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Abstract 
 

Objective: Researches which studied the relation of dietary greenhouse gas emissions with 

health outcomes are few, inconsistent and most of them are modelling studies which have 

not investigated empiric dietary emission patterns. In this study, we employ a posteriori data 

dimension reduction method, treelet transform, to identify dietary and diet related emission 

patterns concurrently. We aim to evaluate if these patterns are correlated, if they are 

associated with diabetes and if emission patterns can be used as a proxy for dietary patterns 

for assessment of association with diabetes.  

Design: Food items from dietary questionnaire were aggregated to 34 food groups. GHGE was 

estimated by linking food intakes with life cycle assessment data on emission. Dietary and 

emission patterns were identified by employing treelet transform on food intake and 

corresponding greenhouse gas emission data. Multivariate logistic regression was performed 

to investigate associations between quintiles of dietary patterns and diabetes. Adjusted mean 

values of emission estimates were obtained for the identified dietary patterns. Adjusted 

proportions of diabetes across quintiles of emission patterns were computed.  

Setting: Västerbotten Intervention Program 

Subjects: women (n 38,118); men (n 36,042) between the age of 35 and 65 years  

Results: Four dietary and four corresponding emission patterns in women, five dietary and 

five corresponding emission patterns in men were identified. Moderate to strong correlations 

were observed between dietary and corresponding emission patterns. Prudent dietary 

pattern (PP) in women was inversely associated with dysglycemia [ORQ5 vs. Q1 = 0.82 (95% CI 

0.69—0.97, Ptrend =0.003)]. PP in women was also inversely associated with diabetes [ORQ5 vs. 

Q1 = 0.37 (95% CI 0.17—0.78, Ptrend = 0.002)]. However, adherence to this dietary pattern was 

associated with higher dietary emission. Finally, none of the corresponding emission patterns, 

were associated with adjusted proportions of either dysglycemia or diabetes. 

Conclusion: Treelet transform produces correlated dietary and emission patterns which are 

sparse and easily interpretable. However, some differences in loading structures between 

dietary and emission patterns result in different conclusion regarding the association with 

diabetes, rendering the usage of emission patterns as proxies of dietary patterns 

inappropriate. Results from our study also show that healthy dietary patterns do not 

necessarily reduce greenhouse gas emission. 

Keywords: Treelet transform; Dietary patterns; Greenhouse gas emissions; Carbon 

footprint; dietary GHGE patterns; Diabetes; Dysglycemia; Västerbotten Intervention 

Program  
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Introduction 

Diabetes: Prevalence and Type 

Diabetes mellitus (diabetes, DM) is a pandemic non-communicable disease, with nearly 500 

million and increasing number of adults worldwide having the disease. In Sweden, the 

prevalence of diabetes is estimated to be 7% [1]. A recent research based on the study 

population in the Västerbotten Intervention Program (VIP) shows that the cumulative 

incidence proportion of diabetes was 3.3% at 10 years follow-up [2].  

Diabetes occurs when blood glucose is higher than the normal level due to the inability of 

pancreas to produce any or enough insulin (Type 1 Diabetes, T1DM) or when the body is 

resistant to the produced insulin for maintaining blood glucose to normal level (Type 2 

Diabetes, T2DM). Ultimately, in T2DM, also the insulin production fails. A third type of 

diabetes is gestational diabetes (GDM), an insulin resistance, which occurs during pregnancy. 

T2DM is the most prevalent form of diabetes, with 90% of diabetes patients being diagnosed 

as T2DM patients. For this reason, hereafter, we will continue to refer Type 2 Diabetes simply 

as diabetes or T2DM. Diabetes is a chronic disease which means it develops over long span of 

time. Most of the time, before the progression to diabetes, patients develop intermediate 

hyperglycemia, a prediabetic state. Prediabetes is diagnosed when blood glucose levels are 

higher than the normal level but below the threshold of diabetic blood glucose concentration.  

A higher than normal fasting blood glucose level indicates impaired fasting glucose (IFG) while 

impaired glucose tolerance (IGT) is diagnosed when a 2-hour postprandial blood glucose level 

is higher than it should normally be after ingestion of a 75-gram oral glucose load (This test is 

called oral glucose tolerance test, OGTT) [1]. In this study we refer the condition of IFG or IGT 

or T2DM as dysglycemia. 

Diet: A risk factor for diabetes 

Both diabetes and prediabetes share a range of risk factors. Accumulated evidence from 

prospective cohort studies and randomized controlled trials (RCTs) shows that one of the 

major modifiable risk factors is diet [1]. High intake of cereals rich in dietary fiber, vegetables 

and fruits have been shown to reduce the risk of diabetes while diets rich in refined and 

processed foods, red meat and added sugar are shown to increase diabetes risk. [3-8]. Early 

epidemiological researches studied the association of diet with diabetes by investigating 

single food or nutrient [7, 9-12]. However, despite its contribution to much of what we know 

about human nutrition’s role in health status, this approach had its own methodological 

limitations. First, there is often collinearity between nutrients (for example, foods rich in fat 

often have low fiber content) which makes it difficult to conclude certainly that the studied 

food is in fact associated with diabetes. Second, the interactive effect of nutrients is likely to 

be greater than the sum of their individual effects, rendering the study of the whole diet 

necessary. Third, isolated nutrients are less bioavailable than the same nutrients in their 

natural dietary matrix. These resulted in the emerging of other research methods which 

complement the individual nutrient approach and focus on dietary patterns [3; 6].   

The various dietary habits and combinations of consumed foods by population make dietary 

patterns complex. Their study has evolved from simple adequacy scores such as nutrient 
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adequacy ratio, NAR [13] to more complex diet scores, such as Healthy Eating Index, HEI [14], 

Dietary Approaches to stop Hypertension, DASH diet [15] and Mediterranean diet score, MDS 

[16,17] which all are evidence based a priori methods, i.e., they are developed to evaluate 

adherence of individuals to a recommended intake.  

However, another reasoning argues that people choose what and how to eat and these 

population specific dietary patterns should be discovered from the data itself, a posteriori 

approach. Principal component analysis (PCA) and cluster analysis (CA) are the most widely 

used methods in empiric dietary pattern analysis. Recently, treelet transform (TT) [18], which 

is capable of extracting sparse and easily interpretable patterns based on the correlation 

(covariance) matrix of food components, has been introduced into nutrition epidemiology 

[19-21]. Though TT’s suitableness to identify dietary patterns associated with disease 

outcomes has been shown in two studies, the only study which evaluated the association of 

TT driven dietary patterns with diabetes did not find any association, requiring further 

investigation of its applicability in another population context.  

Many such a posteriori methods frequently identify patterns which are arbitrarily labeled as 

“western” or “unhealthy”: often characterized by higher loading of red meats, refined foods 

and sugar, and another pattern labeled as “prudent” or “healthy”: often characterized by 

higher loading of fruit, vegetables, high fiber cereals, fresh fish and poultry [6,22-24]. Often 

these similarly labeled patterns vary from study to study in the number of food components 

they are defined by or in the weight of the food components. Also, there is still inconsistency 

in results from these studies regarding disease association. However, generally, “western” 

dietary pattern has been associated with increased diabetes risk and “prudent” dietary 

pattern with lower diabetes risk [6,23,24]. 

Diet: Association with Greenhouse gas emissions 

A quickly increasing global population and a shift in population dietary choice towards high-

protein/high-fat diets mean more adverse effects on planetary health through land use 

change, biodiversity loss, water pollution and climate change. Despite the recognition of this 

threat, only handful of national dietary guidelines of high income countries include advises 

addressing the issues of sustainability [25, 26]. 

Due to availability of data through life cycle assessment (LCA), most of the researches on the 

environmental impact of food focus on diet related greenhouse gas emissions (GHGE) to the 

atmosphere. The significant diet related greenhouse gases include carbon dioxide (CO2), 

methane (CH4) and nitrous oxide (N2O) [25].  The potential global warming impact of these 

gases, i.e., their global warming potential (GWP) is not the same. Methane has a GWP of 34 

times that of CO2 and nitrous oxide has a GWP of 298 times that of CO2 [27]. As a result, their 

combined effect, which is often termed as carbon footprint (cf), is expressed as carbon dioxide 

equivalent (CO2e), the amount of CO2 which gives an equal GWP over a time span of 100 years 

[28]. 

Food consumption and food systems at large have tremendous environmental impact 

contributing up to 30% of global anthropogenic GHGEs [29]. Diets rich in animal protein and 

processed foods are reported to have higher carbon footprint than plant-based diets [30-33]. 
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However, like in nutrition epidemiology studies, results from studies on diets with low GHGE 

and health outcome are not consistent. Moreover, studies linking GHGE and health outcome 

are very few compared to studies on dietary patterns.  

A systematic review highlighting the importance to identify healthy diets with low GHGE 

found that 64% of measured health outcomes in included studies were worse for diets with 

low GHGE, suggesting that low GHGE diet scenarios may not be better than existing dietary 

patterns for disease prevention [34]. Another systematic review found out that while some 

of the reviewed studies on dietary carbon footprint reported a very modest reduction in 

mortality risk, there was no significant statistical association between low-carbon diets and 

health benefit [35]. However, another study [36] showed that adherence to World Health 

Organization (WHO) dietary recommendations would lead to a 17% reduction in GHGE. This 

study also stated that a drastic reduction in diet-related emissions is not realistic and requires 

major deviance from current population dietary patterns which renders such strategy 

unacceptable by the study population. A recent Swedish RCT trial on dietary intervention for 

weight loss among lactating women reported that weight loss regimen with calorie restriction 

did not result in dietary emission reduction [37] as the food change primarily targeted sugars 

which have low carbon footprint. The study also showed that the intervention which was in 

line with the 2004 Nordic Nutrition Recommendations resulted an increase in emission from 

fruits and vegetables in the intervention group. 

Most of these researches which investigate the health co-benefits of low-carbon diets are 

modelling studies relying on population mean consumption values. They focus on individual 

food items, nutritional quality and extrapolate the health benefits from available literatures 

on nutritional guidelines, diets and health outcomes. It is only quite recently that studies 

started to link actual dietary choices among individuals with data from LCA [37-42]. Even so, 

these studies have not investigated whether dietary cf patterns are similar to dietary patterns 

in their component structure and if they can directly be used to estimate a disease risk or 

prevalence. 
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Objective of the study 

The overall aim of our study is to apply an innovative method of data reduction, treelet 

transform (TT), for evaluation of associations between dietary and GHGE patterns on data 

from a large population based cohort, as well as their respective associations with 

dysglycemia and diabetes. By doing so, we will investigate the applicability of dietary emission 

patterns as a proxy to dietary patterns for assessment of association with diabetes. 

Specifically, our research questions are the following: 

1. Are TT-derived dietary and diet-related GHGE patterns among VIP participants 
correlated? 

2. Is there any association between identified dietary patterns and prediabetes or 
diabetes? 

3. Is there any association between identified GHGE patterns and prediabetes or 
diabetes?  
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Methodology 

Study population 

The study population included participants in the VIP [43]. VIP is an ongoing community-based 

health intervention program in Västerbotten county of Northern Sweden which was launched 

in 1985 -with the aim of reducing diabetes and cardiovascular diseases (CVD) related 

morbidity and mortality in the adult population. At ages 40, 50 and 60 years, all middle-aged 

inhabitants of the county are invited by their local health center for comprehensive health 

screening and counselling. Until 1995, individuals at the age of 30 years were also invited for 

the program. While health examination is conducted by health professionals at the center, 

participants complete extensive questionnaire which covers individual and environmental 

factors including lifestyle and food frequency questionnaire (FFQ) [43]. Between 1990 and 

2016 a total of 172595 health examinations have been conducted within the VIP [44].  

Exclusion Criteria  
The self-administered, validated FFQ [45] initially included 84 food items, but since 1996 a 
shorter version with 64-66 food items has been used. At the time we obtained the dietary 
data (DietVIP; part of the VIP database) from the Northern Sweden Diet Database (NSDD) in 
2015, only 29 observations were available for the year 2014. As a result, the current study 
population included observations between 1996 and 2013. During this time, a total of 
95,214 observations (46,370 in men and 48,844 in women) with acceptable data on portion 
sizes, intake frequencies and food intake level (FIL) were available for our study. Details of 
the FFQ and the methodology followed to determine the acceptability of portion sizes and 
food intake level are explained elsewhere [46,47].  

Afterwards, we merged individual biomedical, anthropometric, demographic and lifestyle 

variables from the VIP database with the nutritional variables DietVIP data. Due to the cross-

sectional design of the current study, only unique observations (n=74,160; women= 38,118, 

men= 36,042) were used for the analysis, leading the exclusion of 17,840 observations by 

examining duplicated person unique identifiers due to participation twice or three times by 

the same individual at different ages. Moreover, individuals with: known diabetes mellitus 

diagnosis (n=1,080), fasting capillary plasma glucose level <  1 or > 25 mmol/L (n=19), 2-h 

capillary plasma glucose level < 1 or > 35 mmol/L (n=1,186), height < 130 or > 210 cm (n=21), 

body weight <35 Kg (n=7), waist circumference < 60 cm (n=23), total cholesterol < 0.5 or > 15 

mmol/L (n=2), total serum triglycerides <0.15 or > 20 mmol/L (n=14), body mass index < 15 

or > 70 Kg/m2 (n=4) were excluded as proposed by the VIP guidelines. Finally, 795 participants 

below the age of 35 years and 63 individuals above the age of 65 years were excluded in 

alignment of the VIP objective.  

Food Intake Measurement 
Briefly, participants were asked to report how often they consumed different food and 

beverage items in average over the past 12 months with frequency of dietary intake 

provided in a 9-level scale ranging from “never” to “four or more times a day”. Dietary 

intake (g/day) of each participant for the food items was then calculated by multiplying the 

self-reported frequency by portion size values obtained from the Swedish food composition 

database [48] and by accounting self-reported portion sizes as indicated by photographs in 
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the FFQ. For this study, the 66 food items in the FFQ were further aggregated to 34 food 

groups according to nutrient content and cultural culinary choices [description of the food 

groups is shown in Table 2]. Dietary intake for each group [gram per day] was calculated by 

summing intake of original food items within the group. 

Dietary GHGE estimation  

The carbon footprint estimation for the 66 food items from the FFQ were calculated primarily 

based on the average Kg CO2e values reported by Elin Röös [49] for various food items 

[Supplementary Table S1]. CO2e values for food items which are imported to Sweden were 

calculated based on the detailed methodology as outlined in that report. For the food items 

whose cf estimates were not available in the report, we opted to use values from other 

reports published for Swedish setting [50,51]. When this was not possible (for the food items: 

pizza, cookies, pancakes), we performed calculations based on standard ingredient 

proportions obtained from the Swedish food composition database [48] and from a study in 

the UK [28] and based on CO2e values of each ingredient as reported by Röös. Afterwards, we 

compared the results with emission values obtained from CleanMetrics™ food emission 

calculator—a database which has food production data both from Europe and the USA by 

excluding emission factors, which are not included in the Röös report, from life cycle stages 

[52]. A test of agreement between our GHGe data and that of Hoolohan’s et.al study [28] 

resulted a Pearson’s correlation of 0.91 and Lin’s concordance correlation coefficient of 

agreement= 0.86 (95% CI= 0.8—0.92). This procedure was followed to minimize variations 

which arise from different life cycle assessment (LCA) studies as much as possible. The GHG 

emission values in our study are given in Kg CO2e/Kg of food item. The equation which is used 

to calculate CO2e values for each food item (𝑗th food item) among a VIP participant (𝑖th 

participant) is given as a product of the daily intake of the food item in kilograms and the 

GHGe value for a unit kilogram of that food item. 

𝐷𝑎𝑖𝑙𝑦 𝐾𝑔 𝐶𝑂2𝑒(𝑥𝑖𝑗) =   (
𝐷𝑎𝑖𝑙𝑦 𝑔𝑟𝑎𝑚 𝑖𝑛𝑡𝑎𝑘𝑒(𝑥𝑖𝑗) 

1000𝑔
) ∗  𝐶𝑂2𝑒(𝑗)           (1) 

However, for coffee and tea we have taken further considerations into account. While the 

FFQ used gram intake of liquid coffee and tea as unit of measurement, in the Röös report, 

GHGe values embodied in these food items were given per kilogram of dry weight (3Kg 

CO2e/Kg dry weight). In order to calculate the emission values per kilogram of liquid, we 

followed the following steps. 

1. We obtained unit portion size of liquid tea and coffee from the Swedish Food 
Composition Database (250g for tea and 150g for coffee). 

2. We estimated the average amount of coffee powder used in a unit portion of liquid 
coffee as 7g (6g to 8g), based on a study by Doublet et al. [ 53]. For tea, we used the 
standard teabag sizes which are common in Swedish supermarkets (2g/teabag). 

3. We calculated the GHGe values for the above portion sizes as 0.021 Kg CO2e for 7g 
coffee powder (150g coffee drink) and 0.006 Kg CO2e for 2g teabag (250g tea drink). 

 

So, equation (1) was modified as: 
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𝐷𝑎𝑖𝑙𝑦 𝐾𝑔 𝐶𝑂2𝑒(𝑥𝑖𝑐𝑜𝑓𝑓𝑒𝑒) =   (
𝐷𝑎𝑖𝑙𝑦 𝑔𝑟𝑎𝑚 𝑖𝑛𝑡𝑎𝑘𝑒(𝑥𝑖𝑐𝑜𝑓𝑓𝑒𝑒) 

150𝑔
) ∗  0.021       (2) 

And 

𝐷𝑎𝑖𝑙𝑦 𝐾𝑔 𝐶𝑂2𝑒(𝑥𝑖𝑡𝑒𝑎) =   (
𝐷𝑎𝑖𝑙𝑦 𝑔𝑟𝑎𝑚 𝑖𝑛𝑡𝑎𝑘𝑒(𝑥𝑖𝑡𝑒𝑎) 

250𝑔
) ∗  0.006            (3) 

Finally, the calculated dietary GHGe values for the food items were added accordingly to 

calculate the GHGe values of the aggregated food groups, hence new variables which 

represent these values were created for further analysis. The GHGe value for water was 

estimated zero as the main source of water in the study region is tap water which comes from 

fresh water resources. For this reason, a cf estimates dimension reduction analysis excludes 

water from the input variables (zero variance). 

Ascertainment of Diabetes  

Oral Glucose Tolerance Test (OGTT) with a 75-gram oral glucose load was performed on VIP 

participants with a fasting plasma glucose concentration (capillary) which is not indicative of 

diabetic state or who have not been previously known to have diabetes mellitus. Then, 2-hour 

capillary plasma glucose concentration of these participants was measured. Diabetes was 

assessed by using the WHO diagnosis criteria [54] with:  

• Fasting capillary plasma glucose (FcPG) level ≥ 7.0 mmol/L or 2-h post glucose 
load capillary plasma glucose (2-h cPG) level ≥ 12.2 mmol/L indicating diabetes 
mellitus (DM) 

• A FcPG level < 7.0 mmol/L and 8.9 mmol/L ≤ 2-h cPG < 12.2 mmol/L indicating 
Impaired Glucose Tolerance (IGT) 

• A FcPG level ≥ 6.1 mmol/L and < 7.0 mmol/L, and 2-h cPG < 8.9 mmol/L 
indicating Impaired Fasting Glycemia (IFG). 

• A FcPG level < 6.1 mmol/L and 2-h cPG < 8.9 mmol/L indicating normoglycemic 
state (healthy) 

 

Afterwards, two dummy variables were created: one which combined participants with 

intermediate stages of hyperglycemia with diabetic individuals and another which consists of 

only diabetic and normoglycemic individuals. 

{𝐷𝐷𝑀_𝐼𝐹𝐺𝑜𝑟𝐼𝐺𝑇𝑎𝑠𝐷𝑀} = {
0, 𝑖𝑓 𝑛𝑜𝑟𝑚𝑜𝑔𝑙𝑦𝑐𝑒𝑚𝑖𝑐
1, 𝑖𝑓 𝐼𝐺𝑇 𝑜𝑟 𝐼𝐹𝐺 𝑜𝑟 𝐷𝑀 (𝑑𝑦𝑠𝑔𝑙𝑦𝑐𝑒𝑚𝑖𝑐)

  

 

 {𝐷𝐷𝑀_𝑤𝑖𝑡ℎ𝑜𝑢𝑡𝐼𝐹𝐺𝑜𝑟𝐼𝐺𝑇} = {
0, 𝑖𝑓 𝑛𝑜𝑟𝑚𝑜𝑔𝑙𝑦𝑐𝑒𝑚𝑖𝑐
1, 𝑖𝑓 𝐷𝑀
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Statistical analysis 

Treelet Transform: Dimension reduction is a common and vital task during analysis as modern 

datasets are multidimensional and noisy while the order of variables does not have significant 

meaning attached to it. Dimension reduction is also important procedure when conducting 

research on dietary intake and health outcome. This technique results in derivation of dietary 

patterns from a dataset which contains multiple variables of food items and nutrients, 

assisting the investigation of the joint effect of dietary intake and the formulation of well-

informed dietary guidelines. 

A widely used dimension reduction method applied to dietary pattern extraction is principal 

component analysis (PCA). PCA provides successive best linear approximations by calculating 

the eigenvectors of the covariance or correlation matrix of the observed variables and by 

producing components onto which the data is projected (i.e., linear combinations of the 

variables with maximal variance with the last component having the lowest variance of all 

linear combinations of the variables). However, the involvement of all variables in all the 

components (i.e., lack of sparsity) makes interpretation of components and detection of 

internal localized structures in the data difficult.  While cluster analysis could be helpful in 

identifying hidden variable groupings, it lacks the ability to generate summary variables which 

quantifies the patterns. Moreover, in cluster analysis, patterns are extracted from individuals’ 

intake difference instead of the difference between the observed variables as in case of PCA 

[55] thus addressing different research question. 

Treelet transform (TT) is a relatively recent technique of dimension reduction which is 

proposed by Lee et al [17].  TT generates components by aggregating observed variables 

according to correlation. Though treelet components (TCs) are ordered based on the variation 

they explain, they differ from principal components (PCs) as they are sparsely loaded, 

simplifying interpretation. In TT, the numeric value of a variable within a component is called 

the variable loading. The TT algorithm simplifies interpretability by also producing associated 

binary cluster tree which visualizes the hierarchical joining of variables. 

Briefly, TT algorithm works by identifying two original food items with the highest correlation 

(or covariance) and performing local PCA on them. Then the two variables are merged and 

replaced with low resolution “sum variable” and high resolution “difference variable”.  The 

sum variable is retained while the difference variable (residual) is not processed. This 

procedure is iterated until all the variables join the hierarchical cluster tree. TT differs from 

PCA as it does not automatically generate components with higher variance. Components are 

rather extracted by selecting a cluster tree level (choosing cut-level). Cutting the cluster tree 

near to the leaves produces factors with higher sparsity but less explained variation. 

Meanwhile, choosing a cut-level near to the roots results in densely loaded components 

(lower sparsity) rendering interpretation difficult.  Hence, the use of cross-validation (CV), a 

data-driven choice of cut-level.  Lee et al. [17] propose first to cut the tree at a given level and 

extract components at this level based on their variance. Afterwards, a K-fold cross-validation 

technique, in which the data is randomly split into K roughly equal-sized subsets, is applied. 

Then, for each possible cut level ([1, n-1]; where n is number of variables) and “m” number of 

retained components, the m highest variance components are calculated by using data from 
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K-1 subsets. Next, the sum of variances of scores based on these components are calculated 

using only the remaining subset. This procedure is repeated K times, each time omitting a 

different subset. Subsequently, the CV score at each possible cut level is calculated by 

averaging the resulting K sums of component variances. Once CV scores have been calculated, 

an optimal cut-level can be obtained from a graph of CV scores vs cut-level by locating the 

point (“knee”) where an increase in cut-level does not yield a substantial increase in explained 

variation by the retained components. 

Dietary and GHGE Pattern Identification 

The Treelet Transform (TT), a linear dimension reduction technique, was used in the current 

study to extract both dietary and carbon footprint (cf) patterns for men and women 

participants separately. 

By applying TT to the correlation matrix of the dietary intake values across the 34 food groups 

and their respective carbon footprint estimates, we produced orthogonal components which 

could reveal the intrinsic structure of the observations. The sparsity of these components and 

the visualization of the grouping structure among the food items (and their respective cf) with 

the help of cluster tree simplify interpretability.  However, it is important to note that unlike 

PC scores, TT scores are correlated, albeit weakly. Percentage of explained variance, Scree 

plot of variances and interpretability of components were the criteria used to extract and 

retain dietary and cf patterns. As our sample size was big, the optimal cut level for TT was 

calculated by using a 10-fold CV technique (to reduce bias and overfitting) and retaining CV 

scores for that cut level which are within 5% of the CV score for the n-1 (the maximal) cut 

level. Furthermore, to reduce inherent sampling variation without increasing bias, we 

performed 10 Monte-Carlo repetitions of cross-validation. 

Sensitivity analysis and stability assessment: We performed sensitivity analysis by repeating 

TT at ±3 of the optimal cut level to investigate the effect of selecting different cut levels on 

component loadings. Finally, since sparsity is the key feature of TT, we proceeded to assess 

the stability of the obtained components by subsampling. First, we calculated the sign 

patterns of the obtained loadings for each component and the variance explained by that 

component. Second, TT was performed on a random sample of 80% of the original data. This 

procedure was repeated in 500 subsamples. The number of times the original sign patterns 

appear among all 500 groups is used as a measure of stability.   

Associations between type 2 Diabetes vs dietary and GHGE patterns 

After extracting the patterns, component scores were categorized into quintiles, with 

individuals in the highest quintile (Q5) showing greater adherence to that particular dietary 

pattern than those in the lowest quintile (Q1). The association between diabetes mellitus and 

retained dietary patterns was investigated by using multivariate logistic regression by 

adjusting for potential confounders: total energy intake in Kcal/day including from alcohol 

(continuous), physical activity (Cambridge index:1=Inactive[reference] 2=Moderately inactive 

3=Moderately active 4=Active), age group (35-44 years[reference], 45-54 years, 55-64 years), 

education level (≤9 years[reference], upper secondary education, higher education), smoking 

status in cigarette/day (Nonsmoker[reference], 1-4, 5-14, 15-24, ≥25, occasional smoker, 
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former occasional smoker, former smoker), alcohol intake in g/day(≤20[reference], 

abstain/>20), fiber intake in g/1000Kcal (<15, ≥15[reference]), component scores of other 

dietary patterns (continuous); potential effect modifiers: body mass index in Kg/m2 

(underweight: BMI <18.5; normal[reference]: 18.5 ≤ BMI <25; overweight: 25 ≤ BMI <30; 

obese: BMI ≥30), medication for hypertension (yes, no[reference), medication for 

dyslipidemia (yes, no[reference]) in the final model. Events per variable (EPV) for each 

covariate were assessed to avoid sparse data bias. Separate analyses were conducted for the 

two diabetes outcomes (Dysglycemia =1; DM=1). Tests for trend were computed by inputting 

quintile levels of component scores to the final model as a continuous variable, and statistical 

significance was set to a=0.05. The TT add-on for Stata, developed by Gorst-Rasmussen [56] 

was used to perform treelet transform on the food and carbon footprint variables. 

The relationship between total dietary carbon footprint (cf) and dietary component scores 

was investigated by using the user-written predxcat [57] Stata add-on. The mean value of cf 

across quintiles of dietary component scores was obtained before and after adjusting for 

baseline covariates whose crude distribution across quintiles and significance levels are 

shown in Tables 5, 6 and supplementary tables S6 and S7.  Statistical significance for the test 

for difference of 5 means in the adjusted analysis was investigated by using 4-degrees of 

freedom partial F-test for an overall association between cf estimate and quintiles of dietary 

component scores. Finally, we obtained the crude and adjusted proportions of diabetes 

outcome at quintiles of cf component scores. The mean values of covariates were used in the 

regression models during the adjustment process. The p-value for the adjusted analysis was 

computed from 4-degrees of freedom likelihood ratio test for difference of 5 proportions. All 

statistical analyses were conducted using Stata version 13.1 [58]. 

The proposed approach in our study is shown in Figure 1. 
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Figure 1. Flowchart depicting the statistical methods and steps used in the study 
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Results 

Dietary and carbon footprint patterns 

Information on basic characteristics of VIP participants is shown in Table 1. 50.5% of women 

had normal BMI while 49.4% of men were overweight. The proportions of women and men 

who had a fiber intake of more than 15 gram per 1000 Kcal were 20.8% and 5% respectively. 

Moreover, more women, compared to men, were with higher education (37.4% vs 26.7%) 

and current smokers (14.3% vs 11.2%). 

Table 1: Characteristics of participants in the Västerbotten Intervention Program (VIP) between 

1996-2013.  Data values are presented as mean values ± SDs for continuous variables and as 

frequency (%) for categorical variables 

Characteristic Women 

(n= 38,118) 

Men 

(n=36,042) 

Height (cm) 165.1 ± 6.1 178.7 ± 6.6 

Weight (kg) 70.1 ± 12.9 85.2 ± 13.1 

BMI group (%)   

   underweight 1.1 0.2 

   normal 50.5 34.6 

   overweight 32.8 49.4 

   obese 15.6 15.7 

Reported energy intake (Kcal/day) 1,492.9 ± 393.6 1,992.6 ± 547.0 

Estimated GHGe (Kg CO2e/day) † 2.7 ± 0.9 3.4 ± 1.2 

Alcohol intake (0 or >20g/d) (%) 9.4 8.3 

Fiber intake (<15g/1000Kcal) (%) 79.2 95.0 

Macronutrient intake (% of total energy intake)   

   Protein 15.3 ± 2.3 14.5 ± 2.3 

   Carbohydrate 49.2 ± 7.1 45.4 ± 7.3 

   Fat 33.3 ± 6.6 36.8 ± 7.0 

   Alcohol 1..5 ± 1.7 2.3 ± 2.2 

Age group (%)   
   35-44 years 35.4 34.7 

   45-54 years 31.8 31.2 

   55-64 years 32.9 34.1 

Education level (%)   

   ≤9 years 30.1 36.3 

   high school 32.5 37.0 

   higher education 37.4 26.7 

Physical activity (%)   

   inactive 16.9 17.6 

   moderately inactive 29.0 28.5 

   moderately active 27.1 29.3 

   active 26.9 24.6 

Smoking status (%)   
   non-smoker 50.9 53.0 

   1-4 cigarette 2.7 2.6 

   5-14 cigarette 9.1 5.2 

   15-24 cigarette 2.4 3.1 

   25+ cigarette 0.1 0.3 

   occasional smoker 2.7 3.3 

   former occasional smoker 10.4 9.9 

   former smoker 21.7 22.7 

Medication for hypertension (%) 14.0 14.4 

Medication for dyslipidemia (%) 3.1 5.8 

Dysglycemia (%) 18.2 20.1 

Diabetes (%) 1.5 1.9 
†the estimated mean GHGe for participants of both sexes in the VIP was 3.02 ± 1.1.  

  



[17] 
 

For further analysis, the 66 food items in the FFQ were re-grouped into 34 food items. 

Description of the aggregated food items and the median intake values for men and women 

is given in Table 2. Important differences in median daily dietary intake values between men 

and women included high fat dairy products [96 g vs 45 g]; low fat dairy products [201.5 g vs 

178.6 g]; butter [12.9 g vs 5.02 g]; low fiber cereals [17.5 g vs 9.7 g]; fruits [95.4 g vs 157.1 g]; 

vegetables [51.06 g vs 107.1 g];  beer [68 g vs 2.67 g]; soda [37.33 g vs 18 g]; tea [35 g vs 90g] 

and water [625 g vs 1000g]. 

Table 2: Description of food groups included in the study and median values of daily dietary intake 

with 25th and 75th percentiles in parentheses 

Variable Food Items Intake [g/day] 

  Men Women 

HFdairy 
Dairy: Sour milk, yoghurt, milk, 3% 

fat 
96 (22.4, 229.2) 45 (17.6, 177.6) 

LFdairy 
Dairy: Sour milk, yoghurt, milk, low 

fat 
201.5 (81, 475) 178.57 (89.1, 385) 

butter 
Bregott & Butter on bread; butter for 

cooking 
12.9 (2.06, 26.6) 5.02 (0.09, 16.84) 

margarine 
margarine on bread, margarine for 

cooking 
11.6 (2.83, 24.46) 7.04 (1.4, 17) 

oil Oil for cooking, salad dressing with oil 6.96 (2.8, 14.07) 5.28 (2.16, 10.28) 

dressing Cream, Crème fraiche, sour cream 3.2 (2.52, 6.48) 3.5 (2, 9) 

HFIbread 

Whole grain crisp and soft bread, 

whole wheat, oat, rye or barley 

porridge, fiber cereals 

91.8 (55.98, 152.5) 88.2 (55.57, 146) 

LFIbread White crisp and soft bread, corn flakes 17.46 (6.23, 33.88) 9.7 (3.43, 22.04) 

cheese Cheese (medium/high fat) 14.06 (6.89, 20.06) 12.6 (5.76, 16.06) 

bakery Coffee rolls, rusk, cookies, pastry 11.62 (6.64, 29.16) 8.5 (5.52, 19.36) 

processedMeat 
Sausage, liver pate, meat on bread, 

bacon 
25.8 (16.99, 38.75) 17.36 (11.46, 25) 

soups Rosehip, sweet syrup soup 0.6 (0.53, 14) 0.41 (0, 9.2) 

fruits 
Berries (fresh/frozen), apple, pear, 

orange, banana 
95.4 (49.99, 159.2) 157.1 (99.5, 303.5) 

vegetable 
Root, fruity, leafy, stalk vegetables 

and cabbages  
51.06 (18.7, 101.6) 107.1 (57.04, 190.8) 

potato Potatoes 105.2(64.6, 172.3) 97.1 (57.9, 160.3) 

pasta Pasta and rice 64.6 (37.1, 108.7) 56.2 (30.4, 95.4) 

classic Legumes and Swedish dumpling 31 (21.74, 40.2) 22.85 (12.83, 37.93) 

fastfood Pizza and hamburger 34.8 (10.58, 35.6) 12.33 (0.99, 21) 

redmeat Minced meat, meat stew, steak 52.5 (36, 80) 38.5 (26.5, 60.5) 

poultry Poultry 15.4 (12, 21) 15.4 (8.8, 21) 

icecream Ice-cream 5.44 (5.12, 5.76) 5.2 (0.2, 5.2) 

sweets Sweets (chocolate, candy) 3.5 (2, 7.2) 3.08 (1.76, 7.92) 

sugar Sugar, honey, marmalade, jam 2.73 (1.56, 18) 2.03 (1.16, 10.15) 

saltysnack Chips, popcorn, salted nuts 2.8 (0.11, 4.9) 2.16 (0.08, 3.78) 

soda Sodas 37.33 (21.33, 96) 18 (15.3, 69) 

coffee Brewed and boiled coffee 375.45 (375, 600) 375.45 (204, 480) 

tea Tea 35 (0.75, 175) 90 (20, 250) 

beer All types of beer 68 (29.5, 120.99) 2.67 (0.6, 35.15) 

wine Red and white wine 22 (0.83, 22) 18 (0.68, 18) 

liquor Liquor and spirits 0.25 (0.25, 6.72) 0.15 (0, 0.15) 

water Water 625 (625, 1000) 1000 (625, 1000) 

egg Eggs  7 (4, 7) 7 (7, 18) 

freshfish Lean and fatty fish 20.2 (11.56, 28) 17.2 (10.02, 23.8) 

processedFish Salted and smoked fish 0.38 (0.2, 3.68) 0.26 (0.2, 2.18) 
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After performing TT separately for male and female participants, 4 dietary patterns and 4 cf 

patterns, explaining 21.42% and 21.52% of the variance respectively, were identified among 

female participants while 5 dietary patterns and 5 cf patterns, explaining 24.96% and 25.37% 

of the variance respectively, were identified among male participants (percentage 

component variances for women and men are shown in Table 3 below). TT on cf estimates 

excluded water from the analysis because of zero variance. These patterns were retained 

based on their variance (variance greater than 1); and after performing cross-validation, 

sensitivity analysis at ±3 of the optimal cut-levels obtained from CV and stability assessment 

of components. This procedure along with observation of scree plots facilitated 

interpretability of the retained patterns.  

Table 3: Percentage Component Variances for TT on Dietary and GHGe data from female and male 

participants in the VIP 

  Components 

  TC1 TC2 TC3 TC4 TC5 Total 

Dietary Patterns* 
Women 7.07 5.48 4.93 3.94 - 21.42 

Men 7.71 5.36 4.30 4.15 3.44 24.96 

Carbon footprint 

patterns* 

Women 7.26 6.08 4.12 4.06 - 21.52 

Men  7.85 5.69 4.43 3.99 3.41 25.37 

 TC1: Treelet Component 1; TC2: Treelet Component 2; TC3: Treelet Component 3; TC4: Treelet Component 4; TC5: Treelet Component 5  
* proportions are adjusted for correlation between component scores using Gervini and Rousson’s method (2004) 

 

Results obtained from cross-validations indicated that the optimal cut-levels for dietary 

cluster tree were 24 for women and 22 for men while the optimal cut-levels for the cf 

estimates cluster tree were 25 for women and 23 for men [Figure 2]. 
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Figure 2. Cluster trees produced by the TT algorithm applied to dietary (a &b) and cf estimates (c & d) data in female (a & 

c) and male (b & d) participants in the VIP between 1996 and 2013. The vertical dashed lines indicate the selected cut 

levels for the cluster trees at which the components with the highest variance (indicated in the numbered nodes) are 

extracted. Leaves related to these nodes have non-zero loading on the given component. 
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r=0.91  

r=0.89  

r=0.64  

r=1.00  

r=0.99  

r=0.98  

r=1.00  

r=0.97  

r=0.12  

Female: dietary (left) and cf patterns (right) 

Male: dietary (left) and cf patterns (right) 

Figure 3. Treelet Component(TC) loading plots for dietary and cf patterns among male and female 

participants in VIP, obtained from TT. The horizontal axis is oriented such that loadings above the line are 

positive while those below the line are negative.  
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[Figure 3] The first dietary treelet component (TC1) among female participants was 

characterized by high intake of animal protein and fat (processed meat, hamburger, pizza, red 

meat, poultry, fish, egg, butter and crème), pasta and rice as carbohydrate source, classic 

foods (dumplings, waffles and baked beans) and salty snacks. The structure of the first cf 

component was characterized by high cf estimates of those food items which loaded on 

dietary TC1 except the cf estimate from fast foods and salty snacks which had zero loading. 

Instead, cf estimates from oil and vegetables had high loading. The correlation between 

dietary and cf TC1 scores was 0.91. Among male participants, the first dietary component also 

included oil, high fiber cereal products, fruits, vegetables and potatoes in addition to food 

items observed in dietary TC1 among female participants, while butter, fast foods and salty 

snacks were excluded from TC1 for men. The correlation between dietary and cf TC1 among 

men was 0.99. Because of their structure the dietary patterns are labelled “Mixed Pattern, 

MP” and the cf patterns are labelled cf from Mixed dietary pattern, “cfMP” 

The second dietary and cf treelet components (TC2) among women were characterized by 

high intake of refined foods, cheese and sugar, and the cf resulting from the consumption of 

these foods respectively. Cf TC2 included emission from fast foods and salty snacks as well. 

The correlation between the scores of dietary and cf TC2 was 0.89. For men, the second 

dietary and cf components (TC2, correlation= 0.98) had similar characterization with those 

observed in women, however the dietary component did not load on margarine and cheese 

but included fast foods and salty snacks; the cf pattern was however sparser as emissions 

from margarine and cheese were omitted. Accordingly, these patterns were labelled “Refined 

Food Pattern, RFP” and cf from “Refined Food Pattern, cfRFP” 

A distinct TC characterized by exclusively high intake of alcohol (Alcohol pattern, AP) was 

obtained for women (TC4) and men (TC3). Moreover, these components had a correlation-

between-scores of 1.00 with the counterpart TCs for cf estimates (cfAP) for the respective 

sexes. 

The dietary and cf TC3 among women were moderately correlated (r=0.64) as the dietary TC3 

was characterized by high intake of vegetable oil, high fiber cereals, fruits, vegetables and 

water, hence labelled “Prudent Pattern, PP”. The cf TC3 (cfPP) had non-zero loading on high 

fiber cereals, fruits, potatoes and low-fat dairy products. For men, TC4 had zero loading for 

water, while higher consumption of meat and fish products led to reduced component score 

(negative loading). This component, labelled again PP which is characterized by higher intake 

of vegetable oil, high fiber cereals, fruits and vegetables, had a correlation of 0.97 with the 

corresponding cf component, cfPP. 

Finally, the fifth dietary component (TC5) among men was characterized by positive loading 

of low fiber bread, bakeries, jam, marmalade, honey and sugar (hence labelled as “white 

bread and sweet spreads”, BSP), and negative loadings of fast-foods, ice cream, sweets, salty 

snacks and soda— a structure which makes its characterization as certain dietary pattern 

difficult. It had a very weak correlation (r=0.12) with the fifth cf component which loaded only 

on cf values of high fat dairy & butter (cf from fatty dairy & butter, cfFDB).  
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Results from stability and sensitivity analysis 

Stability test [Table 4] for the retained components showed that most of the retained 

components had appeared in more than 70% of the subsampling repetitions except the first 

and second dietary patterns among women. These patterns (frequency= 64.4% and 64.8% 

respectively) competed with two other patterns: one which removed fast food and salty 

snacks from the first pattern (frequency= 33.4%) and another which loaded the two food 

groups to the second pattern which appeared in 33.4% of the subsampling repetitions. These 

competing patterns were not retained. A sensitivity analysis at cut level 20 (23±3) showed 

that the fifth cf component in men was replaced by another competing component indicating 

its instability at cut level 20 despite its appearance in 94.2% of the subsampling repetitions at 

the optimal cut level. A sensitivity analysis at ±3 of the selected cut levels for other 

components did not result any other instability except that the discussed components 

became sparser (for -3 cut-level) or denser (+3 cut-level). A slightly different component 

ordering was observed for the cf patterns among women when a sensitivity analysis was 

performed at cut-level 22. 

Table 4: Results from Stability analysis for retained Dietary and GHGe Treelet Components for 

female and male participants of VIP 

  Components 

  TC1 TC2 TC3 TC4 TC5 

Dietary Patterns* 
Women 64.4 64.8 99.2 100 - 

Men 88 98.2 100 81 98 

Carbon footprint 

patterns* 

Women 93.6 95 94.6 100 - 

Men  96.4 98 100 76.2 94.2 

TC1: Treelet Component 1; TC2: Treelet Component 2; TC3: Treelet Component 3; TC4: Treelet Component 4; TC5: Treelet Component 5 

*Frequencies of retained component sign patterns among subsampled component sign patterns  

 

Distribution of characteristics of participants across quintiles of dietary patterns 

The unadjusted distribution of the characteristics of the study participants across quintiles of 

dietary patterns for women and men is described in Table 5 and Table 6. In both women and 

men, individuals with a higher score for MP were found to be younger, more educated, 

physically active, never-smokers, have higher BMI, lower alcohol and fiber intake. The 

proportions of medication for hypertension, medication for dyslipidemia, dysglycemia and 

diabetes were lower in individuals who had higher score for dietary MP.  

For RFP, in both women and men, individuals at the highest quintile were younger, never-

smokers but physically inactive, had higher alcohol but lower fiber intake. The proportions of 

medication for hypertension and medication for dyslipidemia were lower for these 

individuals. Differences in distribution of characteristics were also found between women and 

men. The highest quintile for RFP in women consisted of more obese and less educated 

individuals while in men it was characterized by lower proportion of obese and higher 

proportion of more educated. Furthermore, in men, the highest quintile for this pattern had 

higher proportion of individuals with both dysglycemia and diabetes while in women there 

was no statistically significant difference in distribution across quintiles of scores. 



Table 5. Unadjusted distribution of estimated emission, energy intake and background variables across quintiles of dietary patterns in female participants in the VIP, between 1996-2013.  Data 
values are presented as mean values ± SDs for continuous variables and as frequency (%) for categorical variables 

 “Mixed pattern” in women  “Refined food pattern” in women  

 Q1 Q3 Q5 p-value Q1 Q3 Q5 p-value 

Estimated GHGe (Kg CO2e/d) 1.88 ± 0.39 2.54 ± 0.47 3.79 ± 1.08 <0.001 2.50 ± 0.91 2.60 ± 0.85 2.98 ± 0.98 <0.001 

Energy intake (Kcal/d) 1238.74 ± 256.44 1453.83 ± 312.33 1851.16 ± 432.14 <0.001 1272.79 ± 295.07 1445.04 ± 331.08 1818.30 ± 415.90 <0.001 

Age group 
   <0.001    <0.001 

   35-44 years 14.4% 37.2% 52.7%  26.5% 35.2% 43.6%  

   45-54 years 31.7% 32.1% 29.4%  31.0% 32.4% 33.2%  

   55-64 years 53.9% 30.7% 17.9%  42.5% 32.4% 23.2%  

BMI group 
   <0.001    <0.001 

   underweight 1.2% 1.1% 1.2%  0.8% 0.9% 1.7%  

   normal 52.1% 51.5% 47.8%  49.9% 51.3% 51.1%  

   overweight 34.8% 32.4% 30.9%  34.7% 32.6% 30.1%  

   obese 11.9% 14.9% 20.1%  14.6% 15.3% 17.1%  

Alcohol intake (0 or >20g/d) 12.1% 8.2% 9.4% <0.001 6.9% 8.2% 13.6% <0.001 

Fiber intake (<15g/1000Kcal) 62.1% 81.4% 90.5% <0.001 61.5% 80.4% 94.6% <0.001 

Education level 
   <0.001    <0.001 

   ≤9 years 45.4% 28.8% 18.1%  27.9% 28.9% 32.8%  

   high school 23.8% 33.9% 37.7%  30.8% 33.1% 34.7%  

   higher education 30.8% 37.3% 44.2%  41.3% 38.0% 32.5%  

Physical activity 
   <0.001    <0.001 

   inactive 18.8% 16.8% 14.8%  15.5% 17.1% 18.3%  

   moderately inactive 32.4% 29.4% 25.7%  27.0% 29.0% 32.0%  

   moderately active 25.9% 27.6% 27.2%  25.7% 27.0% 27.7%  

   active 22.8% 26.3% 32.3%  31.8% 26.9% 22.0%  

Smoking status 
   <0.001    <0.001 

   non-smoker 48.2% 50.5% 54.6%  45.2% 51.2% 54.2%  

   1-4 cigarette 3.1% 2.7% 2.2%  2.7% 2.7% 2.6%  

   5-14 cigarette 11.2% 8.9% 6.8%  8.7% 8.8% 10.1%  

   15-24 cigarette 2.4% 2.6% 2.2%  2.0% 2.2% 3.5%  

   25+ cigarette 0.1% <1% 0.1%  0.1% 0.1% 0.1%  

   occasional smoker 2.3% 2.6% 2.8%  2.9% 2.7% 2.5%  

   former occasional smoker 10.2% 10.2% 10.9%  13.0% 10.9% 7.8%  

   former smoker 22.6% 22.4% 20.4%  25.4% 21.4% 19.3%  

Medication for hypertension 16.9% 14.0% 11.4% <0.001 16.6% 14.1% 10.8% <0.001 

Medication for dyslipidemia 3.7% 3.0% 2.5% <0.001 4.4% 3.0% 1.5% <0.001 

IFG or IGT or Diabetes 19.5% 17.7% 17.3% <0.001 18.9% 17.7% 17.9% 0.28 

Diabetes 1.7% 1.4% 1.2% 0.004 1.5% 1.3% 1.4% 0.71 

 



Table 5. Unadjusted distribution of estimated emission, energy intake and background variables across quintiles of dietary patterns in female participants in the VIP, between 1996-2013.  Data 
values are presented as mean values ± SDs for continuous variables and as frequency (%) for categorical variables (continued) 

 “Prudent pattern” in women  “Alcohol pattern” in women  

 Q1 Q3 Q5 p-value Q1 Q3 Q5 p-value 

Estimated GHGe (Kg CO2e/d) 2.43 ± 0.79 2.61 ± 0.85 3.07 ± 1.06 <0.001 2.64 ± 0.97 2.65 ± 0.87 2.77 ± 0.91 <0.001 

Energy intake (Kcal/d) 1312.60 ± 312.38 1461.30 ± 352.71 1757.74 ± 426.67 <0.001 1509.69 ± 410.58 1463.66 ± 376.37 1516.36 ± 391.34 <0.001 

Age group 
   <0.001    <0.001 

   35-44 years 47.1% 32.1% 29.4%  35.6% 36.1% 31.3%  

   45-54 years 28.5% 31.9% 35.0%  27.4% 34.4% 33.4%  

   55-64 years 24.4% 36.0% 35.6%  36.9% 29.5% 35.3%  

BMI group 
   <0.001    <0.001 

   underweight 1.6% 1.0% 0.9%  1.5% 0.9% 0.8%  

   normal 52.5% 50.1% 49.6%  43.2% 52.6% 56.6%  

   overweight 30.6% 33.3% 33.2%  33.1% 32.8% 31.5%  

   obese 15.3% 15.6% 16.2%  22.2% 13.7% 11.0%  

Alcohol intake (0 or >20g/d) 10.6% 9.0% 9.5% 0.001 43.7% 0.0% 1.4% <0.001 

Fiber intake (<15g/1000Kcal) 99.0% 87.0% 44.1% <0.001 76.7% 76.7% 84.9% <0.001 

Education level 
   <0.001    <0.001 

   ≤9 years 29.3% 32.2% 27.7%  37.5% 25.8% 24.6%  

   high school 38.9% 31.4% 28.9%  33.3% 33.9% 26.8%  

   higher education 31.8% 36.5% 43.4%  29.1% 40.3% 48.6%  

Physical activity 
   <0.001    <0.001 

   inactive 22.0% 16.9% 12.0%  17.3% 16.3% 17.7%  

   moderately inactive 32.4% 29.5% 23.9%  30.0% 27.9% 30.4%  

   moderately active 27.1% 27.3% 26.8%  26.9% 27.4% 25.5%  

   active 18.4% 26.3% 37.2%  25.8% 28.5% 26.4%  

Smoking status 
   <0.001    <0.001 

   non-smoker 48.6% 50.2% 53.9%  64.6% 48.1% 42.7%  

   1-4 cigarette 2.6% 2.8% 2.4%  1.9% 2.6% 3.5%  

   5-14 cigarette 12.7% 9.2% 5.2%  7.8% 9.3% 8.2%  

   15-24 cigarette 4.7% 2.3% 0.9%  2.3% 2.2% 2.7%  

   25+ cigarette 0.2% 0.1% <1%  0.1% <1% 0.1%  

   occasional smoker 2.6% 2.9% 2.5%  0.9% 3.0% 4.0%  

   former occasional smoker 8.3% 10.4% 12.1%  6.1% 11.6% 13.4%  

   former smoker 20.3% 22.1% 22.9%  16.2% 23.1% 25.5%  

Medication for hypertension 11.4% 14.4% 14.9% <0.001 16.4% 13.6% 13.1% <0.001 

Medication for dyslipidemia 2.0% 3.4% 3.4% <0.001 3.9% 3.0% 2.8% <0.001 

IFG or IGT or Diabetes 18.7% 18.2% 17.6% 0.49 20.2% 17.6% 17.7% <0.001 

Diabetes 1.7% 1.8% 1.2% 0.008 2.1% 1.2% 1.3% <0.001 

 



Table 6. Unadjusted distribution of estimated emission, energy intake and background variables across quintiles of dietary patterns in male participants in the VIP, between 1996-2013.  Data values 
are presented as mean values ± SDs for continuous variables and as frequency (%) for categorical variables 

 “Mixed pattern” in men  “Refined food pattern” in men  

 Q1 Q3 Q5 p-value Q1 Q3 Q5 p-value 

Estimated GHGe (Kg CO2e/d) 2.40 ± 0.54 3.19 ± 0.67 4.81 ± 1.49 <0.001 2.93 ± 1.16 3.32 ± 1.10 3.99 ± 1.33 <0.001 

Energy intake (Kcal/d) 1238.74 ± 256.44 1453.83 ± 312.33 1851.16 ± 432.14 <0.001 1726.21 ± 444.10 1933.81 ± 471.44 2402.09 ± 579.37 <0.001 

Age group 
   <0.001    <0.001 

   35-44 years 14.4% 37.2% 52.7%  15.8% 35.9% 51.1%  

   45-54 years 31.7% 32.1% 29.4%  26.7% 33.5% 30.7%  

   55-64 years 53.9% 30.7% 17.9%  57.5% 30.5% 18.2%  

BMI group 
   <0.001    <0.001 

   underweight 1.2% 1.1% 1.2%  0.2% 0.2% 0.2%  

   normal 52.1% 51.5% 47.8%  31.5% 34.3% 37.8%  

   overweight 34.8% 32.4% 30.9%  51.2% 49.8% 47.1%  

   obese 11.9% 14.9% 20.1%  17.0% 15.7% 14.9%  

Alcohol intake (0 or >20g/d) 12.1% 8.2% 9.4% <0.001 8.5% 7.8% 10.3% <0.001 

Fiber intake (<15g/1000Kcal) 62.1% 81.4% 90.5% <0.001 84.8% 97.4% 99.5% <0.001 

Education level 
   <0.001    <0.001 

   ≤9 years 45.4% 28.8% 18.1%  45.8% 34.1% 30.7%  

   high school 23.8% 33.9% 37.7%  28.4% 38.3% 43.0%  

   higher education 30.8% 37.3% 44.2%  25.8% 27.6% 26.3%  

Physical activity 
   <0.001    <0.001 

   inactive 18.8% 16.8% 14.8%  18.0% 17.8% 17.7%  

   moderately inactive 32.4% 29.4% 25.7%  27.7% 28.8% 28.7%  

   moderately active 25.9% 27.6% 27.2%  27.6% 29.3% 30.7%  

   active 22.8% 26.3% 32.3%  26.7% 24.0% 22.9%  

Smoking status 
   <0.001    <0.001 

   non-smoker 48.2% 50.5% 54.6%  45.7% 54.1% 57.6%  

   1-4 cigarette 3.1% 2.7% 2.2%  2.8% 2.4% 2.8%  

   5-14 cigarette 11.2% 8.9% 6.8%  5.8% 5.0% 5.3%  

   15-24 cigarette 2.4% 2.6% 2.2%  3.2% 2.8% 3.5%  

   25+ cigarette 0.1% <1% 0.1%  0.4% 0.2% 0.4%  

   occasional smoker 2.3% 2.6% 2.8%  2.4% 3.9% 3.5%  

   former occasional smoker 10.2% 10.2% 10.9%  11.0% 9.9% 8.6%  

   former smoker 22.6% 22.4% 20.4%  28.8% 21.6% 18.1%  

Medication for hypertension 16.9% 14.0% 11.4% <0.001 22.6% 13.5% 8.6% <0.001 

Medication for dyslipidemia 3.7% 3.0% 2.5% <0.001 10.3% 5.0% 2.9% <0.001 

IFG or IGT or Diabetes 19.5% 17.7% 17.3% <0.001 23.6% 20.2% 18.1% <0.001 

Diabetes 1.7% 1.4% 1.2% 0.004 2.7% 1.6% 1.5% <0.001 

 



Table 6. Unadjusted distribution of estimated emission, energy intake and background variables across quintiles of dietary patterns in male participants in the VIP, between 1996-2013.  Data values 
are presented as mean values ± SDs for continuous variables and as frequency (%) for categorical variables (continued) 

 “Alcohol pattern” in men  “Prudent pattern” in men  

 Q1 Q3 Q5 p-value Q1 Q3 Q5 p-value 

Estimated GHGe (Kg CO2e/d) 3.27 ± 1.30 3.37 ± 1.15 3.60 ± 1.27 <0.001 4.14 ± 1.57 3.11 ± 0.98 3.27 ±1.07 <0.001 

Energy intake (Kcal/d) 1986.75 ± 560.58 1959.25 ± 529.61 2082.27 ± 554.36 <0.001 2038.51 ± 576.13 1895.06 ± 497.10 2180.27 ± 578.88 <0.001 

Age group 
   <0.001    <0.001 

   35-44 years 33.4% 40.2% 27.6%  49.1% 33.4% 24.2%  

   45-54 years 30.5% 30.0% 31.6%  28.9% 31.4% 33.2%  

   55-64 years 36.1% 29.7% 40.8%  21.9% 35.2% 42.6%  

BMI group 
   <0.001    <0.001 

   underweight 0.5% 0.2% 0.2%  0.3% 0.3% 0.2%  

   normal 33.8% 34.4% 35.8%  29.7% 35.6% 36.7%  

   overweight 46.3% 49.3% 51.4%  49.4% 50.0% 49.0%  

   obese 19.4% 16.2% 12.6%  20.6% 14.1% 14.2%  

Alcohol intake (0 or >20g/d) 25.2% 0.0% 16.1% <0.001 8.3% 7.3% 9.9% <0.001 

Fiber intake (<15g/1000Kcal) 93.0% 95.4% 96.5% <0.001 99.8% 98.7% 81.0% <0.001 

Education level 
   <0.001    <0.001 

   ≤9 years 44.3% 35.8% 28.5%  33.0% 38.5% 34.1%  

   high school 35.0% 39.8% 32.5%  44.3% 35.5% 31.7%  

   higher education 20.6% 24.3% 39.0%  22.7% 26.1% 34.3%  

Physical activity 
   <0.001    <0.001 

   inactive 17.8% 17.1% 19.5%  18.3% 18.4% 14.9%  

   moderately inactive 27.7% 27.7% 30.8%  28.3% 29.3% 26.3%  

   moderately active 29.7% 29.9% 26.5%  30.8% 29.4% 27.8%  

   active 24.8% 25.3% 23.2%  22.6% 22.8% 31.0%  

Smoking status 
   <0.001    <0.001 

   non-smoker 60.6% 52.4% 45.7%  50.2% 53.5% 54.8%  

   1-4 cigarette 2.0% 2.7% 3.2%  3.3% 2.5% 2.2%  

   5-14 cigarette 5.7% 5.5% 4.9%  7.2% 4.8% 3.5%  

   15-24 cigarette 3.1% 3.3% 3.3%  5.0% 3.1% 1.2%  

   25+ cigarette 0.4% 0.2% 0.5%  0.6% 0.3% 0.2%  

   occasional smoker 1.4% 3.7% 4.1%  4.3% 3.0% 2.5%  

   former occasional smoker 7.3% 10.3% 11.3%  9.6% 9.3% 11.1%  

   former smoker 19.5% 21.9% 27.0%  19.8% 23.2% 24.6%  

Medication for hypertension 16.5% 14.1% 14.6% <0.001 11.0% 14.1% 17.0% <0.001 

Medication for dyslipidemia 6.7% 6.1% 6.1% <0.001 4.0% 5.4% 7.9% <0.001 

IFG or IGT or Diabetes 22.3% 18.8% 20.3% <0.001 19.3% 19.3% 20.7% 0.023 

Diabetes 2.1% 1.7% 1.9% 0.15 1.9% 1.8% 2.0% 0.86 

 



Table 6. Unadjusted distribution of estimated emission, energy intake and background variables across quintiles of dietary patterns in male participants in the VIP, between 1996-2013.  Data values 
are presented as mean values ± SDs for continuous variables and as frequency (%) for categorical variables (continued) 

 “White bread and sweet spreads pattern” in men  

 Q1 Q3 Q5 p-value 

Estimated GHGe (Kg CO2e/d) 3.69 ± 1.36 3.22 ± 1.12 3.39 ± 1.19 <0.001 

Energy intake (Kcal/d) 1959.82 ± 539.94 1883.92 ± 500.90 2266.42 ± 576.44 <0.001 

Age group 
   <0.001 

   35-44 years 51.7% 31.8% 24.2%  
   45-54 years 31.8% 30.7% 30.9%  
   55-64 years 16.5% 37.5% 44.9%  
BMI group 

   <0.001 

   underweight 0.2% 0.1% 0.3%  
   normal 32.3% 34.0% 39.4%  
   overweight 49.6% 49.7% 47.0%  
   obese 18.0% 16.2% 13.4%  
Alcohol intake (0 or >20g/d) 9.2% 7.5% 9.1% <0.001 

Fiber intake (<15g/1000Kcal) 97.3% 91.8% 97.4% <0.001 

Education level 
   <0.001 

   ≤9 years 21.9% 35.6% 52.6%  
   high school 44.9% 36.7% 29.6%  
   higher education 33.2% 27.7% 17.8%  
Physical activity 

   <0.001 

   inactive 18.1% 16.8% 17.8%  
   moderately inactive 26.4% 28.1% 30.1%  
   moderately active 28.8% 28.7% 31.4%  
   active 26.6% 26.4% 20.7%  
Smoking status 

   <0.001 

   non-smoker 56.8% 53.2% 48.9%  
   1-4 cigarette 2.4% 2.5% 3.1%  
   5-14 cigarette 4.2% 4.5% 7.1%  
   15-24 cigarette 2.3% 2.7% 4.8%  
   25+ cigarette 0.3% 0.3% 0.5%  
   occasional smoker 4.7% 3.0% 2.5%  
   former occasional smoker 10.4% 10.7% 8.2%  
   former smoker 18.9% 23.1% 24.8%  
Medication for hypertension 11.4% 16.8% 14.2% <0.001 

Medication for dyslipidemia 4.5% 7.1% 5.3% <0.001 

IFG or IGT or Diabetes 17.4% 20.3% 22.8% <0.001 

Diabetes 1.5% 2.1% 2.4% 0.006 
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The highest quintiles of AP in both sexes, which have similar loadings, had lower proportions 

of obese individuals, never-smokers, individuals with lower alcohol and fiber intake, 

medication for hypertension, medication for dyslipidemia and dysglycemia cases but 

comprised higher proportions of more educated and older individuals. However, women in 

the highest quintile of AP are more physically active and have lower proportion of diabetes 

while men in the highest quintile of AP are less physically active. There was no difference in 

the proportion of diabetes case across quintiles of AP in men. 

Finally, the highest quintiles of PP in men and PP in women comprised higher proportions of 

older, highly educated, physically active, never-smokers, individuals with higher fiber intake, 

and medications for hypertension and dyslipidemia. The highest quintile of PP in women was 

also characterized by higher proportion of individuals with obesity and lower proportions of 

individuals with high alcohol intake and diabetes while the corresponding quintile of PP in 

men comprised less obese individuals and more individuals who drink more and with 

dysglycemia case. 

Associations between diabetes and dietary and carbon footprint patterns 
In the present study the proportion of dysglycemia (IFG or IGT or Diabetes) among VIP 

participants was found to be 19.09% (men: 20.05% vs women: 18.19%) while the proportion 

of diabetes was 1.68% (men: 1.91% vs women: 1.46%).  

Before performing univariate logistic regression on dietary component scores, we 

investigated the correlations (r) between dietary component scores. Except for the scores of 

dietary components 2 and 4 in men (RFP and PP, r = -0.1822), correlations between dietary 

component scores were weak for both men and women (|r| < 0.15) which justified the 

univariate logistic regression on component scores [supplementary tables S2 and S3]. In crude 

analysis, dysglycemia in women was negatively associated with MP and AP while in male 

participants, it was negatively associated with MP, RFP and AP (AP: Ptrend = 0.126), but 

positively associated with BSP. In another crude analysis, diabetes was negatively associated 

with MP, PP and AP in women; in men, it was negatively associated with RFP but positively 

associated with BSP. 

Results from multivariate logistic regression showed that the third dietary component (PP) in 

women, which is characterized by higher intake of fruits, vegetables, high fiber cereals, 

vegetable oil and water, is significantly associated with dysglycemic state with  

ORTC3 Q5 vs. Q1 = 0.82 (95% CI 0.69—0.97, Ptrend =0.003). It was also significantly associated with 

diabetes with ORTC3 Q5 vs. Q1 = 0.37 (95% CI 0.17—0.78, Ptrend = 0.002). The first dietary 

component (MP) in men, characterized by high intake of animal protein, fruits, vegetables, 

oil, pasta and high fiber cereals, potatoes and legumes, is significantly associated with 

dysglycemia (ORTC1 Q5 vs. Q1 = 0.80 (95% CI 0.65—0.97)) only for those in the 5th  score quintile 

with no significant trend being observed across quintile levels (Ptrend = 0.075) overall. When 

excluding prediabetic participants, the association between this component and diabetes was 

not significant, ORTC1 Q5 vs. Q1 =1.26 (95% CI 0.63—2.51, Ptrend =0.541). MP in women was 

however significantly associated with diabetes for those in the 5th quintile with ORTC1 Q5 v. Q1 

=0.35 (95% CI 0.14—0.85). But this association did not show any significant trend across 

quintiles (Ptrend = 0.052). However, after performing a separate logistic regression changing 

the reference quintile from the first to the fifth quintile, MP in women was significantly 
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associated with diabetes outcome: ORTC1 Q1 vs. Q5 =2.86 (95% CI 1.18—6.95); ORTC1 Q2 vs. Q5 =2.74 

(95% CI 1.13—6.63); ORTC1 Q3 vs. Q5 =2.19 (95% CI 0.88—5.45); ORTC1 Q4 vs. Q5 =2.80 (95% CI 1.15—

6.79) and Ptrend= 0.052. No other significant association was observed between food patterns 

and the two disease outcomes. See [Table 7 and Table 8] below. 

 

Table 7. Odd Ratios of dysglycemic state (1=IFG/IGT/Diabetes, 0=Normoglycemic) and Quintiles of dietary patterns 
identified by Treelet Transform in women (n=36,770) and men (n=34,463) in the Västerbotten Intervention Program (VIP), 
1996-2013 

 Q1 Q2 Q3 Q4 Q5 
Ptrend 

 OR OR 95% CI OR 95% CI OR 95% CI OR 95% CI 

Women           

MP Ref. 1.15 1.00—1.32 1.07 0.93—1.24 1.07 0.92—1.24 0.98 0.83—1.16 0.570 

RFP Ref. 0.98 0.85—1.14 0.87 0.75—1.01 0.91 0.78—1.06 0.91 0.77—1.08 0.156 

PP Ref. 0.92 0.80—1.06 0.90 0.78—1.03 0.81 0.69—0.94 0.82 0.69—0.97 0.003 

AP Ref. 1.01 0.86—1.19 1.06 0.91—1.24 1.03 0.88—1.20 1.08 0.93—1.26 0.335 

Men           

MP Ref. 0.91 0.77—1.07 0.93 0.79—1.10 0.95 0.80—1.13 0.80 0.65—0.97 0.075 

RFP Ref. 1.01 0.85—1.20 1.12 0.95—1.33 0.92 0.77—1.10 1.13 0.95—1.36 0.468 

AP Ref. 0.88 0.74—1.04 0.90 0.76—1.07 0.99 0.84—1.19 0.94 0.80—1.11 0.951 

PP Ref. 1.16 0.97—1.39 1.04 0.86—1.24 0.95 0.79—1.14 1.01 0.84—1.21 0.242 

BSP Ref. 0.93 0.78—1.12 0.89 0.74—1.07 0.92 0.77—1.10 0.88 0.73—1.04 0.187 

MP, mixed pattern; RFP, refined food pattern; PP, prudent pattern; AP, alcohol pattern; BSP, white bread sweet spreads 
pattern; Q1, quintile 1; Q2, quintile 2; Q3, quintile 3; Q4, quintile 4; Q5, quintile 5; Ref., reference category 
Models were adjusted for potential confounders: total energy intake in Kcal/day including from alcohol (continuous), 
physical activity (Cambridge index:1=Inactive[reference] 2=Moderately inactive 3=Moderately active 4=Active), age group 
(35-44 years[ref.], 45-54 years, 55-64 years), education level (≤9 years[ref.], 12 years, higher education), smoking status 
(Nonsmoker[ref.], 1-4 cigarette/d, 5-14 cigarette/d, 15-24 cigarette, ≥25 cigarette/d, occasional smoker, former occasional 
smoker, former smoker), alcohol intake in g/day(≤20[ref.], abstain/>20), fiber intake in g/1000Kcal (<15, ≥15[ref.]), 
component scores of other dietary patterns (continuous); potential effect modifiers: body mass index in Kg/m2 
(underweight: BMI <18.5; normal[ref.]: 18.5 ≤ BMI <25; overweight: 25 ≤ BMI <30; obese: BMI ≥30), medication for 
hypertension (yes, no[ref.]), medication for dyslipidemia (yes, no[ref.]) 

Table 8. Odd Ratios of Diabetes (1=Diabetes, 0=Normoglycemic) and Quintiles of dietary patterns identified by Treelet 
Transform for women (n=30,526) and men (n=28,089) in the Västerbotten Intervention Program (VIP), 1996-2013 

 Q1 Q2 Q3 Q4 Q5  

 OR OR 95%CI OR 95%CI OR 95%CI OR 95%CI Ptrend 

Women           

MP Ref. 0.96 0.55—1.67 0.76 0.41—1.43 0.98 0.53—1.80 0.35 0.14—0.85 0.052 

RFP Ref. 0.95 0.48—1.87 0.97 0.50—1.88 1.25 0.66—2.34 0.87 0.43—1.76 0.982 

PP Ref. 0.74 0.42—1.32 0.78 0.44—1.39 0.40 0.20—0.81 0.37 0.17–0.78 0.002 

AP Ref. 0.85 0.44—1.62 0.80 0.41—1.54 0.63 0.32—1.24 0.90 0.49—1.66 0.587 

Men           

MP Ref. 1.10 0.62—1.96 0.99 0.54—1.83 1.20 0.64—2.26 1.26 0.63—2.51 0.541 

RFP Ref. 1.03 0.57—1.84 0.65 0.32—1.29 1.29 0.71—2.32 1.15 0.60—2.19 0.521 

AP Ref. 0.90 0.47—1.72 0.73 0.37—1.45 1.45 0.80—2.63 1.04 0.56—1.93 0.404 

PP Ref. 0.94 0.51—1.76 0.64 0.33—1.26 0.75 0.39—1.44 0.90 0.47—1.70 0.579 

BSP Ref. 0.66 0.30—1.44 1.09 0.55—2.13 0.98 0.50—1.94 1.31 0.68—2.51 0.189 

MP, mixed pattern; RFP, refined food pattern; PP, prudent pattern; AP, alcohol pattern; BSP, white bread sweet spreads 
pattern; Q1, quintile 1; Q2, quintile 2; Q3, quintile 3; Q4, quintile 4; Q5, quintile 5; Ref., reference category 
Models were adjusted for potential confounders: total energy intake in Kcal/day including from alcohol (continuous), 
physical activity (Cambridge index:1=Inactive[reference] 2=Moderately inactive 3=Moderately active 4=Active), age group 
(35-44 years[ref.], 45-54 years, 55-64 years), education level (≤9 years[ref.], 12 years, higher education), smoking status 
(Nonsmoker[ref.], 1-4 cigarette/d, 5-14 cigarette/d, 15-24 cigarette, ≥25 cigarette/d, occasional smoker, former occasional 
smoker, former smoker), alcohol intake in g/day(≤20[ref.], abstain/>20), fiber intake in g/1000Kcal (<15, ≥15[ref.]), 
component scores of other dietary patterns (continuous); potential effect modifiers: body mass index in Kg/m2 
(underweight: BMI <18.5; normal[ref.]: 18.5 ≤ BMI <25; overweight: 25 ≤ BMI <30; obese: BMI ≥30), medication for 
hypertension (yes, no[ref.]), medication for dyslipidemia (yes, no[ref.]) 
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We also computed the adjusted mean dietary GHGe [in Kg CO2e/day] by quintiles of dietary 

components. Accordingly, for women, dietary GHGe showed statistically significant increasing 

trends in MP and PP but a statistically significant decreasing trend in RFP. For men, the 

observed statistically significant trends of GHGe across quintiles of food patterns were 

increasing in MP and AP, and decreasing in PP and BSP [Figure 4 and Figure 5]. In crude analysis 

dietary GHGe showed statistically significant increase in trend across quintiles of RFP for both 

men and women and across quintiles of AP for women while the trends in the other dietary 

patterns were in the same direction as in the case of the adjusted analysis [see tables 5 & 6 ]. 
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Finally, crude and adjusted analyses of proportions of the two outcomes (dysglycemia and 

diabetes) across quintiles of GHGe component scores were performed separately. Results 

from the analyses are shown on supplementary tables S4 and S5. Quintiles of carbon footprint 

(GHGe) were not significantly associated with either of the outcomes after adjusting for 

confounders except for cfFDB in men which was significantly associated with proportions of 

dysglycemia (Q1 = 18.9% v Q5 = 17.2%; P = 0.0351).  Crude analyses showed that prior to 

adjusting for confounders, the “dysglycemia” outcome had statistically significant different 

proportions across quintiles of GHGe component scores for both men and women except for 

cfPP in men (P = 0.5600); meanwhile, the outcome “Diabetes” had statistically significant 

positive association with cfPP in women (P = 0.0346) and statistically significant negative 

association with cfRFP in men (P < 0.0001), cfMP (P = 0.0111), cf RFP (P = 0.0118) and cf AP (P 

= 0.0001) in women.  

 

Discussion 

The present study is based on VIP register, one of the most comprehensive registers with over 

74,000 unique records between 1996 and 2013, giving us strong statistical power while 

conducting pattern analysis on the dietary and cf data. We have employed TT to identify 

dietary and carbon footprint patterns which are correlated and mostly have structural 

similarities. Relating these identified patterns to dysglycemia and diabetes prevalence 

showed that prudent dietary pattern in women was inversely associated with these disease 

outcomes in dose-response manner. An evaluation of emissions from these dietary patterns, 

however, showed that higher adherence to prudent dietary pattern in women resulted in 

higher dietary emission. A further analysis investigated if the emission patterns, which are 

correlated with dietary patterns, showed evidence for association with dysglycemia and 

diabetes. None of the identified emission patterns were associated with dysglycemia and 

diabetes indicating that their usage as a proxy for dietary patterns may not be appropriate.  

 

Regarding dietary patterns: 

The significance of dietary data dimension-reduction for evaluation of   diet—disease 

association has been shown in several studies [6,23,24,59,60]. TT is one of such dimension-

reduction methods which was developed to improve interpretation of patterns through 

sparsity. Since the publication of the methodology by Lee et al. [17], TT has been used only a 

handful times in the nutrition and health sphere [19-21] for data reduction, and only one of 

them concerned dietary patterns and T2DM [21]. By using TT, we had obtained four dietary 

patterns for women and five dietary patterns for men. Most researches report two main 

patterns: one mostly labelled as “unhealthy or western” characterized by high loading for 

processed meat, red meat, refined foods, sweets and sugary beverages; another mostly 

labelled as “healthy or prudent” characterized by high loading for vegetables, fruits, high fiber 

grains, legumes, low fat dairy, fish and poultry. Despite this popular labeling method, there 

are variations in the data reduction methods applied, and in the food-items included in the 

labelled patterns. In our study, patterns which resemble these labels have been retained. 

However, neither high fat nor low fat dairy loaded on the dietary components. In our study, 



[34] 
 

the food items included in these groups were diverse (high fat dairy including sour milk, 

yoghurt and milk with 3% fat content and low-fat dairy including sour milk, yoghurt and milk 

with fat content of 0.5-1.5%). The variation in intake might, hence, be small to be detected at 

the optimal cut levels. Moreover, a comparison of our study with another study conducted 

on the VIP data [46] showed that the “refined food pattern” in women resembled the “coffee 

and sandwich” pattern described in that study. However, food groups such as ice-cream, soda 

and sweets had loaded on the “refined food pattern” additionally while coffee was absent; 

Furthermore, there were several food items from the “High Fat” pattern in women which 

were recovered in the “refined food pattern” in our study. The “Fruit and Vegetable” pattern 

in women from that study was similar to the combination of “mixed” and “prudent” patterns 

in our study. In men, the “Fruit and Vegetable” from that study resembled our “mixed 

pattern”; Food items listed in the “Tea, Soda and Cookies” and “High Fat “were included in 

“refined food pattern” in our study. Besides that, there were major differences in the dietary 

patterns described in the two studies. In our study, more dietary patterns were defined for 

men than women while in the study by Winkvist et al. [46] more patterns were identified 

among women. Another difference between the two studies is that our study was able to 

identify a pattern solely from alcohol intake. This resulted from the multi-scale nature of TT 

which creates sparse component loadings and facilitates detection of localized sources of 

variations. The difference in dimension reduction methodology used (cluster analyses vs TT) 

can partly explain the difference in the number and structure of the identified patterns, as it 

has been shown in previous studies which compared results from various methods [61,62]. 

Another plausible explanation is the time difference between the study population. While our 

study included unique health examinations between 1996-2013, Winkvist et al. [46] had used 

data from 1992-2005. This means while we used food intake measurements from the short 

FFQ entirely, the dietary data in the study by Winkvist et al. [46] was harmonized when 

combining data from the long FFQ (before 1996) with data from the short FFQ. This time 

difference also may result population wide dietary habit change as noted in another study by 

the same research group based on the VIP [63]. Other external factors, such as the 2005 

Swedish dietary guideline [64] may also have differential effect on dietary preference. 

Consequently, by performing both methods on the same population, it will be possible to 

verify if the identified patterns are close to the intrinsic true dietary patterns in the VIP 

register [65].  

The total variance explained by the dietary components was 21.42% for women and 24.96% 

for men. This is in line with other studies which have used food groups for derivation of dietary 

patterns [18, 20; 66]. It is known that the total number of food groups introduced to the data 

reduction method inversely affects the total percentage of variance explained by each 

component [67].  

Concerning the association between the identified dietary patterns and disease outcomes 

(dysglycemia or Diabetes), the “prudent pattern” in women had significant inverse 

association with both disease outcomes, its association with diabetes being more negative. 

“prudent pattern” in men was not significantly associated with either of the outcomes. It is 

important to note that despite having the same labels, the two patterns had important 

differences. First, “prudent pattern” in women had stronger positive correlation with 

vegetable, fruit, fresh fish, fiber, whole grain and water intakes, but stronger negative 

correlation with sweets and sugary drinks when compared to “prudent pattern” in men. It has 
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been previously shown that diet rich with vegetable, fruit, fiber and unsaturated fats may be 

protective against T2DM [68,69]. Second, the structure between the two “prudent patterns” 

differ in loaded food groups. “prudent pattern” in men had negative loading from pasta, 

legumes, processed and red meat, poultry and fish. Structurally, it resembled more of a 

vegetarian pattern. Also, water had not loaded on this pattern. The significance of water in 

prevention of T2DM had been reported previously both considering water intake per se and 

substitution of sugary drinks with water [70-72].  Third, it is possible that male participants 

might have reported their intention to eat more fruits, vegetables and high fiber cereals 

instead of their actual food intake. The significant negative association of “prudent pattern” 

in women with T2DM in our study was not found in the only study which used TT to identify 

dietary patterns [21]. This contradiction probably arises from the food grouping technique 

and the structural difference of the similarly labelled patterns a reflection of the variation in 

dietary preferences which exists among different population sets. The authors [21] concluded 

that “factor analysis is more appropriate to identify overall dietary patterns associated with 

diabetes when compared with treelet transform analysis”. Our study does not support that 

claim. The inconsistency regarding dietary pattern analysis and disease outcome is well 

known [22,23]. While other researches which have not used TT, such as the study by Liu et al. 

[73] have reported western type of dietary pattern rich in refined food may increase the odds 

of having diabetes similar to the factor analysis in the study by Schoenaker et al. [21], our 

analysis on “refined food pattern” does not show such result. In the contrary, in [21], neither 

factor analysis nor TT shows significant association of prudent pattern with diabetes while we 

have reported prudent pattern is inversely associated with diabetes. However, these 

heterogenous results do not mean that one dimension reduction technique is superior over 

the other. The lack of association with a disease outcome does not render a pattern analysis 

invalid as it can still capture truly existing dietary patterns among a given population [74]. A 

concurrent pattern analysis with another dimension reduction method can be used to 

validate the identified patterns [65].  

Regarding cf patterns  

It is only recently that FFQs started to be used for dietary cf calculation, a shift from previous 

researches which focused on cf of individual food items which are known to have big 

contribution to dietary cf [28,40,42]. In our study, total daily mean value of cf for the VIP 

participants was 3.02 KgCO2e. This finding is in line with other studies in the Swedish setting 

[40,75,76]. The study by Sjörs et al. [40] had reported a mean value of 3.76 Kg CO2e/day. 

However, that study had much smaller sample size comprising younger participants. Also, the 

FFQ which is used in our study was shorter than the FFQ used in the study by Sjörs et al. [40]. 

By using the same dimension reduction method (TT) as in the case of dietary pattern analysis, 

we have identified four cf patterns in women and five cf patterns in men explaining 21.52% 

and 25.37% of the total variance respectively. Our motivation for this a posteriori approach is 

that previous estimates of daily dietary emission do not take variations of cf patterns across 

a population into consideration. By performing pattern analysis, we could identify truly 

existing cf patterns in the population (VIP participants).  

Most of the identified cf patterns strongly reflected the dietary patterns with higher degree 

of correlation and similar loadings of food items except the fifth dietary (“white bread sweet 

spreads”, BSP) and cf (cf from “fatty dairy and butter”, cfFDB) patterns in men. A sensitivity 
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analysis had shown cfFDB was not stable and hence its difference from BSP. Moreover, the 

calculated values of mean cf estimate across quintiles of cf patterns were comparable with 

mean cf estimates across quintiles of dietary patterns indicating that there was agreement 

between quintiles of the dietary and cf patterns. 

Despite these similarities, it is important to note some observed cross-loadings of fast-food, 

salty snacks and their corresponding emission on “mixed” dietary pattern and “cf from refined 

food pattern, cfRFP” in women. The moderate correlation between “cf from prudent 

pattern”, cfPP with “prudent” dietary pattern in women was due to absence of emission 

values of vegetable, water and oil from (and addition of emissions from potatoes and low-fat 

dairy to) cfPP and this may have rendered its association with diabetes (or prediabetes) 

insignificant. Moreover, the small reduction of IFG/IGT/Diabetes prevalence noticed across 

cfFDB may be due to residual confounding such as interactions with BMI. It is also noted above 

that this pattern was not stable rendering its use in regression model not appropriate. 

Adjusted mean cf estimates in the highest quintile of prudent pattern in women was larger 

compared to cf values in the lowest quintile. It was also larger when compared to the cf 

estimates in the highest quintiles of “alcohol pattern” and “refined food pattern” indicating 

while the prudent pattern may be protective from diabetes, high adherence to it may not 

have mitigating effect when it comes to emission.  

Moreover, we have not identified in our study any cf pattern which is associated with diabetes 

when adjusting for other confounders. Other researches have also found similar results 

showing that healthy dietary patterns do not necessarily have lower emission or patterns with 

higher emission are not necessarily unhealthy, depending on the measured health outcome 

[34]. In the contrary, others have found moderate positive association between healthy diets 

and lower emission [36,77]. Considering this, despite similarities between dietary and cf 

patterns, using cf patterns for disease prediction may not be suitable, and its application 

should be further investigated. 

In the current study we have used carbon footprints as measurement of sustainability as LCA 

data on dietary emission are readily available.  However, there are also other environmental 

measurements for sustainability which are not considered here, such as land use, yield, water 

footprint and biodiversity which have both competing and positive synergies amongst them.  

Methodological Consideration and Limitations 

In the present study, first, we have linked the DietVIP short FFQ with dietary cf expressed as 

Kg Carbon dioxide equivalents (Kg CO2e) per Kg of the food items available in the FFQ based 

on LCA data reported by Elin Röös, Swedish University of Agricultural Science [49]. The cf of 

each food group was, then, obtained by summing cf of food items constituting that food 

group.  

Second, we have identified dietary and cf patterns from the daily dietary intake and cf values 

respectively for both women and men. In fact, to the best of our knowledge, it is the first 

study to identify cf patterns a posteriori directly from FFQ, to compare them with the 

extracted dietary patterns and to use them for disease outcome evaluation, shifting the focus 

from known cf contributors to data-driven population-based cf patterns.  
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The cross-sectional design of the study means causality and temporality cannot be stated 

surely. In this spirit, it is advised to read the results with care. The results from this study can 

be used for hypothesis setting in other stronger researches. We have also followed thorough 

methodology to avoid the known pitfalls coming with such observational studies. Before the 

start of analysis, we had created some exclusion criteria which attenuate the problem related 

to reverse causality. For example, we have excluded individuals with known diabetes case. 

Our analysis has included individuals who have reported medication for hypertension and 

dyslipidemia, a scenario affecting dietary preference. As a result, we have adjusted for several 

confounders associated with diabetes which are available in the literature. We had also 

performed univariate regression and stepwise addition to explore whether the included 

variables were associated with the disease outcome. Inclusion of big number of covariates in 

regression model might result sparse data bias. We have developed our regression model by 

assessing events per variable (EPV). Because the covariates were added for confounder 

adjustment, we have rendered five EPV as sufficient as it is suggested by Vittinghoff et al. [78]. 

When we had less than 5 EPV, like in the final regression models of dietary patterns for 

women smokers of 25+ cigarettes/day, we had done separate analysis by combining these 

categories with adjacent categories, this however did not change the odd ratios or their 95% 

confidence intervals. However, because we have not included important confounders (such 

as family history of diabetes or hormone therapy status) in the analysis, we cannot rule out 

residual confounding. 

Underreporting is also another problematic aspect when collecting data especially with self-

administered FFQ. Previous research has shown that there is high under-reporting of calorie 

intake within the VIP [79]. This creates reporting bias both for the dietary data and cf data, as 

the cf values are based on dietary intake. The issue of under-reporting is also a well-known 

problem in studies focusing on dietary emission [28]. 

The long timespan in this study has given us large study population set. The use of almost the 

same FFQ for data collection between 1996 and 2013 possibly does not capture dietary shifts 

and introduction of new food items into the culinary. Having this large timespan, we are also 

assuming that emission estimates of food items have remained constant. Naturally, the next 

step will be conducting a validation study for the FFQ which investigates its validity for dietary 

emission studies, a big potential with indication for public health and environmental policy. 

Another important aspect to consider is we have identified comparable dietary and cf 

patterns. One of the strength of our study is that we have mostly used the same source for 

the cf estimations. Elin Röös [49] has done thorough review of existing literature focusing on 

the Swedish setting and have compiled data based on similar LCA or system boundaries. The 

cf values given in the report include emissions resulting from primary production up to the 

packaging stage (the final form the food item is sold in the market). Emissions from transport 

have been taken into account explicitly for fruit and vegetables. Emphasis has been given on 

whether these food items are imported from Nordic countries, southern European Union (EU) 

or further away. For meat products, transport to Sweden was not considered because the 

transport emission covers very small percentage of the total emission. For other food items, 

Sweden was considered highly self-efficient.  Due to these boundaries, which are set at the 

purchasing point we have excluded emission estimates from cooking and waste. Also, the FFQ 

measures cooked foods which means some unavoidable weight changes from cooking 
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processes are not considered when calculating emission estimate. So, it is important to read 

the result from this study with caution regarding dietary cf estimates. It is well known that it 

is difficult to calculate emissions from food purchase, preparation and waste. Several 

researches include rough estimates of these stages uniformly to different food items after 

calculating the total amount of emission while others use cf estimation from cradle to retail 

phase [28,36,40,41,80]. Formulating questions which address waste, energy use, distance 

travelled for grocery shopping, means of transport when shopping and purchasing preference 

(such as imported vs. locally produced vs. organic) can improve the existing FFQ’s ability to 

capture dietary emissions. But it is important to note that the cf patterns retained in our study 

were mostly strongly correlated to the corresponding dietary patterns. 

The application of TT for dietary data reduction is relatively new when compared to other 

well applied empirical methods, such as PCA and Cluster analysis. TT’s strength is its 

quantitative technique of pattern extraction and its interpretability. The concerns which are 

raised regarding TT specifically are whether 1) sparsity of the identified patterns affects 

disease prediction and 2) sparsity achieved by TT is useful when adjusting for confounders by 

using patterns. Gorst-Rasmussen et al [81] argue that the ultimate goal of any dimension 

reduction method is creating latent variables which express variations. TT avoids the 

subjectivity in PCA which comes at the stage when a researcher uses rotation and loading 

truncation to create sparsity. Moreover, in addition to producing comparable patterns with 

PCA or Cluster analysis, Researches have shown the applicability of these patterns in 

Epidemiology studies. Out of the previous three publications on TT patterns, two have 

reported association of TT patterns with disease outcomes [18-20]. Our study promotes the 

usefulness of TT in nutrition epidemiology. If we want to adjust for confounding by pattern 

like the study by Imamura et al. [82], sparsity may not be useful because we want those 

patterns to be loaded by all variables. In our study, by investigating the correlation of the 34 

food groups with AP in men and women we had found that oil, vegetable and salty snacks 

have stronger (but still weak) association with AP compared to other food groups. However, 

since specific dietary consumption is not used for stratification (such as drinkers vs. 

abstainers), we have not investigated the effect of confounding by pattern. We have stated 

before that TT components are not entirely uncorrelated. For this reason, when using 

quintiles of a component as main predictor, we opted to include component scores of other 

patterns (continuous variables) in the final regression model.  

It is important, though, to note that like any of diet pattern analysis techniques, whether a 

priori or a posteriori, TT has its limitation. First, the researcher decides how much she trades 

off between interpretability and sparsity, meaning the cut-level. Cutting the tree near the 

leaves results sparse components creating zero loading for many of the food items; cutting 

the tree near the root results components similar to PCA, rendering interpretation difficult. 

This issue is solved by cross-validation technique which computes the optimal cut level for a 

given number of components. But, this results the second issue: how many components to 

retain. In our study, we first set a cut level at the root, and investigated the variances and the 

scree plot. Afterwards, we retained those components with variance >1.0, and included them 

in the cross-validation.  

Finally, in our study, we have used quintiles (i.e. 5 quantiles) of component scores for 

evaluation of pattern—diabetes association. The use of quantiles in regression model is 
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debatable [83]. The main criticism which is raised by the opponents of this approach is that 

the dose-response effect is assumed constant for all continuous values that quantile was 

based on. Another point of criticism is that quantile cut-off values depend on the data i.e., it 

is not possible to compare results from different researches. Finally, as the comparison is 

done between two quantiles, the data from the other quantiles remains irrelevant. In the 

present study we have created quintiles based on the component scores for the regression 

analysis. While we acknowledge the points raised against quantiles, we also believe using 

quantiles in pattern analysis has its own advantages. First the use of pattern analysis in our 

study is to identify dietary and cf patterns in the population. These patterns are labelled based 

on their composition. The prudent pattern is associated with good health outcome and the 

western or refined food pattern is associated with unfavorable health outcome. Beyond that, 

pattern scores do not have exact threshold values where a significant disease odd occurs. One 

of the important element of epidemiology is conveying the result in understandable way, and 

the usage of quantile makes it easier. By comparing quantiles (that is degree of adherence), 

we can report odds and risks. Additionally, our study’s aim is to simply estimate 

approximation of the rate ratio of diabetes and the use of quantiles suffices for this purpose. 

Second, the test for trend is important because it takes all quantiles into consideration. 

Moreover, performing separate analysis by changing the reference quantile to the other 

extreme helps the researcher to investigate the model further. In our case we have shown 

that by changing the reference quintile to the highest quintile of the MP in women, we had 

shown the 1st, 2nd and the 4th quintiles had higher ORs versus the 5th quintile. But the test of 

trend does not depend on which category is the reference, hence it remains constant. The 

significance level from this test can be used to investigate if there is a true trend across the 

quantiles. 

Conclusion 
The current study linked the dietary data from VIP register to LCA data of food items and 
reported results from dietary and cf pattern analyses in VIP participants by using a relatively 
new dimension reduction method, TT. Furthermore, it investigated the association of these 
patterns with dysglycemia and diabetes. Through this detailed approach, it is shown that 
empiric dietary patterns and diet-related emission patterns have moderate to strong 
structural similarities leading to similar arbitrary labelling. However, our study also showed 
that despite this similarity, some of the missing loading variables in emission patterns might 
render their usage as a proxy for dietary patterns inappropriate for diabetes risk evaluation. 
In our study, higher adherence to the prudent dietary pattern in women reduced the odds of 
having both dysglycemia and diabetes while cf patterns were not associated with either of 
the disease outcomes. By performing concurrent pattern analyses on both diet and diet 
related emissions, we have found that a healthy diet may not necessarily reduce GHGE. 
Finally, we have noted some of the methodological pitfalls. Future works might focus on 
validation of the DietVIP FFQ for dietary emission, designing of important emission related 
measurement variables within the VIP questionnaire, performing longitudinal studies to 
assess the predictive ability of dietary and emission patterns on the development of 
dysglycemia, and conducting dietary intervention trials which also measure changes in diet-
related emission. Such future works provide high grade evidence for adoption of new 
methods by public health interventions, such as VIP. One could suggest that due to climate 
change and the increasing burden of life style-related noncommunicable diseases, it is 
important to develop methods that promote public health within healthy planetary systems. 
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Appendix 



Table S1:  Data from life cycle assessment (LCA) studiesi expressed as carbon dioxide equivalents (CO2e) per kg of food product 

NO FOOD ITEMS LISTED IN THE DIETVIP Kg  CO2e/Kg of food product 

1 Bregott on bread 8 

2 Butter on bread   8 

3 Low fat margarine on bread 1.5 

4 Margarine on bread   1.5 

5 Butter for cooking   8 

6 Margarine for cooking   1.5 

7 Oil for cooking   1.5 

8 Salad dressing with oil   1 

9 Cream, crème fraiche, sour cream 4 

10 Whole grain crisp bread (e.g. Wasa) 0.8 

11 Whole grain soft bread 0.8 

12 White (soft) and thin crisp bread 0.8 

13 Coffee rolls/buns, rusk   0.8 

14 Cheese, 28% fat (e.g. Grevè) 8 

15 Cheese, 10-17% fat (e.g. Drabant) 8 

16 Sausage or liver pàté on bread   7 

17 Meat on bread   16ii 

18 Whole wheat, oat, rye or barley porridge   0.6 

19 Rosehip, sweet syrup soup, etc   0.5 

20 Sour milk, yoghurt, 3 % fat   1 

21 Sour milk, yoghurt, low fat   1 

22 Fiber cereals (e.g. muesli, Granola) 0.6 

23 Corn flakes   0.6 

24 Berries, fresh or frozen 0.2 

25 Apple, pear, peach, orange 0.6 

26 Banan 1.8 

27 Root vegetables, carrot 0.2 

28 Tomato, cucumber   1.4 

29 Lettuce, lettuce cabbage, white cabbage, spinach, borecole, broccoli 1 

30 Boiled or baked potato   0.1 

31 Fried potato, pommes frites 0.1 

32 Rice 2 

33 Pasta 0.8 

34 Brown beans, pea soup, and other beans 0.7 

35 Pancake, waffle, Swedish (potato) dumpling   0.8iii 

36 Pizza 5.3iv 

37 Minced meat dishes  16 

38 Meat stew   16v 

39 Steak, chop etc. 26 

40 Bacon 6 

41 Saucage as dish   7 

42 Hamburger 26 

43 White meat (poultry) 3 

44 Lean fish (e.g. perch, bass, cod) 3 

45 Fatty fish (e.g. (Baltic) herring, whitefish, salmon) 3 

46 Salty fish 3 

47 Smoked fish/meat   3 

48 Ice cream 2 

49 Sweets (chocolate, candy) 2 

50 Sugar, honey, marmelade, jam 3 

51 Cookies, pastry 2vi 

52 Chips, popcorn, salta nötter, mm 2 



53 Low fat milk (0,5%) 1 

54 Milk, sour milk (1,5 %) 1 

55 Milk (3%) 1 

56 Sodas, softdrinks, juice 0.3 

57 Brewed (filtered) coffee   3/dry mass 

58 Boild coffee   3/dry mass 

59 Tea 3/dry mass 

60 Light beer 0.49vii 

61 Medium beer  0.49vii 

62 Strong beer 0.49vii 

63 Wine 1.05vii 

64 Liquor, spirits 1.84 

65 Water 0 

66 Egg, egg dishes, omelet  2 

 

i Values are obtained from LCA data reported by Elin Röös in the 2014 report “Mat-klimat-listan version 1.1”, 
Swedish University of Agricultural Sciences 
ii Values for “meat on bread” were calculated based on assumption that 50% of consumption coming from beef 
and another 50% coming from pork 
iii For pancakes and waffles recipe for plain dishes was used with milk to flour ratio of 75% 
iv Values for pizza were calculated based on recipe for the most popular Swedish pizza, Kebab pizza as obtained 
from the Swedish food database The National Food Agency food database, version 2017-12-15. Five ingredients: 
flour, cheese, tomato sauce, beef meat and dressings were used for the calculation 
v Value for meat stew was calculated for beef meat cubes in the recipe ratio of 60% 
vi For cookies and pastries, a recipe with 55% of sugar and 45% of flour was used to calculate cf values based on: 
Hoolohan, C., Berners-Lee, M., McKinstry-West, J., & Hewitt, C. N. (2013). Mitigating the greenhouse gas emissions 
embodied in food through realistic consumer choices. Energy Policy, 63, 1065-1074. 
vii For alcoholic drinks values were obtained from the 2011 U&We report for Systembolaget, “Miljöutredning 
Systembolaget Underlag för Systembolagets framtida miljöarbete” 

                                                           



 

Table S2. Unadjusted Odd Ratios of Pre-diabetic or Diabetic state (1=IFG/IGT/Diabetes, 0=Normoglycemic) and Quintiles of 
dietary patterns identified by Treelet Transform in women (n=36,770) and men (n=34,463) in the Västerbotten Intervention 
Program (VIP), 1996-2013 

 Q1 Q2 Q3 Q4 Q5 
Ptrend 

 OR OR 95% CI OR 95% CI OR 95% CI OR 95% CI 

Women           

TC1 Ref. 1.03 0.95—1.11 0.89 0.81—0.96 0.81 0.75—0.88 0.86 0.80—0.94 <0.0001 

TC2 Ref. 0.97 0.90—1.06 0.92 0.85—1.00 0.94 0.86—1.02 0.93 0.86—1.01 0.061 

TC3 Ref. 0.98 0.90—1.06 0.97 0.89—1.05 0.96 0.88—1.04 0.93 0.85—1.01 0.075 

TC4 Ref. 0.87 0.80—0.95 0.84 0.78—0.92 0.82 0.76—0.89 0.85 0.78—0.92 <0.0001 

Men           

TC1 Ref. 0.90 0.83—0.98 0.83 0.76—0.90 0.81 0.75—0.88 0.76 0.70—0.83 <0.0001 

TC2 Ref. 0.86 0.80—0.93 0.82 0.75—0.88 0.69 0.63—0.75 0.71 0.66—0.77 <0.0001 

TC3 Ref. 0.80 0.74—0.88 0.80 0.74—0.88 0.88 0.82—0.96 0.89 0.82—0.97 0.126 

TC4 Ref. 1.11 1.03—1.21 0.99 0.92—1.09 1.03 0.95—1.12 1.09 1.00—1.19 0.327 

TC5 Ref. 1.04 0.96—1.14 1.21 1.11—1.32 1.32 1.21—1.44 1.40 1.29—1.53 <0.0001 

 

Table S3. Unadjusted Odd Ratios of Diabetes (1=Diabetes, 0=Normoglycemic) and Quintiles of dietary patterns identified by 
Treelet Transform for women (n=30,526) and men (n=28,089) in the Västerbotten Intervention Programme (VIP), 1996-2013 

 Q1 Q2 Q3 Q4 Q5  

 OR OR 95%CI OR 95%CI OR 95%CI OR 95%CI Ptrend 

Women           

TC1 Ref. 1.15 0.87—1.51 0.81 0.61—1.09 0.73 0.54—0.98 0.73 0.54—0.99 0.001 

TC2 Ref. 0.98 0.73—1.32 0.87 0.64—1.18 1.07 0.80—1.42 0.92 0.68—1.24 0.806 

TC3 Ref. 0.87 0.65—1.15 1.06 0.81—1.40 0.66 0.49—0.90 0.73 0.54—0.98 0.010 

TC4 Ref. 0.72 0.55—0.95 0.56 0.42—0.74 0.59 0.44—0.79 0.60 0.45—0.79 <0.0001 

Men           

TC1 Ref. 0.84 0.65—1.10 0.89 0.69—1.15 0.71 0.54—0.93 0.82 0.63—1.07 0.062 

TC2 Ref. 0.80 0.63—1.03 0.59 0.46—0.77 0.59 0.46—0.77 0.55 0.42—0.72 <0.0001 

TC3 Ref. 0.78 0.59—1.02 0.77 0.59—1.02 1.00 0.78—1.30 0.89 0.68—1.16 0.941 

TC4 Ref. 1.05 0.81—1.38 0.92 0.70—1.21 0.99 0.76—1.30 1.06 0.81—1.39 0.824 

TC 5 Ref. 1.08 0.81—1.45 1.40 1.06—1.86 1.32 0.99—1.75 1.57 1.19—2.06 <0.0001 

 

 



 

Table S4. Crude and adjusted† proportion of "prediabetes or diabetes" and "diabetes" across quintiles of GHGe patterns in men 

 

 

 

 

 

 

Table S5. Crude & adjusted† proportion of "prediabetes or diabetes" and "diabetes" across quintiles of GHGe patterns in women 

  

† adjusted for: total energy intake, physical activity, age group, education level, smoking status, alcohol intake, fiber intake, 

component scores of other dietary patterns, body mass index categories, medication for hypertension, medication for 

dyslipidemia [as stated in methodology section]. 

TC1 for carbon footprint in men 

 Q1 Q3 Q5 p-value 

IFG or IGT or Diabetes     

    Crude proportion 0.224 0.196 0.182 <0.0001 

Adjusted proportion 0.190 0.177 0.174 0.3189 

Diabetes     

    Crude proportion 0.022 0.019 0.018 0.3967 

    Adjusted proportion 0.013 0.012 0.013 0.7143 

TC2 for carbon footprint in men 

 Q1 Q3 Q5 p-value 

IFG or IGT or Diabetes     

    Crude proportion 0.245 0.199 0.180 <0.0001 

    Adjusted proportion 0.184 0.185 0.187 0.1155 

Diabetes     

    Crude proportion 0.025 0.016 0.013 <0.0001 

    Adjusted proportion 0.011 0.011 0.012 0.4159 

TC3 for carbon footprint in men 

 Q1 Q3 Q5 p-value 

IFG or IGT or Diabetes     

    Crude proportion 0.223 0.188 0.203 <0.0001 

    Adjusted proportion 0.193 0.175 0.175 0.0713 

Diabetes     

    Crude proportion 0.021 0.017 0.019 0.1460 

    Adjusted proportion 0.013 0.011 0.012 0.6003 

TC4 for carbon footprint in men 

 Q1 Q3 Q5 p-value 

IFG or IGT or Diabetes     

    Crude proportion 0.197 0.200 0.198 0.5600 

    Adjusted proportion 0.190 0.178 0.176 0.2452 

Diabetes     

    Crude proportion 0.020 0.017 0.019 0.4978 

    Adjusted proportion 0.013 0.010 0.012 0.3170 

TC5 for carbon footprint in men 

 Q1 Q3 Q5 p-value 

IFG or IGT or Diabetes     

    Crude proportion 0.217 0.206 0.187 <0.0001 

    Adjusted proportion 0.189 0.180 0.172 0.0351 

Diabetes     

    Crude proportion 0.022 0.018 0.017 0.1154 

    Adjusted proportion 0.012 0.011 0.012 0.8927 

TC1 for carbon footprint in women 

 Q1 Q3 Q5 p-value 

IFG or IGT or Diabetes     

    Crude proportion 0.189 0.180 0.179 0.0219 

    Adjusted proportion 0.155 0.161 0.178 0.0614 

Diabetes     

    Crude proportion 0.018 0.014 0.013 0.0111 

    Adjusted proportion 0.010 0.008 0.007 0.1083 

TC2 for carbon footprint in women 

 Q1 Q3 Q5 p-value 

IFG or IGT or Diabetes     

    Crude proportion 0.206 0.175 0.166 <0.0001 

    Adjusted proportion 0.165 0.161 0.169 0.8908 

Diabetes     

    Crude proportion 0.018 0.014 0.013 0.0118 

    Adjusted proportion 0.009 0.008 0.009 0.8051 

TC3 for carbon footprint in women 

 Q1 Q3 Q5 p-value 

IFG or IGT or Diabetes     

    Crude proportion 0.167 0.179 0.196 <0.0001 

    Adjusted proportion 0.161 0.160 0.173 0.5192 

Diabetes     

    Crude proportion 0.011 0.016 0.015 0.0346 

    Adjusted proportion 0.009 0.009 0.007 0.6358 

TC4 for carbon footprint in women 

 Q1 Q3 Q5 p-value 

IFG or IGT or Diabetes     

    Crude proportion 0.202 0.176 0.177 <0.0001 

    Adjusted proportion 0.162 0.169 0.168 0.5604 

Diabetes     

    Crude proportion 0.021 0.012 0.013 0.0001 

    Adjusted proportion 0.010 0.008 0.008 0.5310 



Table S6. Unadjusted distribution of estimated emission, energy intake and background variables across quintiles of cf patterns in female participants in the VIP, between 1996-2013.  Data values 
are presented as mean values ± SDs for continuous variables and as frequency (%) for categorical variables 

 TC1 for carbon footprint in women  TC2 for carbon footprint in women  

 Q1 Q3 Q5 p-value Q1 Q3 Q5 p-value 

Estimated GHGe (Kg CO2e/d) 1.90 ± 0.39 2.54 ± 0.49 3.76 ± 1.11 <0.001 2.35 ± 0.86 2.63 ± 0.82 3.11 ± 1.00 <0.001 

Energy intake (Kcal/d) 1230.24 ± 252.67 1453.71 ± 309.99 1847.03 ± 437.01 <0.001 1269.30 ± 295.56 1449.34 ± 327.97 1820.88 ± 421.37 <0.001 

Age group 
   <0.001    <0.001 

   35-44 years 25.1% 36.0% 43.9%  14.9% 35.6% 55.4%  

   45-54 years 30.4% 31.9% 32.9%  29.8% 34.1% 29.1%  

   55-64 years 44.4% 32.1% 23.2%  55.3% 30.3% 15.5%  

BMI group 
   <0.001    <0.001 

   underweight 1.4% 1.1% 1.0%  0.9% 0.8% 1.6%  

   normal 52.7% 49.9% 47.2%  48.4% 51.6% 52.1%  

   overweight 34.1% 33.2% 31.9%  35.4% 32.6% 29.4%  

   obese 11.9% 15.9% 19.9%  15.2% 15.0% 17.0%  

Alcohol intake (0 or >20g/d) 11.8% 8.7% 9.6% <0.001 9.0% 8.6% 12.0% <0.001 

Fiber intake (<15g/1000Kcal) 75.2% 79.1% 82.6% <0.001 56.1% 82.6% 95.7% <0.001 

Education level 
   <0.001    <0.001 

   ≤9 years 43.2% 29.2% 19.5%  36.8% 29.3% 24.9%  

   high school 29.1% 33.9% 33.6%  26.1% 32.6% 38.7%  

   higher education 27.7% 36.9% 46.9%  37.1% 38.1% 36.4%  

Physical activity 
   <0.001    <0.001 

   inactive 20.2% 17.0% 14.2%  16.2% 16.2% 17.6%  

   moderately inactive 33.1% 28.3% 25.3%  28.7% 28.7% 30.8%  

   moderately active 26.4% 28.2% 26.3%  25.6% 27.8% 27.9%  

   active 20.3% 26.5% 34.3%  29.4% 27.4% 23.7%  

Smoking status 
   <0.001    <0.001 

   non-smoker 47.3% 50.3% 54.5%  45.8% 51.3% 54.3%  

   1-4 cigarette 3.3% 2.6% 2.2%  3.0% 2.6% 2.5%  

   5-14 cigarette 12.5% 9.2% 6.5%  9.9% 9.0% 8.4%  

   15-24 cigarette 3.1% 2.5% 1.7%  2.3% 2.3% 3.2%  

   25+ cigarette 0.1% 0.1% 0.1%  0.1% <1% 0.2%  

   occasional smoker 2.5% 2.6% 2.7%  2.4% 2.9% 2.9%  

   former occasional smoker 9.6% 10.2% 11.1%  12.0% 10.1% 8.8%  

   former smoker 21.6% 22.6% 21.0%  24.5% 21.8% 19.7%  

Medication for hypertension 15.2% 14.3% 12.9% 0.001 19.6% 13.5% 9.1% <0.001 

Medication for dyslipidemia 2.9% 3.1% 3.0% 0.74 5.2% 2.9% 1.2% <0.001 

IFG or IGT or Diabetes 18.9% 18.0% 17.9% 0.022 20.6% 17.5% 16.6% <0.001 

Diabetes 1.8% 1.4% 1.3% 0.011 1.8% 1.4% 1.3% 0.011 

 



Table S6. Unadjusted distribution of estimated emission, energy intake and background variables across quintiles of cf patterns in female participants in the VIP, between 1996-2013.  Data values 
are presented as mean values ± SDs for continuous variables and as frequency (%) for categorical variables (continued) 

 TC3 for carbon footprint in women  TC4 for carbon footprint in women  

 Q1 Q3 Q5 p-value Q1 Q3 Q5 p-value 

Estimated GHGe (Kg CO2e/d) 2.46 ± 0.87 2.58 ± 0.85 3.10 ± 0.98 <0.001 2.64 ± 0.97 2.65 ± 0.87 2.77 ± 0.91 <0.001 

Energy intake (Kcal/d) 1251.80 ± 278.80 1446.29 ± 326.09 1848.73 ± 411.72 <0.001 1509.69 ± 410.58 1463.66 ± 376.37 1516.36 ± 391.34 <0.001 

Age group 
   <0.001    <0.001 

   35-44 years 49.1% 33.2% 26.7%  35.6% 36.1% 31.3%  

   45-54 years 32.2% 32.6% 30.7%  27.4% 34.4% 33.4%  

   55-64 years 18.8% 34.1% 42.5%  36.9% 29.5% 35.3%  

BMI group 
   <0.001    <0.001 

   underweight 1.4% 1.0% 1.0%  1.5% 0.9% 0.8%  

   normal 54.4% 49.9% 47.4%  43.2% 52.6% 56.6%  

   overweight 30.4% 34.5% 34.1%  33.1% 32.8% 31.5%  

   obese 13.8% 14.6% 17.5%  22.2% 13.7% 11.0%  

Alcohol intake (0 or >20g/d) 8.8% 9.3% 11.1% <0.001 43.7% 0.0% 1.4% <0.001 

Fiber intake (<15g/1000Kcal) 95.5% 80.5% 59.4% <0.001 76.7% 76.7% 84.9% <0.001 

Education level 
   <0.001    <0.001 

   ≤9 years 23.2% 30.3% 36.5%  37.5% 25.8% 24.6%  

   high school 38.7% 31.5% 28.3%  33.3% 33.9% 26.8%  

   higher education 38.0% 38.2% 35.2%  29.1% 40.3% 48.6%  

Physical activity 
   <0.001    <0.001 

   inactive 20.5% 16.5% 14.3%  17.3% 16.3% 17.7%  

   moderately inactive 30.1% 29.6% 26.8%  30.0% 27.9% 30.4%  

   moderately active 26.7% 26.9% 27.2%  26.9% 27.4% 25.5%  

   active 22.7% 27.0% 31.6%  25.8% 28.5% 26.4%  

Smoking status 
   <0.001    <0.001 

   non-smoker 47.5% 50.9% 54.4%  64.6% 48.1% 42.7%  

   1-4 cigarette 3.0% 2.7% 2.5%  1.9% 2.6% 3.5%  

   5-14 cigarette 11.1% 9.0% 7.0%  7.8% 9.3% 8.2%  

   15-24 cigarette 3.8% 2.2% 1.4%  2.3% 2.2% 2.7%  

   25+ cigarette 0.1% 0.1% 0.1%  0.1% <1% 0.1%  

   occasional smoker 3.4% 2.7% 2.2%  0.9% 3.0% 4.0%  

   former occasional smoker 10.0% 10.9% 10.3%  6.1% 11.6% 13.4%  

   former smoker 21.3% 21.6% 22.1%  16.2% 23.1% 25.5%  

Medication for hypertension 10.9% 14.2% 16.3% <0.001 16.4% 13.6% 13.1% <0.001 

Medication for dyslipidemia 2.1% 3.5% 3.8% <0.001 3.9% 3.0% 2.8% <0.001 

IFG or IGT or Diabetes 16.7% 17.9% 19.6% <0.001 20.2% 17.6% 17.7% <0.001 

Diabetes 1.1% 1.6% 1.5% 0.042 2.1% 1.2% 1.3% <0.001 

 



Table S7. Unadjusted distribution of estimated emission, energy intake and background variables across quintiles of cf patterns in male participants in the VIP, between 1996-2013.  Data values are 
presented as mean values ± SDs for continuous variables and as frequency (%) for categorical variables 

 TC1 for carbon footprint in men  TC2 for carbon footprint in men  

 Q1 Q3 Q5 p-value Q1 Q3 Q5 p-value 

Estimated GHGe (Kg CO2e/d) 2.40 ± 0.55 3.19 ± 0.67 4.80 ± 1.50 <0.001 2.91 ± 1.12 3.31 ± 1.03 4.0 ± 1.35 <0.001 

Energy intake (Kcal/d) 1596.88 ± 340.14 1935.21 ± 418.16 2526.63 ± 583.59 <0.001 1727.80 ± 442.63 1932.27 ± 473.30 2401.79 ± 579.47 <0.001 

Age group 
   

<0.001    <0.001 

   35-44 years 29.3% 33.6% 41.6% 
 

14.8% 36.1% 51.7%  

   45-54 years 28.0% 32.2% 33.8% 
 

27.2% 33.8% 29.7%  

   55-64 years 42.7% 34.3% 24.6% 
 

57.9% 30.1% 18.6%  

BMI group 
   

<0.001    <0.001 

   underweight 0.3% 0.2% 0.1% 
 

0.3% 0.2% 0.2%  

   normal 38.3% 34.2% 31.4% 
 

31.2% 34.0% 37.7%  

   overweight 49.6% 50.1% 48.5% 
 

51.1% 50.3% 47.0%  

   obese 11.8% 15.5% 19.9% 
 

17.4% 15.5% 15.1%  

Alcohol intake (0 or >20g/d) 8.1% 7.0% 10.1% <0.001 8.5% 7.7% 10.5% <0.001 

Fiber intake (<15g/1000Kcal) 96.2% 94.9% 94.3% <0.001 84.8% 97.4% 99.4% <0.001 

Education level 
   

<0.001    <0.001 

   ≤9 years 49.1% 35.5% 26.6% 
 

46.1% 34.0% 30.3%  

   high school 34.2% 37.7% 38.5% 
 

28.2% 38.7% 43.1%  

   higher education 16.7% 26.9% 34.9% 
 

25.7% 27.3% 26.7%  

Physical activity 
   

<0.001    <0.001 

   inactive 19.8% 17.5% 15.0% 
 

17.9% 17.9% 17.5%  

   moderately inactive 31.4% 29.5% 25.0% 
 

28.6% 28.5% 28.6%  

   moderately active 30.4% 28.8% 28.1% 
 

27.3% 29.2% 30.8%  

   active 18.4% 24.2% 31.9% 
 

26.1% 24.4% 23.2%  

Smoking status 
   

<0.001    <0.001 

   non-smoker 46.5% 52.9% 57.0% 
 

44.30% 54.1% 59.0%  

   1-4 cigarette 3.0% 2.4% 2.5% 
 

2.8% 2.5% 2.7%  

   5-14 cigarette 7.4% 5.0% 4.4% 
 

6.0% 5.0% 5.1%  

   15-24 cigarette 4.9% 2.7% 2.3% 
 

3.5% 2.8% 3.2%  

   25+ cigarette 0.5% 0.3% 0.3% 
 

0.5% 0.2% 0.4%  

   occasional smoker 3.1% 3.7% 3.0% 
 

2.5% 3.8% 3.3%  

   former occasional smoker 8.8% 10.1% 10.8% 
 

11.0% 10.0% 8.4%  

   former smoker 25.9% 23.1% 19.7% 
 

29.4% 21.5% 17.9%  

Medication for hypertension 14.7% 15.4% 13.4% 0.010 22.4% 13.2% 8.9% <0.001 

Medication for dyslipidemia 5.5% 6.0% 5.9% 0.81 10.4% 5.1% 3.0% <0.001 

IFG or IGT or Diabetes 22.4% 19.6% 18.2% <0.001 24.5% 19.9% 18.0% <0.001 

Diabetes 2.2% 1.9% 1.8% 0.38 2.5% 1.6% 1.3% <0.001 

 



Table S7. Unadjusted distribution of estimated emission, energy intake and background variables across quintiles of cf patterns in male participants in the VIP, between 1996-2013.  Data values are 
presented as mean values ± SDs for continuous variables and as frequency (%) for categorical variables (continued) 

 TC3 for carbon footprint in men  TC4 for carbon footprint in men  

 Q1 Q3 Q5 p-value Q1 Q3 Q5 p-value 

Estimated GHGe (Kg CO2e/d) 3.27 ± 1.30 3.37 ± 1.15 3.60 ± 1.27 <0.001 4.15 ± 1.59 3.11 ± 1.0 3.28 ± 1.05 <0.001 

Energy intake (Kcal/d) 1986.75 ± 560.58 1959.25 ± 529.61 2082.27 ± 554.36 <0.001 2020.49 ± 574.53 1895.72 ± 502.82 2206.50 ± 581.46 <0.001 

Age group 
   

<0.001    <0.001 

   35-44 years 33.4% 40.2% 27.6% 
 

47.1% 33.2% 26.7%  

   45-54 years 30.5% 30.0% 31.6% 
 

28.7% 30.8% 34.1%  

   55-64 years 36.1% 29.7% 40.8% 
 

24.2% 36.0% 39.2%  

BMI group 
   

<0.001    <0.001 

   underweight 0.5% 0.2% 0.2% 
 

0.2% 0.2% 0.2%  

   normal 33.8% 34.4% 35.8% 
 

30.2% 35.8% 36.7%  

   overweight 46.3% 49.3% 51.4% 
 

48.9% 49.7% 49.1%  

   obese 19.4% 16.2% 12.6% 
 

20.6% 14.3% 14.0%  

Alcohol intake (0 or >20g/d) 25.2% 0.0% 16.1% <0.001 8.8% 7.2% 9.7% <0.001 

Fiber intake (<15g/1000Kcal) 93.0% 95.4% 96.5% <0.001 99.8% 98.5% 81.7% <0.001 

Education level 
   

<0.001    <0.001 

   ≤9 years 44.3% 35.8% 28.5% 
 

33.0% 39.1% 33.6%  

   high school 35.0% 39.8% 32.5% 
 

43.4% 35.6% 33.0%  

   higher education 20.6% 24.3% 39.0% 
 

23.6% 25.3% 33.5%  

Physical activity 
   

<0.001    <0.001 

   inactive 17.8% 17.1% 19.5% 
 

18.6% 18.6% 14.7%  

   moderately inactive 27.7% 27.7% 30.8% 
 

28.3% 28.8% 26.0%  

   moderately active 29.7% 29.9% 26.5% 
 

30.9% 29.7% 27.9%  

   active 24.8% 25.3% 23.2% 
 

22.2% 22.9% 31.3%  

Smoking status 
   

<0.001    <0.001 

   non-smoker 60.6% 52.4% 45.7% 
 

50.4% 52.8% 54.9%  

   1-4 cigarette 2.0% 2.7% 3.2% 
 

3.1% 2.6% 2.3%  

   5-14 cigarette 5.7% 5.5% 4.9% 
 

6.9% 4.7% 3.6%  

   15-24 cigarette 3.1% 3.3% 3.3% 
 

5.1% 2.9% 1.2%  

   25+ cigarette 0.4% 0.2% 0.5% 
 

0.6% 0.4% 0.2%  

   occasional smoker 1.4% 3.7% 4.1% 
 

4.3% 3.6% 2.6%  

   former occasional smoker 7.3% 10.3% 11.3% 
 

9.5% 9.7% 11.0%  

   former smoker 19.5% 21.9% 27.0% 
 

20.2% 23.3% 24.2%  

Medication for hypertension 16.5% 14.1% 14.6% <0.001 11.7% 14.4% 16.2% <0.001 

Medication for dyslipidemia 6.7% 6.1% 6.1% <0.001 4.4% 5.8% 7.4% <0.001 

IFG or IGT or Diabetes 22.3% 18.8% 20.3% <0.001 19.7% 20.0% 19.8% 0.56 

Diabetes 2.1% 1.7% 1.9% 0.15 2.0% 1.7% 1.9% 0.50 

 



Table S7. Unadjusted distribution of estimated emission, energy intake and background variables across quintiles of cf patterns in male participants in the VIP, between 1996-2013.  Data values are 
presented as mean values ± SDs for continuous variables and as frequency (%) for categorical variables (continued) 

 TC5 for carbon footprint in men  

 Q1 Q3 Q5 p-value 

Estimated GHGe (Kg CO2e/d) 3.12 ± 1.17 3.27 ± 1.14 3.84 ± 1.31 <0.001 

Energy intake (Kcal/d) 1806.99 ± 465.12 1945.19 ± 500.30 2362.24 ± 583.44 <0.001 

Age group 
   <0.001 

   35-44 years 30.2% 31.3% 36.9%  
   45-54 years 32.2% 32.1% 30.7%  
   55-64 years 37.6% 36.6% 32.4%  
BMI group 

   <0.001 

   underweight 0.2% 0.2% 0.3%  
   normal 30.4% 34.7% 39.7%  
   overweight 52.0% 49.4% 45.7%  
   obese 17.4% 15.7% 14.2%  
Alcohol intake (0 or >20g/d) 8.3% 7.7% 9.0% 0.11 

Fiber intake (<15g/1000Kcal) 89.1% 95.8% 98.5% <0.001 

Education level 
   <0.001 

   ≤9 years 35.7% 39.2% 38.8%  
   high school 36.0% 35.7% 37.6%  
   higher education 28.3% 25.0% 23.6%  
Physical activity 

   <0.001 

   inactive 18.2% 18.2% 15.7%  
   moderately inactive 29.1% 29.6% 26.6%  
   moderately active 27.3% 29.2% 31.8%  
   active 25.3% 23.0% 25.9%  
Smoking status 

   <0.001 

   non-smoker 50.6% 52.0% 54.1%  
   1-4 cigarette 2.5% 2.5% 2.8%  
   5-14 cigarette 4.5% 5.7% 5.7%  
   15-24 cigarette 2.6% 3.1% 4.2%  
   25+ cigarette 0.2% 0.3% 0.5%  
   occasional smoker 3.2% 3.3% 3.0%  
   former occasional smoker 9.7% 9.8% 9.8%  
   former smoker 26.6% 23.3% 20.0%  
Medication for hypertension 18.2% 14.6% 12.3% <0.001 

Medication for dyslipidemia 9.0% 5.9% 3.8% <0.001 

IFG or IGT or Diabetes 21.7% 20.6% 18.7% <0.001 

Diabetes 2.2% 1.8% 1.7% 0.11 

 


