplemental Figures 4 to 6.
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Figure 3. Network structure of dairy intake (blue) and food groups (pink) of the study population
with complete data for variables in the model (n = 74,132). The edges between nodes (variables)
represent conditional independent relationships; blue and orange edges indicate positive and
negative relationships respectively between 2 continuous nodes, with the highest edge weight
being 0.38 (between nodes coffee and tea). Edge thickness is proportional to the strength of the
relationships between the nodes. The absence of an edge indicates that two nodes are conditional
independent in the network. The predictability is indicated by the rings around each node; blue rings
indicate the proportion variance explained by neighbouring nodes with the full circle indicating a
r2 of 1.0. Abbreviations: HF, high-fat; LF, low-fat; SSB, sugar-sweetened beverage.
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Figure 4. Network structure of dairy intake (blue), food groups and energy intake (pink), health
risk factors (yellow), sociodemographic characteristics (green), clinical markers (orange), and
prediabetes (grey) of the study population with complete data for variables in the model (n = 67,206).
The edges between nodes (variables) represent conditional independent relationships; blue and
orange edges indicate positive and negative relationships respectively between 2 continuous nodes,
and grey edges indicate a relationship between at least 1 categorical variable. Edge thickness is
proportional to the strength of the relation between the nodes, with the highest edge weight
being 0.51 (between nodes kcal and bread). The absence of an edge indicates that two nodes
are conditional independent in the network. The predictability is indicated by the rings around
each node; blue rings indicate the proportion variance explained by neighbouring nodes with
the full circle indicating a r? of 1.0; the range/red rings indicate the accuracy for the categorical
nodes, respectively the marginal of the variable and the additionally achieved accuracy by all other
remaining variables, with the full circle indicating an accuracy of 100%. Abbreviations: HF, high-
fat; HT, hypertension; LDL-C, low-density lipoprotein cholesterol; LF, low-fat; PA, physical activity;
PD, prediabetes; SSB, sugar-sweetened beverages; TAG, tri- glycerides; WC, waist circumference.
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Discussion

In this study, total dairy, fermented dairy, and cheese, irrespective of fat content, cream,
and ice cream intake were not associated with the risk of prediabetes. In regression
analysis, plain and low-fat milk intake were associated with a higher risk of prediabetes in
the top compared with the bottom quartile. The network of interrelations between dairy,
risk factors, and dietary intake showed that low-fat milk connected with energy-dense
foods, including bread, meat, and high-fat cheese. High-fat yogurt intake was associated
with a lower risk of prediabetes; however, this association was no longer significant
after further adjustment for intake of other food groups. High-fat yogurt had no clear
role in the networks, but low-fat yogurt was linked to healthy food groups and physical
activity in network analysis, although associations in regression analyses were neutral.

Findings in context

We found that a higher intake of low-fat milk was associated with higher incidence of
prediabetes. This was in line with the Dutch Rotterdam Study (HR . yingraay 1-07; 95%Cl
1.01-1.13) [12] and the Australian Diabetes, Obesity and Lifestyle (AusDiab) study (RR
highest compared with lowest tertile 1.15 95%Cl 0.97-1.35; P,___, = 0.04) [13]. However, no
associations between milk intake and prediabetes were found in the Hoorn Studies [11]
and in cross-sectional studies with prediabetes or glucose measurements as outcomes
[7-9, 69, 70]. A low centrality and predictability of low-fat milk intake in the networks
may indicate that significant associations in the regression analysis could be due to
intake levels coinciding with influential risk factors, such as energy intake and waist
circumference. In contrast to our current findings, a protective nonlinear association of
low-fat milk was found in the US Framingham Offspring Study (n = 1867, 12 years follow-
up, HR > 14 compared with 0 servings/wk 0.84; 95%Cl1 0.62, 112, P, = 0.49) [10]. In the
United States, milk consumers might be healthier than those in Europe, where milk is
consumed by a wider range of populations [71]. So far, evidence for a causal relation
between milk and glucose metabolism from randomized controlled trials is lacking [72,
73]. Furthermore, Mendelian randomization studies with T2D as the outcome showed
no association [74-76].

Exploratory subgroup analyses demonstrated that high-fat yogurt intake was
associated with a lower risk of prediabetes only in participants with a high educational
level. This could be due to the presence of multiple risk factors among people with
lower educational levels, resulting in higher T2D risk regardless of dairy intake [46].
Furthermore, populations with lower education may be more likely to misreport,
resulting in the attenuation of associations [77]. An inverse association for high-fat
yogurt intake and risk of prediabetes was also found in the Rotterdam Study (RR_,, .,
day 0.67; 95%Cl 0.51, 0.89) [12] but not the Hoorn Studies [11]. In contrast, low-fat yogurt
intake was not associated with risk of prediabetes in this study and in previous cohorts
[11,12]. Several meta-analyses showed that total yogurt intake is associated with lower
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T2D risk (RRs ranging from 0.74-0.86); however, no distinction is made between low-
fat and high-fat yogurt [78]. A cluster of low-fat yogurt, fruit, vegetables, fish, legumes,
and physical activity was identified in our study, which also connected to educational
level and inversely to SSBs. This is in line with prior studies showing that low-fat yogurt
intake relates to overall healthier behaviours [14-17]. Two prior studies using network
modelling found that milk and dairy intake connected positively to fruit intake, but they
did not assess specific dairy types [22, 23]. This clustering of low-fat yogurt intake with
healthy behaviours could also reflect reporting bias of socially desirable behaviours.
Further studies are required to establish whether previously reported associations are
due to residual confounding or if causal mechanisms link yogurt to diabetes.

We found that participants with a lower intake of high-fat dairy types and a higher intake
of low-fat dairy types were characterized by a higher baseline diabetes risk and more
often had a desire to lose weight. Awareness of risk could result from a family history
of the disease, being overweight or obese, public health campaigns, or opportunistic
screening by general practitioners. This awareness, or desire to lose weight, might result
in better adherence to dietary guidelines recommending low-fat dairy types to limit
saturated fat and caloric intake [24]. Thus, reverse causation may explain the inverse
associations with high-fat dairy types with prediabetes, and positive associations with
low-fat dairy.

The network figure showed a clustering of clinical markers, co-occurring within the
metabolic syndrome, explaining the minor changes in effect estimates of regression
models with additional adjustment for clinical markers. Waist circumference and age
connected this prediabetes cluster to sociodemographic and health risk factors, which
were in turn connected to food group and dairy intake. This highlights the role of obesity
as a gateway between behaviour and clinical outcomes. In the Rotterdam Study, mainly
weight development mediated associations of dairy intake and prediabetes [12]. Age is
a crucial confounder in these associations, especially relevant in cohorts with wide age
range, such as the Lifelines Cohort.

Strengths and limitations

A major strength of the current study is the large sample size and relatively young
population (mean age 45.5 + 12.3 y), thus including more participants susceptible to
developing prediabetes compared with earlier studies with middle-aged samples [10-12,
25]. Complementary to the regression analysis, the network analysis helped to visualize
the system of interrelated risk factors and behaviours in this population [19, 20]. With
the networks, we could highlight the bridging role of obesity and certain behavioural
patterns linked to dairy, potentially interesting for further research.

The results should be interpreted considering several limitations. First, the FFQ was
administered at baseline only, and dietary changes during follow-up are plausible.
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However, the mean follow-up period was 4y, and prior studies showed that dietary
patterns were relatively stable over follow-up periods of <5 years [79, 80]. Second,
misclassification of the exposure is possible as the FFQ is self-report and prone to
measurement errors. Because the FFQ is suited for ranking of participants, associations
were presented with the dairy exposure both continuously and categorized. Nevertheless,
artificial categorization might result in bias and less power compared with continuous
analysis [81], advocating the need to improve the accuracy of dietary assessment. In the
network structure, weaker connections for health risk factors and food groups compared
with clinical markers may reflect a greater extent of measurement uncertainty. Third,
extensive phenotyping has been done in the Lifelines Cohort, enabling correction for
many known confounders in regression and network analysis; nevertheless, residual
confounding can never be ruled out. Lastly, the Lifelines Cohort is representative of
the general population of the Northern Netherlands [82], but generalizability to other
populations might be limited. Thus, reproducibility in other samples is advocated,
especially in non-White and non-Western regions.

Conclusion

In conclusion, in this large, population-based prospective cohort of Dutch adults, low-
fat milk intake was associated with higher risk of prediabetes. Inconsistent associations
between low-fat and high-fat dairy types might partly be attributed to reverse causation.
Furthermore, network analysis showed clustering of risk factors and behaviours in
relation to prediabetes, with low influence of dairy intake. Future research should
account for this complex system of interacting risk factors. Nevertheless, well-designed
randomized controlled trials are needed to fully elucidate the health effects of dairy,
personalized on relevant risk modifiers.
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Chapter 6

Abstract

Background

Limited observational evidence suggests that a higher intake of high-fat dairy may be
associated with lower prediabetes risk, while opposite associations have been observed
for low-fat milk intake. This study aimed to examine associations between baseline and
changes in dairy consumption, risk of prediabetes, and glycaemic status.

Methods

7,521 participants from the prospective UK Fenland study were included (mean age 48.7
+2.0years, 51.9% female). Dairy intake was measured using self-reported food frequency
questionnaires. Associations with prediabetes risk and glycaemic status were analysed
using Poisson regression models adjusted for social demographics, health behaviours,
family history of diabetes and food group intake.

Results

At a mean follow-up of 6.7 + 2.0 years, 290 participants developed prediabetes (4.3%).
Most dairy products were not significantly associated with prediabetes risk. A higher
baseline intake of high-fat dairy (RR__ ., 120, 95%Cl 1.03-1.39) and high-fat milk
(RR,pyingraay 1-22, 1.01-1.47) were associated with higher prediabetes risk. Conversely,
low-fat milk was associated with lower prediabetes risk (RR_ ., 0.86, 0.75-0.98).
In the analyses evaluating dietary changes over time, increases in high-fat milk were
inversely associated with risk of progressing from normoglycaemia to prediabetes or
type 2 diabetes (RR__ ..., 0-86, 95%Cl 0.75-0.99).

Conclusions

This population-based study showed that most dairy products are not associated with
prediabetes risk or progression in glycaemic status. Positive associations of high-fat
dairy, high-fat milk, and the inverse association of low-fat milk with prediabetes risk
found were inconsistent with prior literature and suggestive of the need for future
research on environmental, behavioural, and biological factors that explain the available
evidence.
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Introduction

Prediabetes is defined as the intermediate stage between normoglycaemia and diabetes,
including impaired fasting glucose and/or impaired glucose tolerance [1]. People in this
early risk stage of type 2 diabetes (T2D) already display metabolic disturbances and are
at high risk for microvascular and macrovascular complications [2-5]. The prevalence
of prediabetes and T2D is increasing worldwide, [6, 7], especially a high prevalence is
observed in people with obesity and of older age [8, 9]. Early-stage prevention is needed
because a considerable proportion of people with prediabetes develop incident T2D (9-
84%, depending on follow-up duration and prediabetes definition) [10] and cardiovascular
diseases [5]. Nevertheless, people with prediabetes may revert to normoglycaemia [10,
11]. Improving dietary and physical activity behaviours is the recommended approach
to prevent and manage prediabetes, and effectiveness has been shown in randomized
controlled trials [12, 13].

Dairy products are widely consumed by many populations. Yet, dietary clinical trial
studies show heterogeneous health effects of dairy, plausibly due to differences in study
populations and variations in consumed dairy types [14, 15]. Few prospective cohort
studies have presented conflicting results regarding the association between dairy
intake and incident prediabetes [16-20]. Some beneficial associations were observed
for high-fat dairy types and prediabetes risk [16-18, 20], while unfavourable associations
for low-fat milk intake were found [18-20]. To our knowledge, no study has evaluated
the association of changes in dairy consumption with prediabetes risk, while analysing
changes in a dietary exposure may help characterise a causal association better than
analysing a dietary exposure at a single time point [21]. Overall, additional studies are
needed on this topic, especially analyses in cohort studies with repeated assessments of
dairy intake. Therefore, this study aimed to examine associations between baseline and
changes in dairy consumption (quantity and type, e.g. milk, yogurt, and cheese), risks of
prediabetes, and change in glycaemic status (hormoglycaemia, prediabetes and T2D) in
the UK prospective Fenland study.

Methods

Study design and population

The Fenland study is an ongoing cohort study of people born between 1950 and 1975
in Cambridgeshire, UK, aiming to investigate how environmental and genetic factors
contribute to metabolic disorders. Baseline measurements (Phase 1) were conducted
between 2005 and 2015 (n = 12,434, response rate: 27%). Eligible participants were
recruited by their general practice to attend one of the clinic sites at Ely, Wisbech, or
Cambridge, UK, where assessment took place including self-reported questionnaires,
clinical measurements, and blood tests for biochemical measurements. Exclusion
criteria were a known history of diabetes, psychotic or terminal illness, inability to walk
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unaided and pregnancy or lactation. Each participant underwent a single follow-up
measurement (Phase 2) between 2014 and 2020 (n = 7,795, follow-up rate: 62.7%). The
study was approved by the Cambridge Local Ethics Committee. All participants gave
written informed consent.

For the current analysis, we excluded participants without the Phase 2 assessment
(n =4,608), pregnant women (n =9), and participants with missing dietary data at
baseline (n=5), energy intakes at baseline outside the sex-specific ranges (<500
and >=3500 kcal/day in women and <800 and 24000 kcal/day in men) considered as
implausible [22] (n = 115), T2D at baseline (n = 116), missing data for glycaemic outcomes
at baseline (n = 25), or missing glycaemic outcomes at follow-up (n = 34), resulting in
7,521 participants (Figure 1). This subset was used for descriptive analyses. For analysis
with prediabetes risk as outcome, we further excluded participants with prediabetes
(n =819) at baseline, and T2D at follow-up (n = 63), resulting in 6,639 participants. For
the analyses where changes in dairy intake were modelled as exposure variables, we
excluded participants with missing dietary data (n = 22) or implausible energy intake at
follow-up (n = 89), resulting in 7,410 participants.

Ascertainment of prediabetes and type 2 diabetes

At baseline and follow-up clinic visits, fasting blood samples were drawn. Furthermore,
a standard oral-glucose-tolerance test (OGTT) using a 75-g glucose drink was
administered to obtain the two-hour plasma glucose (2hPG). Fasting plasma glucose
(FPG) concentrations were assessed using the hexokinase method. HbA1c was measured
with ion-exchange high-performance liquid chromatography. At baseline and follow-up,
prediabetes was defined based on FPG levels between 110 and 125 mg/dL (6.1 and 6.9
mmol/L), 2hPG levels between 140 and 199 mg/dL (7.8 and 11.0 mmol/L), or HbA1c levels
between 42 and 48 mmol/mol (6.0 and 6.5%) as defined by the World Health Organization
and the International Expert Committee (WHO-IEC) [1, 23]. T2D at baseline was defined
as self-reported usage of oral antidiabetic agents, FPG levels 7.0 mmol/L, 2hPG levels
>11.1 mmol/L, or HbA1c levels 248 mmol/mol. New-onset T2D during follow-up was
ascertained if a participant met any of the following criteria: ICD-10 codes, physician
diagnosis of T2D, self-reported diagnosis, self-reported usage of oral antidiabetic agents,
FPG 27.0 mmol/L, 2-h glucose =11.1 mmol/L or HbA1c 248 mmol/mol. We additionally
defined prediabetes based on three different definitions as many studies do not have
all three glycaemic measures available when defining prediabetes. Studies utilize an
FPG-only based definition, or FPG in combination with either 2hPG or HbA1c, as the
OGTT measurement is costly and burdensome. We also based the participant selection
on the assumption that only data for certain glycaemic measures was available. This
affected the number of participants with prevalent prediabetes and T2D at baseline, T2D
at follow-up, and the number of participants with missing data for glycaemic markers
at baseline and follow-up (Table 1).
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Participants in the Fenland Study
(n=12,435)

Without a follow-up measurement (n=4,608)
Pregnant women (n=9)

Missing dietary data at baseline (n=5)
Implausible energy intake at baseline (n=115)
Prevalent type 2 diabetes at baseline (n=116)

Eligible participants with complete exposure M'iss'ing data for glycaemic outcomes at baseline (n=_25)

) Missing data for glycaemic outcomes at follow-up (n=34)

and outcome data and plausible energy
intakes (n=7,521)

A

Prevalent prediabetes at baseline (n=819)
7 Type 2 diabetes at follow-up (n=63)

y

Analytic sample for prediabetes risk
(n=6,639)

Missing dietary data at follow-up (n=22)
Implausible energy intake at follow-up (n=89)

A 4

Analytic sample for changes in dairy intake
(n=7,410)

Figure 1. Flow-chart for inclusion of participants for the present analysis of the Fenland study.

Table 1. Inclusion of participants and prediabetes incidence based on different prediabetes outcome
definitions in the Fenland study.

Glycaemic markers used to define prediabetes

FPG, 2hPG FPG only FPG & FPG &
& HbA1c 2hPG HbAlc
Prevalent type 2 diabetes at baseline 116 51 81 99
Prevalent prediabetes at baseline 819 107 436 566
Type 2 diabetes at follow-up 63 106 80 75
Additional missing values in glycaemic markers - 68 17 14
Analytical sample for prediabetes risk 6639 7305 7024 6888
Prediabetes incidence 290 (4.4%) 106 (1.5%) 254(3.6%) 192 (2.8%)

Abbreviations: 2hPG, 2-hour Plasma Glucose; FPG, Fasting Plasma Glucose; HbA1c, Glycated Haemoglobin.
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Dietary assessment

Habitual dietary data over the previous year were measured at baseline and follow-up
using a 130-item semi-quantitative food frequency questionnaire (FFQ) [24]. The in-house
software was used to estimate the daily food and nutrient intakes, in gram/day, from
the FFQs, using food composition data from McCance and Widdowson'’s Composition of
foods (5% Edition) and its supplements [25]. Spearman correlation coefficients between
the FFQ and 16-day weighed records were previously reported as 0.55 and 0.56 for the
estimated intakes of total fat and saturated fat, respectively, indicating moderate validity
[26, 27]. A previous study reported that the correlation coefficients between the FFQ and
7-day food diaries were 0.56 for milk, 0.57 for yogurt and 0.33 for cheese [28].

The FFQ included standard questions on different dairy types, a free-text question asking
types of milk consumed regularly, and a question asking milk consumption with milk
with tea, coffee, and cereals. Dairy foods were assessed in servings/day and categorized
as milk (any types of cow’s milk), yogurt, cheese, cream, and ice cream, of which serving
sizes followed the previous dairy analysis in the Fenland study [29] (Table 2). Each dairy
category was further divided into low-fat (liquid products <2%, cheese <20%) and high-
fat (liquid products >2%, cheese >20%). At baseline and follow-up, 7.2% and 21.5% of
participants consumed milk for whom we could not determine the fat content. Therefore,
for those participants, intakes of non-specific milk were divided equally into high-fat
and low-fat milk intakes. Butter was not included in the dairy group in line with previous
research [30, 31] and analysed as a separate food group (33).

Data on total energy (kcal/day), alcohol intake (g/day), the intake of macronutrients,
added sugar, calcium, sodium, and food groups (fruits, vegetables, whole grains,
refined grains, potatoes, legumes, nuts, tea, coffee, red meat, processed meat, fish,
and sugar-sweetened beverages (SSBs)) were also obtained from the FFQ. The intakes
of macronutrients (fat, saturated fatty acids (SFAs), protein and carbohydrates) were
expressed as percentage from total energy (en%). Furthermore, the Dietary Approaches
to Stop Hypertension (DASH) adherence score and the Mediterranean diet score
(MDS) were calculated based on the FFQ as measures of diet quality [32-34] (details in
Supplementary Materials).

Dietary quality

The Dietary Approaches to Stop Hypertension (DASH) was adapted from Fung et al.
and consisted of eight dietary components (grains/grain products, vegetables, fruits,
low-fat/fat-free dairy, red and processed meat, nuts/seeds/dry beans, dietary sodium,
and foods high in added sugar) [32]. The DASH score was calculated by summing
the quantile scores of each energy adjusted dietary component, ranging between 8
(least healthy) and 40 (most healthy). The tertiles Mediterranean diet score (MDS) was
designed to reflect a degree of dietary adherence to the Mediterranean dietary pyramid
proposed by the Mediterranean Diet Foundation for both Mediterranean and non-
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Mediterranean countries [33, 34]. The MDS reflected consumption levels of fifteen food
groups: vegetables, legumes, and fish as healthy food groups; red meat, processed meat,
potato, and sweets as unhealthy food groups, and fruits, cereals, nuts, eggs, dairy, white
meat, and alcoholic beverages as food groups for which the pyramid recommended a
moderate intake. A continuous score from 0 to 1 was assigned to each of the components
according to the recommended consumption level, and a total score could range from
0 to 15 points.

Table 2. Food items included in total dairy and dairy types and consumption in the Fenland study
(n=7,521).

Dairy type Definition Consumers Baseline Follow-up Change

% Servings/day Servings/day Servings/day

Primary exposures
Milk High-fat milk; low-fat milk 92.4% 1.44+0.87 1.25+0.85 -0.19+0.82

High-fat  Full cream, silver; Channel Islands, 16.0% 0.19+0.53 0.25+0.52 -0.02+0.5
gold, non-specific milk (50%) of intake

Low-fat ~ Semi-skimmed, red/white; dried milk, 85.1% 1.25+0.90 1.00+0.82 -0.18 =

non-specific milk (50%) of intake 0.88'
Yogurt High-fat yogurt; low-fat yogurt 78.4% 0.42+0.49 0.46£0.54 0.04+0.56
High-fat  Full fat or Greek yogurt 34.7% 0.08+0.19 0.15+0.30 0.07 £0.31
Low-fat  Low-fatyogurt, fromage frais 70.1% 0.34+0.46 0.31+0.46 -0.03+0.50
Cheese High-fat cheese; low-fat cheese 98.8% 0.55+0.45 0.54+0.48 -0.01 +0.51
High-fat Cheese, e.g. Cheddar, Brie, Edam 98.4% 0.44+0.36 0.44+0.37 0.00+0.38
Low-fat Cottage cheese, low-fat soft cheese 38.2% 0.11+£0.27 0.11+£0.29 -0.01+£0.34
Secondary exposures
Total dairy  High-fat dairy; low-fat dairy 99.7% 2.64+1.20 2.48+1.24 -0.16+1.20
products

High-fat  High-fat milk; high-fat yogurt; high-fat ~ 99.4% 0.93+0.79 1.05+0.82 0.06+0.81
cheese; total cream; ice cream; milk
puddings, e.g. rice, custard, trifle;
dairy desserts

Low-fat  Low-fat milk; low-fat yogurt; low-fat 94.6% 1.71+1.10 1.43+1.03 -0.21 +1.07"
cheese
Fermented High-fat fermented dairy; low-fat 99.2% 0.97+0.71 1.00+0.78 0.03+0.79
dairy fermented dairy
High-fat  High-fat yogurt; high-fat cheese 98.6% 0.52+0.43 0.58+0.49 0.07 £0.50
Low-fat  Low-fat yogurt; low-fat cheese 76.7% 0.46+0.58 0.42+0.59 -0.04+0.63
Cream Double or clotted cream, single or 47.1% 0.09+0.19 0.09+0.21 0.00+0.23
sour cream
Ice cream Ice cream, chocices 64.2% 0.05+0.08 0.06+0.10 0.00+0.10
Butter Butter on bread or vegetables 60.4% 0.49+0.86 0.57+0.88 0.07+0.90

Values are mean * SD. Excluding participants who consumed non-specific milk at baseline or follow-up
(n=2,162, 29%) to avoid classification errors in change estimates. Consumers were defined as consuming
>0 servings/day of a specific dairy type. Serving sizes were one average glass of milk; 200g, one pot of
yogurt; 125g, a medium serving of cheese; 40g, one tablespoon for single cream; 15g, one tablespoon for
double cream; 30g one average scoop/tub for ice cream; 150g, one teaspoon for butter, 10g [29].
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Covariates

Sociodemographic and health factors

Data on covariates related to sociodemographic factors, health behaviours and
medication use were collected at baseline and follow-up using a general health
questionnaire. Information was obtained on sex, age (years), education, ethnicity,
occupation, income, marital status, smoking status, family history of diabetes, and
self-reported medication use. Categorisation of those covariates were operated as
previously conducted [29]. Education was defined as low (no formal qualifications,
primary school: School Leaving Certificate, Certificate of Secondary Education, or
Ordinary Level), intermediate (high school: City & Guilds qualifications, apprenticeship,
matriculation, trade, or Advanced Level) or high (higher vocational, college, or university
education) and age on completing formal education (years). Ethnic origin was classified
into two categories (White and non-White including Black Caribbean, other Black, Indian,
Pakistani, Bangladesh, Chinese, others). Occupation was assessed as paid or voluntarily
full-time or part-time working (yes or no including housekeeping, retired, unemployed,
on sick leave or studying). Total household income over the 12 previous months was
categorised as <£20,000, £20,000-40,000 and >£40,000 per year [35]. Marital status
was defined as single, married or widowed/separated. Smoking status was defined as
current, former, and never. Pack-years among smokers were calculated as a product of
self-reported duration and smoking amounts. Physical activity was objectively measured
over 7 days using a combined heart rate and movement sensor (Actiheart, CamNtech)
[36] and individually calibrated with a treadmill test to derive physical activity energy
expenditure (PAEE) (k)/kg/d) [37]. Questions related to family history of diabetes (parent
or sibling) were included (yes or no). In consenting participants weighting <140 kg, full
body dual-energy X-ray absorptiometry (DXA) scans (GE Lunar Prodigy Advanced, GE
Medical Systems) and enCORE software version 14-16 (GE Healthcare) were used to
derive fat mass measurements across body regions [38]. This method was validated
against the gold-standard 4-compartment method [39].

Anthropometric and clinical measurements

Data on anthropometric measures were obtained from clinical measurements at baseline
and follow-up according to a standardized protocol [40, 41]. BMI was calculated as weight
divided by height squared (kg/m?2). Waist and hip circumferences were averaged from two
repeated measures with a non-stretchable tape. Body fat percentage was determined
by dual-energy X-ray absorptiometry [38]. Systolic and diastolic blood pressure were
measured thrice using an Accutorr sphygmomanometer after the participant had
been rested for five minutes [41] and expressed in mmHg. The mean of the three
measurements was used for analysis. Hypertension at baseline or follow-up was defined
as systolic blood pressure =140 mm Hg or diastolic blood pressure 290 mm Hg [42] or
use of anti-hypertensive medication or self-reported high blood pressure.
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Blood lipid markers and biomarkers

Plasma total cholesterol, high-density lipoprotein cholesterol (HDL-C) and triacylglycerol
(TAG) concentrations (mmol/L) in fasting plasma samples were measured using standard
enzymatic methods [43]. Low-density lipoprotein cholesterol (LDL-C) concentrations were
calculated using Friedewald’s formula [44]. Dyslipidaemia at baseline or follow-up was
defined as plasma total cholesterol concentration above 190 mg/dl (~4.9 mmol/L) [45] or
use of lipid lowering medication. The plasma phospholipids fatty acids pentadecanoic
acid (C15:0), heptadecanoic acid (C17:0), and trans-palmitoleic acid (tC16:1n7) have been
used as biomarkers for dairy fat intake and found negatively associated with T2D in
cohort studies [46]. Meta-analyses of observational studies show that myristic acid
(C14:0) correlates with dairy intake, [47] and higher concentrations are linked to higher
T2D risk [48]. The methods used to estimate the quantities of these biomarkers were
described in detail previously [49].

Statistical analyses

Baseline characteristics were described across intake range categories of milk, yogurt,
and cheese. For the analysis of associations of dairy intakes with prediabetes risk at
follow-up, Poisson regression with robust variance was used to estimate the relative risk
(RR) with 95% confidence interval (Cl) [50]. For the analysis of change in glycaemic status,
the outcome was treated as an ordinal variable representing three levels of glycaemic
status as normoglycaemic, prediabetes, and T2D, and evaluated with Poisson regression.
Follow-up periods varying by participant were modelled as an offset variable. Dairy
intakes were modelled as categorical variables based on non-consumers and consumer
categories (two or three groups depending on the intake distribution), a continuous
scale (servings/day) at baseline, and changes in dairy intake between the baseline and
the follow-up assessment (i.e., the absolute difference, subtracting the baseline intake
from the follow-up intake). A non-linear association was assessed with a second-order
polynomial or restricted cubic spline function compared to the linear model assessed
by likelihood ratio tests.

Confounders were selected and modelled sequentially to present RR estimates
with different sets of covariates adjusted for, based on existing evidence, biological
plausibility, and statistical efficacy [51, 52]. We first adjusted for age, sex, study site
(Cambridge, Ely, and Wisbech), and total energy intake. We considered the following
covariates to adjust for: educational level, age at finishing education, ethnicity, marital
status, occupation, income, smoking, alcohol intake (restricted cubic spline terms), PAEE,
family history of T2D, hypertension, dyslipidaemia, waist circumference, food groups
found to be associated with T2D in other cohorts (fruits, vegetables, whole grains,
refined grains, potatoes, legumes, nuts, tea, coffee, red meat, processed meat, fatty
fish, and sugar-sweetened beverages) [53], the tertiles Mediterranean Diet Score (tMDS)
adherence, the Dietary Approaches to Stop Hypertension (DASH) adherence, and intake
of all other dairy foods when evaluating each dairy subtype. For changes in dairy intake,
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models included the baseline value of the outcome, baseline intake of the dairy type
and changes in covariates if applicable. Potential effect modification by age, sex, waist
circumference and educational level were explored in the most adjusted models and
stratified associations were presented in case of a significant interaction (p <0.05).

Multiple secondary analyses were performed to evaluate relevant hypotheses or to
assess the robustness of the findings. We evaluated dairy consumption after energy
adjustment with a residual technique [22]. We repeated main analyses using different
prediabetes definitions (Table 1). Linear regression models were used to analyse changes
in dairy intake with parallel changes in continuous variables of glycaemic markers (FPG,
2hPG, and HbA1c) between the baseline and follow-up measurement. In analyses for
changes in high-fat and low-fat milk and dairy, we excluded participants who consumed
non-specific milk with unknown fat content at baseline or follow-up (n =2,162, 29%)
to avoid classification errors in change estimates. Furthermore, we used linear mixed
models with each dairy exposure, follow-up time and an interaction between the dairy
exposure and follow-up time as a fixed effect. The main term represents the overall
association between dairy consumption and the glycaemic outcome over the follow-up
period. The interaction term reflects how the association of dairy consumption with
glycaemic markers changes over time. Additionally, the models included a random
intercept for participants and a random slope for the follow-up time. The results were
expressed as beta coefficients and 95% confidence intervals (8, 95% Cl). To assess the
impact of dairy fat biomarkers on the associations between dairy intake and prediabetes
risk that were significant in main analysis, we calculated the percentage change in
regression coefficients before and after introducing dairy fat biomarkers into the models
[54, 55]. This percentage change was expressed as 100 X [(B, . 4o~ Brefmodel + dairy fat biomarkers)’
B ermoger] - We considered the percentage of attenuation of the association between each
dairy type and prediabetes as the degree of mediation due to the dairy fat biomarkers.
Confidence intervals for the percentage attenuation were estimated by bootstrapping
with 2000 iterations. Lastly, we applied network models using the statistical analysis
approach described in Chapter 6.

Missing values for covariates were imputed using multiple imputation (n =10)
(Supplemental Table 1) [56]. All analyses were conducted using R, version 4.1.2 (R
Foundation for Statistical Computing, Vienna, Austria). P-values (two-sided) <0.05 were
considered statistically significant.

Results

Descriptive characteristics

In this study sample of 7,521 participants, most participants consumed dairy (99.7%)
contributing to a median 14.0 weight% of the total diet (Table 2; Supplemental Figure 1).
Dairy intake mainly consisted of low-fat milk (mean + SD 1.25+0.90 servings/day), high-fat
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cheese (0.44+0.36 servings/day) and low-fat yogurt (0.34+0.46 servings/day). Low-fat milk
intake decreased slightly over follow-up on average (-0.18+0.88 servings/day). The mean
age was 48.7+2.0 years, 51.9% was female, and 9.4% were current smokers. The mean
waist circumference was 90.0+12.9 cm, the mean BMI was 26.4+4.4 kg/m? and 17.6% were
obese BMI 230 kg/m?). The demographic and health characteristics across high and low
intake ranges of milk, yogurt and cheese are presented in Table 3, showing noteworthy
patterns. For example, compared to non-consumers, dairy consumers were more likely
to report a White ethnic background. High milk consumers were more likely to be men
and with lower educational level, while high yogurt and cheese consumers were more
likely to be women and with higher education level. Compared to low yogurt consumers,
high yogurt consumers were less often smokers, with a higher body fat percentage, but
lower prevalences of hypertension and dyslipidaemia, and higher diet quality. Among
high cheese consumers the prevalence of hypertension and dyslipidaemia was also
lower compared to low cheese consumers. Furthermore, diet quality was slightly higher,
however also intake of meat and SSBs was higher. Descriptive characteristics by dairy
consumption, by sex, and by included versus excluded from the current analyses are
presented in Supplemental Table 2. Weak correlations between dairy types, blood
lipids, inflammatory markers and dairy fat biomarkers were found (Supplemental
Table 3). The highest correlations were found between high-fat fermented dairy, high-
fat cheese, butter, and dairy fat biomarker C15:0 (range 0.22-0.24).
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Dairy intake and risk of prediabetes and type 2 diabetes - the Fenland study

Baseline dairy intake and prediabetes risk

At a mean follow-up of 6.7 £ 2.0 years, 290 incident cases of prediabetes were identified
among 6,639 participants (4.4%). Total dairy, low-fat dairy, fermented dairy, low-fat
fermented dairy, milk, yogurt and low-fat yogurt, cream, ice cream and butter were
not associated with risk of prediabetes. After adjusting for potential confounders at
baseline, a higher intake of high-fat dairy (RR_, .4, 120, 95%Cl 1.03-1.39) and high-
fat milk (RR, 000y 1-22, 95%Cl 1.01-1.47) were associated with higher prediabetes risk
(Figure 2). Associations of high-fat fermented dairy, high-fat yogurt, and total, high-fat,
and low-fat cheese were similar (RR_, .., ranging from 1.22-1.28). On the contrary,
low-fat milk was associated with lower prediabetes risk (RRservmg,day 0.86, 0.75-0.98). Non-
linear associations were not evident from categorical analyses (Table 4) and in models
with fractional polynomial or spline terms. In secondary analyses, additionally adjusting
for BMI, marital status, income, diet quality instead of food groups, or intake of other
dairy types did not change any of the parameter estimates (Supplemental Table 4).

Prediabetes risk
RR (95%CI)

Milk Total —— 0.92 (0.80-1.06)
High-fat F—— 1.22 (1.01-1.47)
Low-fat % —=— 0.86 (0.75-0.98)
Yogurt  Total —_— 0.93 (0.73-1.19)
High-fat : 1.22 (0.74-2.01)
Low-fat ~ ————— 0.89 (0.68-1.17)
Cheese  Total —— 1.27(0.99-1.62)
High-fat : 1.28 (0.86-1.91)
Low-fat : 1.26 (0.90-1.77)
Cream —_— 0.51(0.21-1.25)
Ice cream 0.94 (0.24-3.70)
Butter — 0.88 (0.75-1,04)
Total dairy —— 0.98 (0.87-1.10)
High-fat P 1.20 (1.03-1.39)
Low-fat —— 0.90 (0.80-1.01)
Fermented dairy e 1.07 (0.90-1.27)
High-fat —_— 1.26 (0.92-1.74)
Low-fat —— 0.99 (0.81-1.22)
I ] | 1
0.5 1.0 L5 2.0
RR (95%CTI)

Prediabetes risk per serving of
dairy intake per day

Figure 2. Associations of dairy intake by serving/day and prediabetes risk (n = 6,639). Bars represent
continuous relative risks (RR) with 95% confidence intervals (Cl) adjusted for age, sex, study site,
energy intake, educational level, age at completion of education, ethnic origin, alcohol use, smoking
behaviour, physical activity, family history, intake of fruit, vegetables, whole grains, refined grains,
potatoes, legumes, nuts, red and processed meat, fatty fish, coffee, tea, sugar-sweetened beverages,
hypertension, dyslipidaemia, and waist circumference. * P-value <0.05.
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Chapter 6

Significant interactions were observed for baseline intake of low-fat dairy and age, and
total dairy, total and low-fat fermented dairy, and total yogurt with educational level
(Supplemental Table 5). In participants aged <50 years, low-fat dairy was associated
with a lower risk of prediabetes (RRservmg/day 0.80, 0.67-0.97), but not in participants aged
>50 years (RRservmg/day 0.97, 0.84-1.12). Total dairy, fermented dairy, low-fat fermented
dairy, and yogurt were associated with lower prediabetes risk in participants with a
high educational level (RRs ranging from 0.59-0.78), however, the associations were
not evident among those with intermediate (RR ranging from 1.00-1.02) and low
educational levels (1.11-1.42).

serving/day
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Chapter 6

Changes in dairy intake and glycaemic status

Of 7,410 participants, among those with normoglycaemia, 287 developed prediabetes
(3.9%) and 61 T2D (0.8%), and among those with prediabetes, 99 developed T2D (1.3%).
Of 803 participants with prediabetes at baseline, 470 (58.5%, 6.3% of total) regressed
to normoglycaemia. Changes in intakes of high-fat milk were inversely associated with
progressing from normoglycaemia to prediabetes or T2D (RR__ ;. 4,, 0.86, 0.75-0.99)
(Figure 3). None of the other dairy types were associated with glycaemic status, but
changes in intakes of butter were positively associated with progression in glycaemic
status (RR ., zasy 1:11, 1.01-1.22). Additionally adjusting for BMI, marital status, income
(results not shown), diet quality instead of food groups, or intake of other dairy types did
not change parameter estimates (Supplemental table 6). In the non-linear association
analyses (Supplemental figure 2), changes in high-fat fermented dairy consumption
showed a U-shaped association (P=0.04 for the curvature), where a higher risk was
observed when the intake either decreased or increased over the follow-up. For high-fat
milk (P=0.03 for the curvature), risk was lowest at a modest increase of ~1 serving/day
with a monotonic negative association of the dietary change with the prediabetes risk.

Significant interactions were observed for changes in intake of low-fat fermented dairy
and low-fat yogurt with age, and total dairy, high-fat dairy, fermented dairy, high-
fat fermented dairy, low-fat fermented dairy, yogurt, high-fat yogurt, and ice cream
with waist circumference (Supplemental Table 7). In participants with a high waist
circumference, changes in fermented dairy (RR,, ;4. 111, 1.01-1.22), low-fat fermented
dairy (RR_ ngaay 1-16, 1.01-1.31) and yogurt (RR 1.14, 1.02-1.29) were positively
associated with a higher risk of progressing from normoglycaemia to prediabetes or
T2D. Other stratified analyses were not significant.

serving/day

Secondary analysis

Associations with the energy-adjusted dairy exposure were similar (Supplemental
Tables 4 and 6). The prediabetes incidence was 1.5% based on FPG only, 3.6% based
on FPG and 2hPG, and 2.8% based on FPG and HbA1c, compared to 4.4% based on the
WHO-IEC definition (Table 1). The impact of using different prediabetes definition on the
effect estimates differed by dairy type (Supplemental table 8). For most dairy types,
the effect estimates using the FPG & 2hPG definition most closely resembled those in
main analysis using the WHO-IEC definition. Furthermore, associations of dairy types
with prediabetes based on FPG only were slightly stronger compared to those using the
WHO-IEC definition. The association between higher intake of high-fat dairy and higher
prediabetes risk in main analysis was only significant, and slightly stronger, when using
the FPG & HbATc definition (RR_,, /., 1.27, 95%Cl 1.07-1.51), but not with the other
outcome definitions. Higher intake of low-fat dairy was associated with lower prediabetes
risk based on the three alternative definitions (RR, yingraay FANGING from 0.75-0.88), with
strongest associations when using the FPG only definition (RR_,,; ., 0.75, 95%Cl 0.61-
0.94, RR 0.53, 95%Cl 0.30-0.93, P =0.04). For milk, all four outcome definitions

trend

Q4vs.Q1
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resulted in similar estimates, ranging from 1.17-1.25 for high-fat milk and 0.82-0.86 for
low-fat milk. Using the FPG only definition resulted in a significant association for yogurt
(RR 0.45,0.25-0.80, RR,, 5, 0.44, 95%C1 0.21-0.95, P, = 0.02) and low-fat yogurt
(RRyingraay 0-42, 95%C1 0.23-0.75; RR, . , 0.51,95%C1 0.25-1.02, P, = 0.01). Higher low-
fat yogurt was also significantly associated with prediabetes based on the FPG & HbA1c
definition (RR__ /.y 0-62, 95%Cl 0.41-0.95; RR,, . o, 0.66, 0.42-1.03, P, _ ,=0.01). The
associations for cheese (RR__ ;.. s., 1-40, 95%Cl 1.13-1.75; RR,, . , 1.41, 95%Cl 0.99-2.00,
Piena = 0.04), high-fat cheese (RR_, .., 1.46, 95%Cl 1.04-2.05) and cream (RR__; ..,
0.31, 95%Cl 0.09-1.00) were stronger using the FPG & 2hPG definition compared to main
analysis.

serving/day

trend

RR (95%CI)

Milk Total —— 1.00 (0.91-1.10)
High-fat % —— 0.86 (0.75-0.99)
Low-fat e 1.07 (0.98-1.17)
Yogurt  Total —— 1.10 (0.96-1.25)
High-fat —— 1.09 (0.89-1.33)
Low-fat —— 1.09 (0.93-1.27)
Cheese  Total —— 1.01 (0.87-1.16)
High-fat —— 1.00 (0.86-1.17)
Low-fat —_— 1.03 (0.76-1.39)
Cream —_— 0.93 (0.63-1.37)
Ice cream 1.04 (0.57-1.91)
Butter —— 1.11 (1.01-1.22)
Total dairy —— 1.02 (0.95-1.10)
High-fat — 0.93 (0.85-1.03)
Low-fat — 1.07 (0.99-1.16)
Fermented dairy —— 1.05 (0.96-1.16)
High-fat —— 1.04 (0.91-1.19)
Low-fat —— 1.06 (0.93-1.22)
1 1 1 1
0.5 1.0 15 2.0
RR (95%CI)

Glycaemic status progression
risk per serving of dairy intake
per day

Figure 3. Associations of changes in dairy intake from baseline to follow-up in servings/day with
glycaemic status (n = 7,410). Glycaemic status was operationalized as an ordinal variable with three
levels: normoglycaemia, prediabetes and T2D, and thus relative risks (RR) represents the average
risk of prediabetes from normoglycaemia and of T2D from prediabetes. RR with 95% confidence
intervals (Cl) adjusted for the baseline value of the outcome, age, sex, study site, energy intake,
educational level, age at completion of education, ethnic origin, baseline and changes in alcohol use,
smoking behaviour, baseline and changes in physical activity, family history, baseline intake of the
dairy type, baseline and changes in dietary intakes (fruit, vegetables, whole grains, refined grains,
potatoes, legumes, nuts, red and processed meat, fatty fish, coffee, tea, and sugar-sweetened
beverages), hypertension, dyslipidaemia and baseline and changes in waist circumference. * P-value
<0.05.
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Parallel change analysis

Changes in low-fat dairy and low-fat milk were positively associated with changes in
FPG (B.erving/aay=0-02, 0.00-0.04, and 0.03, 0.01-0.05, respectively) and 2hPG (0.04, 0.00-
0.08 and 0.06, 0.01-0.11, respectively) (Supplemental Figure 3, Supplemental Table 6).
Serving/day:-0'03'
-0.05 to 0.00). Upon exclusion of participants who consumed non-specific milk with
unknown fat content at baseline or follow-up (n = 2,162, 29%), these associations with
FPG and 2hPG were no longer evident. Other associations of changes in dairy intake
during follow-up and changes in FPG, OGT and HbA1c were not significant.

Changes in high-fat milk were inversely associated with changes in FPG (3

Linear mixed models

Using mixed models, a similar positive association for low-fat milk (B, ;. 4a+time 0-003
mmol/L, 95%Cl 0.0003, 0.005) was found (Supplemental Table 9). Furthermore, total
dairy, milk, and butter were positively associated with FPG over follow-up, although effect
sizes were modest (B, ;. /40, +time 0-002-0.003 mmol/L). In contrast to the parallel change
analysis, low-fat dairy and high-fat milk were not associated with FPG. Associations for
2hPG were different in comparison to the parallel change analysis. Fermented dairy
(Berving/daystime 0-01 mmol/L, 95%Cl 0.001, 0.02), high-fat fermented dairy (B, ying/gay+time
0.01 mmol/L, 95%Cl 0.001, 0.03) and butter were positively associated with 2hPG over
follow-up, but low-fat dairy and low-fat milk were not. Additionally, low-fat dairy (B,
dayrtime 0-002 mmol/L, 95%CI 0.0005, 0.003), low-fat milk (B, g /aay+ime 0-002 mmol/L, 95%CI
0.001, 0.003), and ice cream (BSenglday*tirne 0.02 mmol/L, 95%Cl 0.003, 0.03) were positively
associated with HbA1c over follow-up. Inverse associations were found for high-fat dairy
(Buerving/daysime ~0-002 mmol/L, 95%ClI -0.003, -0.0001), and high-fat milk (B -0.004
mmol/L, 95%Cl -0.006, -0.001), and HbA1c over follow-up.

serving/day*time

Dairy fat biomarkers

Additional adjustment for C14:0 attenuated the associations of high-fat dairy (%
attenuation: 16.2%, 95%Cl 4.2-95.5%) and high-fat milk (8.5%, not significant) with
prediabetes risk (Supplemental Table 10). Associations were slightly stronger when
adjusting for C15:0, C17:0, tC16:1n7, and all dairy fat biomarkers together (attenuation
ranging from -5.5% to -15.9%), but bootstrapped confidence intervals did not indicate
significant differences. The dairy fat biomarkers had no relative contribution to inverse
associations of low-fat milk and prediabetes.

Network models

The network of conditional independent relationships of food groups and dairy types
showed several foods that are frequently consumed together within an eating pattern,
as indicated by positive (blue) edges (i.e., conditional independent relationships), or not,
as indicated by negative (orange) edges (Supplemental figure 4). High-fat dairy types
were connected by positive edges, except for high-fat milk and high-fat cheese which
were negatively connected. High-fat milk and high-fat yogurt were negatively connected
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with their low-fat counterpart. Low-fat cheese was only positively connected with low-fat
yogurt, which were also positively connected with fruit, vegetables, fish, legumes, and
whole grains. Meat, potatoes, refined grains, SSBs, high-fat cheese and vegetables were
positively connected and somewhat connected with high-fat milk, low-fat milk, and ice-
cream. In contrast, negative connections between beverages including tea, coffee, and
SSBs were observed.

The complete network structure showed that prediabetes was only weakly connected
to waist circumference and TAG (Supplemental figure 5). Waist circumference,
LDL-C, hypertension, and TAG clustered, bridging prediabetes and sociodemographic
characteristics and health factors, further connecting with the food groups. Physical
activity clustered strongly with waist circumference, age, and sex. Food groups with high
energy density clustered around energy intake, including whole- and refined grains, meat,
nuts and SSBs, as well as high-fat and low-fat milk, high-fat cheese, and ice cream. Also,
alcohol intake strongly correlated with energy intake. A link between milk intake and
ethnicity was observed. Furthermore, a cluster of fruit, vegetables, fish, legumes, high-fat
yogurt, low-fat yogurt, and low-fat cheese was observed. Of continuous nodes, energy
intake (mean explained variance 0.80 as indicated by the blue rings in the figures), refined
grains (0.54), age at finishing education (0.43), waist circumference (0.41), meat (0.38), and
vegetables (0.36) had the highest predictability. The individual dairy types and fish had the
lowest predictability. Most categorical nodes, including for example prediabetes, ethnicity,
and family history of diabetes, had a high accuracy due to their marginal probability. For
sex and education, the network provided some additional information.

In this network, energy intake, sex, age, waist circumference, refined grains, and meat,
showed the highest centrality (Supplemental figure 6). Also, alcohol had high strength
and closeness, while vegetables had high betweenness. Of dairy types, high-fat cheese
had the highest centrality. Prediabetes, LDL-c, high-fat yogurt, and low-fat cheese
showed low centrality compared to other nodes. None of the dairy types were directly
connected with prediabetes or the clinical markers, only high-fat cheese was weakly
connected to hypertension. Fruit and fish connected to waist circumference, and meat
and coffee to TAG.

Results on clustering, edge-weight accuracy and the semiparametric copula network
can be found in Supplemental figure 7-9.

Discussion

In this large prospective cohort with 6.7 years of follow-up, most dairy types showed no
significant association with prediabetes risk. A higher baseline intake of high-fat dairy
and high-fat milk were associated with higher prediabetes risk, after adjustment for
potential confounders and background diet. Specific high-fat dairy types and cheese
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exhibited similar, but imprecise associations. In contrast, higher low-fat milk intake was
associated with lower prediabetes risk. Myristic acid (C14:0) of plasma phospholipids
contributed to elucidating the positive associations between high-fat dairy and high-fat
milk intakes and prediabetes risk. Total dairy, fermented dairy, low-fat fermented dairy,
milk, yogurt and low-fat yogurt, cream, ice cream and butter showed little association
with prediabetes risk. Changes in high-fat milk during follow-up were inversely associated
with the risk of progressing to prediabetes or T2D.

Findings in context

Our finding of a positive association between high-fat dairy and high-fat milk with
prediabetes risk was not in line with neutral or inverse associations reported in earlier
observational cohort studies [16-20]. In the Australian AusDiab study (n = 4,891), inverse
associations for high-fat dairy, high-fat milk and total cheese with prediabetes risk
were found [20]. Similarly, the United States Framingham Offspring Cohort (n =1,867)
showed inverse associations for total dairy, while the Dutch Rotterdam Study (n = 6,053)
showed an inverse association for high-fat milk and high-fat yogurt [18]. Moreover,
the observed inverse association of low-fat milk in our study partly contradicts the
results of prior observational studies [17-19]. Some associations were heterogeneous
by age and educational level. Low-fat dairy was only associated with lower risk in people
younger than 50 years. Furthermore, total dairy, fermented dairy, low-fat fermented
dairy, and yogurt were only associated with lower prediabetes risk in participants with
a high educational level. Younger adults were slightly higher educated (41.2% versus
35.2%) and this subgroup might have been more likely to adapt healthier behaviours
including the selection of low-fat dairy foods and yogurt to adhere to dietary guidelines,
which could explain lower prediabetes risk in this subgroup. In the Lifelines study, high-
fat yogurt intake was associated with a lower risk of prediabetes only in participants
with a high educational level [19]. These disparities with prior literature highlight the
complexity of the relationship between dairy and prediabetes. They reflect the influence
of confounding of population characteristics, geographical location, dairy consumption
habits and methodological differences (e.g., prediabetes definition) and their interactions
in these associations.

We found that plasma phospholipid fatty acid myristic acid (C14:0), a correlate of dairy
intake, [47] and linked to higher T2D risk [48], partly explained the positive association
between high-fat dairy intake and prediabetes risk. Additionally, the dairy fat biomarkers
C15:0, C17:0, tC16:1n7 behaved as a positive confounder for the association between
high-fat dairy intake and prediabetes risk, although their relative contribution was small.
Our results are in line with previously reported opposing associations for C14:0 and C17:0
with T2D [46, 57], strengthening the robustness of our findings based on self-reported
dairy intake. Nevertheless, it remains uncertain whether these dairy fat biomarkers truly
reflect intake of dairy, other ruminant foods, or if they are influenced by confounding
health behaviours [58]. Furthermore, C14:0 is derived from both exogeneous and
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endogenous synthesis, although de novo lipogenesis contributes only minimally to C14:0
concentrations. Further research is needed to identify a biologically sound explanation
for these findings, accounting for behavioural factors correlated with low-fat or high-
fat dairy consumption and other non-fat dairy constituents, such as protein, vitamin D
and calcium [59].

The lack of associations in changes in high-fat dairy and low-fat milk, combined with
inverse associations for high-fat milk with glycaemic status shows that baseline dairy
intake and changes of dairy intake signify distinct exposure statuses. Participants who
initially consumed higher amounts of dairy were more likely to reduce their intake during
follow-up (regression to the mean), and a negative correlation between baseline and
changes in dairy intake might result in contradicting estimates. Changes in intakes of
total and low-fat fermented dairy, and yogurt were only positively associated with risk
of progressing to prediabetes or T2D in participants with a high waist circumference,
indicating heterogeneity of associations in different subgroups compared to associations
with baseline dairy intake and prediabetes. Diabetes risk awareness, or desire to lose
weight, especially among those with a high waist circumference, may drive people to
switch from high-fat to low-fat dairy intake to adhere to dietary guidelines in an attempt
to mitigate their risk [19]. Thus, consumption of total and low-fat fermented dairy, and
yogurt may be associated with metabolic changes or behaviours that contribute to an
elevated risk of progressing to prediabetes or T2D. In this cohort, reverse causation
might have been more present in the context of dietary change patterns.

In our secondary analysis, we found that changes in low-fat dairy and low-fat milk were
positively associated with changes in FPG and 2hPG during follow-up, while high-fat milk
was inversely associated with FPG changes. Other associations of changes in different
dairy subtypes with parallel changes in FPG, 2hGT and HbAT1c were not significant. In the
UK EPIC-Norfolk Study (n = 15,612, mean follow up 3.7 + 0.7 years), changes in high-fat
milk intake were positively associated with changes in HbA1c (0.52, 95%Cl 0.06 - 0.97
mmol/L), but other glycaemic markers were not assessed [28]. Possible explanations
for this inconsistency may be the larger increase in HbA1c in the EPIC-Norfolk study
compared to our study, and opposite changes in milk consumption patterns. Thus,
although parallel-change analyses in observational studies may be more consistent
with evidence from randomized controlled trials as they capture dynamic changes over
time [21], sufficient change in exposure and outcome is needed to be able to detect
meaningful associations. Randomized controlled trials on the effects of milk on glycaemic
parameters have shown null effects, but evidence is limited [60]. Most interventions
have used a mixture of dairy types, limiting the differentiation of effects by fat content.
A meta-analysis of 34 studies showed that high dairy diets (3.1 servings/day) were
associated with increased FPG compared with low dairy diets (0.5 serving/day), but not
in RCTs with sufficient duration (=24 weeks), with energy restriction and FPG as primary
outcome, and the evidence was graded low [61]. A small inverse association was found
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for elevated dairy intake with HbA1c in four studies with sufficient duration (=24 weeks)
(n =512; MD: —0.09%; 95% CI: —0.16%, —0.03%; p = 0.005, 12 = 0%), but not with energy
restriction and HbATc as primary outcome. No evidence for causal effects was found for
dairy and glycaemic markers using Mendelian randomization analysis [62].

Strengths and limitations

This study has multiple strengths including the large sample size, inclusion of important
covariates including objectively measured physical activity, and sensitivity analyses
showing robustness of results. We compared two exposures, dairy subtypes at baseline
and changes over time, enabling comparison of different analytical strategies within
a single cohort which has not been done before. The results should be interpreted
considering limitations. First, although the FFQ was examined for its validity in a similar
sample [26-28], and we adjusted for BMI that might cause dietary misreporting [63],
the diet was self-reported and therefore prone to misreporting. Furthermore, the FFQ
included the main dairy groups but lacked detailed information on nutrient contents
of dairy types. Therefore, assumptions about the fat content of milk were made, and
it is unknown how differences in sugar content of dairy types may have influenced
our results. Second, low consumption for some dairy types, especially high-fat dairy
types, limited the assessment of (non-linear) associations at high intake levels. Third,
although we adjusted for many confounders, residual confounding cannot be ruled
out due to the observational nature of our study. In particular, unmeasured conditions
and behaviours linked to consuming high-fat and low-fat dairy products and changing
each consumption might confound our findings substantially. Fourth, we performed
multiple tests of correlated dietary intakes on correlated outcomes which might inflate
type | error rate. Lastly, the response rate was 27% at baseline and the sample was of
largely white European origin with higher dairy consumption compared to the general
UK population [64], limiting external generalisability to other ethnic groups with different
consumption patterns.

Conclusion

In this prospective analysis of a large cohort, most dairy types were not associated with
prediabetes and progression in glycaemic status. Inconsistent with prior observational
studies, high-fat dairy and high-fat milk were positively associated with prediabetes
risk, and low-fat milk was inversely associated with prediabetes risk. Furthermore, high
baseline high-fat milk intake may relate to decreased consumption of high-fat milk intake
during follow-up resulting in the inverse association between changes in high-fat milk
intake and the risk of progression from normoglycaemia to prediabetes or diabetes.
Our results underscore the complexity of these associations and support the need for
well-designed trials and observational studies to elucidate the potential effects of dairy
products in the prevention of prediabetes.
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Introduction

The umbrella term ‘total dairy intake’ includes many food items, each with different
nutritional values and associated eating behaviours. Analysing patterns of dairy food
consumption provides more insight into which different dairy types are combined within
an individual's diet or if there are distinct patterns in their consumption [1], and the
cumulative and interactive associations of dairy foods on prediabetes risk. Therefore,
we aimed to describe dairy consumption patterns and relate these to prediabetes risk.

Methods

Using data from participants in the Lifelines study (n = 74,132, Chapter 5) and Fenland
study (n =7,521, Chapter 6), principal component analysis (PCA) was conducted using
the prcomp function in R to identify consumption patterns based on intake of eight
dairy types (high-fat milk, low-fat milk, high-fat yogurt, low-fat yogurt, high-fat cheese,
low-fat cheese, cream, and ice cream). In each cohort, we retained six patterns based
on a cumulative explained variance of >0.80% (Table 1). The orthogonally rotated
standardized pattern scores were divided into quartiles. Baseline characteristics for
the top quartile of these pattern scores were shown. Poisson regression with robust
variance was used to estimate the relative risk (RR) with 95% confidence interval (Cl)
[50] for associations of the pattern scores with prediabetes risk, with the pattern scores
modelled as categorical variables based on quartiles, and on a continuous scale per
standard deviation (SD) increase.

Results

Dairy consumption patterns

Table 1 shows the factor loading of each of the 8 identified principal components with
their corresponding factor loadings. Four patterns emerged within both cohorts. First,
a ‘high-fat dairy’ pattern was observed, positively associated with high-fat milk, high-
fat yogurt, and high-fat cheese intakes in the Lifelines study, and with high-fat milk
intake in the Fenland study, explaining 19.5% and 19.7% of the total variability in dairy
intake, respectively. Second, a pattern characterized by high intake of ‘ice cream’ was
identified in both cohorts, explaining 9.8% and 11.9% of the variance, respectively. Third,
a ‘yogurt’ pattern was evident in both cohorts, negatively associated with cheese intake
in the Lifelines study (9.0% explained variance) and with low-fat cheese and cream in the
Fenland study (9.1% explained variance). Fourth, a ‘high-fat yogurt' pattern (9.6% and 9.7%
explained variance, respectively) exhibited negative associations with high-fat milk intake
in the Lifelines cohort and with low-fat yogurt and cream intake in the Fenland cohort.
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Furthermore, each cohort revealed unique patterns. In the Lifelines study, a Jow-fat
milk and (ice)cream’ pattern (15.4%) was identified as positively associated with low-fat
milk, cream, and ice cream intakes. Also, a ‘low-fat cheese’ pattern (13.5%) was identified
as positively associated with low-fat cheese and high-fat milk intake but negatively
correlated with high-fat cheese intake. Two patterns with positive associations with
low-fat yogurt intake were found, a specific ‘low-fat yogurt' pattern (11.4%), and a ‘milk
avoidance’ pattern (13.5%) with a strong negative association with low-fat milk intake.

In the Fenland study, a ‘dairy diversity’ pattern (18.9%) showed moderate associations
with all dairy types except milk. A low-fat avoidance’ pattern (13.9%) exhibited moderate
associations with all dairy types but negative associations with low-fat yogurt and low-fat
cheese intake. A ‘high-fat cheese’ pattern (10.2%) predominantly associated with high-fat
cheese intake, was identified. Lastly, a ‘milk’ pattern (6.6%) showed positive associations
with both high-fat and low-fat milk intake.

There was some variation in baseline characteristics of individuals in each of the highest
quartiles of the pattern scores (Table 2a and b). In the Lifelines study, participants in
the highest quartile of the ‘high-fat dairy’ pattern were younger, were more often current
smoker, and had a lower diet quality and higher en% fat compared to participants in
the highest quartiles of the other patterns as shown in Table 2a. In the Fenland study,
the highest quartile of the ‘high-fat dairy’ pattern did not exhibit notable differences
compared to participants in the highest quartiles of the other patterns. Furthermore,
participants in the highest quartile of the ‘milk avoidance’ pattern in the Lifelines were
more often female, with lower energy intake compared to the other top quartiles, and
in the top 'low-fat yogurt’ quartile, physical activity and diet quality were slightly higher.
In the Fenland study, participants in the highest quartile of the ‘dairy diversity’ pattern
were more often female, had a higher education, were less often current smokers, and
had a higher diet quality compared to participants in the highest quartiles of the other
patterns. Furthermore, participants in the highest quartile of the ‘ice cream’ pattern in
the Fenland study were less often highly educated and had a higher BMI, but this was
not the case in the Lifelines study.

The main results of the associations analyses between the dietary patterns and
prediabetes risk were as follows. In the Lifelines study, the ‘high-fat dairy’ pattern was
associated with lower prediabetes risk in model 3 (RR per 1 SD 0.96, 95%Cl 0.93-0.99)
but this association attenuated after further adjustment for cardiometabolic markers
in model 4 (RR per 1 SD 0.99, 95%Cl 0.96-1.02) (Table 3). Furthermore, the ‘low-fat
yogurt’ pattern was associated with higher prediabetes risk in model 4 (RR per 1 SD
1.05, 95%Cl 1.01-1.09). In the Fenland study, none of the dairy consumption patterns
were significantly associated with prediabetes risk, with estimates ranging from 0.96
(RR model 4, per 1 SD, 95%Cl 0.86-0.1.07) for the ‘low-fat avoidance’ pattern to 1.11 (RR
model 4, per 1 SD, 95%Cl 0.97-1.27) for the 'high-fat yogurt’ pattern (Table 4).
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Discussion

Four patterns of dairy intake observed in the Lifelines and the Fenland study were
broadly comparable. In both cohorts, the highest variation in dairy intake was explained
by a ‘high-fat dairy’ pattern with high intakes of high-fat milk and low intakes of low-
fat milk. Only two patterns were significantly associated with prediabetes risk. In
the Lifelines study, the ‘high-fat dairy’ pattern also strongly correlated with high-fat
yogurt intake and was inversely associated with prediabetes risk in models adjusted
for sociodemographic, health and dietary factors (RR per SD 0.96, 95%Cl 0.93-0.99).
This aligns with our findings of a non-significant inverse association for high-fat yogurt
intake and prediabetes risk in (RRseerg/day 0.80, 95%CI 0.64-1.01) Chapter 5. Furthermore,
the ‘low-fat yogurt’ pattern was positively associated with a risk of prediabetes in fully
adjusted models (RR per 1 SD 1.05, 95%Cl 1.01-1.09), while no association for higher
low-fat yogurt intake and prediabetes risk was found (R, .., 1:02, 95%C1 0.90-1.16) in
Chapter 5. The ‘low fat yogurt' pattern also correlated positively with other dairy types,
except for lower ice cream intake. Individuals in the highest quartile of this pattern had
slightly higher physical activity and diet quality. As discussed in Chapter 5, explanations
for this positive association could be residual confounding by health behaviours, and the
possibility that these individuals adjusted their lifestyle and dietary habits in accordance
with guidelines, potentially due to heightened awareness of cardiometabolic risks. In a
cross-sectional study of 1500 Irish adults, a ‘reduced fats and yogurts' was identified, more
often female, with better dietary habits, but higher TAG and total cholesterol [2]. They
also hypothesized that these individuals might have been following recommendations to
consume reduced-fat dairy products due to increased health awareness. Furthermore,
a higher carbohydrate intake associated with this cluster might have resulted in the
higher TAG and observed cholesterol levels. We did not observe major differences in
macronutrient intake across patterns. They also identified a ‘whole milk' cluster with
more men, lower diet quality, and higher TNF-a, and a ‘butter and cream’' cluster, both
not associated with blood lipid profiles.

Our pattern analysis provided insights into the unique combinations of dairy types
consumed in both populations, but they did not yield a higher predictive value for
prediabetes risk compared to analyses with the intake of each dairy food. The absence
of an association for most dairy patterns with prediabetes suggests that mixed intake
of various dairy types is not necessarily detrimental for prediabetes, possibly due to the
complex interplay of different dairy matrices.
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Chapter 7

Abstract

Background

Modest inverse associations have been found between dairy intake, particularly yogurt,
and type 2 diabetes risk. Investigating associations of dairy intake with early onset of
type 2 diabetes offers opportunities for effective prevention of this condition.

Objective
This study aims to investigate the relationships between the intake of different dairy
types, prediabetes risk, and continuous glycaemic outcomes.

Methods

Systematic literature searches across multiple databases were performed of studies
published up to September 2023. Included were prospective cohort studies in healthy
adults that examined the association between dairy intake and prediabetes risk
according to diagnostic criteria, or continuous glycaemic markers. A dose-response
random-effects meta-analysis was used to derive incremental relative risks (RR) for
associations of total dairy, fermented dairy, milk, yogurt, cheese (all total, high-fat, and
low-fat), cream, and ice cream with prediabetes risk adjusted for sociodemographic,
health and cardiometabolic risk factors, and dietary characteristics.

Results

The meta-analyses encompassed 6,653 prediabetes cases among 95,844 individuals
(age range 45.5-65.5 years) including 6 articles describing 9 cohorts. A quadratic inverse
association was observed for total dairy intake and prediabetes risk, with the lowest risk
at 3.4 servings/day (RR 0.75, 95%Cl 0.60-0.93, 1>=18%). Similarly, total, and high-fat cheese
exhibited nonlinear inverse associations with prediabetes risk, showing the lowest risk
at 2.1 servings/day (0.86, 0.78-0.94, 1>=0%, and 0.90, 0.81-0.99, 12=12%), but a higher
risk at intakes exceeding 4 servings/day. Ice cream intake was linearly associated with
prediabetes risk (0.85, 0.73-0.99, 1>=0% at the highest median intake of 0.23 servings/
day). Other dairy types showed no statistically significant associations. The systematic
review on dairy intake and glycaemic outcomes showed considerable variabilities in
design and results.

Discussion

The findings suggest an inverse association between moderate dairy and cheese intake
in preventing prediabetes. The potential for reverse causation and residual confounding
highlights the need for studies with comprehensive repeated measurements.
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Introduction

Prediabetes is a high-risk stage for developing type 2 diabetes (T2D). People in this risk
stage already display some insulin resistance and declined pancreatic beta-cell function,
resulting in impaired fasting or postprandial glycaemia. The prevalence of prediabetes is
increasing at an alarming rate due to the aging of populations, economic developments,
and unhealthier lifestyles [1]. Thus, effective preventive strategies for prediabetes
are crucially needed. Many dietary guidelines worldwide recommend consuming 2-3
daily servings of dairy, based on systematic reviews showing evidence of a protective
association between low-fat dairy and yogurt intake and T2D [2, 3].

The role of different dairy types in relation to prediabetes risk was investigated in detail in
prospective cohorts in various Western world countries [4-10]. By focusing on individuals
without prediabetes at baseline, these cohort studies offer insights into the risk factors
associated with the early onset of T2D. This approach also eliminates a potential source
of heterogeneity, as associations of risk factors with T2D may vary depending on the level
of glycaemic disturbances at baseline [9]. Findings from these reports, however, show
conflicting results [4-9]. Discrepancies in the direction and strength of these associations
across different cohorts may be attributed to variations in countries, study population
characteristics, variety in dairy products, and corresponding intake ranges.

To comprehensively investigate the association between dairy consumption and
glycaemic control, studies incorporating continuous glycaemic markers, including those
for insulin sensitivity and resistance, are crucial. These studies may provide insights
into distinct mechanistic aspects related to maintenance of normal glycaemic control
before the onset of disease. Moreover, continuous glycaemic markers may provide
a more sensitive assessment compared to binary outcomes such as prediabetes.
However, interpreting related effect estimates across studies becomes challenging due
to variations in baseline glycaemic status. Additionally, as compared to risk estimates,
effect estimates related to continuous glycaemic markers might be more difficult to
translate into actionable public health implications.

To draw robust conclusions about how the type and dosage of dairy products consumed
relate to incident prediabetes and glycaemic markers, a systematic review of the
literature and meta-analysis of prospective cohort studies is needed. These types of
extensive meta-analyses are considered at the top of the hierarchy of evidence [11].
Therefore, these results may further refine current scientific-based food-based dietary
guidelines [12]. This study aims to conduct a systematic review and meta-analysis of
prospective observational associations between intake of total and different types of
dairy products, with different fat contents, and incident prediabetes and glycaemic
markers in healthy adult populations.
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Methods

The study protocol for this review can be found at https://www.crd.york.ac.uk/prospero/
display_record.php?RecordID=431251. This review was performed following the Preferred
Reporting Items for Systematic Reviews and Meta-analyses (PRISMA) and Meta-analysis
of Observational Studies in Epidemiology (MOOSE) guidelines [13].

Search strategy

Articles were retrieved from electronic databases including PubMed, Scopus, Web of
Science, and the Cochrane Library. The search was confined to studies published from
the initiation of research in the field up to April 18, 2024. Searches were performed
using key terms in the title/abstract of published studies and with Medical Subject
Heading (Mesh) terms, where possible. Authors of relevant abstracts were contacted
for potential inclusion of unpublished data. Grey literature was examined by inspecting
the first 200 items of a Google Scholar search. The full search strategy can be found in
the Supplemental table 1.

Study selection

Articles were imported in Endnote and duplicates were removed based on article
references. In a step-by-step process, two authors (IS and YDV) independently performed
the title screening, abstract screening, and full-text screening according to predefined
eligibility criteria in Rayyan [14]. Inclusion criteria were observational studies as design,
involving adults (> 18 years) participants with normoglycemia as the study population, dairy
food consumption as the main exposure of interest, and prediabetes or glycaemic markers
as the main study outcomes. Study designs may include prospective cohort studies, nested
case-control studies, case-cohort studies, and observational follow-up studies of RCTs. The
articles had to be original research and written in English. For prediabetes (i.e., impaired
fasting glucose or impaired glucose tolerance) the following recognized diagnostic criteria
were used: fasting plasma glucose (FPG) between 110 and 125 mg/dI [15] or between 100
mg/dl and 125 mg/dl [16]; or haemoglobin Alc (HbA1c) levels between 6.0 and 6.4% [17]
or 5.7 and 6.4% [16]; or 2-hour plasma glucose (2hPG) based on an oral glucose tolerance
test (OGTT) of 2140 and <200 mg/dI [15, 16]. Other glycaemic outcomes included fasting (or
random) plasma glucose, 2hPG, HbA1c, fasting serum insulin (Sl), insulin resistance index
(HOMA-IR), insulin sensitivity index (Matsuda index), Stumvoll metabolic clearance rate,
Stumvoll insulin sensitivity index, oral glucose insulin sensitivity index (OGIS), Gutt index,
QUICKI, glucose-to-insulin ratio, other measures or indices of glucose or insulin sensitivity.
We excluded studies conducted in animals, children, pregnant or lactating women, and
ill populations (e.g. in patients with diabetes, cardiovascular disease, or cancer). Any
disagreement was resolved until consensus was reached (IS and YDV). The reference lists
of eligible articles and review articles were checked for additional eligible studies. Of the
159 fully reviewed articles, 18 met the inclusion criteria for a systematic review, of which
six met the criteria for meta-analysis (Figure 1).
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Figure 1. PRISMA flow-chart for the systematic review detailing the database searches, the number
of abstracts screened, and the full-text retrieved.

Data extraction

Three authors (IS, YDV and BB) independently extracted data from the full text of eligible
articles, according to a predefined protocol. The following data was extracted: bibliographic
information; author(s); publication year; journal; title of the article; country; cohort study
name; sample size; follow-up; participant characteristics; median or range of intake;
number of subjects and prediabetes cases or mean outcome values; and confounder
adjusted relative risks (RRs), odds ratios (ORs), hazard ratios (HRs) or beta coefficients ([3s)
and their corresponding 95%Cl or SEs. Effect estimates derived from multiple adjusted
models in different studies, where similar confounders were considered, were pooled,
allowing for insights into the importance of confounding. For studies not reporting the
median of each category, the mean of the lower and the upper limits were extracted. The
meta-analyses for composite dairy types (total- and fermented dairy) were conducted
in servings/day. Definitions of the different types of dairy in each included article can be
found in Supplemental table 2. This approach was chosen as all studies uniformly defined
a serving size by distinguishing liquid and solid dairy types (e.g., 200 g for liquid dairy foods
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and 20 g for solid dairy foods). The intake of different dairy types, presented in servings per
day or week, was converted into grams per day using either the reported conversion units
in the article or country-specific standard units. For dairy types consisting of food items
with different serving sizes, we averaged the serving sizes, which was the case for cheese
in one article [9], and cream in two studies [8, 9]. Subsequently, we conducted the meta-
analyses, standardizing the measurements to servings/day, enforcing equal water content
of each type: 150 g for milk, yogurt, and ice cream; and 20 g for cheese. An exception was
made for cream because of low intakes, where we operationalized the serving size as 15 g.

Risk of bias assessment

Three authors (IS, YDV, and BB) independently evaluated the risk of bias for the included
studies using the Newcastle-Ottawa Scale (YDV and BB only if the included studies were
performed by IS) [18]. This rating scale scores studies from 0 to 9 points on 3 domains:
selection of the population, assessment of the outcome, and comparability of the groups.
We considered a study to be of high quality if its total score was >7 points. Furthermore,
the NutriGrade scoring system was used to rate the quality of the meta-evidence of each
dairy type and prediabetes (i.e., the confidence in the estimate) [19]. This system included 8
items for meta-analysis of cohort studies, including 1) risk of bias, study quality, and study
limitations, 2) precision, 3) heterogeneity, 4) directness, 5) publication bias, 6) funding bias,
7) effect size (based on a meta-analysis comparing highest versus lowest intake category
of each study (Supplemental table 3), and 8) dose-response. We considered each meta-
analysis to be of low (4 -<6 points) moderate (6 - <8 points), or high quality (=8).

Data synthesis and analysis

Meta-analyses were performed when >3 cohorts per dairy type and outcome were
available. While this criterion was met for all dairy types regarding prediabetes, it was
not fulfilled for the glycaemic markers. Analyses were performed using the R packages
dosresmeta, metafor and rms in R version 4.1.2 (R Foundation for Statistical Computing,
Vienna, Austria) [20-22].

A two-stage linear random-effects meta-analysis was performed to obtain a single
relative risk (RR) of each study expressed per serving size. Forest plots were created
displaying the effect size of each study, its precision, and its weight to the summary
estimate (Supplemental figures 1-17). Contour-enhanced funnel plots were used to
investigate potential publication bias and small-study effects were evaluated using the
Egger's test [23]. Furthermore, small-study effects were ascertained using a DOI plot
to visualize asymmetry and the Luis Furuya-Kanamori index (LFK) index to quantify
asymmetry of study effects [24]. The LFK indexes indicated asymmetry as follows: <+1
no asymmetry, +1-2 minor asymmetry, and >+2 major asymmetry.

Two-stage dose-response random-effects meta-analyses were used to derive incremental
dose-response RRs [25]. Potential nonlinear associations were examined using quadratic
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and restricted cubic spline models. Likelihood ratio tests and information criteria (Akaike
Information Criterion, AIC; and the Bayesian Information Criterion, BIC) were used to
determine the most appropriate model fit and knot points. Associations were visualized
using spaghetti plots. In spaghetti plots, the pooled RR and 95%Cl at each quantity of
intake is plotted, as well as cohort-specific RRs with study-specific weights. To assess
heterogeneity between studies, the heterogeneity statistic (12) was calculated with the
Higgins and Thompson method [26]. The Cochrane’s Q test was conducted to evaluate
if variation in effect estimates is likely due to chance alone. Four models with similar
confounder adjustments in each study were compared; model 1 included age, sex, and
energy intake, and model 2 additionally adjusted for an indicator of socio-economic
status (SES) such as educational level, smoking, alcohol use, physical activity level, family
history of diabetes, model 3 additionally adjusted for food groups associated with T2D
including fruit, vegetables, bread, legumes, nuts, red and processed meat, coffee, tea,
and sugar-sweetened beverages (SSBs), and model 4 additionally adjusted for BMI, waist
circumference, and cardiometabolic risk factors (e.g. dyslipidaemia, hypertension). The
results of model 4 are presented in the main text.

We performed a sensitivity analysis, excluding one study at a time from the analyses.
Furthermore, we repeated the meta-analyses using a fixed-effect model to evaluate the
consistency of results assuming a single true effect size across all studies, showing no
differences in effect estimates (Supplemental table 4). A meta-regression was performed
to explain heterogeneity. Potential moderators included follow-up duration, calendar year
of dairy intake assessment, the prediabetes definition used, and the literature quality
score. Moderation by age, sex, and BMI was not explored due to limited variation and a
restricted number of cohorts. Moderation by geographical location and country-level SES
was not feasible as all studies were conducted in Western, high-SES countries. Additionally,
the dietary assessment method and quality score were not considered as moderators, as
all studies uniformly utilized an FFQ and were graded with similar quality. Each moderator
was sequentially added as a covariate in the meta-regression model. The model fit of each
bivariate model was compared using a deviance test and the adjusted R?, indicating the
percentage of heterogeneity explained by the covariate.

Results

Dairy and prediabetes

An overview of the characteristics of six articles incorporating nine study populations in
prospective cohort designs can be found in Table 1. A total of 6,653 prediabetes cases
among 95,844 individuals were identified, with the mean age ranging from 45.5 to 65.5
years. The sample sizes ranged from 997 to 74,132, and the follow-up duration ranged from
4.1 to 20.9 years. All articles were based on Western samples; three in the Netherlands, two
inthe UK[8, 9], and one in Australia [6]. Five articles were published by our research group
in collaboration with Pls from the respective cohorts [4-8], and only one additional article
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was identified through the systematic review [9]. Based on population-level median intake
quantities, total dairy intake ranged from 1.1 to 3.7 servings/day (Table 2). Among all dairy
types, milk contributed most to the total dairy intake, with median intakes ranging from 0.6
to 1.5 serving/day (96.5 to 220 grams/day) for low-fat milk and 0.03 to 1.3 servings/day (5.2
to 200 grams/day) for high-fat milk. The quality assessment scores of the individual studies
ranged from 7 to 9, indicating a high quality of the individual studies (Supplemental
table 5). However, the quality of the evidence based on the meta-analyses, as rated by
NutriGrade, was low for most dairy types (Supplemental table 6). The quality of meta-
analyses for total dairy and ice cream was graded as moderate, and for cream as very
low. The low quality of the evidence from meta-analyses was primarily attributed to the
small number of cohorts included (<10), the absence of a meaningful effect size, and the
non-significance of dose-response analyses.

Total, low-fat, and high-fat dairy and prediabetes

Total dairy intake (9 cohorts, 6 articles) was nonlinearly inversely associated with
prediabetes in the most adjusted models (P ..., <0.0001, I>=18%) (Table 2; Figure
2). Consuming 1 serving/day of total dairy was associated with a 13% lower risk of
prediabetes (RR: 0.87 95%Cl 0.78-0.96), and the lowest risk (25%) at 3.4 servings/day
(RR: 0.75, 95%Cl 0.60-0.93). The association weakened at higher intakes.

1.50

1.254

Relative risk
=
=3

0.751

0.50

0 1 2 3 4 5 6
Total dairy intake, servings/d

Figure 2. Spaghetti plot based on dose-response meta-analysis including 6 studies and 9 cohorts
(6,653 cases among 95,844 participants) for the association between total dairy and prediabetes
risk (lowest RR at 3.4 servings/day: 0.75, 95%Cl 0.60-0.93, 1 = 18%). The solid black line represents
the pooled RR at each quantity of intake. The light grey coloured area between the dotted black
lines indicates the 95% confidence interval. The dashed grey line at RR = 1.00 represents the
reference line. Each solid grey line represents a cohort with circles placed at the cohort-specific
RRs at the corresponding intake level. The area of the circle is proportional to the study-specific
weight. The associations were adjusted for age, sex, energy intake, educational level, smoking
behaviour, physical activity, alcohol intake, family history of diabetes, intake of food groups, waist
circumference or BMI, hypertension, and dyslipidaemia. Serving sizes were 200 g for liquid dairy
foods and 20 g for solid dairy foods.
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Chapter 7

Neither high-fat nor low-fat dairy intake showed a statistically significant association with
prediabetes risk (RR_, .40, 0-99, 95%Cl1 0.96-1.02, I?=37% and (P, _ ..., <0-0001, RR at
5.2 servings/day: 0.93, 95%Cl 0.66-1.32, 1= 28%, respectively) (Supplemental figure 18).
There was no evidence for publication bias in the meta-analyses for total, high-fat and
low-fat dairy, as indicated by the funnel and DOI plots (Supplemental Figures 19-21).

Fermented dairy and prediabetes

No significant associations with prediabetes were found for fermented dairy intake,
irrespective of fat content (Table 2; Supplemental figure 22), and there was no
significant heterogeneity or evidence for publication bias (Supplemental figures 23-25).

Milk and prediabetes

No associations were observed for the consumption of total milk, high-fat milk, and low-
fat milk with prediabetes risk (Table 2; Supplemental figure 26). For total and low-fat
milk, there was moderate but non-significant heterogeneity, with 12 of 37% and 30%,
respectively, and no evidence was found for publication bias (Supplemental figures
27-28). Sensitivity analyses showed that with the exclusion of the FHS-OC from the meta-
analysis, low-fat milk was associated with a 7% higher risk at 1.5 servings/day (RR 1.07,
95%Cl 1.01-1.14) (Supplemental table 7). For high-fat milk, significant heterogeneity was
observed (1> = 59%, p = 0.01). Accounting for moderation by the prediabetes assessment
method resulted in a slightly better model fit for total milk (R? change 0.001 to 0.18)
and high-fat milk (R? change 0.03 to 0.33), indicating that part of these association
was explained by the prediabetes assessment method used (Supplemental table 8).
This was especially noticeable in associations for high-fat milk. Cohorts that defined
prediabetes based on FPG (FHS-OC) or FPG and non-fasting plasma glucose (RS) showed
an inverse or no association between high-fat milk and prediabetes risk (Supplemental
figure 8). Conversely, cohorts defining prediabetes using FPG, 2hPG, and HbA1c (i.e.,
the Fenland study and HS-Il) showed a positive association between high-fat milk and
prediabetes risk. The assessment of publication bias in the association with high-fat milk
yielded inconclusive results. The Rotterdam Study Il (RS-Il) was an outlier in the funnel
plot, although the Egger’s test was not significant (p=0.45), and the LFK index indicated
minor asymmetry (Supplemental figure 29).

Yogurt and prediabetes

Total, high-fat and low-fat yogurt were not associated with prediabetes risk in the most
adjusted models (Table 2; Supplemental figure 30). In the minimally adjusted model,
total yogurt was linearly associated with lower prediabetes risk (RR__ ;. 4, 0.90, 95%Cl
0.81-0.99, I2=8%), but this association attenuated in models including adjustments
for sociodemographic and health factors (Supplemental table 9). Including the
prediabetes assessment method as a moderator in the model improved the model fit
for high-fat yogurt (Rchange 0.02 to 0.29) (Supplemental table 8). Although none of the
associations in the individual cohorts was statistically significant, a discernible pattern
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emerged (Supplemental figure 11). In cohorts in which prediabetes was defined using
FPG, 2hPG and HbA1c (i.e., the Fenland study and HS-II), high-fat yogurt intake was
associated with higher prediabetes risk. In contrast, in cohorts in which prediabetes was
defined, based on the FPG and non-fasting plasma glucose (RS), an inverse association
was found between high-fat yogurt intake and prediabetes risk, albeit not significant.
There was no evidence of publication bias in the meta-analyses of total and high-fat
yogurt (Supplemental figures 31-32). Evidence for publication bias for low-fat yogurt
was inconclusive based on the Funnel plot and DOI plot (Supplemental figure 33).

Cheese and prediabetes

A nonlinear inverse association was found between total and high-fat cheese intake and
prediabetes risk (both P . . <0.0001)in the most adjusted models (Table 2; Figure
4). The risk of prediabetes was the lowest at intakes of 2.1 servings/day of total (RR
0.86, 95%CI 0.78-0.94, 12=0%) and high-fat cheese intake (RR 0.90, 95%Cl 0.81-0.99,
I2=12%), and increased to a RR of higher than 1 at intakes of more than 4 servings/
day. Some asymmetry was observed in the funnel plot and the LFK index indicated
major asymmetry; studies reporting positive associations tended to have smaller
standard errors, whilst studies reporting inverse associations had higher standard
errors (Supplemental figures 34-35). In sensitivity analyses, excluding the HS-1 cohort
attenuated the association between high-fat cheese and prediabetes risk (RR at 1.8
servings/day: 0.93, 95%Cl 0.87-1.01) (Supplemental table 7), but not with total cheese.
The prediabetes assessment method explained some additional variance for total
cheese (R? change from 0.46 to 0.68) and high fat cheese (R? change from 0.21 to 0.37)
(Supplemental table 8). However, differences in model fit were minor and no evident
pattern was found to explain this finding.

For low-fat cheese intake, a linear positive association with prediabetes risk was observed
in models adjusted for age, sex, energy intake, sociodemographic and health factors,
and food group intake (RR__ ;. ., 1.10, 95%Cl 1.02-1.19, I = 51%) (Supplemental table
9). In models additionally adjusted for BMI or waist circumference, hypertension and
dyslipidaemia, this association attenuated (RR_,; ., 1.05, 0.98-1.14, I> = 48%) (Table 2;
Supplemental figure 36). There was no evidence for publication bias (Supplemental
figure 37). Meta-regression analyses showed that the year of dairy intake assessment
in individual studies explained some additional variance (R? change from 0.17 to 0.50)
(Supplemental table 8). The two oldest cohorts, the HS-1 and RS-I, both started in 1989,
reported the highest risk for prediabetes with higher low-fat cheese intake, while the
more recent cohorts did not report a statistically significant association (RS-111: 2006-07,
Fenland: 2005-15 and Lifelines: 2006-2013) (Supplemental figure 15).
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Figure 3. Spaghetti plot based on dose-response meta-analysis for the associations between
total cheese (lowest RR at 2.1 servings/day: 0.86, 95%Cl 0.78-0.94, 12 = 0%, including 6 studies
and 9 cohorts, 6,653 cases among 95,844 participants)(left) and high-fat cheese (lowest RR at 2.1
servings/day: 0.90, 95%Cl 0.81-0.99, 12 = 12%, including 5 studies and 8 cohorts, 5,751 cases among
93,977 participants)(right) and prediabetes risk. The solid black line represents the pooled RR at
each quantity of intake. The light grey coloured area between the dotted black lines indicates the
95% confidence interval. The dashed grey line at RR = 1.00 represents the reference line. Each solid
grey line represents a cohort with circles placed at the cohort-specific RRs at the corresponding
intake level. The area of the circle is proportional to the study-specific weight. The associations were
adjusted for age, sex, energy intake, educational level, smoking behaviour, physical activity, alcohol
intake, family history of diabetes, intake of food groups, waist circumference or BMI, hypertension,
and dyslipidaemia. A serving size of cheese was 20 g.
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Other dairy foods and prediabetes

Higher cream intake was not associated with prediabetes risk (RR ;. 4,,0.85, 95%Cl 0.69-
1.05, I = 0%) (Table 2; Supplemental figure 38). Only the FHS-OC had high dairy intake
levels and thereby contributed to 94% of the weight in the meta-analysis (Supplemental
figure 16). Excluding this cohort from the model led to an additional risk reduction,
although the association remained non-significant (RR__ ;. 4, 0.73, 95%Cl 0.52-1.02)
(Supplemental table 7). The RS-l and RS-1Il had extremely low median intake levels with
high standard errors resulting in major asymmetry of the funnel and Doi plot indicating
potential publication bias (Supplemental figure 39).

Alinear association was found between higher ice cream intake and lower prediabetes
FiSK (RR ., ing/aay 0-50, 95%C1 0.26-0.94, 1= 0%) (Table 2; Figure 4). At the highest reported
median intake of 0.23 servings/day, the RR was 0.85 (95%CI 0.73-0.99). However,
this association was not statistically significant in models that were not adjusted for
cardiometabolic risk markers (RR__ .., 0.-57,95% C1 0.30-1.08, I*= 0.0%) (Supplemental
table 9). Minor asymmetry was identified in the funnel and Doi plot, with some smaller
studies (HS-I and RS-1) reporting inverse associations, indicating some publication bias
(Supplemental figure 40).

Relative risk

0.0 0.1 0.2
Ice cream intake, servings/d

Figure 4. Spaghetti plot based on dose-response meta-analysis including 5 studies and 8 cohorts
(6,562 cases among 96,239 participants) for the associations between ice cream intake and
prediabetes risk (RR_,,,/sy 0-50, 95%Cl1 0.26-0.94, 12 = 0%). The solid black line represents the pooled
RR at each quantity of intake. The light grey coloured area between the dotted black lines indicates
the 95% confidence interval. The dashed grey line at RR = 1.00 represents the reference line. Each
solid grey line represents a cohort with circles placed at the cohort-specific RRs at the corresponding
intake level. The area of the circle is proportional to the study-specific weight. The associations were
adjusted for age, sex, energy intake, educational level, smoking behaviour, physical activity, alcohol
intake, family history of diabetes, intake of food groups, waist circumference or BMI, hypertension,
and dyslipidaemia. A serving size of ice cream was 150 g.
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Dairy and glycaemic markers

The characteristics, results, and conclusions of 14 prospective cohort studies that
reported associations between dairy products and glycaemic markers in a total of 38,441
participants are shown in Table 3. Furthermore, one meta-analysis including 182,041
participants from 18 studies conducted in the US, Denmark, Spain, Australia, and Finland
was identified [27]. These studies were highly heterogeneous in analytical approaches,
particularly in the use of baseline versus changes in dairy intake and in defining the
outcome at follow-up versus change during follow-up. This variation prevented us from
conducting meta-analyses on the relationship between dairy products and glycaemic
markers.

Baseline dairy intake in relation to glycaemic markers at follow-up was reported in eight
studies; two for FPG [28, 29], two for 2hPG [30, 31], two for HbA1c [27, 30], three for
insulin resistance indices [5, 27, 30], and three for fasting insulin levels [27, 29, 32] with
heterogeneous results. Inverse associations were observed in two studies, specifically
for yogurt with FPG and fasting insulin levels [29], cheese and FPG, and fermented dairy
and 2hPG [30]. Two studies reported positive associations between total dairy and HbAlc
[27], and for total dairy, low-fat dairy, milk and milk products and HOMA2-B [30]. Other
studies did not report any statistically significant associations.

Baseline dairy intake in relation to changes in glycaemic markers during follow-up was
reported in five studies: four for changes in FPG [33-36], one for changes in 2hPG [34],
one for estimates of insulin resistance [36], and one for fasting insulin levels [36]. Inverse
associations were found for total dairy and FPG [35], milk, yogurt, and cottage cheese
intake and FPG changes in men only [33]. All other studies reported no statistically
significant associations.

Changes in dairy in relation to changes in glycaemic markers were reported in two studies:
one for FPG and 2hPG [8], and two for HbA1c [8, 37]. Both studies assessed a wide range
of dairy types, most of which were not associated with the outcome. One study found that
changes in low-fat dairy and low-fat milk intake were positively associated with changes in
FPG and 2hPG during follow-up [8], while another study found that changes in high-fat milk
intake were positively associated with changes in HbA1c [37]. Both studies also reported
associations of linear mixed models with repeated outcome measures, in which several
additional or inconsistent associations were found. For example, repeated measures of
high-fat milk and cheese were inversely associated with repeated measures of HbA1c
[37]. Two other studies also estimated associations of repeated measures of dairy and
glycaemic markers [5, 38]. Total dairy and cheese intake were associated with lower insulin
levels in a study that involved repeated assessments of insulin [38]. In contrast, another
study measuring HOMA-IR found no associations for total dairy and cheese [5]. However,
this study showed that high-fat yogurt was associated with lower HOMA-IR, while low-fat
dairy, total milk, and low-fat milk were associated with higher HOMA-IR.
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Chapter 7

The quality score ranged from 6 to 9 (Supplemental table 5), indicating moderate to high
quality of individual studies. Most studies used FFQs that were validated against other
dietary assessment methods for dairy components (Table 3). All studies had sufficient
follow-up duration (=3 years) except for one [28]. Nevertheless, the follow-up rate was
less than 80% in six studies [8, 29, 34, 35, 37, 38], or no information was given on follow-
up rates in two studies [30, 33]. Three studies excluded participants with a history of
or prevalent diabetes [28, 33, 35]. Lastly, five studies lacked sufficient adjustment for
confounding factors [29, 31, 34, 36, 38].

Discussion

The main findings of the dose-response meta-analysis of 6 articles based on 9
prospective cohorts indicated a nonlinear inverse association between total dairy intake
and prediabetes risk. A 25% lower risk was identified at 3.4 servings/day, and the risk
attenuated at higher intake levels, considering the limited data points available due to
narrower intake ranges in underlying studies. Nevertheless, no associations were found
for either high-fat or low-fat dairy intake. Furthermore, total, and high-fat cheese were
nonlinearly inversely associated with prediabetes risk, with a 14% and 10% lower risk
at 2.1 servings/day, respectively, but a positive risk at intakes of more than 4 servings/
day. A linear inverse association was found for ice cream intake. No associations were
found for fermented dairy, milk, yogurt, and cream intake, irrespective of fat content.

Furthermore, a systematic review was conducted of 14 prospective cohort studies
exploring the relationship between dairy consumption and glycaemic outcomes. These
studies presented a mix of inverse, positive, and null associations, reflected by the diversity
in analytical strategies used. Thus, the existing body of evidence remains inconclusive
regarding the relationship between subtypes of dairy and glycaemic outcomes.

The reduced risk of prediabetes observed at 3.4 servings of total dairy per day appeared
not to be attributable to a specific fat content. This finding is plausibly driven by
inverse associations between total and high-fat cheese intake and prediabetes. This
association was in the same direction as in a preliminary meta-analysis of total cheese
and prediabetes of 3 studies also included in our meta-analysis (RR highest versus
lowest intake 0.93, 95%Cl 0.78-1.12, |12 = 66%) [39]. As we utilized serving size definitions
weighed for the liquid content, the relative contribution of cheese is higher, as opposed
to operationalization in grams. This inverse association of total and high-fat cheese might
relate to cheese matrix effects. Specific components, including proteins, milk fat globule
membrane (MFGM), medium- and branched chain fatty acids, calcium and vitamin K2
are abundantly present in high-fat cheese, which may exert possible beneficial effects
on glucose homeostasis [40]. In line with our findings, the most comprehensive meta-
analysis, based on 25 prospective studies with T2D as the outcome, showed that high
compared to low total cheese intake was associated with lower risk (44,584 cases among
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674,107 participants, RR: 0.93, 95%Cl 0.88-0.98, I? = 45%), but there was no evidence
for a dose-response association (n =18, 35,449 cases among 394,508 participants, RR
per 30 g/day: 1.00 95%Cl 0.95-1.06, 12 = 57%) [39]. Limited trial data to date, comparing
cheese with different fat contents, suggested no effects on FPG, fasting insulin, and
HOMA-IR [41, 42].

The inverse association we observed between total dairy and prediabetes risk is
consistent in direction with the associations found for T2D, with the most complete
meta-analysis showing a 3% lower risk per 200 g/day of total dairy (n =22, RR: 0.97, 95%ClI
0.95-1.00, 1= 63%) [2]. However, these associations with T2D are mainly driven by yogurt
intake [39, 43, 44], whereas we did not observe associations between yogurt intake
and prediabetes. Prior inverse associations have been attributed to beneficial effects
of probiotics on weight and blood glucose regulation [40, 45], although the precise
impact depends on the specific probiotic strains and their dosage [46]. The dietary
assessment methods used in the included studies often lack detailed information of
specific yogurt types and sugar content. As a result, the inconsistent findings observed
may be attributed to variations in the yogurt types consumed. Furthermore, the meta-
analysis with T2D as outcome found that the association was strongest in US populations
(n =5, RR per 50 g/day 0.91, 95%Cl 0.86-0.96) compared to Asian (0.95, 0.79-1.14) and
European (0.96, 0.92-1.01) populations [47]. Most of these US cohorts had limited yogurt
intake with consumption being linked to healthy dietary patterns and behaviours [48,
49]. In contrast, yogurt consumption is more common in European populations, as well
as for the Dutch cohorts included in the current meta-analysis. A wider range of yogurt
intake levels, along with greater variability in associated participant characteristics (i.e.,
age, diet, health factors) could weaken the observed associations.

A linear association between ice cream intake and prediabetes emerged only after
adjusting for confounding effects of cardiometabolic risk factors. However, caution is
needed in interpretation, given that the highest median intake level was less than one
serving per week (9 g/day), and the assessment is limited by seasonal variation. Similarly,
a non-linear inverse association between ice cream intake and T2D risk was reported in
a meta-analysis of 5 studies (19,730 cases among 258,571 participants) with the lowest
risk observed at 10 g/day (RR 0.81, 0.78-0.85, |12 = 86%) and no further decrease in risk
found at higher intakes [47]. In three US prospective cohorts, the inverse association
of ice cream intake and T2D attenuated when dietary data were no longer updated
after participants reported a hypertension or hypercholesterolemia diagnosis [48].
Similarly, the potential for reverse causation, wherein dietary changes occur in response
to cardiometabolic risk or a diagnosis, may explain our findings.

We observed no association between total and low-fat milk intake and prediabetes risk. For

T2D, the most comprehensive meta-analysis of observational studies similarly shows no
associations for total, high-fat or low-fat milk intake [2]. Also, no evidence for the causality
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of these associations was found in Mendelian Randomization studies [50, 51]. A recent
meta-analysis (n = 24, 13,211 cases among 1,297,951 participants) showed that milk intake
was associated with lower T2D risk in non-white populations (RR per 245 g/day: 0.80, 95%Cl
0.66-0.96), while in white populations, a modest positive association was found (RR per
245 g/day: 1.03, 95%Cl 1.01-1.04) [52]. They suggested that variations in lactase persistence
prevalence across populations could contribute to this heterogeneity and showed that
this effect modification could stem from favourable alterations in gut microbiota and
circulating metabolite profiles among individuals with lactase non-persistence. The
populations included in our meta-analysis were predominantly of White origin.

Strengths and limitations

This is the first meta-analysis to investigate linear and non-linear dose-response
relationships of various dairy types, categorized by high versus low-fat content, in
association with prediabetes risk. We evaluated several factors that could explain
heterogeneity between individual cohorts, including differences in confounder
adjustments, baseline year, follow-up duration, and the prediabetes definition used. The
results should be interpreted considering several limitations. First, the limited number
of studies with low variation of intake for some dairy types may have led to overfitting,
increasing the risk of spurious associations. Second, for meta-analyses of total and
high-fat cheese, there were indications of publication bias. Third, the Lifelines study
has a much larger sample size compared to the other cohorts and therefore received
more weight in certain meta-analyses (e.g. 53.9% for fermented dairy). Fourth, given
the observational nature of the included studies, the potential for residual confounding,
reverse causation, and information bias cannot be dismissed. Fifth, the glycaemic
markers and cut-off values to define prediabetes differed across the cohort, which
was a source of heterogeneity for associations of high-fat milk and high-fat yogurt
with prediabetes. Finally, all studies were conducted in Western populations limiting
the generalizability of findings to other ethnic backgrounds, low- or middle-income
countries, and varying dietary patterns.

Conclusion

The current evidence of population-based prospective cohort studies suggests that
overall, dairy intake as measured at baseline, regardless of fat content, does not elevate
the risk of prediabetes. Moderate beneficial associations were observed for total dairy
intake, total cheese, and high-fat cheese. Milk, yogurt, and cream were not associated
with prediabetes, irrespective of their fat content. The potential for reverse causation
and residual confounding, especially considering our finding of an inverse linear
association for ice cream intake, warrants the need for studies with comprehensive
repeated measurements. Additionally, to inform more targeted preventive strategies
and interventions, there is a need for randomized controlled trials validating potential
underlying mechanisms and for exploring possible intra-individual variability in
responses to dairy intake.

244



Meta-analysis of dairy intake in relation to prediabetes risk and glycaemic outcomes

List of supplementary materials chapter 7

Supplemental table 1. Search strategy.

Supplemental table 2. Definitions of dairy types included in each individual study included in
the meta-analysis.

Supplemental table 3. Characteristics and outcomes of separate two-stage random-effect
meta-analyses comparing the highest versus lowest category of intake, per dairy exposure, for
the scoring of the effect size (7) of NutriGrade.

Supplemental table 4. Characteristics and outcomes of separate two-stage fixed-effects dose-
response meta-analyses, per dairy exposure.

Supplemental table 5. Quality assessment of cohort studies on dairy intake, prediabetes, and
glycaemic outcomes.

Newcastle - Ottawa Quality Assessment Scale Cohort Studies

Supplemental table 6. NutriGrade grading of evidence from separate meta-analyses, per dairy
exposure.

NutriGrade Scoring system for meta-evidence based on prospective cohort studies

Supplemental table 7. Sensitivity analyses of associations between dairy foods and prediabetes
risk based on one-stage random-effects dose-response meta-analysis.

Supplemental table 8. Goodness-of fit tests for models with potential moderators of the
association between dairy foods and prediabetes risk based on one-stage linear or quadratic
dose-response meta-regression.

Supplemental table 9. Associations between dairy foods and prediabetes risk based on linear or
quadratic two-stage random-effects dose-response meta-analysis for different confounder models.

Supplemental Figure 1-17. Forest plot for the associations between dairy intake and
prediabetes risk and study variation based on two-stage linear meta-analysis.

Supplemental figure 18. Spaghetti plot based on dose-response meta-analysis for the
associations between high-fat dairy, and low-fat dairy intake and prediabetes risk.

Supplemental figure 19. Contour-enhanced funnel plot and Doi plot for studies of the
association between total dairy intake and prediabetes risk.

Supplemental figure 20. Contour-enhanced funnel plot and Doi plot for studies of the
association between high-fat dairy intake and prediabetes risk.

Supplemental figure 21. Contour-enhanced funnel plot and Doi plot for studies of the
association between low-fat dairy intake and prediabetes risk.

Supplemental figure 22. Spaghetti plot based on dose-response meta-analysis for the
associations between fermented dairy, high-fat fermented dairy, and low-fat fermented dairy
intake and prediabetes risk.

Supplemental figure 23. Contour-enhanced funnel plot and Doi plot for studies of the
association between fermented dairy intake and prediabetes risk.

Supplemental figure 24. Contour-enhanced funnel plot and Doi plot for studies of the
association between high-fat fermented dairy intake and prediabetes risk.

245



Chapter 7

Supplemental figure 25. Contour-enhanced funnel plot and Doi plot for studies of the
association between low-fat fermented dairy intake and prediabetes risk.

Supplemental figure 26. Spaghetti plot based on dose-response meta-analysis for the
associations between total milk, high-fat milk, and low-fat milk intake and prediabetes risk.

Supplemental figure 27. Contour-enhanced funnel plot and Doi plot for studies of the
association between total milk intake and prediabetes risk.

Supplemental figure 28. Contour-enhanced funnel plot and Doi plot for studies of the
association between low-fat milk intake and prediabetes risk.

Supplemental figure 29. Contour-enhanced funnel plot and Doi plot for studies of the
association between high-fat milk intake and prediabetes risk.

Supplemental figure 30. Spaghetti plot based on dose-response meta-analysis for the
associations between total yogurt, high-fat yogurt, and low-fat yogurt intake and prediabetes risk.

Supplemental figure 31. Contour-enhanced funnel plot and Doi plot for studies of the
association between total yogurt intake and prediabetes risk.

Supplemental figure 32. Contour-enhanced funnel plot and Doi plot for studies of the
association between high-fat yogurt intake and prediabetes risk.

Supplemental figure 33. Contour-enhanced funnel plot and Doi plot for studies of the
association between low-fat yogurt intake and prediabetes risk.

Supplemental figure 34. Contour-enhanced funnel plot and Doi plot for studies of the
association between total cheese intake and prediabetes risk.

Supplemental figure 35. Contour-enhanced funnel plot and Doi plot for studies of the
association between high-fat cheese intake and prediabetes risk.

Supplemental figure 36. Spaghetti plot based on dose-response meta-analysis for the
associations between low-fat cheese and prediabetes risk.

Supplemental figure 37. Contour-enhanced funnel plot and Doi plot for studies of the
association between low-fat cheese intake and prediabetes risk.

Supplemental figure 38. Spaghetti plot based on dose-response meta-analysis for the
associations between cream intake and prediabetes risk.

Supplemental figure 39. Contour-enhanced funnel plot and Doi plot for studies of the
association between cream intake and prediabetes risk.

Supplemental figure 40. Contour-enhanced funnel plot and Doi plot for studies of the
association between ice cream intake and prediabetes risk.

Scan this QR code to download
the supplementary materials.

246



Meta-analysis of dairy intake in relation to prediabetes risk and glycaemic outcomes

References

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.
23.

24.

25.

26.

27.

Rooney, M.R., et al., Global Prevalence of Prediabetes. Diabetes Care, 2023: p. dc222376.

Soedamah-Muthu, S.S. and J. de Goede, Dairy Consumption and Cardiometabolic Diseases:
Systematic Review and Updated Meta-Analyses of Prospective Cohort Studies. Curr Nutr Rep, 2018.
7(4): p. 171-182.

Comerford, K.B., et al., Global Review of Dairy Recommendations in Food-Based Dietary Guidelines.
Front Nutr, 2021. 8: p. 671999.

Slurink, I.A.L., et al., Dairy product consumption and incident prediabetes in Dutch middle-aged
adults: the Hoorn Studies prospective cohort. Eur ] Nutr, 2022. 61(1): p. 183-196.

Slurink, I.A.L., et al., Dairy Product Consumption in Relation to Incident Prediabetes and Longitudinal
Insulin Resistance in the Rotterdam Study. Nutrients, 2022. 14(3).

Slurink, I.A., et al., Dairy Product Consumption and Incident Prediabetes in the Australian Diabetes,
Obesity, and Lifestyle Study With 12 Years of Follow-Up. ] Nutr, 2023. 153(6): p. 1742-1752.

Slurink, I.A., et al., Dairy consumption and incident prediabetes: prospective associations and
network models in the large population-based Lifelines study. Am | Clin Nutr, 2023. 118(6): p. 1077-
1090.

Slurink, I. and F. Imamura, Dairy prediabetes Fenland.

Hruby, A., et al., Associations of Dairy Intake with Incident Prediabetes or Diabetes in Middle-Aged
Adults Vary by Both Dairy Type and Glycemic Status. ) Nutr, 2017. 147(9): p. 1764-1775.

Slurink, ., et al., Dairy consumption and risk of prediabetes and type 2 diabetes in the Fenland study
[Manuscript submitted for publication].

Higgins, J.P. and S. Green, Cochrane handbook for systematic reviews of interventions. The Cochrane
Collaboration. London, UK, 2011.

Dutch Health Council (Gezondheidsraad), Dutch dietary guidelines 2015 (Richtlijnen goede voeding
2015). Publication nr. 2015/24. ISBN 978-94-6281-089-1. The Hague. 2015.

Stroup, D.F,, et al., Meta-analysis of observational studies in epidemiology: a proposal for reporting.
Meta-analysis Of Observational Studies in Epidemiology (MOOSE) group. JAMA, 2000. 283(15): p.
2008-12.

Ouzzani, M., et al., Rayyan-a web and mobile app for systematic reviews. Syst Rev, 2016. 5(1): p. 210.

World Health Organization (WHO), Definition and diagnosis of diabetes mellitus and intermediate
hyperglycaemia: report of a WHO/IDF consultation. 2006.

American Diabetes Association Professional Practice, C., 2. Classification and Diagnosis of
Diabetes: Standards of Medical Care in Diabetes-2022. Diabetes Care, 2022. 45(Suppl 1): p. S17-S38.

International Expert, C., International Expert Committee report on the role of the A1C assay in the
diagnosis of diabetes. Diabetes Care, 2009. 32(7): p. 1327-34.

Wells, G.A., et al., The Newcastle-Ottawa Scale (NOS) for assessing the quality of nonrandomised
studies in meta-analyses. 2000, Oxford.

Schwingshackl, L., et al., Perspective: NutriGrade: A Scoring System to Assess and Judge the Meta-
Evidence of Randomized Controlled Trials and Cohort Studies in Nutrition Research. Adv Nutr, 2016.
7(6): p. 994-1004.

Crippa, A. and N. Orsini, Multivariate dose-response meta-analysis: the dosresmeta R package.
Journal of Statistical Software, 2016. 72: p. 1-15.

Viechtbauer, W., Conducting meta-analyses in R with the metafor package. Journal of statistical
software, 2010. 36: p. 1-48.

Harrell Jr, F.E., rms: Regression modeling strategies. R package version, 2016. 5(2): p. 1-263.

Peters, J.L., et al., Contour-enhanced meta-analysis funnel plots help distinguish publication bias
from other causes of asymmetry. ] Clin Epidemiol, 2008. 61(10): p. 991-6.

Furuya-Kanamori, L., J.J. Barendregt, and S.A.R. Doi, A new improved graphical and quantitative
method for detecting bias in meta-analysis. Int ] Evid Based Healthc, 2018. 16(4): p. 195-203.

Greenland, S. and M.P. Longnecker, Methods for trend estimation from summarized dose-response
data, with applications to meta-analysis. Am ] Epidemiol, 1992. 135(11): p. 1301-9.

Higgins, J.P. and S.G. Thompson, Quantifying heterogeneity in a meta-analysis. Stat Med, 2002.
21(11): p. 1539-58.

Huang, L., et al., Circulating Saturated Fatty Acids and Incident Type 2 Diabetes: A Systematic Review
and Meta-Analysis. Nutrients, 2019. 11(5): p. 998.

247



Chapter 7

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

Riseberg, E., et al., Specific Dietary Protein Sources Are Associated with Cardiometabolic Risk Factors
in the Boston Puerto Rican Health Study. ) Acad Nutr Diet, 2022. 122(2): p. 298-308 e3.

Panahi, S., et al., Yogurt consumption, body composition, and metabolic health in the Quebec Family
Study. Eur ] Nutr, 2018. 57(4): p. 1591-1603.

Struijk, E.A., et al., Dairy product intake in relation to glucose regulation indices and risk of type 2
diabetes. Nutr Metab Cardiovasc Dis, 2013. 23(9): p. 822-8.

Feskens, E.J., et al., Dietary factors determining diabetes and impaired glucose tolerance. A 20-year
follow-up of the Finnish and Dutch cohorts of the Seven Countries Study. Diabetes Care, 1995. 18(8):
p. 1104-12.

Ma, B., et al., Dairy, magnesium, and calcium intake in relation to insulin sensitivity: approaches to
modeling a dose-dependent association. Am ) Epidemiol, 2006. 164(5): p. 449-58.

Samara, A., et al., Dairy product consumption, calcium intakes, and metabolic syndrome-related
factors over 5 years in the STANISLAS study. Nutrition, 2013. 29(3): p. 519-24.

Snijder, M.B., et al., A prospective study of dairy consumption in relation to changes in metabolic
risk factors: the Hoorn Study. Obesity (Silver Spring), 2008. 16(3): p. 706-9.

Yun, H., et al., Lipidomic signatures of dairy consumption and associated changes in blood pressure
and other cardiovascular risk factors among chinese adults. Hypertension, 2022. 79(8): p. 1617-
1628.

Chatzidiakou, Y., et al., Relationship between the consumption of dairy foods and markers of
glycaemic control: evidence from the Caerphilly prospective cohort study. Proceedings of the
Nutrition Society, 2023. 82(OCE1): p. E6.

Trichia, E., et al., The associations of longitudinal changes in consumption of total and types of dairy
products and markers of metabolic risk and adiposity: findings from the European Investigation
into Cancer and Nutrition (EPIC)-Norfolk study, United Kingdom. Am | Clin Nutr, 2020. 111(5): p.
1018-1026.

Fumeron, F., et al., Dairy consumption and the incidence of hyperglycemia and the metabolic
syndrome: results from a french prospective study, Data from the Epidemiological Study on the
Insulin Resistance Syndrome (DESIR). Diabetes Care, 2011. 34(4): p. 813-7.

Zhang, M., et al., Cheese consumption and multiple health outcomes: an umbrella review and
updated meta-analysis of prospective studies. Adv Nutr, 2023. 14(5): p. 1170-1186.

Mozaffarian, D. and J.H.Y. Wu, Flavonoids, Dairy Foods, and Cardiovascular and Metabolic Health:
A Review of Emerging Biologic Pathways. Circ Res, 2018. 122(2): p. 369-384.

Nilsen, R., et al., Effect of a high intake of cheese on cholesterol and metabolic syndrome: results of
a randomized trial. Food Nutr Res, 2015. 59: p. 27651.

Raziani, F., et al., High intake of regular-fat cheese compared with reduced-fat cheese does not affect
LDL cholesterol or risk markers of the metabolic syndrome: a randomized controlled trial. Am ] Clin
Nutr, 2016. 104(4): p. 973-981.

Fan, M., et al., Dietary Protein Consumption and the Risk of Type 2 Diabetes: ADose-Response Meta-
Analysis of Prospective Studies. Nutrients, 2019. 11(11): p. 2783.

Zhang, K., P. Bai, and Z. Deng, Dose-Dependent Effect of Intake of Fermented Dairy Foods on the Risk
of Diabetes: Results From a Meta-analysis. Can | Diabetes, 2022. 46(3): p. 307-312.

Kim, D.H., et al., Kefir alleviates obesity and hepatic steatosis in high-fat diet-fed mice by modulation
of gut microbiota and mycobiota: targeted and untargeted community analysis with correlation of
biomarkers. | Nutr Biochem, 2017. 44: p. 35-43.

Nikbakht, E., et al., Effect of probiotics and synbiotics on blood glucose: a systematic review and
meta-analysis of controlled trials. Eur ) Nutr, 2018. 57(1): p. 95-106.

Gijsbers, L., et al., Consumption of dairy foods and diabetes incidence: a dose-response meta-analysis
of observational studies. Am | Clin Nutr, 2016. 103(4): p. 1111-24.

Margolis, K.L., et al., A Diet High in Low-Fat Dairy Products Lowers Diabetes Risk in Postmenopausal
Women. The Journal of Nutrition, 2011. 141(11): p. 1969-1974.

Chen, M., etal., Dairy consumption and risk of type 2 diabetes: 3 cohorts of US adults and an updated
meta-analysis. BMC Med, 2014. 12: p. 215.

Jensen, C.F,, M. Timofeeva, and G. Berg-Beckhoff, Milk consumption and the risk of type 2 diabetes:
A systematic review of Mendelian randomization studies. Nutr Metab Cardiovasc Dis, 2023. 33(7):
p. 1316-1322.

Mendelian Randomization of Dairy Consumption Working, G. and C. consortium, Dairy Intake
and Body Composition and Cardiometabolic Traits among Adults: Mendelian Randomization Analysis
of 182041 Individuals from 18 Studies. Clin Chem, 2019. 65(6): p. 751-760.

Luo, K., et al., Variant of the lactase LCT gene explains association between milk intake and incident
type 2 diabetes. Nature Metabolism, 2024: p. 1-18.

248



Meta-analysis of dairy intake in relation to prediabetes risk and glycaemic outcomes

249






Chapter 8

General Discussion




Chapter 8

The aim of the research described in this thesis was to investigate intake of total dairy and
a variety of high-fat and low-fat dairy types, including milk, yogurt, and cheese, cream,
and ice cream, in relation to glycaemic outcomes and the incidence of prediabetes.
To achieve this aim, an in-depth nutritional epidemiological study was undertaken
applying a similar data analytical approach in five large prospective cohort studies
in the Netherlands, Australia, and the UK. The current chapter provides an overview
and interpretation of the findings described in the previous chapters, strengths and
limitations, implications for public health, and suggestions for future research.

Main findings of this thesis

Moderate dairy intake, particularly driven by high-fat cheese intake, was associated
with a lower risk of prediabetes. The presence of fatty acids, the milk fat globule
membrane, calcium, and vitamin K in the cheese matrix might exert beneficial effects
on hyperglycaemia. Dietary guidelines focusing solely on low-fat cheese may not be
adequately supported by the current literature.

.

Milk intake was not associated with prediabetes risk, which is consistent with prior
evidence in the literature.

.

Yogurt intake showed no significant association with prediabetes risk in our study.
The observed inverse associations with type 2 diabetes in previous research could
be attributed to low intake levels and health behaviours associated with yogurt
consumption. Additionally, inconsistencies might stem from the diversity of yogurt types
consumed, including different probiotic strains.

Ice cream intake was inversely associated with prediabetes risk in our analysis. However,
itisimportant to note that ice cream intake levels were relatively low, its measurement
may be subject to seasonal variation.

.

There is a high likelihood of residual confounding by background diet and health
behaviours, and reverse causation due to health or risk awareness.

Main findings in context

Associations between dairy intake and prediabetes in individual
cohort studies

In the individual cohort studies, most dairy types were not significantly associated
with prediabetes. There were inconsistencies in the associations between dairy types
and prediabetes risk in each of the individual cohorts. In the Dutch Hoorn Studies (HS)
(Chapter 2), we found that the top quartiles of high-fat fermented dairy, total cheese and
high-fat cheese were associated with a lower risk of prediabetes. Associations of high-fat
fermented dairy and total cheese were driven by high-fat cheese intake, as 52% and 83%
consisted of high-fat cheese, respectively. Only higher consumption of high-fat cheese
was continuously associated with lower risk of prediabetes. No significant associations
of substituting high-fat cheese with other dairy types were found, although the effect
estimates pointed to a higher risk of prediabetes when substituting high-fat cheese by
other dairy types, except for ice cream.
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In the Dutch Rotterdam Studies (Chapter 3), higher intake of high-fat milk and high-fat
yogurt were associated with lower prediabetes risk, in the highest versus lowest intake
categories as well as continuously in servings/day. Weaker associations for low-fat dairy,
total milk, low-fat milk, and total and low-fat cheese were observed, across sub-cohorts
and by exposure operationalization. Furthermore, high-fat yogurt intake was associated
with lower longitudinal insulin resistance, while higher intake of low-fat dairy and total
and low-fat milk were associated with a higher longitudinal insulin resistance. The
results of this study suggested that mainly longitudinal waist circumference mediated
associations of dairy intake and prediabetes, while blood lipids and hypertension did
not play a major confounding or mediating role.

In the Australian AusDiab study (Chapter 4), higher intakes of high-fat dairy, high-fat
milk, and total cheese were associated with lower prediabetes risk. Low-fat milk intake
was nonlinearly associated with prediabetes risk; the risk was highest at 1.5 servings
per day, with a decreasing risk at lower and higher intakes.

In the Dutch Lifelines study (Chapter 5), higher plain and low-fat milk intake were
associated with higher risk of prediabetes in the top compared with bottom quartile, but
no dose-response associations were observed. We showed that reverse causation may
play a role in our findings, despite the utilization of a prospective design. In nutritional
epidemiological studies, reverse causation occurs when individuals change their eating
habits because of risk or disease awareness. Risk awareness, evident from a diabetes
risk score or a desire to lose weight, was associated with a lower intake of high-fat dairy
types and a higher intake of low-fat dairy types. Possibly, individuals without disease risk
(e.g., no obesity) might choose their diet more hedonically instead of health conscious
which may lead to a lower prediabetes risk associated with dairy types not included in
dietary recommendations (i.e., high fat dairy types and ice cream).

In the UK Fenland study (Chapter 6), a higher intake of high-fat dairy and high-fat milk
were associated with higher prediabetes risk. Associations of specific high-fat dairy
types and cheese were similar but not significant. In contrast, a higher intake of low-fat
milk was associated with a lower prediabetes risk. Increases in intake of low-fat dairy
and low-fat milk during follow-up were associated with parallel changes in increasing
fasting plasma glucose (FPG) and 2-hour plasma glucose (2hPG), but not with glycated
haemoglobin (HbATc). Increases in high-fat milk during follow-up were associated with
decreasing FPG and with lower risk of progressing to prediabetes or type 2 diabetes
(T2D). These findings suggest that baseline dairy intake and changes of dairy intake
represent distinct exposure statuses, with the results for the parallel change analysis
potentially affected by regression to the mean.
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Interconnections of dairy intake, sociodemographic, health

and cardiometabolic risk factors, dietary characteristics, and
prediabetes in individual cohort studies

In the Lifelines and Fenland study (Chapters 6 and 7), we employed a network approach
to understand the key variables and clusters among dairy intake, dietary characteristics,
and sociodemographic, health and cardiometabolic risk factors and prediabetes.
Network models align with the multifactorial nature of prediabetes because it describes
clusters of risk factors and dietary patterns as potential causes, moving beyond single
causes as would be assessed in reductionist regression analyses. With this approach, we
aimed to assess if the heterogeneity in associations of dairy intake and prediabetes risk
is explained by covariation of health behaviour and food intake with the several types of
dairy foods. We expected that individual dairy types would show distinct interrelations
or clustering with other variables in the network, which would explain discrepancies in
associations with prediabetes risk found in regression models.

The networks showed a preference of participants for either high-fat or low-fat dairy
foods. Furthermore, both networks showed a cluster of food groups considered
beneficial for health including vegetables, fruit, fish, legumes, tea, nuts, and wholegrains.
This clustering may reflect health-conscious behaviour but could also to some extent
reflect reporting bias of socially desirable answers. This cluster also included physical
activity in the Lifelines cohort. In the Fenland study, high-fat yogurt, low-fat yogurt, and
low-fat cheese intake connected with this cluster of healthy food groups, while only
low-fat yogurt connected with this cluster in the Lifelines study. High-fat yogurt and low-
fat cheese intake contributed more to total energy intake in the Lifelines study due to
their higher consumption levels, positioning them closer to overall energy intake. Both
networks also showed a cluster of energy dense food groups around energy intake,
and a bridging role of waist circumference between prediabetes and sociodemographic
characteristics.

The findings of the regression and network analyses showed limited alignment. In the
Fenland study (Chapter 7), the network analyses showed that low-fat and high-fat yogurt
intake were linked with the cluster of healthy food groups. Despite this similar placement,
the associations in regression analyses (albeit non-significant) for high-fat and low-fat
yogurt with prediabetes pointed in opposite directions. Furthermore, high-fat milk and
low-fat milk were similarly placed in the network due to their strong connection with
energy intake, despite opposite associations with prediabetes risk in regression analyses.
The negative connections between high-fat and low-fat dairy types indicate an inverse
relationship between their intake levels, explaining conflicting associations in regression
analysis. Moreover, while low-fat cheese intake was connected to the cluster of healthy
food groups, high-fat cheese connected to energy intake. Nonetheless, the associations
for high-fat and low-fat cheese were in similar positive direction in regression analysis.
In the Lifelines cohort (Chapter 6), low-fat milk did not have a much more pronounced
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role in the network based on predictability and centrality compared to other dairy types,
while being the only dairy type associated with prediabetes risk in regression models.
Its connection to energy intake, energy-dense foods and waist circumference might
explain the positive association found. While these connections offer insights into the
observed relationship, it is noteworthy that other dairy types were also connected with
these factors, suggesting that these connections alone may not fully explain the positive
association found for low-fat milk intake and prediabetes. Overall, the networks analyses
showed a nuanced understanding of dietary behaviour beyond multiple regression
models but did not fully explain the heterogeneity in observed associations.

Integration of evidence on dairy intake in relation to continuous
glycaemic markers and prediabetes

The systematic review including 14 prospective cohort studies on the relation between
dairy intake and continuous glycaemic measurements with diverse analytical approaches
presented a mix of inverse, positive, and non-significant associations (Chapter 7). In the
meta-analysis of six studies across nine prospective cohorts examining dairy intake in
relation to prediabetes risk, several key findings emerged. A quadratic nonlinear inverse
association was observed for total dairy intake, indicating the lowest risk at 3.4 servings
per day, with no clear trend for high-fat or low-fat dairy. Both total and high-fat cheese
displayed nonlinear associations with prediabetes risk, showing the lowest risk at 2.1
servings per day, but a positive risk at intakes surpassing 4 servings per day. High-
fat cheese intake likely drives the association for total dairy due to its high relative
contribution to a dairy serving. These results are somewhat in line with evidence for
T2D, with a comprehensive meta-analysis of prospective cohort studies showed that
high compared to low total cheese intake was associated with lower risk, though no
dose-response association was evident [1]. Additionally, ice cream intake showed an
inverse linear association with prediabetes risk, but caution is warranted given that the
highest median intake level recorded was less than a serving per week. At these low
intake levels, ice cream intake is unlikely to have such a strong significantimpact on the
development of prediabetes. Furthermore, potential reverse causation may explain
this inverse association as well as in studies with T2D as outcome [2, 3]. We found
no associations for total, high-fat and low-fat milk, and cream intake, consistent with
evidence for T2D [4-6].

Also, we found no association between fermented dairy and yogurt intake and
prediabetes, despite yogurt being consistently linked to T2D in previous prospective
cohort studies [1, 2, 7-9]. The meta-analysis by Gijsbers et al. (2016) with subgroup
analyses by continent showed that the associations between yogurt and T2D were
strongest in the US (n =5, RR per 50 g/day 0.91, 95%Cl 0.86-0.96, 12 = 73%) populations,
followed by Asian (n =2, RR 0.95 per 50 g/day, 0.79-1.14, 1>= 65%) and European (n =4, RR
0.96, 95%Cl 0.92-1.01, I> = 68%) populations, but not in one Australian population (n =1,
RR 1.08, 95%Cl 0.92-1.27) [2]. Most of these US cohorts had baseline measurements
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before 2000, during which the yearly per capita yogurt consumption in the US was low
(1980: 1.1 kg per person, compared to 16.6 kg in the Netherlands, 2000: 2.9 and 20.1 kg,
respectively) [10, 11]. Consequently, these older US cohorts typically have limited yogurt
intake. This restricted consumption of yogurt has been associated with healthy dietary
patterns and behaviours [3, 12], and this may impact the observed associations within
these US cohorts. In contrast, in the European populations, and the cohorts included
in our meta-analysis, especially those in the Netherlands, yogurt consumption is more
common. While correlations with healthy behaviours may still exist, they may be less
pronounced due to a wider range of yogurt intake levels. This variability could dilute the
strength of the observed associations between yogurt intake and T2D in prior meta-
analyses, as well as with prediabetes in our meta-analysis.

The single prior observational study on this topic within the FHS-OC proposed that
the associations between dairy intake and T2D could differ based on participant’s
baseline glycaemic status (i.e., normoglycaemia, prediabetes or T2D) [13]. This effect
modification was mainly observed for total milk and cheese intake, but not for yogurt
intake. By stratifying individuals with prediabetes from normoglycaemia and T2D, we
aimed to address for this potential source of heterogeneity in prior meta-analyses.
However, despite this adjustment aimed at creating a more homogenous baseline
sample, inconsistencies in associations across individual cohorts described in this
thesis persisted. Furthermore, our findings were consistent with associations shown
in previously published meta-analyses for total dairy, total milk, and ice cream, and
somewhat with cheese intake, with findings regarding T2D outcomes [2, 4]. This suggests
that the baseline glycaemic status of participants may not be the primary factor driving
heterogeneity across studies.

Prediabetes is a multifactorial condition influenced by numerous risk factors exerting
small effects, and no single exposure can be solely causally linked to its development.
In the systematic review (Chapter 7), we used NutriGrade, which is based on criteria-
based inferential methods, to evaluate the evidence and establish causal or preventive
conclusions aimed at informing dietary guidelines. The level of confidence in the estimate
was moderate for total dairy and ice cream, very low for cream, and low for all other dairy
types. This was primarily attributed to the small number of cohorts included, limited
strength of association and the non-significance of dose-response associations. The risk
estimates ranged from 0.50 to 1.05, with most associations within the range of 0.90 to
1.00. However, despite their weakness, these associations may have a significant public
health impact, given the widespread consumption of dairy and the high incidence of
prediabetes. A significant U-shape dose-response curve was observed for total dairy,
total cheese, and high-fat cheese intake. These curves suggested an optimal level of
consumption beneficial for lowering prediabetes risk, but deviating from this level in
either direction could lead to reduced effectiveness or increased risk.

256



General Discussion

Evaluation of the consistency of associations across populations and study designs is
crucial for determining the plausibility and generalizability of findings. Inconsistencies
in findings do not necessarily negate the validity of observed associations. Some
associations might be specific to certain population groups. The meta-analysis by Gijsbers
etal. (2016) suggested inverse associations in Asian populations of total dairy (n = 3, RR
0.85 per 200 g/day, 95% CI: 0.65, 1.12, I> = 88%) and milk (n = 3, RR 0.87, 95%Cl 0.72-1.05,
12=71%) with incident T2D, but not in American, European, or Australian populations
(n=1-6, RRrange 0.93-1.03). This pattern was not seen for total yogurt and cheese intake.
Differential associations by fat content of dairy foods and milk could not be compared by
continent due to lack of studies in Asian populations. Another meta-analysis including
additional cohorts (n =24, 13,211 cases among 1,297,951 participants) also showed that
milk intake was associated with lower T2D risk in non-white populations (RR per 245 g/
day: 0.80, 95%Cl 0.66-0.96), while in white populations, a modest positive association
was found (RR per 245 g/day: 1.03, 95%Cl 1.01-1.04) [14]. The findings of these two meta-
analyses align with our findings for milk and low-fat milk in relation to prediabetes risk
based on predominantly White European populations and one Australian populations.

To further infer on consistency of these findings, they can be compared across several
study designs including Mendelian randomization (MR) studies and randomized
controlled trials (RCTs). MR studies provide insights on the potential causality of
exposures on outcomes by utilizing genetic variants as instrumental variables (IVs).
These studies leverage the random assignments of genetic variations during conception,
reducing residual confounding and reverse causation biases. For milk intake, the single
nucleotide polymorphism (SNP) rs4988235 on the lactase (LCT) gene was found to be
associated with lactase persistence (LP) in European populations and therefore allows for
examination of natural randomization in milk intake. Thereby, MR studies are confined to
assessing milk intake solely as the LCT-rs4988235 is not associated with intake of cheese
or yogurt as these contain less lactose. Thus, these studies may underestimate the full
impact of dairy consumption on health outcomes [15]. The findings of MR studies align
with the current observational evidence for milk intake [4-6]. A systematic review of 6 MR
studies in 12 countries concluded that this genetic marker was not associated with T2D
risk or HbA1c levels [5]. Furthermore, a MR study among 182,041 participants from 18
cohorts also showed no association between the genetic marker and glycaemic markers
including FPG, fasting insulin, insulin sensitivity and insulin resistance [6]. Our inverse
association of total cheese and prediabetes risk was consistent with a MR analysis using a
genome wide association study (GWAS) to identify SNPs associated with cheese intake as
measured with the FFQ [16]. This study showed that genetically predicted cheese intake
was associated with lower fasting glucose (3 -0.20, 95%Cl -0.33; -0.07) and odds of T2D
(OR 0.46, 95%CI 0.34-0.63). GWAS has the potential to uncover novel genetic markers
and pathways associated with dairy intake, beyond known biological markers such as
the LCT-rs4988235. However, a statistically significant association in GWAS does not
necessarily imply causality.
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Currently, no randomized controlled trials (RCT) examine the effects of dairy intake on
prediabetes. Regarding glycaemic markers, RCTs suggest inconsistent effects of high
dairy intake compared to the control arms [17-23]. A meta-analysis of 34 RCTs (n = 2,678)
showed that high compared to low dairy intake (mean 3.1 versus 0.5 servings/day) was
not associated with FPG changes in long-term studies (> 24 weeks, the maximum duration
was 48 weeks), with energy restriction, and glucose metabolism as primary outcome
[18]. Positive associations were observed for RCTs with liquid dairy types, low-fat dairy
types and strictly controlled dietary interventions. Two meta-analyses including fewer
studies found no effects on FPG [17, 20]. For HbA1c, a meta-analysis of 8 RCTs (n = 682)
indicated no effect [20], while another one found an inverse association (4 RCTs, n = 512,
mean difference -0.09%, 0.16; -0.03, I> = 0%) [18]. Regarding HOMA-IR, two meta-analyses
showed no effects of high dairy diets [17, 18], while one meta-analysis including most
RCTs reported an inverse association (14 RCTs, n = 314, -1.21, 95%Cl -1.74; -0.67, |12 = 92%)
[19]. One meta-analysis examined effects of high dairy diets on fasting insulin, reporting
no mean differences compared to low dairy control arms (29 RCTs, n = 1,902) [18].

Consistent with the findings from our meta-analysis (Chapter 7), limited trial evidence
also does not indicate discernible effects of dairy fat content on glycaemic outcomes
[23-25]. Alandmark trial by Schmidt et al. (2020) compared the effects of high-fat versus
low-fat dairy diets (3.3 servings/day) versus a control (<3 servings/week of non-fat milk)
in a 12-week parallel-design RCT with a 4-week wash-in period, including 72 participants
with the metabolic syndrome [23]. After 12 weeks, no effects were observed on the
primary endpoint glucose tolerance, as well as on the secondary endpoints FPG and
HbA1c. Both dairy diets resulted in an increase in fasting insulin and HOMA-IR, and
a decrease in insulin sensitivity. These effects were independent of pancreatic 3-cell
function, liver fat function, biomarkers of systemic inflammation, total adiponectin,
and the slight weight gain observed in both dairy arms. Adjusting for dietary changes
and physical activity did also not change these intervention effects. Similar results were
found in a RCT by Eelderink et al. (2019) comparing a low-fat dairy diet (5-6 servings/day
of milk, yogurt, and cheese) to a low dairy control arm (<1 serving/day) for 6 weeks in a
cross-over design with a 4-week wash-out period in 45 overweight individuals [22]. They
found no differences in FPG, postprandial glucose and insulin response. After the high
dairy diet, fasting insulin was higher (8.9 + 3.3 mU/L versus 8.1 + 2.8 mU/L), resulting in
higher HOMA-IR (2.21 + 0.91 mU/L versus 1.99 + 0.72). Differences in HOMA-3 and the
Matsuda index exhibited a similar trend. This RCT also accounted for the increase in
body weight in the dairy arm. Engel et al. (2018) compared the effect of skimmed milk
versus whole milk intake (0.5 L/d) on FPG and IF a 3-week crossover trial with no wash-out
period in 18 healthy adults. No significant differences were observed in FPG (5.24 + 0.07
versus 5.32 + 0.09 mmol/L), FI (41.99 + 4.13 versus 45.66 + 4.23 mmol/L) and HOMA-IR
(1.37 £ 0.14 versus 1.50 £ 0.14).
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We observed an inverse association for high-fat cheese at moderate intake levels, but
not low-fat cheese with prediabetes. Limited trial evidence shows no distinct effects
of cheese with varying fat content on glycaemic outcomes [24, 25]. Nilsen et al. (2015)
compared the effects of a traditional fat-and salt-free Norwegian cheese (50 g/day),
Gouda-type cheese with 27% fat (80 g/day), and a low cheese control group in an 8-week
parallel-design RCT in 153 participants [24]. FPG showed a slight increase in the entire
population, with no effects attributable to the different interventions. Raziani et al. (2016)
compared the effects of 80g (mean 64-112 g) regular-fat cheese with an equal amount of
reduced-fat cheese and a non-cheese carbohydrate control in a 12-week parallel-design
RCT preceded by a 2-week run-in period in 139 participants [25]. No effects on FPG,
fasting insulin and HOMA-IR were found.

Nevertheless, many RCTs on examining the effects of total dairy and dairy types on
glycaemic outcomes are of low quality and difficult to compare due to heterogeneity
in the study population (i.e., age, metabolic status, comorbidities), duration, different
interventions, and control arms (e.g., SSBs, tea or water, low dairy, or usual diet) [17, 18,
26]. Often, there is no distinction made or clarification provided regarding the types of
dairy and fat content. Most RCTs used skimmed or low-fat fluid milk in their intervention
groups. Few studies used high-fat or fermented foods, either as a minor component of
the diet or without specification. Additional well-designed trials are therefore needed.

Relevant molecular pathways, confirmed by short-term animal and human trials, of
dairy constituents and the dairy matrix are summarised in Chapter 1. These potential
mechanisms mainly support biological plausibility for neutral or inverse associations of
moderate dairy intake with glycaemic outcomes. Whether these mechanisms explain the
long-term observational associations of dairy and hyperglycaemia found in this thesis
and prior evidence is yet to be determined. It remains not possible to pinpoint a specific
mechanism considering the synergistic or interactive effects of various components
in dairy foods. Potential counteracting effects of beneficial and harmful nutrients
may result in null effects, further complicating the interpretation. Furthermore, their
exposure is never null as most of these nutrients are derived from various sources. It is
not entirely clear if dairy foods exert direct effects on glycaemia, or if the associations
are due to indirect effects on satiety [27], body composition [6, 28], lipid profile [29],
and gut microbiota [30]. Different associations for each dairy type could be due to dairy
matrix effects. Inverse associations of milk intake and T2D in non-White populations
could potentially be attributed to the high proportion of lactose intolerance, with
undigested lactose affecting microbiota composition and activity, resulting in alterations
in circulating metabolites with beneficial effects on hyperglycaemia [31]. The beneficial
associations of yogurt intake and T2D have been attributed to probiotics [32, 33],
with the precise impact depending on the specific probiotic strains and their dosage
[34], and inconsistent findings observed may be attributed to variations in the yogurt
types consumed. Inverse associations between high-fat cheese intake and prediabetes
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risk could be attributed to the unique cheese matrix with effects of the intact MFGM,
high calcium content, and semi-solid protein matrix on fat absorption [35] and energy
balance [36, 37], as well as effects of vitamin K2 on insulin sensitivity [38-40]. The
nutritional content is highly similar between high-fat and low-fat dairy varieties, except
for the MFGM, fatty acids and fat-soluble vitamins. This may significantly impact gastric
emptying and dairy fat kinetics [35]. Nevertheless, it is unlikely that these nutritional
differences can fully account for the sign reversal for high-fat versus low-fat dairy types
observed in some cohorts described in this thesis. Other factors such as individual
metabolic responses, compensatory dietary patterns and health behaviour could play
significant roles in shaping these associations.

Methodological considerations

Study design and populations

In this thesis data from five observational prospective cohort studies in Western adult
general populations were used. The findings of these studies need to be interpreted
considering internal and external validity. Internal validity assesses the degree of
confidence that the observed associations in a study are accurate and not influenced
by biases. These biases include selection bias, confounding bias, and information bias,
particularly in nutritional studies related to dietary assessment. Selection bias arises
when the associations being assessed differ between the individuals included in the
analyses and those who were eligible but did not participate. This bias can result from
selective participation at baseline or from selective lost-to-follow up. The Fenland
study and AusDiab study had relatively low response rates at baseline (27% and 37%,
respectively) and exhibited a slight underrepresentation of individuals with a low SEP
compared to the general population figures [41, 42]. The higher baseline response rates
in the HS-1 (71%) and Rotterdam Study (72%) suggest good representativeness. Both the
HS-1 and HS-2 (response rate 45%) were comparable to the study population regarding
sex and self-reported diabetes [43]. Determining the exact participation rates of the
Lifelines study is challenging due to its inclusion strategy, but overall, the Lifelines study
was found to be representative of the population of the north of the Netherlands [44].
In general, participants in population studies tend to be healthier and more affluent
than nonparticipants. However, selective participation in cohort studies at baseline has
been shown to not bias exposure-outcome associations [45-47]. The response rates
at follow-up ranged from approximately 60-75% in each of the included cohorts which
has been suggested as acceptable when follow-up data is missing at random [48]. An
overrepresentation of a healthier population with higher educational levels may impact
the external validity of the results, referring to the generalizability of findings to the
broader population of interest. The prediabetes incidence rate might be underestimated
compared to the general population. Additionally, non-Western ethnicities and
individuals with lower socio-economic status (SEP) were underrepresented in our
studies. Only in the Fenland study, we were able to differentiate between White and non-

260



General Discussion

White ethnic background (Chapter 6). Therefore, our findings are primarily generalizable
to the general Western population with substantial consumption of dairy foods, high
lactose persistence, and background diets with considerable SFA, protein, vitamin, and
mineral intake. For example, the non-Western Prospective Urban Rural Epidemiology
(PURE) study includes low- and middle-income countries with low background SFA intake
(i.e., lowest intake was 2% SFA, which is considered inadequate) [49]. Higher intake of
high-fat dairy in these countries would result in nutritionally adequate diets rather than
potential overconsumption of SFA. Indeed, higher total dairy intake was associated with
lower diabetes incidence (5,351 cases among n = 131,481 across 21 countries worldwide,
HR >2 versus 0 servings/d 0.88, 95%Cl 0.76-1.02, P, __, = 0.01), with similar directionality
for high-fat dairy, milk, yogurt, and cheese, but not for low-fat dairy.

trend

Confounding

In observational cohort studies, participants are not randomly assigned to an exposure,
which can lead to potential bias due to confounding. Since participants self-select
their exposure levels, these levels may be related to other characteristics. If these
characteristics are also associated with the outcome, they could explain the observed
associations. Contrasting the baseline characteristics between individuals with high
and low intake of certain dairy types revealed some interesting patterns (Chapter 2-6
and Intermezzo). Baseline tables provided insights into potential confounding factors
associated with intake of certain dairy types. Individuals with high total dairy intake
were generally more often male, with higher physical activity and diet quality, and higher
intake of total energy, calcium, sodium, fruits, and SFAs. Other characteristics were
inconsistently related to higher total dairy intake, such as smoking behaviour, alcohol
intake, educational level, obesity, hypertension, and dyslipidaemia. Individuals with
high intake of high-fat milk were more often male, current smoker, with higher energy
intake but lower diet quality compared to individuals with low intake of high-fat milk. In
contrast, those with high intake of low-fat milk were more often non-smokers with higher
diet quality. Individuals with high yogurt intake were more often female, never smokers
with higher diet quality and lower waist circumference. Individuals with high intake of
high-fat cheese were more often male, with higher education, but smoking behaviour,
energy intake and diet quality varied. Individuals with a high intake of low-fat cheese
were more often female, reported higher physical activity, lower energy intake, and
higher diet quality. Specific dairy types, especially high-fat yogurt, and low-fat cheese
are consumed by a limited number of individuals with distinct characteristics related
to health behaviour and cardiometabolic health. A low proportion of consumers with
unique characteristics resulted in strong, but imprecise associations with prediabetes
risk in the individual cohorts (Chapter 2-6). The inconsistent associations between dairy
foods and the risk of prediabetes and T2D may be due to the varying proportions of
consumers with specific characteristics within each cohort for each type of dairy.
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Each of the included cohorts extensively measured potential confounders and
therefore we could adjust for a wide range of confounding factors in different domains.
Adjusting for total energy intake had the most impact on effect estimates, likely as
this also addresses confounding factors related to body size, metabolic efficiency, and
physical activity [50]. With adjustments made for sex, age, and energy intake, further
adjustments did not result in major differences in effect estimates. Baseline body
weight, hypertension, and dyslipidaemia may affect (reporting of) dietary patterns,
and are risk factors for prediabetes, and therefore meet the criteria for confounding
[51, 52]. Adjusting for these factors might also help to limit confounding of health
factors associated with body weight, hypertension, and dyslipidaemia, including genetic
predisposition, overall health, lifestyle, and SEP. Adjusting for obesity also aims to account
for the potential mediating pathway of adipose tissue dysfunction in obesity-related
insulin resistance [53], estimating the direct effect of dairy on prediabetes. However,
distinguishing between confounding and mediating effects is not possible due to the
use of only baseline measures and the absence of measurements to assess temporality.
Comparing effect estimates based on models with and without adjustment for mediating
effects remains imperative. The degree of attenuation observed may further depend
on operationalization of the confounder; whether baseline values or changes during
follow-up are considered, as well as whether continuous markers or dichotomized risk
states are evaluated.

The potential for residual confounding remains, either by measurement errors in
the assessment of confounding variables or because of unmeasured confounders.
Unmeasured differences in population characteristics (i.e., SEP, lifestyle, dietary intake,
genetic predispositions), health status, eating habits and replacement choices for dairy
consumption offer a significant explanation for heterogeneous associations of dairy and
prediabetes reported in each chapter and in prior literature. An important confounder
in diet-disease relations which is not optimally assessed in prospective cohort studies
is physical activity. Except for the Fenland study which used heart rate and movement
sensors (Chapter 6), data collection of physical activity in all cohorts involved self-
reported questionnaires, which are useful for obtaining population level insights but
are prone to recall and response bias and inability to capture absolute physical activity
[54]. In Chapter 5, one explanation for weaker interconnections in the network model
for health risk factors including physical activity and food groups compared with clinical
markers is that they reflect a greater extent of measurement uncertainty. In comparison,
in Chapter 6, objectively measured physical activity was linked more closely to the
clinical marker cluster possibly suggests a higher degree of precision in measurement
and association.

Network models

Our application of different confounder models, each with consecutive additional
adjustments for different variable domains, provides a structural and systematic manner
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to identify the impact of different sets on variables. However, the exact impact of each
variable is difficult to discern. With Gaussian graphical network (GGM) models, the
complex relationships between dairy intake, prediabetes incidence, sociodemographic,
health and cardiometabolic risk factors are assessed at once and visualized in a network
plot [55-57]. GGMs may elucidate how dietary factors interact with each other and with
health outcomes, providing insights in direct and indirect relationships [55]. Furthermore,
this is a sound methodological approach to obtain holistic insights in structures among
variables, providing insights in influential factors, clusters, or specific pathways [55,
58]. GGM addresses confounding present in nutritional epidemiology by obtaining
conditional dependencies derived from regularized joint distributions. We applied these
network models in an exploratory fashion in two populations. Consistent patterns across
cohorts increase confidence in reliability and may strengthen the evidence for causal
relationships or underlying mechanisms, while discrepancies highlight population-
specific factors or differences in variable measurement methods. Nevertheless, visual
interpretation of these large networks with variables from different domains proved
to be challenging. The presence of many small connections makes it difficult to discern
meaningful patterns, and the placement of variables is algorithm-based, leading to
potential fluctuations in their relative positions with each re-estimation. As a result, the
visual representation may not fully reflect the strength or nature of interrelationships
[59]. Furthermore, networks also suffer from the biases in nutritional epidemiology
including skewed exposures, limited variability in exposures, missing data, measurement
errors and residual confounding. Hypothetically, if a variable that lies on the causal
pathway of two other variables is not included in the network, a direct relationship
between these two other variables can be created. Then, predictability is not defined
as influence by neighbouring variables, as they are not influenced by each other but are
caused by this variable on the causal pathway which was not included in the network
[60].

Dietary assessment

A strength of this thesis lies in the investigation of various dairy types, including total
dairy, fermented dairy, and specific dairy varieties, considering alignment with previous
research while acknowledging limitations in the level of detail of the FFQs in each cohort.
Self-reported dietary data provides information that is difficult to obtain any other way.
FFQs have become the standard measurement in nutritional epidemiology, as they are
self-reported in a single administration, easily processed and cheap. The fundamental
concept of FFQs is that the exposure of interest for health outcomes is the average
long-term dietary pattern, spanning periods of a month or a year, rather than isolated
intakes on individual days. This approach is based on the notion that a dietary pattern
maintained over an extended period may be more appropriate and practical than single
daily diets for certain research questions. Indeed, numerous studies showed that FFQs
can be used to rank individuals according to their intake, and that FFQ based intakes are
predictive of health outcomes [61]. Each FFQ of the individual cohorts included in this
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thesis demonstrated moderate to strong correlations with dairy intake or major dairy
nutrients compared to other independent dietary assessment methods, suggesting good
validity. However, it is important to note that validation specifically for distinguishing
between high-fat and low-fat dairy intake is lacking.

The inaccuracy of FFQs to measure absolute intake levels has implications for determining
consistency across studies using different cut-off points. Variability in number,
formulation and grouping of dairy types in each FFQ limits comparability of dietary
exposures and likely contributes to inconsistencies in findings between studies. The
pre-determined food list on which a FFQ is based is often defined based on explaining
the greatest amount of variance in population dietary habits, or on foods contributing
most to nutrients of interest to certain populations [62]. In the Netherlands, where dairy
consumption is widespread compared to other countries, FFQs are tailored to include
detailed assessment of dairy products due to their significant role in the diet. The Dutch
FFQs used in more recent cohorts (HS-II, Lifelines, RS-IIl) provided examples of several
dairy types, frequency of consumption as well as usual serving sizes. In contrast, the
AusDiab and Fenland FFQs only assessed the frequency, type, and amount for milk,
other dairy types were assessed with a single frequency question. Also unmeasured
differences in nutrient content contribute to inconsistent findings. Although some
information about fat content is assessed (e.g. skimmed, semi-skimmed or full-fat),
protein, sugar and micronutrient content is not assessed. Furthermore, FFQs are limited
in assessment of seasonal variation in intake, for example ice cream consumption is likely
to differ between winter and summer.

The main limitation of FFQs is that its self-reported retrospective nature is prone to
recall bias resulting in substantial measurement error. This measurement is assumed
to be mainly non-differential (i.e., independent of the outcome) and therefore results
in attenuation of the effect estimates with larger uncertainty [63]. Although the
misclassification errors might not relate to prediabetes, they might relate to risk factors
of prediabetes including obesity and might thus be differential. People with obesity
are more likely to underreport energy intake and certain foods or overreport others
such as fruits and vegetables due to social desirability bias [64, 65]. Possibly, people at
higher risk of prediabetes may overreport their intake of low-fat dairy types, to align
with dietary recommendations and perceived norms emphasizing to consume low-fat
or low-calorie foods. With differential measurement error, the direction of bias in effect
estimates cannot be predicted.

We employed different strategies to account for measurement errors. We performed
sensitivity analyses with dairy intake adjusted for total energy intake with the residual
method. Energy-adjustment can partly mitigate the effects of correlated measurement
errors in self-reported dietary assessment methods, isolating the effects of specific
dietary factors on health outcomes. No differences in effect estimates were found.
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Furthermore, in Chapter 2, we applied the Goldberg method, to identify and exclude
energy under- and over reporters based on the ratio of energy intake (El) and formula
based basal metabolic rate (BMR) [66, 67]. Approximately a quarter of the sample was
identified as energy misreporters. Their exclusion resulted in strengthened associations
between dairy intake and prediabetes risk, highlighting the potential attenuation of
effect sizes in main analyses due to energy misreporting. Applying this method as a
sensitivity analysis in nutritional epidemiological studies could offer insights into
the impact of potential measurement errors on the accuracy and reliability of effect
estimates. However, it is important to recognize that assumptions underlying formulas
and cut-off points may introduce misclassification bias and excluding a substantial
portion of the sample results in loss of power [68]. Moreover, in well-designed studies
and FFQs, reliance on the Goldberg method may be unnecessary. In each study described
in this thesis, the FFQs were rigorously validated against energy intake, and participants
with implausible energy intakes outside the sex-specific ranges were already excluded
(<500 and 23500 kcal/day in women and <800 and =4000 kcal/day in men) [50]. The way
forward is to improve validation of dietary assessment methods and identification of
energy misreporters using objective measurements of total energy expenditure. This
data could also be used for employing regression calibration to correct for measurement
errors in dietary assessment methods.

Biomarkers of dairy intake

Objectively measured biomarkers of dairy fat intake may be used to reduce
misclassification errors in self-reported dietary questionnaires and unmeasured dairy
intake in mixed dishes (e.g., cheese on pizza or cream in cake). Hypothesis-driven derived
biomarkers of dairy fat include circulating and adipose proportions of pentadecanoic
acid (C15:0), heptadecanoic acid (C17:0), and trans-palmitoleic acid (¢16:1n7), as these
occur in ruminant milk and are no or little endogenous FA production in the body [69, 70].
While these OCSFA are not specific for dairy and are also present in meat and fish, they
have been widely studied and recognized for their usability as dairy fat biomarker [71].
These fatty acids correlate well with self-reported intake of total dairy, high-fat dairy, and
dairy fat (r = 0.4 to 0.7) based on 24h recalls or 7-day food records [72-74]. These fatty
acids increase in response to dairy intake or decrease when replacing high-fat with low-
fat dairy in trials [75-78], and are intercorrelated (r = 0.3 to 0.8), while representing two
distinct fatty acids classed with distinct chemical structures and associated metabolic
pathways [71]. Correlations of dairy fat biomarkers with dairy intake from FFQs are
lower (r=10.10 to 0.33) as compared to 24h recalls or 7-day food records, as these might
miss more ‘hidden’ sources of dairy intake [79]. Generally, correlations with dairy intake
are stronger for C15:0 and endogenous FA production contributes less to C15:0 than to
C17:0. Furthermore, of prominent SFA in dairy fat, myristic acid (C14:0) can be used as
hypothesis-driven biomarker of dairy fat [80, 81], considering that in contrast to C16:0
and C18:0 it is not produced by de novo lipogenesis. However, as C14:0 is also present
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in meat, fish and grain, the correlations with total dairy intake are lower as compared
to C15:0, C17:0 and t16:1n7 (r = 0.15, 95%Cl 0.11-0.19) [81].

The dairy fat biomarkers C15:0, C17:0 and t16:1n7 have been linked to lower incidence
of T2D [71, 82], while C14:0 is linked to higher T2D incidence [82]. A pooled analysis of
16 prospective studies (7 in the US, 7 in Europe, 1 in Australia and 1 in Taiwan, 15,180
cases among 63,682 participants, mean 9y follow-up) showed that higher C15:0 levels
were associated with 26% lower T2D risk (RR per 10t to 90" percentile range 0.74, 95% Cl
0.68-0.8=80.2%0), adjusted for demographic, clinical, socioeconomic, and health factors
[71]. For 17:0 and t16:1n7 were associated with a 45% (RR per 10 to 90 percentile range
0.55, 95% CI 0.49-0.62=88.4%) and 19% (RR per 10" to 90" percentile range 0.81, 95%
C1 0.69-0.94, 12=7.1%) lower risk, respectively. A meta-analysis of 7 studies (13,596 cases
among 38,813 participants) showed that C14:0 was associated with a 13% higher T2D
risk (RR per SD 1.13, 1.09-1.18, 12 = 42%, mean 10.8 y follow-up) [82].

Metabolite scores or profiles are data-driven biomarkers of dairy fat calculated as
composite measures of many different metabolites. In the UK EPIC-Norfolk diabetes
case-cohort study (641 cases among 1,440 participants, 16,350 person-years), metabolite
scores for total dairy and milk were inversely associated with T2D (HR 0.66, 95%Cl 0.60-
0.72 and HR 0.75, 95%Cl 0.65-0.82, respectively) [80]. In PREDIMED, the multimetabolite
profiles for total dairy, high-fat dairy, low-fat dairy, milk, yogurt, and energy-adjusted
cheese were each associated with lower T2D risk [83]. In contrast, in the US confirmatory
cohort, only the multimetabolite profile for total dairy and milk intake were associated
with lower risk of lower T2D risk. Biases due to the observational nature of these
prospective cohorts and different consumption patterns in the various countries
contribute to the differences in strength of relations of these dairy fat biomarkers with
health outcomes [84]. Therefore, the direct role of existing and novel biomarkers needs
to be validated in well-designed intervention studies [85].

To further understand the associations of dairy intake with prediabetes risk, we aimed
to assess how these dairy fat biomarkers influence these associations in the Fenland
study (Chapter 7). Attenuation of the association between high-fat dairy intake and
prediabetes risk by C14:0 may as we found in the Fenland study indicate a mediating
role of this metabolite in this relationship. After adjustment for other biomarkers such as
C15:0, C17:0, tC16:1n7, and all metabolites together, the associations between dairy intake
and prediabetes risk were slightly strengthened. This might indicate higher specificity of
findings and more reliable estimates with the use of biomarkers due to less influence of
measurement errors in self-reported dairy intake. The biomarkers did not significantly
contribute to the inverse associations for low-fat milk intake and prediabetes risk, as
these biomarkers are specific to dairy fat and thus do not correlate with low-fat dairy

types.
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Prediabetes definition

Considerations regarding the definition of prediabetes have implications for both
prevalence rates and prognosis. Controversy about the optimal definition of prediabetes
and inconsistencies in its association with T2D and CVD has raised doubts about its utility
in the medical community [86, 87]. For example, the T2D incidence ranged from 9-84%
depending on follow-up duration and prediabetes definition in a systematic review of
103 prospective studies up to 2018 from the Cochrane library [88].

We utilized various analytical strategies to explore the impacts of the prediabetes
definition on the association between dairy intake and prediabetes risk. In the Hoorn
Studies (Chapter 2), we addressed possible misclassification in prediabetes defined
at baseline by repeating analyses including participants with prediabetes at baseline
(20.9%), resulting in attenuation of associations. Rather than removing misclassification
errors, this approach likely introduced non-differential misclassification bias resulting
in attenuation of associations [63]. In the AusDiab and Lifelines study (Chapter 4 and
5), we repeated the analyses using the ADA cutoff levels for prediabetes [89]. This also
resulted in attenuation of associations. Much more prediabetes cases are identified
based on the ADA cut-offs compared to the WHO-ICE cut-offs, including a lower-risk
group with a better cardiometabolic risk profile. Lower cut-offs reduce homogeneity in
the prediabetes outcome group and increase the risk of misclassification bias, resulting
in attenuation of associations.

In the meta-regression analysis in Chapter 7, the prediabetes definition explained some
heterogeneity in the associations for high-fat milk and high-fat yogurt with prediabetes.
Specifically, non-significant positive associations were found in cohorts using the WHO-
IEC definition (HS and Fenland study), but non-significant inverse associations were
found with FPG (FHS-OC) or FPG/NPG (RS) definition. Nevertheless, the limited number of
studies for each definition hinders a comprehensive elucidation of this potential source
of heterogeneity.

In the Fenland study (Chapter 6), we compared the participant selection at baseline
and associations with dairy intake using four prediabetes definitions differing in the
included glycaemic markers. The prediabetes incidence ranged from 1.5% based on
FPG only to 4.4% based on the WHO-IEC definition. The different definitions identify
varying numbers of participants with prevalent and incident prediabetes and T2D.
For most dairy types, the effect estimates were largely consistent across the different
prediabetes definitions. Some associations were somewhat stronger when using the
FPG only based definition compared to those using the WHO-IEC definition. While the
meta-regression in Chapter 7 revealed heterogeneity in associations between high-
fat milk and prediabetes depending on the prediabetes definition used, the Fenland
study showed highly comparable effect estimates for high-fat milk across different
prediabetes definitions, with the strongest association observed when including HbA1c
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in the definition. In accordance with the meta-regression in Chapter 7, however, the
association of high-fat yogurt was inverse with the FPG based definition while positive
with the WHO-IEC definition. This was also observed for low-fat cheese intake. For yogurt
intake, strong inverse associations were seen with FPG, but associations were more
attenuated or positive with the other definitions. In line, distinct associations of dairy
intake on continuously assessed FPG, 2hPG and HbA1c were evident when analysing
repeated measures with linear mixed models (Chapter 6). Overall, the combination
of glycaemic markers to define prediabetes may explain some inconsistencies in
associations between cohorts, particularly for specific high-fat and low-fat dairy types.
This variability could arise from distinct associations with each glycaemic marker or
differences in participant selection, particularly impacting associations with specific
dairy types with fewer consumers.

Substitution analyses

This thesis presents a study investigating the associations of substituting high-fat cheese
with other dairy types on prediabetes risk using leave-one-out substitution models
(Chapter 2) [90]. This compares persons with different dietary habits, assuming the
validity of baseline dietary measurement. Substitution analyses within the dairy food
groups were not repeated in other cohorts, as the non-significant effect estimates
from this analysis aligned with the main findings. Additionally, substitutions within the
dairy food group present challenging interpretation due to contextual differences in
consumption. The substituted dairy items are often consumed in diverse contexts, for
example as a beverage, combined with cereals, spread on bread, or eaten as a snack
versus as part of a main meal. Prospective cohort studies often lack comprehensive
data on contextual factors that influence dietary choices and substitutions, limiting
the assessment, the feasibility, and real-world impact of these substitutions. For these
substitutions to be effective as health recommendations, they must align with typical
dietary patterns and be practical for everyday eating habits. Another methodological
consideration is that substitutions with total servings of intake mirrors real-life
consumption quantities and may hold greater relevance for public health considerations,
yet substitutions are not completely iso-caloric [91]. This means that total energy intake
varies as different components are substituted, and thus the problem of unspecified
substitutions is reintroduced (i.e., as is present in main analysis) [50]. We aimed to
mitigate this issue by adjustment for total energy intake. Differences in intake ranges
or misclassification of the dietary exposure may further contribute to this issue. Instead
of using mixed units as in our model, isocaloric and equal-mass substitutions (i.e., all
included variables are in the same unit, for example E%) aligning with the compositional
nature of dietary data could provide more reliable effect estimates and are therefore
recommended in future research [92].
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Parallel change analysis compared to linear mixed models

In both cross-sectional studies (Chapter 1) and prospective studies (Chapter 7) a
diverse array of statistical approaches was used to analyse associations of dairy intake
and continuous glycaemic markers. We conducted a parallel change analysis in the
Fenland study, examining changes in dairy intake in relation to changes in glycaemic
markers (Chapter 6). This parallel change approach was based on a study by Smith et
al. (2015) relating dietary factors to anthropometric markers showing that the results
of the parallel change analysis were most robust, consistent, and biologically plausible,
compared to analyses of baseline diet and changes in weight (change-score), or changes
in diet with changes in weight in a later time period (lagged-change) [93]. One explanation
given by the authors pertains specifically to the physiology of weight-loss, as changes
in diet or energy expenditure may be more relevant to the psychological adaptations
during weight loss. Applied to glycaemic markers as the main study outcome, recent
dietary changes are likely to be of more relevance for concurrent changes than changes
in a later time period. Lastly, confounding might be more likely when using the baseline
dietary intake compared to changes in dietary intake. The research group evaluating the
parallel change approach had previously shown that baseline dietary factors were more
strongly interrelated compared to dietary changes [94]. This suggests that individuals
make changes in their diet relatively independently of other factors and thereby these
parallel change analyses might be less prone to confounding. Exceptions were a positive
correlation between changes in fruits and vegetables and negative correlation between
changes in high-fat and low-fat dairy [94]. Thus, for dairy types, dependency of changes
and associated confounding might be more of an issue.

Building on this study by Smith et al. (2015), a simulation study has affirmed that, parallel
change analyses resulted in the most credible estimates compared to change-score or
lagged change-change analyses [95]. However, this simulation study also highlighted
that a causal relationship between baseline glycaemic marker levels and subsequent
levels of these markers could potentially violate the assumptions of these analyses
(i.e., no correlated error terms of regressor values), warranting careful conduction and
interpretation of these analyses.

The associations of dairy types and glycaemic markers in the Fenland study differed
between the parallel change analysis and the linear mixed models (Chapter 6). Only
the positive association between low-fat milk intake and FPG was found using both
analytical strategies. Some additional associations were found with the linear mixed
model approach. Linear mixed models have the advantage that it accounts for individual
variability by incorporating a random intercept and slope. The interaction term shows
whether the association of dairy intake and glycaemic outcomes changes over the follow-
up period. This allows for a nuanced examination of this relationship over time.
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Moreover, parallel change analyses are affected by regression to the mean, as extreme
values at either the highest or lowest intake levels tend to have the highest change in
intake. This may contribute to the inconsistencies between baseline and parallel change
analysis. As in our study, the study by Smith et al. (2015) showed that several associations
from the parallel change analysis were in opposite direction compared to the change-
score analysis [93]. For example, changes in high-fat dairy foods were associated with
weight gain (0.08 kg, 95%Cl 0.05; 0.11) while higher baseline high-fat dairy foods were
non-significantly associated with less weight gain (-0.02 kg, 95%Cl -0.03; 0.00). To reduce
the impact of extreme values, we adjusted for baseline intake levels of the dairy type.
Additionally, exclusion of outliers might reduce the impact of these extreme values,
nevertheless, excluding outliers that represent meaningful changes might also introduce
bias and result in associations that are overly weakened, or attenuated. Advantages
and disadvantages of linear mixed models and parallel change-on-change analyses are
summarized in Table 1.

Table 1. Advantages and disadvantages of two approaches to analyse associations of repeated
exposure measures with repeated outcome measures

Advantages Disadvantages
Linear mixed » Suitable for correlated repeated « Assumption of linearity
models measures « Computational complexity
e Allow for inclusion of random « Difficult interpretability of
intercept and slope for each interactions and random effects

participant accounting for
individual variability

Parallel change-on- e Less assumption of linearity e Limited handling of correlated
change analyses » Computational efficiency repeated measures
e Simple and intuitive  Ignoring individual variability
interpretation e Reduced power
» Affected by regression to the
mean

Multiple testing

The studies described in this thesis encompass an extensive replication of standardized
analysis in multiple prospective cohort studies of the general population. Examination
of multiple dairy types with prediabetes and continuous glycaemic outcomes increase
the likelihood of chance findings. At a =0.05, there is a 5% probability of rejecting a
correct null hypothesis (type | error), i.e., no association between the exposure and
outcome. We applied no statistical correction for multiple testing to reduce type | error
(e.g., Bonferroni or Benjamini-Hochberg correction) for several reasons. Firstly, most
exposures were correlated, and corrections may have resulted in a type Il error [96, 971].
Secondly, statistical correction for multiple testing assumes that findings are primarily
explained by chance, while this is inadequate in the context of empirical research
[96]. Thirdly, many diet-disease hypotheses are evaluated based on data from these
extensive observational cohorts, published in multiple manuscripts, making correction
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of multiple testing inherently arbitrary and incomplete. Instead, significant findings in
single studies provide targets for replication research, while penalization with multiple
testing corrections would have disregarded that finding.

Meta-analytical approach

While individual studies provide insights into specific populations and settings, meta-
analyses offer a comprehensive overview by synthesizing data from multiple studies. We
conceive our meta-analyses (Chapter 7) to be of high-quality as we adhered to guidelines
for protocol development, carefully investigated heterogeneity, and investigated risk
of bias in both individual cohorts and the meta-analyses [98]. The selection of similar
cohorts and standardization of analyses likely contributed to limited heterogeneity
observed in the subsequent meta-analysis. Due to the small number of included cohorts
and limited variation within cohorts, the exploration of moderation and subgroup
analyses by age, sex and BMI was not possible. Nevertheless, in individual cohorts, these
moderator analyses are of explorative nature, and meta-regression on aggregate data
does not necessarily reflect true associations between participant-level characteristics
and outcomes (i.e., ecological fallacy or aggregation bias) [99].

A limitation was that the variation of intake was rather constrained, primarily due to
the extraction of relative risks with corresponding median values from intake range
categories. This resulted in no zero-intake category for most dairy types, as well as
a much lower maximum intake as compared to individual studies. For prospective
studies with an adequate number of cases, extraction of estimates from additional
intake categories with narrower intake intervals would enable fitting of a more precise
dose-response curve. Fitting of a continuous nonlinear curve in each individual cohort
would have been feasible but is constrained by the limitations of FFQs in accurately
measuring precise individual intake levels.

In meta-analyses, pooling data from multiple studies often results in more precise
estimates compared to individual studies, especially with considerable inconsistencies
in the estimates from each study. This pitfall of meta-analyses is evident for the observed
inverse linear association for ice cream intake with prediabetes. Although the single
studies present inconsistent associations with extremely wide confidence intervals, the
pooled estimate was much more precise due to larger sample sizes and the ability to
account for between-study variability.

Compared to our approach, an individual participant data (IPD) meta-analyses could have
potentially resulted in higher precision and provide flexibility in analytical techniques.
Nevertheless, pooling of individual data was not possible due to limited possibilities for
data sharing - three cohorts were analysed within a protected server and one cohort was
not allowed to be transferred from the institute server. Furthermore, major differences
in the study protocols, for example baseline measurement period and prediabetes
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assessment methods, and differences in the number of items, food group definitions
and validity of dietary assessment instruments, pose challenges for IPD meta-analyses
as they may hamper data harmonization.

Suggestions for future research

Improving observational evidence

The results of this thesis have provided evidence base for the association of dairy
intake and prediabetes risk in multiple cohort studies primarily in Western and
predominantly affluent populations. Investigation of the associations between dairy
intake and prediabetes risk in non-Western samples and samples with lower SEP are
currently lacking and are needed in future. Studies utilizing multiple measurements of
FPG and 2hPG to diagnose prediabetes are recommended to limitimpact of short-term
intraindividual variation [100, 101] and thereby lower non-differential misclassification
in the outcome. Furthermore, as we did in the Rotterdam Study (Chapter 3) and the
Fenland study (Chapter 6) studies should incorporate repeated measures of dairy intake
to assess within-person variability and dietary changes over time. Moreover, further
investigation is warranted to examine the specific within-person replacements of dairy
within the diet and their relationship to prediabetes and T2D. This could involve specific
assessments of replacement choices within the FFQ. Future prospective studies also
need to investigate additional hypotheses that may clarify the potential of various biases
including residual confounding and reverse causation. The sensitivity of associations
to the presence of unmeasured confounders can be assessed in simulation studies
[102]. With extensive repeated measures, it can be explored how changes in dairy
consumption patterns - driven by factors such as weight and health goals, perceived
risk, medical diagnoses, or psychosocial factors - may contribute to the associations
observed between dairy intake and health outcomes. Factors that could contribute to
individual variability in health effects associated with dairy intake could be explored
in more detail, including population characteristics and background diet, genetic
predisposition, lactose intolerance, gut microbiota composition and health factors
such as obesity, insulin sensitivity and dyslipidaemia. Integrating data on epigenetics,
inflammatory markers, circulating metabolites and gut microbiota data is needed to
provide mechanistic evidence [80]. Repeated measures of intermediate markers allow
for exploration of moderating or mediating mechanisms such as weight regulation,
insulin sensitivity, inflammation, gut microbiota, blood pressure and lipid homeostasis
with joint modelling or advanced mediation analyses. Time-varying versions of MGM
to assess within-person auto-regressive and cross-lagged associations between dairy
intake, health behaviours and intermediate markers could provide more insights into
temporality of associations and the potential for reverse causation [56]. A holistic
approach with integration of psychological factors such as health awareness, attitudes,
coping mechanisms, personality (e.g., extraversion and neuroticism) and mental health
could further advance understanding of the complex associations between diet and
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disease. With these complex datasets, network models including MGM, clustering and
machine learning techniques could be valuable tools for identifying and prioritizing
confounding variables.

Innovative designs and statistical methods have the potential to enhance causal inference
from observational data. Target trail emulation is a technique used to design and analyse
observational studies to closely resemble a hypothetical RCT, thereby strengthening
causal inference and reducing influence of confounders, by setting specific inclusion
and exclusion criteria, treatment assignment rules, and outcome assignment protocols
[103, 104]. Propensity score matching may be used to create comparable groups by
matching participants on their probability of being exposed based on many covariates,
which can then be related to health outcomes [105]. This mimics the random assignment
of exposure in experimental studies, thus improving the validity of causal inferences in
observational studies [106]. Stratification of samples who are less likely to have changed
their dietary habits, for example by a low diabetes risk score, no desire to lose weight or
no diagnosis, can help to create more comparable exposure groups, thereby addressing
confounding.

Furthermore, an interesting area for future usage of network models is confirmatory
hypothesis testing of certain edges with Bayesian Gaussian Graphical Models [107,
108]. This allows for testing of a priori expectations for the (independence) structure
based on theory and clinical evidence. The hypothesis to be evaluated is that a set of
partial correlations is stronger compared to another set of partial correlations. These
hypotheses can be directly formulated from nutritional guidelines and prior meta-
analyses. For example, most guidelines emphasize low-fat dairy types to lower total
SFA intake. With Bayesian network models, it can be evaluated if partial correlations with
cardiometabolic risk factors are larger for low-fat dairy than for high-fat dairy.

These innovative designs and statistical methods do not account for unmeasured
confounding and measurement error, emphasizing the need for more accurate and
detailed collection on dairy intake and dietary behaviours. Prospective cohorts should
incorporate smartphone-based recalls with possible shorter recall periods reducing
underreporting [109] or image-assisted dietary assessment to alleviate the burden of self-
reporting. For the latter, food image recognition employing deep-learning approaches
have been extensively developed, although not yetimplemented in large scale research
initiatives. Furthermore, advancements in objective monitoring of physical activity, sleep
and stress, or ecological momentary assessment of health behaviours and contextual
factors could provide a more accurate measurement and improve the precision of
confounder adjustment. With sophisticated statistical techniques, such as regression
calibration, these extensive methods could be applied to a subset of the population and
used to reduce measurement error and other sources of bias in the exposure variables
and covariates. By incorporating standardized (additional) measurements and validation
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methods across various prospective cohorts, the variables across cohorts could be made
more consistent. This could enhance the ability to compare and analyse data across
different studies.

The need for an RCT

Observational evidence showing consistent dose-response trends with biological
plausibility is sufficient to inform public health recommendations [110, 111]. Nevertheless,
as concluded in prior chapters, to fully elucidate the causal effect of dairy intake on
hyperglycaemia and prediabetes incidence, a well-designed RCT is needed. RCTs
should focus on alignment of research protocols with observational studies to improve
agreement in findings, including a focus on specific dairy types, appropriate selection
of the population, and consistent outcome assessment [112].

Multiple large RCTs are warranted to determine effects of specific high-fat or regular
versus low-fat dairy products (i.e., milk, yogurt, and cheese), substitution effects of each
dairy product versus plant-based alternatives and other logical replacement options (i.e.,
fortified beverages, nuts, seeds, or other sources of protein and calcium) on metabolic
health parameters, including insulin sensitivity and glucose metabolism. We propose that
the control group should include a non-dairy consuming group, compared to a moderate
dairy consumption group (i.e., 1 serving per day of a certain dairy product) and a dairy
group consuming 2-3 servings per day of a certain dairy product in accordance with
dietary guidelines. This would ensure sufficient exposure ranges and examination of a
dose-response effect. The dairy types consumed should be as homogeneous as possible
with considerable efforts done to measure and report compliance. As the effect of dairy
varies in trials using isocaloric arms versus free-living non-energy restricted arms [18], a
careful consideration between these two settings must be made, considering potential
effects of higher energy intake, compensatory dietary changes, and generalizability of
findings. Isocaloric weight maintenance diets are recommended for estimating effects
of dairy independent of increased energy intake and body weight gain [113]. When
comparing high- versus low-fat dairy types, matching energy- and macronutrient intake
in intervention arms is needed to prevent compensatory effects, such as increased
consumption of carbohydrate-rich foods, which could confound the results. Selection
of healthy subjects is recommended to mitigate confounding by individuals’ baseline
glycaemic or lipid profiles and to gain insights into the role of dairy in maintaining
metabolic healthy states and early prevention of T2D. To examine prediabetes incidence
as outcome, a considerable follow-up is needed (e.g., at least 12 months, preferably > 24
months). However, given practical and financial constraints, shorter trials with metabolic
parameters will be more feasible. In that case, we advocate for a cross-over design lasting
at least 16 weeks to capture potential long-term effects [23, 26]. The primary endpoint
should be changes in glycaemic markers or insulin sensitivity to ensure appropriateness
of study design and sample size calculation.

274



General Discussion

An assessment of the impact of high-fat compared to low-fat dairy products on
energy balance, dietary choices and health behaviours is needed, providing insights
into practically made substitutions. Furthermore, studies are needed to evaluate the
hypothesis that high-fat dairy foods induce satiety, while low-fat options may lead to
overconsumption of for example refined carbohydrates.

More research is needed to explore the heterogeneity of effects attributable to the
composition and structure of different dairy types, including their specific SFA content,
presence of vitamin K, different probiotic strains, as well as variations in treatment and
fermentation methods. Detailed metabolic phenotyping of study participants is needed
to understand glycaemic responses to the dietary intervention, with measures of insulin
resistance [114, 115], body fat distribution and adipose tissue function [116], lactase
persistence [14], and gene expression and regulation.

Future experimental studies are also needed to investigate biological pathways, including
the insulinotropic effect of dairy foods, i.e., the repeated postprandial hyperinsulinemia
due to habitual dairy intake, on insulin sensitivity [23]. This would require extensive
repeated measurements of postprandial insulin responses in an RCT in a healthy
population. Furthermore, experimental studies are needed on the effects of dairy intake
on alterations in the gut microbiome and subsequent metabolite production, particularly
impacting the synthesis of BCAA and SCFA such as butyrate, and on modulation of
inflammatory pathways [14, 117].

Implications for public health

The findings of this thesis may offer some insights relevant for public health
recommendations regarding the role of dairy in the early-stage prevention of T2D.
Considering the large inconsistencies in associations of dairy with continuous glycaemic
markers and with prediabetes risk, as well as low to moderate grading of evidence based
on the meta-analysis (Chapter 7), the findings in this thesis are not sufficient to justify
changes to dietary guidelines. Furthermore, no single food may reduce the risk of a disease
interlinked to the overall dietary patterns, health behaviours, genetic, psychosocial, and
environmental factors. Moreover, we only considered prediabetes as outcome, while
dietary guidelines are based on evidence for multiple diseases outcomes and intermediate
markers, often addressing T2D but not prediabetes specifically. Public health efforts to
improve overall dietary quality and health behaviours should remain priority.

Our results for a nonlinear inverse association of total dairy and prediabetes support the
current food-based dietary guidelines that promote the intake of 2-3 servings per day. This
optimal consumption level of dairy provides the necessary nutrients with higher intakes
resulting in potential overconsumption of calories, sugars and SFA. However, prominent
researchers have challenged this recommendation, suggesting that an acceptable intake
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of 0 to 2 servings per day suffices [118, 119]. This considers that the optimal intake will
depend on overall diet quality as many of the nutrients found in dairy can also be obtained
from a variety of other food sources, as well as environmental concerns.

Our findings do not support the recommendation to focus on low-fat dairy products
nor further specification of an optimal distribution between low-fat and high-fat dairy
types. This recommendation is mainly done to limit intake of total SFA to less than 10
E%, based on the causal link between SFA and plasma concentrations of LDL cholesterol,
a key risk factor for atherosclerotic CVD [120]. The dietary fat quality determines LDL
cholesterol, as evident from feeding trials, RCTs and mechanistic studies. The evidence
base for substitution of foods containing SFA, trans fatty acids and cholesterol to foods
containing monounsaturated FAs and polyunsaturated FAs to prevent or improve
dyslipidaemia is substantial. Nevertheless, observational studies do not show harmful
associations of high-fat dairy intake in relation to CVD incidence and mortality [121,
122], likely as dairy fat presents a complex mixture of SFAs with counteracting effects
of other nutrients. Also, trial evidence does not support this recommendation. For
example, a RCT comparing 0.5 whole milk for 3 weeks compared to skim milk in healthy
individuals did not increase LDL cholesterol, while the whole milk diet had 14.4 E% from
SFA compared to 11.3 E% in the skimmed milk diet [21]. Beneficial effects of dairy fat
(i.e., specific fatty acids, milk fat globule membrane (MFGM) as well as compensating
higher energy intake by lowering carbohydrate intake might underline this finding. The
dietary recommendation to limit SFA in the diet without considering benefits of specific
food sources including high-fat dairy might inadvertently lead to dietary patternsrich in
refined starch and sugar. Therefore, dietary guidelines would benefit from shifting this
focus to more effective food-based recommendations that emphasize the consumption
of minimally processed foods.

We showed that high-fat cheese intake, mostly comprising hard cheeses in these
Western cohorts, is moderately beneficially associated with prediabetes risk. This
finding for high-fat cheese contradicts with many dietary guidelines including those in
the Netherlands, emphasizing low-fat cheeses (i.e., in Dutch guidelines: 10+, 20+, 30+,
cottage cheese, mozzarella and fresh goat cheese) [123, 124]. Prior evidence also shows
moderately beneficial associations of total cheese with T2D, all-cause mortality, CVD
mortality, and incident CVD, CHD and stroke, and null associations with cancer mortality,
hypertension, and prostate cancer [1]. For low-fat cheese, drawing a firm conclusion is
limited by low intake levels in each cohort and the high potential for reverse causation.
Based on literature, evidence of more favourable associations of low-fat cheese with
cardiometabolic outcomes compared to high-fat cheese is lacking [125]. If the beneficial
associations for cheese intake are attributed to specific fatty acids or fat-soluble vitamins
such as vitamin K2, advocating for low-fat cheese may not be advisable. The direct
translation of the current evidence into dietary recommendations is limited as many
complex associations of cheese intake and health outcomes have not been validated in
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a sufficient number of well-designed studies, and the proposed underlying mechanisms
are yet to be fully understood.

Our null findings for total yogurt intake in relation with prediabetes, irrespective of fat
content, is notin line with current guidelines stating that yogurt intake results in a lower
risk of T2D. In the beginning of 2024, the US Food and Drug Administration has qualified
the health claim that eating at least 2 cups per week of yogurt may reduce the risk of
T2D based on limited scientific evidence [126]. This claim applies to all types of yogurts
with varying fat and sugar content, with effects relating to the protein and micronutrient
content, as well as a higher diet quality associated with yogurt consumption. The long-
term effects of this claim in the US are yet to be determined. Nonetheless, the focus of
recommendations should be on plain yogurts, discouraging excessive consumption of
yogurt with added sugar or with unhealthy components (e.g. cookies, refined cereals).

Moderately positive associations at low intake levels of ice cream indicate no detrimental
role in prediabetes development when consumed in moderation. However, higher intake
of ice cream is likely to lead to excessive consumption of sugar and fat, potentially
elevating prediabetes risk. No specific recommendation for cream intake is made
considering the low intake levels in observational cohort studies.

In the included cohorts, the average intake of calcium in the lowest intake category
of total dairy was approximately 600-700 mg/day across all cohorts, falling below the
Dutch recommended levels of 950 to 1200 mg/day depending on age and sex. The
Dutch recommended levels are comparable with worldwide recommendations but are
higher than in for example the UK (700 mg/day). Low calcium intake among people not
consuming recommended levels of dairy foods is not directly an area of concern, as
many other foods contain calcium and absorption is upregulated when dietary calcium
intake is low. The main foundation for this recommendation is promotion of bone health,
while the overall evidence does not support that high dairy diets relate to a reduction of
fractures in general populations [118]. For bone health, public health efforts to promote
physical activity, being outdoors, and overall dietary quality to ensure sufficient vitamin
D synthesis might be more relevant. The intake of calcium, vitamin A and B2 is low among
adults in the Netherlands, but there are no indications for concern regarding these low
intakes from a public health perspective [127]. Follow-up research into nutritional status
or prevalence of clinical symptoms due to low intakes is desirable.

Although guidelines for the prevention of chronic diseases have been well defined,
changing diet is extremely challenging. Previous approaches focusing on modification
of individual factors such as cognitive abilities (e.g. decision making based on risk and
benefits), skills (e.g. nutrition literacy), and eating behaviours (i.e., snacking) have proven
to be unsuccessful on a population level, given the continuing raise of obesity and
cardiometabolic diseases. This approach mainly involved the provision of information on
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healthy diets to the public, tailored to specific subgroups. Nevertheless, making healthy
dietary choices is extremely difficult for individuals given that high levels of motivation,
self-efficacy and behavioural capability is needed to withstand the many temptations
in our obesogenic environment [128]. Thus, modifications of our sociocultural, physical,
and economic environments are pivotal to achieve healthier food choices. This requires
effective governmental policies. Currently, in the Netherlands, a ‘consumption’ tax on
non-alcoholic SSBs was set in place in January 2024. As for April 2024, dairy drinks are
exempt from this tax due to their beneficial protein content. However, implementing
this tax could serve as a nudge to encourage consumers to choose dairy foods without
added sugar. A nutrient profiling tax (e.g. sugar tax) targeting a wider range of unhealthy
foods may further aid healthy food choice [129] and stimulate industries to reformulate
their products to reduce sugar, fat, and salt content. Furthermore, marketing of sweets
aimed at children is banned, as well as the legal tools for municipalities to ban new fast-
food restaurants near schools or neighbourhood where there are too many fast-food
restaurants already. The effects of these governmental policies are yet to be investigated.

The Dutch ‘Nationaal Preventieakkoord' [National Prevention Agreement] aimed at
improving Health in the Netherlands in 2040 includes several actions to improve healthy
eating [130]. In supermarkets, these include increasing supply of products included in
the Dutch dietary recommendations, improving product formulations, nudging and
a food choice logo. Front-of-pack nutrition labelling has a high potential to effectively
inform consumers about nutritional value and encourage manufactures to improve
nutritional quality. In 2022, a front-of-pack nutrition labelling called the ‘Nutri-Score’
was implemented in the Netherlands to clearly communicate reliable information on
product composition based on scientific evidence. Since January 2024, it is the official
food choice logo in the Netherlands. The Nutri-Score is a food choice logo implemented
by the government ranging from A (dark green, healthier) to E (dark orange, unhealthier)
providing information on healthy composition of food items. The Nutri-Score is also
implemented in other European countries. In online purchase experiments, the Nutri-
Score assisted with identification of healthy products and increased purchase intentions
for healthy products [131]. However, concerns have been raised as the Nutri-Score
algorithm results in major discrepancies between the Nutri-Score and dietary guidelines
[132]. The comparisons are made within a certain food group and positive ingredients
(protein, fibre, vegetables, fruit, legumes, nuts, and certain oils) may counteract
negative ingredients (energy, SFA, sugar and salt). Thereby, for example, a pizza with
a cauliflower base, or vegetable chips with reduced fat are scored with an A and B
respectively, while semi-skimmed milk, full-fat milk or reduced fat cheese are scored
with a B, C and D, respectively. Thus, low-fat dairy foods and cheeses included in the
Dutch dietary guidelines ['Schijf van Vijf' (Wheel of Five)] are scored worse than pizza and
chips which are not recommended. These discrepancies between the Nutri-Score and
dietary guidelines need to be resolved to avoid confusion among consumers. Providing
clear explanations to the public on these scores has proven to be challenging considering
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these discrepancies. The Netherlands Nutrition Centre ['Voedingscentrum’] therefore
advises to only use the Nutri-Score only for products not in the dietary guidelines.
Nevertheless, 80% of the products in supermarkets are not included in the Dutch
dietary guidelines. Another concern is that food choice logos may be more useful for
highly educated individuals with above average income [133], and therefore have limited
impact on resolving health disparities. Perceived influence of industry involvement
in formulations of guidelines and the NutriScore to benefit profit over public health
considerations may affect public trust and credibility in the NutriScore. Independency
of implementation and scientific evaluation, and clear communication towards the
public can help to enhance the usability and effectiveness of the NutriScore. Overall,
the NutriScore has a high potential to empower consumers to make healthier choices,
given that future educational campaigns are effective. Moreover, priority should be on
transforming the food supply to offer more healthier, sustainable, and affordable foods.
This requires continuous innovations from the food industry with a focus on improving
health rather than maximizing profits.

Regarding diagnosing prediabetes, there is a lack of capacity to screen and treat
prediabetes in many countries including the Netherlands. In primary care setting,
systematic case-findings among individuals as part of cardiovascular risk assessment
or with high waist circumference could be further implemented. Guidelines for
treatment of T2D may change over time to emphasize early detection and interventions
for prediabetes, especially as awareness of the significance of early interventions for
prevention of T2D and complications grows [134]. However, earlier screening may also
result in unnecessary drug prescriptions with possible side effects and higher burden
on healthcare systems. Also on an individual level, psychological and financial burden
may hamper effective treatment.

Conclusion

To conclude, the findings presented in this thesis suggest that overall, dairy intake does
not increase the risk of prediabetes. Specifically, moderately beneficial associations were
observed for intake of total dairy, total cheese, and high-fat cheese and prediabetes
risk. Milk and yogurt were not significantly associated with prediabetes, irrespective
of their fat content. A critical appraisal of current literature is needed to inform the
dietary guidelines regarding high-fat cheese intake and dairy consumption overall in
relation to cardiometabolic health. Continued research efforts are warranted to elucidate
the complex relationships between different dairy matrices on health outcomes, as
well as to further investigate individual differences. Improvements in study design and
analytical strategies to mitigate biases, especially those related to reverse causation,
are also essential to advance the field of nutritional epidemiology. Public health efforts
to improve overall dietary quality and health behaviours should remain priority.
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English summary

Dairy foods are widely consumed and recommended in guidelines worldwide as part of a
healthy diet. Several dairy foods can be important for maintaining cardiometabolic health,
being rich in protein, odd-chained fatty acids, calcium, magnesium, potassium, vitamins
A, D, B2 and B12. However, dairy foods can also be relatively high in saturated fat, sodium,
and sugar which may be detrimental for cardiometabolic health. The Dutch Health Council
advises daily consumption of dairy products. This advice is supported by extensive meta-
analyses, which reported associations of higher total dairy intake—especially low-fat dairy
and yogurt—with a lower risk of type 2 diabetes.

Prediabetes is an intermediate stage between normoglycemia and type 2 diabetes, marked
by insulin resistance and beta-cell dysfunction. Plasma glucose levels in prediabetes
exceed the normal range but remain below the threshold for diabetes diagnosis. The
prevalence of prediabetes is rising rapidly, particularly among people with obesity and
older adults. Up to 50% of individuals with prediabetes may progress to diabetes within
five years, and they are already at increased risk for microvascular and macrovascular
complications. This growing prevalence highlights the need to identify modifiable risk
factors to prevent or reverse prediabetes. Given its wide reach, even small shifts in risk
could have a significant public health impact. Lifestyle modification is the recommended
strategy for preventing and managing prediabetes, with its effectiveness demonstrated in
many randomized controlled trials. Additionally, individuals with prediabetes may reverse
to normoglycemia through dietary and lifestyle changes.

Although the link between dairy intake and type 2 diabetes is well-researched, its
potential role in preventing earlier stages, including prediabetes, remains less explored.
Understanding this relationship could offer valuable insights for early intervention.
However, establishing clear associations between diet and specific health outcomes is
particularly challenging due to individual variability in dietary responses, the complex and
multifactorial nature of diseases, and the long latency periods involved.

Observational studies provide valuable insights into potential associations between diet
and long-term health outcomes in large populations. Among these, prospective cohort
studies are regarded as the highest quality of evidence, as they allow for the measurement
of exposures before disease onset. When observational evidence is consistent and well-
executed, with adequate adjustment for confounders, and supported by mechanistic
studies that demonstrate biological plausibility, these associations provide a foundation
for inferring causal relationships.

Aims

In this thesis, we aim to study the relation between the intake of total dairy and various
dairy types and prediabetes in prospective cohort studies including general populations. We
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focused on assessing this relation in prospective observational cohort studies in adults with
normoglycaemia at baseline from the Netherlands, Australia and the United Kingdom. Each
cohort collected continuous glycaemic measures at baseline and follow-up assessments, used
a validated food frequency questionnaire to measure intake of a wide range of dairy foods
and included a comprehensive set of sociodemographic and health risk factors.

We followed a standardized analysis plan to ensure a robust evidence base, providing high-
quality input for synthesizing all available evidence from prospective cohort studies in a meta-
analysis. We employed regression analysis adjusting for various confounding factors, including
sociodemographic factors, health behaviours, cardiometabolic risk factors, to offer insights in
the independent association of dairy intake and prediabetes risk. Additionally, we utilized a
novel approach by applying network models to capture the holistic interrelationships between
dietary characteristics, sociodemographic factors, health behaviours, cardiometabolic risk
factors and prediabetes. This approach aimed to determine whether the heterogeneity
in associations between dairy intake and prediabetes risk could be (partly) explained by
covariation of health behaviours and food intake across the different types of dairy foods.

Finally, we conducted a systematic review and meta-analysis to identify, summarize,
and evaluate all available evidence on the associations between any dairy intake and
continuous glycaemic markers and the incidence of prediabetes. We assessed the quality
of evidence for each included study and evaluated the confidence in the findings derived
from the meta-analysis.

Main findings

Most types of dairy were not associated with the risk of developing prediabetes in the
five analysed prospective cohort studies. However, the associations between specific
dairy types and prediabetes risk varied across the individual cohorts. In the Dutch Hoorn
Studies (Chapter 2), high-fat fermented dairy and cheese, particularly high-fat cheese,
were associated with a lower risk of prediabetes, while no significant associations were
found when substituting high-fat cheese with other dairy types. In the Dutch Rotterdam
Study (Chapter 3), higher intakes of high-fat milk and high-fat yogurt were associated
with a lower prediabetes risk and longitudinal insulin resistance, with weaker positive
associations for low-fat dairy. In the Australian Diabetes, Obesity, and Lifestyle Study
(AusDiab) (Chapter 4), high-fat dairy, high-fat milk and total cheese were associated with a
lower prediabetes risk, with a nonlinear association for low-fat milk. In the Dutch Lifelines
study (Chapter 5), the highest intakes of plain and low-fat milk intake were associated
with a higher risk of prediabetes, though no dose-response relationships were observed.
Lastly, in the UK Fenland study (Chapter 6), high-fat dairy was associated with a higher
prediabetes risk, while low-fat milk intake was associated with a lower prediabetes risk.
The opposite was shown in this study for changes in dairy intake over follow-up. Increased
high-fat milk intake during follow-up was associated with lower fasting plasma glucose
and a lower risk of progressing to prediabetes or type 2 diabetes.
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In the Lifelines study (Chapter 5), we found that reverse causation may influence the
results, even with a prospective design. In nutritional epidemiological research, reverse
causation occurs when individuals alter their eating habits due to awareness of disease
risk. In our study, awareness of diabetes risk, indicated by a diabetes risk score or a desire
to lose weight, was linked to a higher intake of low-fat dairy and a lower intake of high-fat
dairy. This suggests that individuals without disease risk (e.g., those without obesity) might
choose their diets hedonically rather than based on health considerations, potentially
leading to a lower prediabetes risk associated with dairy types not included in dietary
recommendations, such as high-fat dairy and ice cream.

In the Lifelines and Fenland study (Chapters 6 and 7), the networks of dairy intake,
dietary patterns, sociodemographic factors, health behaviours, and cardiometabolic risk
factors, including prediabetes, revealed clusters of health-conscious behaviours, such
as higher intake of vegetables, fruit, and physical activity, alongside distinct preferences
for high-fat or low-fat dairy. Both networks also revealed a cluster of energy-dense food
groups and highlighted the bridging role of waist circumference between prediabetes
and sociodemographic characteristics. Nevertheless, the findings from regression and
network analyses showed limited alignment. While some high-fat and low-fat dairy types
were similarly positioned within the networks, their associations with prediabetes risk
pointed in opposing directions in regression analyses due to inverse correlations between
their intake levels. In contrast, similar associations in regression analyses corresponded
to distinct placements of certain dairy types in the networks. Furthermore, dairy types
that showed associations in regression analyses were not necessarily reflected by a more
prominentrole in the networks. Thus, the findings suggest that covariation of dietary and
health behaviours, as captured by the networks, does not fully explain the heterogeneity
in associations between dairy intake and prediabetes risk. The findings point to the
complexity of these relationships, emphasizing the need for a multifaceted approach to
fully understand these nuanced connections.

The systematic review of 14 prospective cohort studies (Chapter 7) revealed a mix of inverse,
positive, and non-significant associations between dairy intake and continuous glycaemic
measurements. Thus, the existing body of evidence remains inconclusive regarding the
relationship between subtypes of dairy and glycaemic outcomes. In the meta-analysis
of six studies across nine cohorts, total dairy intake was nonlinearly inversely associated
with prediabetes risk, with the lowest risk of prediabetes observed at approximately 3.4
servings per day, although no clear trends were found for high-fat versus low-fat dairy.
Both total and high-fat cheese showed nonlinear inverse associations, with optimal intake
levels around 2.1 servings per day; however, intakes exceeding 4 servings per day were
associated with positive risk. These results are somewhat consistent with evidence for type
2 diabetes, though previous studies have not established clear dose-response relationships.
Potential beneficial effects on hyperglycaemia may stem from the presence of specific
saturated fatty acids, the milk fat globule membrane, calcium, and vitamin K within the
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cheese matrix. Consequently, dietary guidelines that focus solely on low-fat cheese may
lack adequate support from the current literature. Ice cream intake exhibited an inverse
linear association with prediabetes risk, consistent with findings related to type 2 diabetes;
however caution is warranted due to low median intake levels, difficulty in accurately
assessing intake due to high seasonal variation, and a high potential for reverse causation.
No associations were found for total, high-fat, or low-fat milk and cream, consistent with
previous literature. Additionally, despite earlier studies suggesting that yogurt intake might
reduce type 2 diabetes risk, our meta-analysis found no associations between yogurt intake
and prediabetes. The previously observed inverse associations with type 2 diabetes may be
attributed to low intake levels and health behaviours associated with yogurt consumption.
Inconsistencies in findings may also arise from the variety of yogurt types consumed, which
can differ in probiotic strains and sugar content.

The findings provide evidence base for the association between dairy intake and
prediabetes risk derived from multiple cohort studies primarily in Western and
predominantly affluent populations. However, the confidence in the estimates was
moderate for total dairy and ice cream, very low for cream, and low for other dairy types.
There is a high likelihood of residual confounding from background diet and health
behaviors, as well as reverse causation related to health or risk awareness. Enhancing
the accuracy and detail of dairy intake and dietary behavior data may help address these
confounding factors in future studies. Refining study design and analytical strategies to
mitigate biases—particularly those associated with reverse causation—will be essential
for advancing the field of nutritional epidemiology. Observational evidence supports the
need for well-designed RCTs to better understand the causal relationship between dairy
intake and hyperglycemia. Future studies should focus on specific dairy types, assess the
substitution effects of dairy versus plant-based alternatives, and consider variations in
dietary behaviors. In terms of mechanisms, exploring the impact of dairy on metabolic
health, gut microbiome alterations, and individual differences is essential for informing
public health guidelines and dietary recommendations.

Conclusion

In conclusion, the analysis of associations between dairy intake and prediabetes risk
across multiple prospective cohort studies reveals a nuanced picture. While most dairy
types were not associated with risk of prediabetes, specific associations varied between
cohorts. Overall dairy intake was not associated with higher risk of prediabetes; rather,
moderate consumption, particularly of cheese, may be beneficial for lowering this risk.
Milk and yogurt were not associated with prediabetes, regardless of their fat content.
Network analyses illustrated the interconnectedness of dairy intake, dietary patterns,
and sociodemographic, health and cardiometabolic factors. Overall, the findings call
for a revaluation of the potential benefits of high-fat dairy, emphasizing the need for
comprehensive research to inform public health recommendations.
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Zuivelproducten worden wereldwijd veel geconsumeerd en aanbevolen in richtlijnen
als onderdeel van een gezond voedingspatroon. Verschillende zuivelproducten kunnen
belangrijk zijn voor het behoud van de cardiometabole gezondheid, omdat ze rijk zijn aan
eiwitten, oneven-keten vetzuren, calcium, magnesium, kalium, en de vitamines A, D, B2
en B12. Echter, zuivelproducten kunnen ook relatief hoog zijn in verzadigd vet, natrium
en suiker, wat schadelijk kan zijn voor de cardiometabole gezondheid. De Nederlandse
Gezondheidsraad adviseert dagelijks gebruik van zuivelproducten. Dit advies wordt
ondersteund door uitgebreide meta-analyses, die associaties rapporteerden tussen
hogere totale zuivelinname—met name magere zuivel en yoghurt—en een lager risico
op type 2 diabetes.

Prediabetes is een tussenfase van normoglykemie en type 2 diabetes, gekenmerkt door
insulineresistentie en betacel-dysfunctie. Bij prediabetes zijn de plasmaglucoseniveaus
hoger dan normaal, maar blijven ze onder de drempel voor de diagnose van type 2
diabetes. De prevalentie van prediabetes neemt toe, met name onder mensen met
obesitas en oudere volwassenen. Tot 50% van de mensen met prediabetes kan binnen
vijf jaar diabetes ontwikkelen, en ze lopen al een verhoogd risico op microvasculaire
en macrovasculaire complicaties. De toenemende prevalentie benadrukt de noodzaak
om beinvloedbare risicofactoren te identificeren om prediabetes te voorkomen of om
te keren. Gezien de brede prevalentie kunnen kleine verschuivingen in het risico op
prediabetes een aanzienlijke impact op de volksgezondheid hebben. Leefstijlaanpassing
is de aanbevolen strategie voor het voorkomen en behandelen van prediabetes, waarvan
de effectiviteit is aangetoond in gerandomiseerde gecontroleerde onderzoeken.
Bovendien kunnen individuen met prediabetes terugkeren naar normoglykemie door
voeding- en leefstijlverandering.

Hoewel de link tussen zuivelinname en type 2 diabetes goed is onderzocht, is de
potentiéle rol ervan in het voorkomen van eerdere stadia, waaronder prediabetes,
minder onderzocht. Inzicht in deze relatie kan waardevolle informatie bieden voor
vroege interventie. Het vaststellen van duidelijke associaties tussen voeding en
specifieke gezondheidsuitkomsten is echter bijzonder uitdagend vanwege individuele
metabole variabiliteit, de complexe en multifactoriéle aard van ziekten, en de lange
latentieperiodes van ziekten.

Observationele studies bieden waardevolle inzichten in de mogelijke associaties tussen
voeding en gezondheidsuitkomsten in grote populaties. Van observationele studies
worden prospectieve cohortstudies beschouwd als het hoogste niveau van bewijs, omdat
ze blootstellingen meten vo6r het optreden van de ziekte. Wanneer observationeel
bewijs consistent en goed uitgevoerd is, met voldoende aanpassing voor confounders, en
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ondersteund wordt door mechanistische studies die biologische plausibiliteit aantonen,
bieden deze associaties een fundament voor het aantonen van causale relaties.

Doel van dit proefschrift

In dit proefschrift wordt de relatie tussen de inname van totale zuivel en verschillende
zuiveltypes en prediabetes bestudeerd in prospectieve cohortstudies met algemene
populaties. De focus ligt op het analyseren van deze relatie in prospectieve
observationele cohortstudies bij volwassenen met normoglykemie uit Nederland,
Australié en het Verenigd Koninkrijk. Elk cohort verzamelde continue glykemische
metingen bij de baseline en follow-up metingen, gebruikte een gevalideerde voedsel-
frequentievragenlijst om de inname van een breed scala aan zuivelproducten te meten
en omvatte een uitgebreide set sociodemografische en gezondheidsrisicofactoren.

We volgden een gestandaardiseerd analyseplan om een robuuste bewijsbasis te
waarborgen, die hoogwaardige input levert voor het synthetiseren van alle beschikbare
gegevens uit prospectieve cohortstudies in een meta-analyse. Om inzicht te krijgen
in de onafhankelijke associaties tussen zuivelinname en het risico op prediabetes
voerden we regressieanalyses uit waarbij we corrigeerden voor verschillende
confounders, waaronder sociodemografische factoren, gezondheidsgedragingen
en cardiometabole risicofactoren. Bovendien hebben we een nieuwe benadering
toegepast met netwerkanalyses om de holistische onderlinge relaties tussen voeding,
sociodemografische factoren, gezondheidsgedragingen, cardiometabole risicofactoren
en prediabetes in kaart te brengen. Deze aanpak had tot doel om te bepalen of
heterogeniteit in de associaties tussen zuivelinname en het risico op prediabetes (deels)
kon worden verklaard door covariatie van voedselinname en gezondheidsgedragingen
tussen de verschillende soorten zuivel.

Tot slot voerden we een systematische review en meta-analyse uit om alle beschikbare
wetenschappelijke literatuur te identificeren, samen te vatten en te evalueren met
betrekking tot de associaties tussen zuivelinname, continue glykemische markers en
de incidentie van prediabetes. We beoordeelden de kwaliteit van het bewijs voor elke
geincludeerde studie en evalueerden het vertrouwen in de bevindingen die uit de meta-
analyse voortkwamen.

Belangrijkste resultaten

De meeste zuiveltypes waren niet geassocieerd met het risico op het ontwikkelen van
prediabetes in de vijf geanalyseerde prospectieve cohortstudies. Echter, de associaties
tussen specifieke zuiveltypes en het risico op prediabetes varieerden tussen de
individuele cohorten. In de Nederlandse Hoorn Studies (Hoofdstuk 2) waren vette
gefermenteerde zuivelproducten en kaas, met name vette kaas, geassocieerd met een
lager risico op prediabetes, terwijl er geen significante associaties werden gevonden bij
het vervangen van vette kaas door andere zuiveltypes. In de Nederlandse Rotterdam

293



Appenda

Study (Hoofdstuk 3) waren hogere innames van volle melk en volle yoghurt geassocieerd
met een lager risico op prediabetes en longitudinale insulineresistentie, met zwakkere
positieve associaties voor magere zuivel. In de Australian Diabetes, Obesity, and Lifestyle
Study (AusDiab) (Hoofdstuk 4) waren vette zuivel, volle melk en totale kaas geassocieerd
met een lager risico op prediabetes, met een niet-lineaire associatie voor magere melk.
In de Nederlandse Lifelines studie (Hoofdstuk 5) was de hoogste inname van gewone
en magere melk geassocieerd met een hoger risico op prediabetes, hoewel er geen
dosis-responsrelaties werden waargenomen. Ten slotte was in de Britse Fenland studie
(Hoofdstuk 6) vette zuivel geassocieerd met een hoger risico op prediabetes, terwijl de
inname van magere melk geassocieerd was met een lager risico op prediabetes. Het
tegenovergestelde werd aangetoond in deze studie voor veranderingen in zuivelinname
tijdens de follow-up. Een verhoogde inname van volle melk tijdens de follow-up was
geassocieerd met lagere nuchtere plasma glucose en een lager risico op het ontwikkelen
van prediabetes en type 2 diabetes.

In de Lifelines studie (Hoofdstuk 5) vonden we dat omgekeerde causaliteit de resultaten
kan beinvloeden, zelfs met een prospectief studiedesign. In voedings-epidemiologisch
onderzoek komt omgekeerde causaliteit voor wanneer individuen hun eetgewoonten
veranderen als reactie op hun bewustzijn van ziekterisico. In onze studie was het
bewustzijn van diabetesrisico, gemeten aan de hand van een risicoscore of een wens
om af te vallen, geassocieerd met een hogere inname van magere zuivel en een lagere
inname van vette zuivel. Dit suggereert dat individuen zonder ziekterisico (bijvoorbeeld
degenen zonder obesitas) mogelijk hun voeding kiezen op basis van hedonische
voorkeuren in plaats van om gezondheidsredenen. Dit kan leiden tot een lager risico op
prediabetes, vooral voor zuiveltypes die niet zijn opgenomen in de voedingsrichtlijnen,
zoals vette zuivel en ijs.

In de netwerken van zuivelinname, voedingspatronen, sociodemografische factoren,
gezondheidsgedragingen en cardiometabole risicofactoren, en prediabetes, in de
Lifelines en Fenland studie (Hoofdstukken 6 en 7), clusterden gezondheidsbewuste
gedragingen, zoals inname van groenten en fruit en fysieke activiteit. Verschillende
voorkeuren voor vette of magere zuivel waren zichtbaar. In beide netwerken
clusterden energiedichte voedselgroepen en had tailleomtrek een verbindende rol
tussen prediabetes en sociodemografische kenmerken. Desondanks toonden de
resultaten van de regressie- en netwerkanalyses beperkte overeenstemming. Hoewel
sommige vette en magere zuiveltypes vergelijkbaar gepositioneerd waren binnen de
netwerken, waren hun associaties met het risico op prediabetes in regressieanalyses in
tegengestelde richtingen, vanwege inverse correlaties tussen hun inname. Omgekeerd
waren zuiveltypes met vergelijkbare associaties in regressieanalyses verschillend
gepositioneerd in de netwerken. Bovendien hadden zuiveltypes die associaties
vertoonden in regressieanalyses niet per se een prominente rol binnen de netwerken.
Dit suggereert dat covariantie tussen voeding en gezondheidsgedrag, zoals vastgelegd
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door de netwerken, niet volledig de heterogeniteit in associaties tussen zuivelinname
en hetrisico op prediabetes verklaart. De bevindingen wijzen op de complexiteit van de
relatie tussen voeding en gezondheid en benadrukken het belang van een holistische
benadering voor het begrijpen van deze associaties.

De systematische review van 14 prospectieve cohortstudies (Hoofdstuk 7) liet een
mix van inverse, positieve en niet-significante associaties zien tussen zuivelinname
en continue glykemische metingen. De huidige bewijslast blijft dus onduidelijk over
de relatie tussen subtypes van zuivel en glykemische uitkomsten. In de meta-analyse
van zes studies met negen cohorten was een hogere inname van totale zuivel niet-
lineair geassocieerd met een lager risico op prediabetes, waarbij het laagste risico
werd waargenomen bij ongeveer 3,4 porties per dag, waarbij er geen duidelijke trends
werden gevonden voor volle versus magere zuivel. Zowel een hogere inname van
totale als volle kaas waren niet-lineair geassocieerd met lager risico op prediabetes,
met optimale innamenniveaus rond 2,1 porties per dag; echter, innames hoger dan
4 porties per dag waren geassocieerd met een verhoogd risico. Deze resultaten zijn
enigszins consistent met bewijs voor type 2 diabetes, hoewel eerdere studies geen
duidelijke dosis-responsrelaties hebben vastgesteld. Potentieel gunstige effecten
van kaas op hyperglykemie kunnen voortkomen uit de aanwezigheid van specifieke
verzadigde vetzuren, het membraan om melkvet, calcium en vitamine Kin de kaasmatrix.
Voedingsrichtlijnen die uitsluitend magere kaas aanraden, zijn dus niet voldoende
onderbouwd door de huidige literatuur. Een hogere inname van ijs was geassocieerd
met een lager risico op prediabetes, wat consistent is met bevindingen met betrekking tot
type 2 diabetes. Voorzichtigheid bij de interpretatie van dit resultaat is echter geboden
vanwege een lage inname van ijs, de moeilijkheid om de inname nauwkeurig te meten
vanwege hoge seizoensvariatie, en een hoge potentieel voor omgekeerde causaliteit.
Er werden geen associaties gevonden voor totale, volle of magere melk en room, wat
consistent is met eerdere literatuur. Ondanks eerdere studies die suggereren dat een
hogere inname van yoghurt het risico op type 2 diabetes kan verlagen, vond onze meta-
analyse geen associaties tussen inname van yoghurt en het risico op prediabetes. De
eerder waargenomen associaties met type 2 diabetes kunnen worden toegeschreven
aan lage innames in die studies en gezondheidsgedragingen die verband houden met de
consumptie van yoghurt. Inconsistenties in de bevindingen kunnen ook het gevolg zijn
van de verscheidenheid aan geconsumeerde yoghurttypes, die variéren in probiotische
stammen en suikergehalte.

De bevindingen bieden een bewijsbasis voor de associatie tussen zuivelinname en het
risico op prediabetes, afgeleid uit meerdere cohortstudies, voornamelijk in westerse
en overwegend welvarende populaties. Het vertrouwen in de schattingen was
echter gematigd voor totale zuivel en ijs, zeer laag voor room, en laag voor andere
zuiveltypes. Er is een grote kans op confounding van associaties door voedingspatronen
en gezondheidsgedrag waarvoor we niet volledig konden corrigeren, evenals
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omgekeerde causaliteit gerelateerd aan bewustzijn op gezondheidsrisicio’s. Het
verbeteren van de nauwkeurigheid en details van de gegevens over zuivelinname en
voedingsgedrag kan helpen om de invloed van deze verstorende factoren in toekomstige
studies te verminderen. Het verfijnen van de onderzoeksopzet en analytische
strategieén om onderzoekbias te verminderen—met name die verband houden met
omgekeerde causaliteit—zal essentieel zijn voor de vooruitgang op het gebied van
voedingsepidemiologie. Observationeel bewijs onderstreept de noodzaak voor goed
ontworpen gerandomiseerde gecontroleerde onderzoeken om de causale relatie
tussen zuivelinname en hyperglykemie vast te stellen. Toekomstige studies moeten zich
richten op specifieke zuiveltypes, de substitutie-effecten van zuivel versus plantaardige
alternatieven, rekening houdend met de variaties in voedingsgedrag. Wat betreft
mechanismen is het essentieel om de impact van zuivel op de metabole gezondheid,
veranderingen in de darmmicrobioom en individuele verschillen hierin te onderzoeken
om zo publieke gezondheidsrichtlijnen en voedingsaanbevelingen te informeren.

Conclusie

Concluderend laat de analyse van de associaties tussen zuivelinname en het risico op
prediabetes in meerdere prospectieve cohortstudies een genuanceerd beeld zien. Terwijl
de meeste zuiveltypes niet geassocieerd waren met het risico op prediabetes, varieerden
specifieke associaties tussen de cohorten. De totale zuivelinname was niet geassocieerd
met een hoger risico op prediabetes; integendeel, een gematigde consumptie, vooral
van kaas, kan gunstig zijn voor het verlagen van het risico op prediabetes. Inname van
melk en yoghurt was niet geassocieerd met prediabetes, ongeacht hun vetgehalte.
De netwerkanalyses illustreerden de onderlinge connecties tussen zuivelinname,
voedingspatronen en sociodemografische, gezondheids- en cardiometabole factoren.
Samenvattend vragen de bevindingen om een revaluatie van de mogelijke voordelen
van volle zuivel en benadrukken ze de noodzaak van uitgebreider onderzoek ter
ondersteuning van publieke gezondheidsaanbevelingen.
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