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Abstract
In this thesis, the association between dietary patterns and risk factors

for cardiovascular diseases was investigated using data from the seventh
Tromsø Study (Tromsø7). A total of 21,083 individuals aged 40 years and
older participated in Tromsø7. Approximately 10,000 of these participants
completed 90% or more of the food frequency questionnaire. Their responses
formed the foundation of our analysis.

Dietary patterns were identified using hierarchal clustering of food vari-
ables, factor analysis, the treelet transform and exploratory structural equa-
tion models. All four methods identified a dietary pattern high in sweets and
meat. This dietary pattern was more commonly consumed by the younger
participants. Participants with a high score on this dietary pattern usually
had lower physical activity. Additionally, a health-conscious pattern was
identified by all methods. A high intake of this pattern was associated with
higher physical activity and higher education.

The association between dietary patterns and metabolic syndrome, in-
cluding its defining components, was modelled using logistic regression. The
components of metabolic syndrome include elevated waist circumference,
low HDL-cholesterol, elevated triglycerides, insulin resistance and hyperten-
sion. Models with and without dietary patterns were compared to investig-
ate how dietary patterns affected the prediction of metabolic syndrome and
its components. Including dietary patterns in the models resulted in a clear
improvement in prediction for metabolic syndrome and elevated waist cir-
cumference. The dietary pattern high in sweets and meat was significantly
associated with both metabolic syndrome and elevated waist circumference.
Among men, the health-conscious pattern and the traditional pattern were
associated with lower level of triglycerides.

An integrated analysis of food variables and risk factors for cardiovascu-
lar disease was also conducted using exploratory structural equation models.
Our model included analysis of dietary patterns and mediation analysis, us-
ing obesity as a mediator between dietary patterns and the other risk factors
for cardiovascular disease. Similar to using the logistic regression models, a
positive association between obesity and the dietary pattern high in sweets
and meat was observed. Additionally, a pattern high in processed dinner
variables was associated with obesity, whereas a cake pattern and a por-
ridge pattern were negatively associated with obesity. A direct effect of
dietary patterns on obesity resulted in an indirect effect on the other risk
factors for cardiovascular disease. After adjusting for the indirect effect of
obesity, only direct effects of diet on triglycerides and HDL-cholesterol were
observed.

Obesity is the fastest-growing risk factor for cardiovascular disease in
both Norway and globally. It indirectly affects both health and quality of
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life. Reversing the obesity trend is therefore important for public health. In
particular, our analysis found consistent associations between obesity and
patterns high in sweets, meat and processed dinner.
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Sammendrag
Denne avhandlingen undersøker sammenhengen mellom kosthold og fore-

komsten av risikofaktorer for hjerte- og karsykdommer i data fra den sjuende
Tromsøundersøkelsen (Tromsø7). Totalt deltok 21 083 personer i aldersgrup-
pen 40 år og eldre i Tromsø7. Omtrent 10 000 av disse hadde svart på 90%
eller mer på spørreskjemaet om kosthold. Disse svarene er grunnlag for våre
analyser.

Vi brukte hierarkisk gruppering av matvariablene, faktoranalyse, treelet-
transformasjon og utforskende strukturelle ligningsmodeller til å finne kost-
holdsmønstre. Alle de fire metodene fant et kostholdsmønster med mye søt-
saker og kjøtt. Dette kostholdet var vanligere blant de yngre deltagerne.
Deltagere med høyt inntak av dette kostholdet var vanligvis mindre fysisk
aktive. Et helsebevisst kostholdsmønster ble også funnet med alle metode-
ne. Høyt inntak av dette kostholdet var vanligere for personer med høyere
fysisk aktivitet og høyere utdanning.

Sammenhengen mellom kosthold og metabolsk syndrom, inkludert kom-
ponentene i definisjonen, ble undersøkt med logistisk regresjon. Komponen-
tene i metabolsk syndrom er økt midjeomkrets, lavt HDL-kolesterolnivå,
høyt triglyseridnivå, insulinresistens og høyt blodtrykk. Modeller med og
uten kostholdsmønster ble sammenlignet for å undersøke hvor godt mønst-
rene predikerte metabolsk syndrom og de enkelte komponentene i defini-
sjonen hos deltagerne. Når kostholdsmønsterene ble inkludert i modellene
observerte vi at metabolsk syndrom og økt midjeomkrets ble merkbart bed-
re predikert. Kostholdsmønsteret med mye søtsaker og kjøtt var signifikant
assosiert med metabolsk syndrom og økt midjeomkrets. Hos menn var et
helsebevisst kostholdsmønster og et mer tradisjonelt kostholdsmønster as-
sosiert med lavere triglyseridnivåer.

Vi brukte også utforskende strukturelle ligningsmodeller for å lage en
helhetlig analyse av kostholdsmønster og kjente risikofaktorer for hjerte-
og karsykdommer. Modellen hadde med analyse av kostholdsmønstre og en
medieringsanalyse, hvor overvekt ble brukt som en mediator mellom kost-
hold og de andre risikofaktorene for hjerte- og karsykdom. I likhet med de
logistiske regresjonsmodellene fant vi at et kosthold med mye søtsaker og
kjøtt var signifikant assosiert med overvekt. I tillegg var kosthold som inne-
holdt mye prosessert middag assosiert med overvekt, mens kosthold med
mye kake og grøt var assosiert med mindre overvekt. Når vi observerte en
direkte effekt av kosthold på overvekt, observerte vi også at dette indirekte
påvirket de andre risikofaktorene. Når overvekt var justert for, var det bare
HDL-kolesterol og triglyserider som ble direkte påvirket av kosthold.

Overvekt er den risikofaktoren for hjerte- og karsykdommer som øker
mest i både Norge og verden ellers, og som indirekte påvirker både helse
og livskvalitet. Å snu denne trenden er viktig for folkehelsen. Våre analyser
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viser at det er en entydig sammenheng mellom overvekt og kosthold med
søtsaker, kjøtt og prosessert middag.
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CHAPTER 1

Introduction

Cardiovascular disease (CVD) and the rapid increase in obesity over the last
decades represent a significant health burden worldwide. CVD is one of the
main causes of disability in the world, and as obesity continues to rise, the
burden of CVD is likely to increase (Haththotuwa et al., 2020).

Lifestyle is one of the most important risk factors for CVD and obesity.
It encompasses modifiable factors such as unhealthy diets, physical inactiv-
ity, smoking and high alcohol consumption (Yusuf et al., 2004; O’Donnell
et al., 2016). Among these, dietary habits are one of the most complex
and challenging factors to collect and analyse effectively (Martínez et al.,
1998). Diets are intricate, consisting of a wide variety of foods, dishes and
beverages that are prepared and consumed with high daily variation (Satija
et al., 2015; Jacobs, 2023). In this context, dietary pattern analysis is a
promising method to understand the complex nature of dietary behaviour
(Zhao et al., 2021).

This thesis examines dietary data collected using a food frequency ques-
tionnaire (FFQ) and employs several data reduction methods to analyse di-
etary patterns and their associations with risk factors for CVD. Figure 1.1
gives an overview of the methods and models used. A detailed presentation
of the methods is provided in chapter 3. The food variables were either used
to identify dietary patterns or used directly in the random forest algorithm.
The analysis includes estimates of associations between dietary patterns and
risk factors for CVD, using both standard logistic regression models and
exploratory structural equation models (ESEM). ESEM is a method that
incorporates causal assumptions and can be used for mediation analysis.
In nutrition research, the method can be used to simultaneously identify
dietary patterns and estimate the hypothesized diet-disease relationships.
Additionally, the assessment of predictive power was included to evaluate
model fit. This also includes comparison of the regression models with the
random forest algorithm.

1.1 Metabolic syndrome
One of the condition investigated in this thesis is the Metabolic Syndrome
(MetS). MetS is a condition where several risk factors for CVD are present
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Chapter 1 – Introduction

FFQ
Food 
variables

HC
FA
TT

Dietary
Patterns

Logistic
regression

Association
estimate

Random 
forest

ESEM

Prediction

Causal 
assumptions

Dietary
patterns

Mediation 
analysis

Data reduction 
methods:

CVD risk factors, lifestyle 
and background variables

CVD risk factors, lifestyle 
and background variables

CVD risk factors, lifestyle 
and background variables

Figure 1.1. Overview of the methods and the analysis in-
cluded in this thesis.
FFQ: food frequency questionnaire, HC: hierarchical clus-
tering of food variables, FA: factor analysis, TT: treelet
transform, CVD: cardiovascular disease, ESEM: exploratory
structural equation model

in an individual. MetS has been found to double the risk of cardiovascular
outcomes (Mottillo et al., 2010). The prevalence of MetS among adults is
high in several populations. For example, in the United States, Iran, Brazil,
Finland and Algeria, over-all prevalence indicate that every third adult live
with MetS (Liang et al., 2021; Zabetian et al., 2007; de Siqueira Valadares
et al., 2022; Haverinen et al., 2021; Ngwasiri et al., 2023). The prevalence
of MetS typically increases with age (Kassi et al., 2011), and heterogeneity
within regions and sex differences have been observed (de Siqueira Valadares
et al., 2022).

The definition of MetS has evolved since the first attempt made by
WHO in 1998, and today several definitions exist (Kassi et al., 2011). These
definitions typically vary in the risk factors they include, the emphasized risk
factor (if any), and the thresholds used for classifying individuals at elevated
risk. There are also attempts to create a continuous measure of MetS based
on cardiovascular risk factors, such as using principal component analysis
(PCA) (Agarwal et al., 2012). Today there is a broad consensus on the types
of measures that should be included, with most definitions incorporating
measures of overweight, insulin resistance, hypertension and unfavourable
lipid profiles (Grundy et al., 2005; Kassi et al., 2011). However, other
measures closely related to MetS like pro-inflammation state or dysfunction
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1.3 – Outline

of high-density lipoprotein particles are not included in the definitions (Kassi
et al., 2011; Onat and Hergenç, 2011).

One of the most used definitions is the one provided by the National
Cholesterol Education Program Adult Treatment Panel III (ATPIII). This
definition also includes a harmonised version where abdominal obesity is
defined by population-specific thresholds (Kassi et al., 2011). The ATPIII
includes five risk factors. Individuals are classified as having MetS if they
have elevated risk of at least three of these risk factors. Other widely used
definitions include those from the International Diabetes Federation (IDF)
and the Joint Interim Statement (JIS). Similar prevalence of MetS has been
observed using all of these definitions (Kassi et al., 2011; Zabetian et al.,
2007; Haverinen et al., 2021).

There is some criticism of the definitions of MetS, particularly regarding
the use of dichotomous risk factors, which can result in loss of information
(Feldman et al., 2015). Additionally, there is uncertainty about whether the
association between MetS and CVD risk provides additional insight beyond
the sum of the individual components in the definition of MetS (Feldman
et al., 2015). Therefore, the individual components of the MetS definition
are also of interest and are examined in this thesis.

1.2 Aim of the thesis
The aim of this thesis is to derive and analyse dietary patterns using various
statistical methods and to associate these with risk factors of CVD.

Specifically, the aim was divided into:

• Compare data-driven methods that result in both overlapping and
non-overlapping dietary patterns (paper 1 and 2).

• Investigate the associations between dietary patterns and risk factors
for CVD, such as MetS (paper 2 and 3).

• Use exploratory structural equation modelling to investigate the
role of obesity as a potential mediator between diet and metabolic
risk factors for CVD (paper 3).

1.3 Outline
In chapter 2, the data material is presented. This includes an explanation
of the pre-processing of the FFQ responses and an overview of the study
sample.
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Chapter 1 – Introduction

Chapter 3 first presents the methods used to identify data-driven dietary
patterns, including examples from the Tromsø7 data. This gives a simpli-
fied overview, that can be useful for researchers wanting to analyse dietary
patterns using data-driven methods. Then the background for analysing
the association between dietary patterns and cardiovascular risk factors is
explained, along with model evaluation by predictive power as investigated
in paper 2. Next, causal assumptions are discussed, with a special focus on
the role of body mass index (BMI), which introduces the ESEM model used
in paper 3.

Chapter 4 gives a summary of each of the three papers included in this
thesis. This chapter also includes tables of the estimated total effect of
dietary patterns on CVD risk factors that was estimated in both paper 2
and 3.

Chapter 5 provides a discussion of the results and draws connections
between the different methods. Strengths and limitations are also discussed.
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CHAPTER 2

Data material

2.1 The Tromsø study
The Tromsø studies include seven population-based cross-sectional studies
conducted between 1974 and 2016. The eight Tromsø study is currently
being planned and is scheduled to take place between 2025 and 2026. The
first study included only men, but both the study population and scope
have expanded over the years.

In Tromsø7, all inhabitants in the municipality of Tromsø aged 40 years
and above were invited. Biological samples, measurements and clinical ex-
aminations were conducted. The screening also included extensive ques-
tionnaires, and for the first time a detailed FFQ, which had been validated
by Carlsen et al., 2010 and Carlsen et al., 2011. A detailed description of
the measurements in the study can be found in Hopstock et al., 2022. The
study had an attendance rate of 65%, including 21, 083 participants.

Figure 2.1. Map of northern Europe, ©OpenStreetMap
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Chapter 2 – Data material

2.2 FFQ data
The inclusion of an FFQ, offers a unique opportunity to investigate dietary
patterns in the municipality of Tromsø, which represents a general Nordic
population. The FFQ is one of the standard methods to measure dietary
habits, alongside 24-hour recalls and food records. Among these methods,
the FFQ is often preferred for large population studies due to its low cost and
ease of distribution (Satija et al., 2015; Bailey, 2021). An FFQ is designed
for a specific population and can vary in detail, ranging from around 10 to
over 200 questions. It is used to assess the average intake of foods, beverages
and dishes over a specified time period (Jacobs, 2023).

The FFQ used in Tromsø7 was paper-based and included 261 ques-
tions about dietary intake and supplements over the past year. Trained
technicians reviewed the FFQs before scanning. The answers were further
processed to calculate intake of grams per day (g/day) using the KBS AE14
food database and KBS software system at University of Oslo (KBS, ver-
sion 7.3.). Additionally, the total energy intake (TEI, kilojoule/day) and
the total water intake (TWI, g/day) were calculated. Missing values were
assigned an intake of 0 g/day, like answers of “never/seldom” in the ques-
tionnaire.

The responses from the questionnaire were further aggregated into a
smaller number of food variables, primarily based on the main food groups
in the questionnaire. Paper 1 includes a complete list of items within each
of the 33 food variables used in both paper 1 and paper 2. In paper 3, the
“Meat Dinner”, “Composite Dinner Dishes” and the “Fish Dinner” were
separated into 3, 3 and 2 new variables, respectively. Paper 3 includes the
list of items for the new food variables. No analysis in this thesis included
data of supplement intake.

Energy adjustments are often used in diet-disease studies to account for
differences in consumption due to varying energy needs and the potential
relation between energy intake and disease (McCullough and Byrd, 2022;
Willett et al., 1997). Energy adjustments have also been found to reduce
error (Thompson et al., 2015). In this thesis, the food intake was adjusted
by dividing it by TEI and then multiplying it by the population’s mean
energy intake, as shown in this equation:

Food∗ji = Foodji
TEI
TEIi

. (2.1)

Foodji represents the unadjusted food variable j for participant i, Food∗ji
is the adjusted food variable, TEI is the mean TEI for the entire population,
and TEIi is the TEI for participant i. This scaling adjusts the intake of each
individual, representing their consumption as if everyone had TEI equal to
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2.4 – Lifestyle and background variables

the population’s mean intake, TEI.
This approach was chosen to focus on the composition of food rather

than the specific quantity consumed. Energy adjustment usually has a
small impact on the resulting dietary patterns. For instance, the correlation
between diet scores using either adjusted or unadjusted food variables is
usually high (Edefonti et al., 2020). The importance of food variables is
weighted differently based on dietary patterns. This weighting can be used
to calculate a diet score for each individual.

2.3 CVD risk factors
In paper 2, the definition of MetS was based on the ATP III from 2001.
However, the criterion for insulin resistance was modified from the original
ATP III definition due to the use of non-fasting blood samples. Participants
were classified as having MetS if they had three or more of the following
risk factors:

• Insulin resistance: Self-reported diabetes and/or glycated haemo-
globin (HbA1c) ≥6.1%

• Low HDL-cholesterol level: HDL-C≤1.0mmol/L for men and HDL-
C ≤1.3mmol/L for women

• Elevated triglycerides: TG ≥1.7mmol/L
• Hypertension: Blood pressure≥130/85 mmHg and/or self-reported
use of antihypertensive drugs

• Elevated waist circumference: WC≥102 cm for men andWC≥88 cm
for women

In paper 3, the CVD risk factors were analysed as continuous measures.
Additionally, C-reactive protein (CRP) was included as an extra risk factor.
Given the highly skewed distribution of triglycerides, HDL-cholesterol and
CRP, theses variables were log-transformed to normalize the data.

HbA1c was measured by high-performance liquid chromatography method
using the Tosoh G8 instrument. For measurements of HDL-cholesterol and
triglycerides, the enzymatic colorimetric method was used on the Cobas
8000 instrument. CRP was also analysed using the Cobas 8000 instru-
ment by the immunturbidimetric method. Blood pressure was measured
three times, and the average of the last two measurements was used in the
analyses. Measurements were taken with the Dinamap ProCare 300 instru-
ment. Waist circumference was measured at the umbilical level using a Seca
measuring tape.

2.4 Lifestyle and background variables
In addition to dietary data, this thesis also included measures of the lifestyle
factors physical activity level, smoking habits and alcohol consumption.
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Chapter 2 – Data material

Physical activity level was collected using the Saltin-Grimby’s activity level
scale (Grimby et al., 2015). In Tromsø7, the questionnaire consisted of four
categories: sedentary (mainly reading and watching TV), light (activities
like walking or cycling at least 4 hours a week), moderate (vigorous sports
and similar at least 4 hour a week) and vigorous activity (hard training
multiple times during the week). As the vigorous activity group was small,
it was decided to merge the moderate and vigorous activity group in all
analysis. Daily smoking habits were answered using a question with the
alternatives “never”, “yes, now” and “yes, previously”. In this thesis, the
answers of “never” and “yes, previously” were aggregated into a group “non-
smoker”. Alcohol consumption was reported as part of the FFQ. We used
an aggregated variable consisting of different types of alcohol consumption,
such as beer and wine. Intake was represented as dl/day, using the simplified
assumption that all beverage types have the same specific mass as water.

2.5 Study sample
The questionnaire was answered by 15,146 participants. Less than 90% of
the questions were answered by 3, 489 participants, and these participants
were excluded from our analysis. As proposed in Carlsen et al., 2010, par-
ticipants with extreme energy intake were also excluded from our analysis.
We assessed extreme energy intake as the 1% with highest and the 1% with
the lowest energy intake, adjusted for age, height, sex and physical activ-
ity level. Also, participants with extreme water intake were excluded using
the same method. Figure 2.2 gives a detailed overview of the inclusion and
exclusion criteria for the three papers included in this thesis. After the pub-
lication of paper 1, 13 participants in Tromsø7 had withdrawn their consent
to participate in research.
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2.5 – Study sample
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Paper 1

21,083
participated
in Tromsø7

15,139
answered

FFQ

11,652
answered more

than 90% of FFQ

28 excluded
missing 

measurements on 
height and weight

11,247
answered education 
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3,487 excluded
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missing 

education level,  
PAL or 

smoking status
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FFQ
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research 

Paper 3Paper 2

Paper 2 and 3

Figure 2.2. Flowchart of the study sample in paper 1 - 3.
Tromsø7: The seventh Tromsø study, FFQ: Food frequency
questionnaires, PAL: physical activity level, TEI: total en-
ergy intake, TWI: total water intake, MetS: Metabolic
syndrome, WC: waist circumference, BP: blood pressure,
HbA1c: hemoglobin A1c, HDL: HDL-cholesterol, CRP: C-
reactive protein
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CHAPTER 3

Methods and additional analysis

This chapter presents the data-driven methods used in this thesis to identify
dietary patterns. These patterns were further included in a logistic re-
gression model to investigate diet-disease associations. The chapter also
presents the method used to assess the ability of dietary patterns to predict
diet-disease outcomes. The role of BMI in this analysis is also discussed.
This introduces the use of causal diagrams to explore causal assumptions
and prior knowledge of causal relationships. ESEM, a method developed
for causal inference, is introduced as an alternative to the regression models
for investigating the diet-disease relationship.

3.1 Dietary patterns
The collected food intake data can be analysed in several ways, such as
investigating nutrition intake and individual food variables. Since the be-
ginning of the 21st century, research has shifted from mainly focusing on
specific foods or nutrients to using dietary patterns that assess the entire diet
(Hu, 2002). The idea behind this approach is that dietary patterns emphas-
ize the complex interaction between nutrients and eating behaviours, provid-
ing a more extensive picture of food consumption (Cespedes and Hu, 2015).
Dietary patterns also highlight that a healthy diet can be achieved through
different choices and that dietary eating patterns can vary between countries
and population groups. Several methods have been proposed to identify di-
etary patterns, including both data-driven approaches and evidence-based
indices (Zhao et al., 2021).

In this thesis, three different data-driven methods where primarily in-
vestigated to identify dietary patterns using data from Tromsø7. These
methods use the collected food intake to uncover dietary trends within the
reported consumption. The resulting dietary patterns results in an over-
all summary of food consumption’s in the specific population (Zhao et al.,
2021; Cespedes and Hu, 2015).

In detail, the methods investigated include hierarchical clustering (HC)
of food variables, factor analysis (FA) and treelet transform (TT). The
main differences between these methods lie in how the food variables load
on patterns. With HC, each food variable is assigned to only one pattern.
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Chapter 3 – Methods and additional analysis

In contrast, FA and TT result in dietary patterns where food variables
load into multiple patterns. However, TT allows for some of these loadings
to be exactly zero, while FA does not. The number of dietary patterns a
food variable loads into influences both the interpretation and the amount
of information retained. The complexity of patterns identified by different
methods have also been observed to affect their usefulness in analysing the
association between diet and various health outcomes (Schoenaker et al.,
2013).

HC, TT and FA all use the correlation between food variables to identify
dietary patterns. A high positive correlation close to one between two food
variables indicates that people who consume little or much of one of the
foods similarly consume little or much of the other food variable. This
suggests that the variables are consumed in a similar manner and are closely
related.

3.1.1 Hierarchical clustering of food variables
Non-overlapping dietary patterns can be identified using HC of food vari-
ables. HC of food variables use the well-known hierarchical clustering al-
gorithm, with the correlation matrix as the similarity measure between food
variables. The clustering process begins by identifying the two most correl-
ated variables and grouping them together. In the next step, the difference
between the new cluster and the remaining variables or clusters is recal-
culated using a linkage method. The most common linkage methods are
single, complete and average linkage, which correspond to the minimum,
maximum or average distance between two clusters, respectively. This pro-
cedure is repeated, until all variables are clustered together.

It is important to note that this method differs from clustering parti-
cipants, which is the most common hierarchical clustering method used to
find dietary patterns in nutrition analysis (Gorst-Rasmussen et al., 2011).
Clustering of participants usually base the similarity measure on the Euc-
lidean distance between two individuals and not the correlation. Although
HC of food variables is a well-established method, it has rarely been used
to cluster food variables into dietary patterns.

The clustering procedure can be visualized using a dendrogram, such as
the simplified version shown in figure 3.1. A dendrogram can also illustrate
the similarity between variables or clusters, with lower height indicating
greater similarity. To obtain the final clusters, the dendrogram is usually
“cut” at a specific height. Fewer branches, and hence fewer clusters, are
obtained by “cutting” the dendrogram closer to the top. All variables in
the branch below a “cut” belong to the same cluster.

Recomputing the clustering procedure can be performed to assess the
stability of the clusters. A stability matrix can be computed to determine
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3.1 – Dietary patterns

Figure 3.1. Illustration of a simplified dendrogram

how frequently pairs of variables are clustered together using a fixed number
of clusters. The HC of food variables can be recomputed using methods
such as bootstrapping. In bootstrapping, a bootstrap sample is drawn from
the full sample with replacement, where the size of the bootstrap sample
matches the original sample size. Figure 3.2 shows heatmaps of the stability
matrix, varying the number of clusters among women in Tromsø7 using the
dietary data and bootstrapping. This dataset is the same as the one used
in paper 1. The food variables are sorted based on the dendrogram of the
heatmaps, and may differ across the three figures.
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Figure 3.2. Stability matrices showing how often variables
were clustered together using HC. The stability matrices
were calculated based on a total of 100 bootstrap samples.

Using bootstrapping with two clusters results in one cluster containing
sweets, snacks, meat, vegetables and fruit and a second cluster containing
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Chapter 3 – Methods and additional analysis

bread, spreads and fish. Using three clusters resulted in one cluster for
sweets, snacks and meat, another for vegetables and fruit and a third for
bread, spreads and fish. Using four clusters, the bread and spread variables
were separated from the fish and potato variables. The remaining clusters
were similar to those found using three clusters.

In paper 1, the study sample was grouped into smaller cohorts based on
similar background variables before calculation of the correlation matrix.
It is well known that dietary intake data is influenced by various sources
of errors, and it is recommended to analyse FFQ data at the group level
(Slimani et al., 2015). We therefore used cohorts based on the background
variables such as age, education level and physical activity level to reduce
random errors.

According to the central limit theorem, using cohorts can make the
distribution of the food variables more normal and reduce variance. Addi-
tionally, this approach makes differences in the background variables appear
more clearly, as it minimizes noise and other sources of variation. Compar-
ing the stability matrix found by cohorts and bootstrapping, we observed
that cohorts gives slightly more stable patterns, see figure 3.2 and 3.3. This
is most evident in the stability matrix using two groups, where few variables
cluster together with variables from both groups. This indicate that the use
of cohorts resulted in more stable results.
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Figure 3.3. Stability matrices showing how often variables
were clustered together using HC. The stability matrices
were calculated based on 100 different ways to make the co-
horts.

Using cohorts with two groups resulted in one cluster containing sweets,
snacks and meat and a second cluster with the remaining variables. Further,
using three groups, food variables like vegetables, fruits, cheese and yoghurt
were separated from the bread, fish, potato and dessert variables. The
sweets, snacks and meat remained as a separate cluster. Using four groups,
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3.1 – Dietary patterns

bread, fish and potato were separated from the dessert variables. The re-
maining clusters were similar to those found with three groups. The dietary
patterns found by FA and TT were more similar to the patterns identified
using the bootstrap method than to those identified using cohorts.

Alternatively, the cohorts can be grouped based on other variables, such
as health factors. This approach could reveal patterns more strongly associ-
ated with health outcomes. This approach is similar to how the reduced rank
regression (RRR) method has been used in nutrition research to identify di-
etary patterns based on prior knowledge of disease risk (Weikert and Schulze,
2016). These methods heavily depend on the choice of response variables.
In nutrition research using RRR, dietary patterns are commonly identified
using nutrient intake or biomarkers (Weikert and Schulze, 2016). RRR was
not included in the comparison of methods, as it is not a pure data-driven
method. Whether grouping cohorts in other ways would result in stable pat-
terns that are useful for understanding the diet-disease relationship remains
to be investigated.

In figures 3.2 and 3.3, the dendrograms displayed with the stability
matrix can be used to identify the most stable groups. Based on this, a
stability score can be calculated by comparing the difference within and
between groups. Based on the score in Bellec et al., 2010 and Rousseeuw,
1987, we calculated a stability score ranging from zero to one, where a score
of one indicates that clusters have high internal stability and can be easily
separated.

The stability matrix is first divided by the total number of recomputa-
tions of the clustering procedure to get a ratio of how often two variables
are clustered together. For each variable, the mean stability of belonging to
the most stable groups is subtracted by the mean stability of belonging to
the second most stable group. The mean stability measure of all variables
was used as the stability score.

The stability score using both bootstrapping and cohorts is displayed
in figure 3.4. In comparison to the bootstrap analysis, we found that using
cohorts resulted in higher stability scores for fewer than five groups. The
difference between the methods decreased as the number of groups increased.

As an alternative, individuals can also be clustered. This was investig-
ated in preliminary analyses. This divided the population into groups that
were closely related to demographic variables. This was not surprising, as
the dietary patterns were also associated with demographic factors. To sim-
plify the analysis, only the clustering of food variables was included in the
final analysis.
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Figure 3.4. The stability score for two to six groups, using
both bootstrapping and cohorts

3.1.2 Principal component analysis and factor analysis
PCA is a well-known data reduction method that aims to explain the struc-
ture of the covariance matrix of X by a reduced number of linear combin-
ations of the original variables in X (Johnson and Wichern, 2014b). This
linear transformation of p original variables, X, can be expressed as:

Y
(p×1)

= AT

(p×p)
X

(p×1)
(3.1)

The goal of PCA is to obtain transformations that result in uncorrelated
Yi’s, which explain most of the variance in a dataset. This is achieved by
using the eigenvectors of the covariance/correlation matrix of X. For data
reduction, a selection of the m eigenvectors with the highest eigenvalues is
made, where m < p.

The method begins by computing the eigenvectors and corresponding ei-
genvalues of the estimated covariance/correlation matrix. The eigenvectors
with the highest corresponding eigenvalues are then used to transform the
data into a new set of orthogonal variables. The transformed data, known
as principal component scores, can further be used as diet scores in the
analysis of food patterns. Additionally, the results of PCA can be interpret
by examining the eigenvectors (Johnson and Wichern, 2014b).

One way to determine the number of principal components to retain in
PCA is by examine the scree plot (Johnson and Wichern, 2014b). The scree
plot displays the eigenvalues of the estimated covariance/correlation mat-
rix, which correspond to the sample variance of the principal components
score. The scree plot helps identify the “elbow” point, where the eigenvalue
starts to level off. At this point, additional components show a decrease in
explained variation compared to the earlier ones. This indicate the appro-
priate number of components to retain. Figure 3.5 shows the scree plot for
data from Tromsø7, using the same sample and food variables as analysed
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Figure 3.5. Scree plot using PCA on the dietary data in
Tromsø7. An “elbow” can be observed around the first prin-
cipal component.

in paper 2. In this plot, an “elbow” is observed around the fifth principal
component.

From one sub-sample to another, the direction of an eigenvector can be
reversed, meaning all its signs are opposite. Despite this change in direction,
the eigenvector represents the same transformation. To ensure consistency
in the direction of the eigenvectors across different sub-samples, the resulting
eigenvector can be multiplied by −1 when necessary.

FA is a method that aims to capture the underlying structures in the
covariance/correlation matrix using a few unobserved factors. The under-
lying structure does not necessarily lead to a transformation that explains
the most of the variance in the original dataset, as is the case with PCA.
The assumed underlying model for data in FA is (Johnson and Wichern,
2014a):

X
(p×1)

− µ
(p×1)

= L
(p×m)

F
(m×1)

+ ϵ
(p×1)

(3.2)

The model also assumes that ϵ and F are independent random vector,
and that the expectation, and covariance of F and ϵ are:

E[F] = 0
(m×1)

E[ϵ] = 0
(p×1)

Cov[F] = I
(m×m)

Cov[ϵ] = Ψ
(p×p)
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X is an observed random vector of p variables. The mean E[X] = µ, and
the covariance matrix Cov[X] = Σ. For standardised data, µ = 0, and
the covariance matrix becomes equal to the correlation matrix. According
to the model, the covariance matrix Σ can be explained by m underlying
unobserved random factors F, where L is the loading matrix. ϵ is the vector
of errors that accounts for additional source of variance, I is the identity
matrix and Ψ is a diagonal matrix.

The model attempts to approximate the covariance matrix Σ as a com-
bination of the explained covariances accounted for by the model (Cov[LF])
and the variance in the error (Cov[ϵ]), as shown in:

Cov[X] = Σ = LLT +Ψ

The loading matrix L is related to the factors and observed data by:
Cov[X,F] = L

The FA model is commonly estimated using either the principal com-
ponent method or the maximum likelihood method (Johnson and Wichern,
2014a). First the covariance/correlation matrix is estimated. The principal
component method starts like PCA, with computing pairs of eigenvalues
λ̂ and eigenvectors ê of the estimated covariance/correlation matrix. The
estimated loading matrix is given by:

L̂ =
[√

λ̂1ê1,
√

λ̂2ê2, . . . ,
√
λ̂mêm

]
By including the assumption of normality of the factors F and the errors

ϵ, the model can be estimated using the maximum likelihood method. The
estimates of L̂ and Ψ̂ can be found numerically, for instance using the
factanal() function in R.

The factors estimated from FA are interpreted as the underlying dietary
patterns. Then the loading matrix is the covariance/correlations between
the original observed food variables and the dietary patterns. The interpret-
ation of the patterns can be hard. If more than one factor is estimated, the
factor loadings can be rotated to obtain patterns with a simpler structure.
This rotation does not affect the ability to reproduce the covariance mat-
rix. The loading matrix still represents covariance/correlations, but for the
rotated factors. A common rotation method used is the varimax rotation.
When interpreting the dietary patterns, the variables with the highest ab-
solute values in the loading matrix are emphasized. Variables with negative
loading represent contrasts to the dietary patterns.

Similar to PCA, the scree plot can be explored to determine the number
of factors to use in FA. The eigenvalues in FA do not directly correspond to
the sample variance accounted for by the factors, but they still gives useful
guidance in selecting the appropriate number of factors. In FA, using the
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3.1 – Dietary patterns

maximum likelihood method or rotating the factors result in lower explained
variance. Based on the scree plot in figure 3.5, four patterns were identified
in paper 2 using FA with the principal component method.

PCA and FA are the most common unsupervised methods in the liter-
ature for deriving dietary patterns (Zhao et al., 2021). However, it is rather
common to refer to FA as PCA in the literature of dietary patterns, see for
instance Hearty and Gibney, 2008; Varraso et al., 2012. Both methods aim
to approximate the covariance or correlation matrix, but while FA assumes
a statistical model, PCA does not (Joliffe and Morgan, 1992). Standardized
data and the correlation matrix is usually used for food data, as it captures
the relative consumption rather than the weight of the food items.

3.1.3 The treelet transform
TT is a data reduction method that combines concepts from HC and PCA.
The method aims to identify the underlying structure within the data (Lee
et al., 2008). This method allows for some loadings to be exactly zero,
resulting in simpler structures compared to FA (Gorst-Rasmussen et al.,
2011). A brief explanation of the TT methods, presented in full in Lee et
al., 2008, is provided in the following paragraphs.

The first steps of TT shares many similarities with the first steps in
HC. In HC, the two variables with the highest correlation are clustered,
and their updated distances to the other variables are calculated using a
linkage method. In contrast, TT transforms the two most highly correlated
variables into two new uncorrelated variables using PCA. Of the two, the
variable explaining most variation is used to represent the new group. The
correlation matrix is updated based on the new variables.

The clustering process is repeated until all p original variables are grouped
together. The transformation of the variables is recorded as a change of basis
matrix B, where each level l in the clustering procedure having its own basis
Bl. At level l = 0, the basis matrix is the identity matrix (B0 = I). Gen-
erally the transformed data Y l at a given level l in the TT, can be found
by:

Y l
(1×p)

= BT
l

(p×p)

X
(p×1)

(3.3)

At the beginning, when l = 0, the transformed variables are the same as
the original variables X. Using the full matrix Bl with all the basis vectors
does not result in data reduction. Instead, a selection of m vectors from Bl,
which explains the most variance of the total variance in the full original
dataset, is used. This results in Y l with dimensions (1×m).

The clustering process is recorded in a clustering tree, as illustrated by
figure 3.6. The complexity of the patterns identified by TT depends on the
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Figure 3.6. Clustering tree using TT and diet data from
Tromsø7.

cut level of the clustering tree. At any level in the tree, you can “cut” the
clustering tree and use the basis Bl from that level for further analysis.

One method to determine the optimal cut level is to select the level l
where the basis matrix Bl results in a transformation that maximizes the
explained variance. The number of basis vectors m from the different Bl is
held constant at a fixed level (Lee et al., 2008).
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Figure 3.7. The mean of cross-validated cumulative ex-
plained variance using two to five basis vectors from Bl and
the food data from Tromsø7. The basis vectors are varied
using all the basis matrices found by different “cut” of the
clustering tree.
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3.2 – Regression analysis

Figure 3.7 shows the cumulative explained variance for a fixed number
of basis vectors m using food data from Tromsø7. The cut level of the clus-
tering three is varied from 1 to 31. At levels higher than 15-17, changes in
the basis vectors due to the inclusion of more variables have little effect on
the explained variance. The plot is based on cross-validation to avoid over-
fitting. However, in this example, it is evident that increasing the number
of basis vectors m has a greater influence on the explained variance than
cutting the tree at a higher point. This effect can be explained by a relat-
ively low correlation between the variables in the dataset X. A relatively
low proportion of the variance in the full dataset is explained by the basis
vectors.
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Figure 3.8. Scree plot of variance explained using the basis
vectors of B̂17.

Using the basis at a cut l = 17, the explained variance for each basis
vector is shown in figure 3.8. As expected, comparing the scree plot for TT
in figure 3.8 with the scree plot for PCA in figure 3.5 shows that the principal
components found by PCA have a larger explained variance. In paper 2,
four factors were chosen based on this scree plot and the interpretation of
the clusters. Although the next three factors were considered, they were not
selected because each contained only two variables and were not regarded
as representing dietary patterns.

3.2 Regression analysis
In paper 2, the association between the identified dietary patterns and MetS,
including its five components, was investigated using logistic regression. In
all analyses, the dietary patterns were treated as continuous predictors for
MetS and its components. This was done to avoid spurious interaction
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effects, as well as loss of information and statistical power that can result
from categorizing continuous variables (Thoresen, 2019).

3.2.1 Model evaluation by predictive power
The ability of dietary patterns to predict health-related outcomes was in-
vestigated by assessing the predictive power of the model. In paper 2, a
hierarchy of models were investigated. First, the models were analysed in-
cluding only age and education as predictors. In the next step, dietary
patterns were included. Finally, the number of predictors were further
extended by the lifestyle variables physical activity level, smoking and alco-
holic consumption.

The estimated predictive power was based on randomly dividing the
full dataset into a training and a test set. Since relying on a single split
of test and training set can be unreliable (Bradley, 1997), the mean of 100
random splits of test and training sets were investigated in paper 2. All
methods used the same 100 test and training sets. The training set was
only used for model fitting, while the test set was used to evaluate the
model’s performance by comparing the predicted outcomes with the true
outcomes. Overfitting was avoided by the use of test and training sets and
resulted in a realistic measure of the model’s ability to predict unseen data
(Rousson and Goşoniu, 2007).

Depending on the response variable and the outcome of the model, the
predictive power can be evaluated using different measures. In paper 2, all
response variables were binary and modelled using logistic regression. In this
case, the predicted outcome is a probability of belonging to a class, such as
being classified with MetS. One approach to calculate the predictive power
is to set a threshold on the predicted probability of belonging to a group and
calculate the apparent error rate (APER). APER measures the proportion
of misclassification (Tharwat, 2021). However, using a fixed threshold on
the estimated probability does not fully utilize the probability estimates.
An alternative is to use the receiver operating characteristics (ROC) curve,
summarized by the area under the curve (AUC). This method takes into
account the uncertainty in probability estimates by varying the threshold
(Tharwat, 2021; Bradley, 1997). This has also been found to be the best
way to evaluate methods using a single fit measure, due to its sensitivity
and the fact that it does not rely on a specified threshold (Bradley, 1997).

3.2.2 Comparison with random forest
A known limitation of data-driven dietary patterns is that they do not
necessarily predict health outcomes effectively, and a high proportion of the
collected food data remains unused (Zhao et al., 2021; Michels and Schulze,
2005). For example, dietary patterns identified using FA often explain only
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3.3 – The role of BMI

a relatively small proportion of the variance in the dataset (Michels and
Schulze, 2005), with the total explained variance typically ranging from
20 − 30% (Edefonti et al., 2020). Thus, there is potential to utilize more
of the collected dietary data. To investigate the need of improvements in
models, the predictive power can be useful (Shmueli, 2010).

In this context, random forest may offer evidence of improvements in
the analysis of dietary patterns. The random forest algorithm is a powerful
tool for prediction, capable of handling complex patterns (Biau and Scor-
net, 2016). Although random forest does not identify dietary patterns or
estimate associations, it can be used to assess predictive power of includ-
ing dietary data or not. A clear increase in predictive power using random
forest compared to logistic regression could indicate limitations in the stand-
ard methods used to identify dietary patterns.

The random forest is constructed by making multiple decision trees.
Every decision tree is built using a sub-sample of observations and vari-
ables, with splits put at different places to maximize prediction accuracy
(Breiman, 2001). Growing the tree to the maximum depth is common,
however research suggests that limiting the depth can achieve comparable
accuracy (Nadi and Moradi, 2019). To predict a new outcome, random
forest combines the predictions from all the individual trees, typically by
averaging their outputs.

3.3 The role of BMI
In cross-sectional analysis, causal interpretation of associations can be prob-
lematic and must be done with care. However, discussing causality helps re-
searchers understand the underlying assumptions and relationships. Causal
diagrams, such as directed acyclic graphs (DAGs), offers a graphical present-
ation of the underlying causal knowledge or assumptions about how an ex-
posure effect the outcomes. Typically, a variable can be connected to the
predictor and response in three different ways, as illustrated in figure 3.9.
The arrows in the diagram can be seen as indications of causal relationships,
where an arrow points towards a measure further ahead in time. A collider
is a variable that is caused by both the predictor and the response. A me-
diator is a variable that is caused by the predictor and effects the response.
A confounder is an variable that has an effect both on both the predictor
and the response.

Almost half of the publications in a recent meta-analysis by Fabiani
et al., 2019 investigated association between data-driven dietary methods
and MetS by adjusting for BMI. Some studies adjusted for BMI because it
could be a potential confounder (Esmaillzadeh et al., 2007; Panagiotakos
et al., 2007; Babio et al., 2009; Hong et al., 2012; Kang and Kim, 2016;
Shakeri et al., 2019). On the other hand, BMI has also been considered as

25



Chapter 3 – Methods and additional analysis
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Figure 3.9. Causal diagram or DAG displaying collider,
mediator and confounder variables

a mediator in certain analysis (Wagner et al., 2012). Overall, there was an
insufficient explanation of BMI’s role in these studies.

There is a broad consensus that obesity, commonly measured by BMI
or waist circumference, impacts and disrupts various metabolic functions,
including chronic inflammation, hypertension and altered lipid distribution
(Lopez-Jimenez et al., 2022). Overweight is a risk factor for type 2 diabetes
mellitus, and an important part of disease treatment is lifestyle changes
(Garcı́a-Molina et al., 2020). In this case dietary behaviour can indirectly
act as a confounder. Also when dietary changes are made with the goal
of losing weight, BMI may act as a confounder. However, this is based on
the opposite assumption that diet affect weight. In this case, diet serves as
a mediator. Some longitudinal studies suggest that diet affects overweight,
showing for instance that consumption of ultra-processed foods (Canhada et
al., 2020) and sugar-sweetened beverage (Santos et al., 2022) are associated
with weight gain.

In principle, when using an FFQ, there is a temporal difference between
the diet data collected and the biological samples and measurements taken
during a study. An FFQ asks about the average intake over the past year
rather than the current intake (Jacobs, 2023; Cade and Hutchinson, 2015).
In this context, dietary behaviour is measured prior to the study, while
BMI and other health outcomes are measured later as part of the main
study. This suggests that BMI may act as a mediator. However, whether
this temporal difference has a practical impact is another question. FFQs
rely on long-term memory, and recent intake can have a large influence on
recalled past intake (Cade and Hutchinson, 2015, p. 20). For instance,
seasonal effects have been observed in FFQs distributed in summer versus
winter (Shahar et al., 2001). Current intake can be captured using methods
like the 24-hour recalls and food diaries.

If a variable acts as a mediator, it is possible to conduct a mediation
analysis to investigate both the direct effect of the exposure on the outcome
and the indirect effect through the mediator.
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3.4 Exploratory structural equation model
Structural equation modelling (SEM) is a multivariate analysis technique
that can model relationships between variables. SEM is developed for causal
inference, where theory and course of events are important aspects in the
construction of the model (Fairchild and McDaniel, 2017). This method
facilitates mediation analysis of the effect of an predictor on an response.
The mediation analysis includes test of direct effect without the mediator,
indirect effect through the mediator and the total effect. The assumptions
in the causal diagram are divided into several equations explaining the as-
sociations between variables. This is the structural part of the model.

SEM also includes a measurement part, where the observed variables are
modelled as latent variables. The structure of the latent variables is pre-
defined, including cross-loadings (Asparouhov and Muthén, 2009). ESEM is
similar to SEM, but ESEM has an exploratory analysis in the measurement
part. The measurement part in ESEM is like in an exploratory factor ana-
lysis, where the observed variables are modelled as latent variables without
pre-defined structure. All observed variables are part of the latent variables.
This gives more flexibility and is a recommended alternative to SEM when
cross-loadings can’t be ignored (Mai et al., 2018). It is also a good altern-
ative when there is limited knowledge of the latent variables (Asparouhov
and Muthén, 2009).

The most common method to fit models to continuous data is by using
the maximum likelihood method. This method assumes a normal distribu-
tion. To correct test statistics and estimates for discrepancy of the normality
assumption, bootstrapping and robust versions can be used. The model fit
is commonly examined using the comparative fit index (CFI), the root mean
square error of approximation (RMSEA) and the standardized root mean
squared residual (SRMR). Cut points to consider the model as a good fit
have been proposed like CFI > 0.90, RMSEA < 0.08 and SRMR < 0.08.
However, there is ongoing debate over the use of such fit measures. For
instance, the type of data can influence these measures, and they have been
criticized for being too general (Marsh et al., 2004).
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CHAPTER 4

Summary of papers

4.1 Paper 1: Identifying dietary patterns across age, educational
level and physical activity level in a cross-sectional study:

the Tromsø Study 2015 - 2016
Focus on overall dietary patterns has provided new insight into dietary
behaviour by examining trends in intake rather than isolating specific food
and nutritions, which only capture part of the total consumption (Cespedes
and Hu, 2015). In paper 1, we focused on HC of food variables as a data-
reduction method to analyse non-overlapping dietary patterns in Tromsø7.
This approach provided clear and simple patterns by grouping variables
based on the correlation matrix.

Additionally, the analysis was taken a step further to ensure stable pat-
terns. First, individuals were grouped into cohorts based on similar back-
ground variables, such as age, education- and physical activity level. This
approach reduced variance and resulted in more normally distributed food
variables, which were then used to calculate the correlation matrix. To en-
sure the robustness of the clusters, a stability analysis was conducted by
different grouping of these cohorts. This step ensured that unstable food
variables were not forced into any specific cluster.

The analysis included a total of 10, 899 individuals aged 40 years and
older, with 53.3% women. Dietary patterns were identified separately for
women and men. The patterns identified were largely similar across sexes,
with three dietary patterns found for both sexes: The Meat and Sweet pat-
tern, the Traditional pattern and the Plant-based- and Tea pattern. Diet
scores were calculated based on these patterns and used to investigate vari-
ations in dietary behaviour across different parts of the populations.

A linear model effectively explained much of the relationship between
age and the diet scores for the Meat and Sweet diet and the Traditional
diet. Specifically, the Meat and Sweet diet score decreased with age, while
the Traditional diet score increased with age. When comparing the Plant-
based- and Tea pattern across sexes, women had a higher score than men.
Overall, individuals with lower education and lower physical activity had
higher scores for the Meat and Sweet diet and the Traditional diet, whereas
those with higher education and higher physical activity level had higher
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score of the Plant-based- and Tea diet.
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4.2 Paper 2: Associations and predictive power of dietary
patterns on metabolic syndrome and its components

Paper 2 had a two-folded aim. The first aim was to use dietary patterns
as predictors to estimate the association with MetS and its components
elevated waist circumference, low HDL-cholesterol, elevated triglycerides,
insulin resistance and hypertension. The second aim was to compare the
predictive power of logistic regression models utilizing different data-driven
methods.

Comparing various methods for deriving dietary patterns and analysing
their association with health outcomes has been investigated (Schoenaker
et al., 2013; Gorst-Rasmussen et al., 2011). However, few studies have
assessed predictive power by splitting the data into test and training sets.
This procedure helps evaluate model fit while avoiding overfitting.

In paper 2, the patterns identified in paper 1 were further explored in
addition to dietary patterns identified by FA and TT. The effect on the
predictive power of the inclusion of these patterns along with other lifestyle
variables was investigated. Additionally, random forest was included for
comparison. This method use the food variables directly and potentially
include information that might be lost in the process of constructing dietary
patterns.

The analysis included 10.750 participants aged 40 years or older from
Tromsø7, with 53.3% women. Using patterns identified in paper 1, a pos-
itive association was observed between the Meat and Sweet pattern and
MetS, as well as elevated waist circumference. The Plant-based- and Tea
pattern was found to be negatively associated with hypertension among
women and elevated triglycerides among men. Elevated triglycerides were
also negatively associated with the Traditional pattern among men. Table
1 summarises the estimated odds ratios found in paper 2.

Expanding the analysis to include all three data-driven methods revealed
that each method identified patterns like those found by HC of food vari-
ables. Specifically, the Meat and Sweet pattern and Plant-based- and Tea
pattern, were also identified using FA and TT. Additionally, all four patterns
identified by FA had a corresponding, but simplified and non-overlapping,
version identified by TT.

Including dietary patterns in the logistic regression models resulted in a
clear increase in predictive power for MetS and elevated waist circumference.
For men, in the models that included dietary patterns, age and education
as predictors, FA and random forest gave slightly better predictive power
compared to HC and TT. However, adding other lifestyle variables resulted
in only minor differences between the methods.

Note that table 5 in paper 2 contains a typo in the heading, where
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MetS Elevated Low Elevated IR Hyper-
WC HDL-C TG tension

Women:
Meat and Sweets 1.11∗ 1.25∗ 1.10 1.06 1.11 1.04
Plant-based- and Tea 0.91 0.92 0.95 0.93 1.01 0.91
Traditional 0.94 1.07 1.00 0.91 0.93 1.02

Men:
Meat and Sweets 1.16∗ 1.34∗ 1.08 1.03 1.01 1.04
Plant-based- and Tea 0.98 1.02 1.03 0.87∗ 1.04 0.93
Traditional 0.91 1.06 0.92 0.90∗ 0.95 0.98

Table 1. Total effect of dietary patterns on MetS and its
components. MetS: Metabolic syndrome, WC: waist circum-
ference, HDL-C: HDL-cholesterol, TG: triglycerides, IR: In-
sulin resistance. * P-value < 0.01.

FA and HC have been swapped. However, this typo does not affect the
main conclusion regarding the predictive power analysis. Generally, the
differences of the predictive power using the different data-reduction meth-
ods were small. This is consistent with findings in Gorst-Rasmussen et al.,
2011, which reported minimal differences in Akaike’s Information Criterion
when comparing FA and TT in Cox regression models for myocardial infarc-
tion. Additionally, the logistic regression models gave comparable predictive
power as using random forest.
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4.3 Paper 3: Analysis of dietary pattern effects on metabolic
risk factors using structural equation modelling

The literature on dietary patterns and association with MetS and its com-
ponents reveals some uncertainty regarding the role of BMI. To address this,
paper 3 utilizes the exploratory structural equation model (ESEM) to delve
deeper into the complex interactions between dietary patterns, overweight,
and metabolic risk factors for CVD.

BMI and waist circumference, which measure total and central obesity
respectively, were used to assess overweight in the population. ESEM integ-
rates FA, mediation analysis, and regression into one comprehensive model.
This approach allowed for a thorough examination of the role of overweight
as a potential mediator and how obesity influence estimated effects between
dietary patterns and metabolic risk factors. A simplified illustration of the
model is shown in figure 4.1.

Obesity

Metabolic risk factors:
CRP, HDL-C, TG,
HbA1c, DBP and SBP

Lifestyle- and demographic 
variables:
Age, education level, 
physical activity level, smoking status, 
alchoholic beverage consumption

Dietary patterns

BMI

WC

Food variables 
selected by EFA 

Figure 4.1. Simplified illustration of the ESEM model.
EFA: exploratory factor analysis, BMI: body mass index,
WC: waist circumference, CRP: C-reactive protein, HDL-C:
HDL-cholesterol, TG: triglycerides, HbA1c: glycated hemo-
globin, DBP: diastolic blood pressure, SBP: systolic blood
pressure

The analysis included 9, 988 participants aged 40 to 79 years without
known diabetes from Tromsø7, of whom 53.7% were women. Our analysis
revealed three common dietary patterns among women and men: a Snacks
and Meat, a Health-conscious, and a Processed Dinner pattern. Addition-
ally, a Porridge pattern was identified for women only and a Cake pattern
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was identified among men.
Direct effects of dietary patterns were mainly observed on HDL-cholesterol

and triglycerides. This was also observed in additional analyses included in
the appendix of paper 3. Specifically, in the main analysis and for both
sexes, the health-conscious pattern showed a direct favourable effect on
HDL-cholesterol, and among women, it also had a favourable effect on trigly-
cerides. Among men, the Snacks and Meat pattern had an unfavourable
direct effect on triglycerides, while the Cake pattern showed a favourable
effect.

Most dietary patterns identified had a direct effect on obesity. This
included an unfavourable effect of the Snacks and Meat pattern, the Health-
conscious pattern (men only) and the Processed Dinner pattern, whereas
the Porridge pattern and Cake pattern had favourable negative effects on
obesity. It was also seen that obesity was significantly associated with all
other investigated CVD risk factors. This is expected, as the definition
of MetS is based on the observed clustering of CVD risk factors (Grundy
et al., 2005). Our assumption that obesity acts as a mediator, combined
with the association between obesity and the other risk factors, resulted in
a significant indirect effect of dietary patterns on all risk factors when these
patterns were associated with obesity.

Obesity CRP HDL-C TG HbA1c SBP DBP
Women:
Snacks and Meat 0.08∗ 0.06∗ −0.02∗ 0.00 −0.01 0.02 0.01
Health-conscious 0.02 −0.03 0.01 −0.03∗ −0.01 −0.05 0.00
Processed Dinner 0.20∗ 0.11∗ −0.02∗ 0.05∗ 0.01 0.09∗ 0.02
Porridge −0.12∗ −0.05∗ 0.00 −0.02 0.00 −0.06 −0.04

Men:
Snacks and Meat 0.11∗ 0.08∗ −0.03∗ 0.06∗ 0.00 0.07 0.05∗

Health-conscious 0.07∗ 0.04∗ 0.01 −0.01 −0.02 0.02 0.01
Processed Dinner 0.22∗ 0.06∗ −0.02∗ 0.02 0.01 0.06 0.05
Cake −0.10∗ −0.06∗ 0.02∗ −0.04∗ −0.02 0.01 −0.02

Table 2. Total effect of dietary patterns on CVD risk
factors. HDL-C: HDL-cholesterol, TG: triglycerides, SBP:
systolic blood pressure, DBP: diastolic blood pressure. * P-
value < 0.01.

The indirect effect, combined with the direct effect, could lead to a
significant total effect of a dietary pattern on the CVD risk factors. For
both sexes, a total unfavourable effect of the Snacks and Meat pattern and
the Processed Dinner pattern were observed on CRP and HDL-cholesterol.
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Additionally, among men, the Snacks and Meat pattern showed an unfa-
vourable positive effect on triglycerides and diastolic blood pressure. In
women, an unfavourable effect of the Possessed Dinner pattern was ob-
served on triglycerides and Systolic blood pressure. The health-conscious
pattern had a favourable total effect on triglycerides among women. Among
men, an unfavorable total effect of the health-conscious pattern on CRP was
observed. Both the cake pattern and the Porridge pattern had favourable
effect on CRP, the Cake pattern also demonstrated favourable effect on
HDL-cholesterol and triglycerides.
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CHAPTER 5

Discussion

In this thesis, dietary patterns in Tromsø7 were investigated using several
data-driven methods. The patterns were further associated with MetS, and
its components using logistic regression. This analysis also included an in-
vestigation of the predictive power when dietary patterns were included in
the models as predictors. The analysis was enhanced further by the use
of ESEM that incorporate causal assumptions. The ESEM can simultan-
eously identify dietary patterns, conduct mediation analysis and estimate
associations between dietary patterns and CVD risk factors.

5.1 The identified dietary patterns
The HC, FA, TT and ESEM all identified a pattern high in sweets and
meat and a health-conscious pattern. In addition, six other patterns were
identified. The HC identified a traditional pattern with food variables like
fish, potato, bread and cakes. FA and TT identified both a fish dinner
pattern and a spread pattern. ESEM identified a pattern high on processed
meat and fish, as well as a porridge pattern (women) or a cake pattern
(men).

Age had a strong influence on the identification of dietary patterns, re-
gardless of the method used. A significant trend with age was observed
for the patterns high in sweets and meat, where the younger participants
had a higher intake of these patterns. A significant negative trend with age
was also observed for the health-conscious patterns found by ESEM, but
not for the pattern identified by HC. The age trend was positive for both
the traditional and processed dinner patterns, with younger participants
having a lower intake of these patterns. The results are similar with other
populations, where it has been observed that there is a higher preference for
dietary patterns with sweets and meat among the younger populations, and
that food commonly seen as traditional in a population is more consumed
at higher age (Karageorgou et al., 2019; Dinu et al., 2021). The hypothesis
of a global transition from traditional to westernized dietary patterns has
been proposed (Popkin and Gordon-Larsen, 2004). Different countries are
at various stages in this transition (Popkin, 2021). For example, Norway
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is far along in this transition, with a study finding that one in three pur-
chases were a sweet and ultra-processed product (Solberg et al., 2016). On
the other hand, other trends have been observed that slow down the trans-
ition (Popkin, 2021). For instance changes in behaviour have been observed
(Popkin and Gordon-Larsen, 2004). This may also be the case in Tromsø7,
where the health-conscious patterns identified by ESEM were associated
with younger ages. The data were measured at a single time point, and it
is also possible that eating behaviour changes with age.

The most consistent finding for the health-conscious patterns was that
they were more common among participants with higher education. On the
other hand, patterns including sweets and meat were often less consumed
by individuals with higher education. This is commonly observed in pop-
ulation studies, where healthier patterns often are associated with higher
education level and other indicators of socioeconomic status like income
(Mayén et al., 2014). One proposed explanation for these differences is the
variation in prices between healthy foods and energy-dense foods (Darmon
and Drewnowski, 2015; Schoenberg et al., 2013). People with lower so-
cioeconomic status may also have less time and space for cooking, which
can lead to higher use of prefabricated food. The environment and social
influences can also have an effect on dietary patterns (Schoenberg et al.,
2013).

The patterns high in sweets and meat, often referred to as western-
ized dietary patterns in the literature, were associated with lower physical
activity level. Also, the processed dinner and the traditional patterns were
associated with smoking and lower activity level. As the name implies,
the health-conscious patterns were associated with other health-conscious
choices like less smoking and higher activity level. This clustering of lifestyle
behaviours is well known (Kris-Etherton et al., 2022). Evidence supports
interactions between lifestyle behaviours, where improvement in one life-
style behaviour can influence others (Kris-Etherton et al., 2022). In our
analysis, we also observed that the porridge pattern and the cake pattern
were associated with non-smoking and lower alcohol consumption, both of
which are part of healthier lifestyle.

5.2 Dietary patterns and their association with CVD risk factors
The association between obesity and dietary patterns with high loadings on
sweets and meat was consistently positively associated with obesity in both
the logistic regression models and ESEM. Also the processed dinner pattern
identified by ESEM was positively associated with obesity for both sexes.
There is growing evidence that diets with a high intake of processed food,
meats and sweets are risk factors for obesity and CVD (Mu et al., 2017;
Min et al., 2017; Fabiani et al., 2019). The observed effects on obesity of
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the dietary pattern with high loadings on sweets and meat and the pattern
with high loadings on processed dinner variables are consistent with this
observation. The dietary patterns high in sweets and meat and the processed
dinner pattern also had a total unfavourable effect on HDL-cholesterol for
both sexes in the ESEM model, but not in the logistic regression models.

Dietary patterns rich in vegetables and fruit, such as the well-studied
Mediterranean diet, have been associated with improvements in several risk
factors. For instance, reductions in blood pressure and BMI, along with im-
provements in the lipid profile, have been observed (Ndanuko et al., 2016;
Castro-Barquero et al., 2020). The health-conscious pattern shares simil-
arities with the Mediterranean diet, with high loading on vegetables and
fruit. The health-conscious pattern had a total favourable effect on trigly-
cerides in the logistic regression models and ESEM, but the results were
inconsistent across sexes and models (see table 1 and 2 in chapter 4). On
the other hand, the health-conscious pattern was positively associated with
obesity among men in the ESEM analysis. However, the model also found a
favourable direct effect of the health-conscious pattern on HDL-cholesterol.
Obesity seems to act as a competitive mediator in this case, where no sig-
nificant total effect was found. Among women, a direct favourable effect of
the health-conscious patterns on triglycerides was observed.

Surprisingly, negative associations were observed between obesity and
the porridge pattern and the cake pattern. Cake and cookies have been
associated with lower risk of chronic diseases in von Ruesten et al., 2013.
One proposed explanation is under-reporting of unhealthy food choices (von
Ruesten et al., 2013), an explanation that is supported by additional ana-
lysis. For instance, models that initially showed a negative association
between cakes and obesity, the association disappeared or changed direction
when the model was adjusted for energy misreporting or under-reporting
(Gottschald et al., 2016; Mendez et al., 2011). Under-reporting of energy
intake also includes under eating (Poslusna et al., 2009). It is also possible
that overweight participants have been motivated to manage their wight
by reducing the consumption of unhealthy foods and lowering their daily
energy intake.

In the ESEM analysis, obesity was included as a mediator between the
dietary patterns and the other CVD risk factors. When a direct effect of a
dietary pattern on obesity was significant, the indirect effect of the pattern
through obesity was also significant. The indirect effect could strongly influ-
ence on the estimated total effect. This was for instance the case for CRP,
where no significant direct effect was observed for any of the dietary pat-
terns, but a total effect. Zhang et al., 2023 also observed that obesity had a
significant mediation role in the effect of dietary patterns on CRP. Only a
direct effect of diet on HDL-cholesterol and triglycerides was observed after
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adjusting for the indirect effect of obesity.
Obesity is one of the risk factors for CVD that has increased the most

worldwide (Castro-Barquero et al., 2020). This increase counteracts the
beneficial reductions in other risk factors, such as hypertension, elevated
triglycerides and low HDL-cholesterol, smoking and inactivity observed in
several high-income countries (Lopez and Adair, 2019). The global increase
in obesity is becoming a major health challenge, and preventing and treating
obesity is important to further reduce the CVD burden (Lopez and Adair,
2019). In this context, a shift from the Westernized dietary pattern to
healthier dietary patterns has been highlighted as one of the strategies to
reduce risk factors for CVD (Castro-Barquero et al., 2020). However, lower
CVD risk are often achieved by targeting several lifestyle behaviours (Kris-
Etherton et al., 2022; Tsai et al., 2020).

5.3 Comparison of methods deriving dietary patterns
FA is one of the most common methods used to identify dietary patterns.
The patterns identified by FA include all food variables. This complexity has
been highlighted as a disadvantage of FA, as it makes the patterns harder to
interpret (Zhao et al., 2021). The TT has been proposed as an alternative
to obtain simpler patterns (Gorst-Rasmussen et al., 2011). In this thesis,
also HC was included as a method to identify simpler patterns. In the
literature of dietary patterns this is a novel approach. Clustering of food
variables using HC is uncommon, despite being a well-known and relatively
easy method to implement. To get more stable patterns in HC, cohorts of
smaller groups with similar backgrounds variables were used. Among the
three main data-driven methods investigated, TT produced the simplest
patterns in terms of the number of variables included, closely followed by
HC. Neither HC nor TT resulted in non-overlapping patterns in our analysis.

The interpretation of the dietary patterns identified by FA and TT was
quite similar, when the focus was on the food variables with high loading.
However, the simplified patterns by TT did not capture information about
food variables with negative loading. When the goal is to identify the overall
dietary patterns, the complexity in FA can also be seen as a flexibility and
a strength (Imamura and Jacques, 2011). Generally, FA and TT identified
similar patterns in our analysis. Also HC using bootstrapping resulted in
patterns similar to those from FA and TT. High consistency between FA
and TT has also been reported in other studies as well (Cunha et al., 2010;
Gorst-Rasmussen et al., 2011; Schoenaker et al., 2013).

The patterns found by the different data reduction-methods were fur-
ther included as predictors in logistic regression models, and the predictive
performance of the models was investigated. In some cases FA gave slightly
better predictive performance. However, the simpler patterns identified by
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HC and TT had, in most of the cases, comparable predictive performance.
We concluded that the difference in predictive performance between the dif-
ferent data reduction-methods was minimal. It can be noted that for most
risk factors the inclusion of dietary patterns generally had little effect on
the predictive power. The exception was the models for MetS and waist
circumference. Waist circumference is a commonly used measure of obesity.

The reason for this low increase in predictive power by the inclusion of
dietary patterns can be due to loss of information in the construction of
dietary patterns. A relatively small percentage of the variation in the food
variables is explained by the dietary patterns (McCann et al., 2001). In a
meta-analysis of Fabiani et al., 2019 the typical percentages of explained
variance in the included papers were around 20 − 30%. As a consequence,
data-driven methods do not necessary identify patterns that reflect diet-
disease relationships (Zhao et al., 2021). To investigate this, also random
forest was included in the predictive performance comparison. This method
can use the food variables directly, without the need to construct dietary
patterns. In our analysis, the predictive performance of the random forest
algorithm was comparable to that of the logistic regression models. This
suggests that the patterns identified using data-driven methods were as
effective as random forest in detecting associations between diet and CVD
risk factors.

Already in the aggregation of the food variables, loss of information
occur. In McCann et al., 2001 it was observed that similar patterns were
identified by different level of aggregation. However, more detailed food
variables resulted in stronger estimated risk. It was therefore suggested
that more detailed information on food intake may be necessary to differen-
tiate between individuals with and without disease (McCann et al., 2001).
Therefore, more detailed food variables were used in the ESEM analysis
compared to the previous analysis using logistic regression.

Regarding the choice of method, the ESEM was found to be a suit-
able approach for analysing diet-disease risk. The dietary patterns, the
estimated effect of these pattens on CVD risk factors, and the effect of the
lifestyle and demographic variables could be derived simultaneously. The
method also support mediation analysis. This gives an overall model, as
opposed to the logistic regression models, where each CVD risk factor had
its own separate model. The use of ESEM or the construction of a directed
acyclic graph (DAG) can also lead to a better understanding of the inter-
play between dietary patterns and health outcomes. A DAG is a graphical
representation of the causal assumption. In both cases, the analyst must
consider the underlying causal assumptions when constructing the model
or creating a DAG. This is particularly the case if the role of a variable
is uncertain. Obesity is one such variable, as its role in the relationship
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between dietary patterns and risk factors for CVD appears to be uncertain.
This is also useful in regression models, as these models are also constructed
to investigate causal assumptions (Kevin Kelloway, 1995). Even though a
model is constructed based on causal assumptions, the data itself can limit
conclusions about causal relationships (Kevin Kelloway, 1995). This is the
case with cross-sectional data. When using cross-sectional data, the course
of events can´t guide the causal assumptions because the data is collected
at a single time point.

Generally, the estimated diet-disease relationships were observed both
across sexes and statistical approaches. We observed similar associations
using logistic regression models and ESEM. Additionally, similar patterns
occurred across all methods investigated, and the predictive performance
was similar across the data reduction methods HC, FA and TT. The simil-
arities across the different analyses strengthen the reliability of the results.

5.4 Strengths and limitations in dataset
An important strength of the data material is the high number of par-
ticipants and a relatively high participation rate in Tromsø7. The large
number of participants facilitated separate analyses for women and men.
The large number of participants also facilitated a thorough analysis of pre-
dictive power, where the dataset could be split into test and training sets.

The data was collected at one time point using a cross-sectional design.
This limits the causal interpretation of the results. Any causal conclusions
based on a cross-sectional design must be done with care, as observed asso-
ciations may have other explanations.

The use of self-reported data collected using FFQ has several limit-
ations. It is well known that the traditional methods of capturing food
consumption using methods like FFQs, 24-hour recalls and food records
have shortcomings and are prone to both under- and over-reporting of food
variables (Subar et al., 2015).

Missing values is often a problem in FFQs, as they consist of a long list of
predefined food variables. Typically, the relevance of questions varies across
the population and not all questions are relevant for everyone. Additionally,
long FFQs can be very time-consuming to answer, and result in a relatively
high participant burden. The handling of the missing values is therefore an
important aspect. In the food data from Tromsø7, this problem is to some
degree ignored. Missing values are coded as “seldom or not consumed” in
Tromsø7. For foods that are rarely consumed, this is often a satisfactory
assumption (Fraser et al., 2009). However, for frequently consumed foods,
this is usually not the case (Fraser et al., 2009). The automatic coding of
missing answers as zero intakes limits the ability to handle missing data and
is often incorrect (Fraser et al., 2009). To reduce this problem, the analysis

42



5.4 – Strengths and limitations in dataset

in this thesis only includes participants answering more than 90% of the
questionnaire.

There is an ongoing effort to improve the collection of food data, both for
the researcher and for the participants (Das et al., 2022). Alternatives and
modifications of the traditional methods to collect dietary data have been
explored. The modifications include digitalization of traditional methods,
for instance including assistance during the filling in of the questionnaire,
and the processing of answers has been automated (Das et al., 2022; Tanweer
et al., 2022). This work has contributed to making 24-hour recalls and food
record alternatives to FFQs in large studies by reducing costs and making
the methods more feasible for researchers (Subar et al., 2015). 24-hour
recalls and food record are better at capturing current diet and do not rely
on long-term memory or a restricted list of food variables (Satija et al.,
2015).

The use of mobile phones has also been proposed. For instance, there
have been attempts to use images taken on smartphones to classify foods
and estimate energy and nutrient intake (Archundia Herrera and Chan,
2018). However, these methods are also prone to errors and under-reporting.
Examples of under-reporting and errors include missing images or images
that are difficult to analyse due to poor quality (Tanweer et al., 2022).
Whether the new methods are more effective, less burdensome, and result
in fewer error is still unclear. Methods relying on mobile phones also have
potential for improvement (Tanweer et al., 2022).
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Conclusion

Dietary patterns were robust to the data-reduction methods used. For all
investigated data-driven methods, two main dietary patterns were consist-
ently identified. One pattern had a high loading on sweets and meat and
the other was a health-conscious pattern. Additionally, a traditional pat-
tern, a processed meat dinner pattern, and four other more narrowly focused
patterns were identified.

The dietary patterns varied significantly by demographic variables. The
younger part of the population had a higher intake of the sweets and meat
patterns and a lower intake of the traditional and the processed dinner pat-
terns. Healthier dietary intake, including high intake of the health-conscious
patterns and low intake of the sweet and meat patterns and processed din-
ner patterns, were generally more common among individuals with higher
education and higher physical activity level.

The data-reduction methods also gave robust results in measures of
predictive performance. The predictive performance was investigated by in-
cluding dietary patterns as predictors in logistic models of CVD risk factors.
The models for MetS and obesity resulted in the clearest increase of pre-
dictive power with the inclusion of dietary patterns. Using random forest
with individual food variables had comparable predictive performance to
the logistic regression models.

Throughout this thesis, obesity was the risk factor most strongly as-
sociated with dietary patterns. Specifically, patterns with high loadings
on food variables such as sweets, meat and processed dinners were consist-
ently associated with obesity. For the other risk factors, the results were
more inconsistent. The health-conscious patterns were associated with lower
triglyceride levels in some models. We also observed that the indirect effect
through obesity strongly influenced the total effect of the dietary patterns
on the other CVD risk factors. Only HDL-cholesterol and triglycerides were
directly affected by diet after adjusting for obesity.

The consistent association between obesity and more unhealthy patterns
highlights how diet, an important part of lifestyle, most likely contributes
to the ongoing rise in obesity. This finding is consistent with other research
(Min et al., 2017).
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Abstract 

Background: A healthy diet can decrease the risk of several lifestyle diseases. From studying the health effects of sin-
gle foods, research now focuses on examining complete diets and dietary patterns reflecting the combined intake of 
different foods. The main goals of the current study were to identify dietary patterns and then investigate how these 
differ in terms of sex, age, educational level and physical activity level (PAL) in a general Nordic population.

Methods: We used data from the seventh survey of the population-based Tromsø Study in Norway, conducted in 
2015-2016. The study included 21,083 participants aged 40− 99 years, of which 72% completed a comprehensive 
food frequency questionnaire (FFQ). After exclusion, the study sample included 10,899 participants with valid FFQ 
data. First, to cluster food variables, the participants were partitioned in homogeneous cohorts according to sex, 
age, educational level and PAL. Non-overlapping diet groups were then identified using repeated hierarchical cluster 
analysis on the food variables. Second, average standardized diet intake scores were calculated for all individuals for 
each diet group. The individual diet (intake) scores were then modelled in terms of age, education and PAL using 
regression models. Differences in diet scores according to education and PAL were investigated by pairwise hypoth-
esis tests, controlling the nominal significance level using Tukey’s method.

Results: The cluster analysis revealed three dietary patterns, here named the Meat and Sweets diet, the Traditional 
diet, and the Plant-based- and Tea diet. Women had a lower intake of the Traditional diet and a higher preference for 
the Plant-based- and Tea diet compared to men. Preference for the Meat and Sweets diet and Traditional diet showed 
significant negative and positive trends as function of age, respectively. Adjusting for age, the group having high 
education and high PAL compared favourably with the group having low education and low PAL, having a significant 
lower intake of the Meat and Sweets and the Traditional diets and a significant higher intake of the Plant-based- and 
Tea diet.

Conclusions: Three dietary patterns (Meat and Sweets, Traditional, and Plant-based- and Tea) were found by 
repeated clustering of randomly sampled homogeneous cohorts of individuals. Diet preferences depended 
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Background
Nutrition plays a critical role in the well-being and 
development of all human beings. An unhealthy diet 
can have severe consequences and contribute to life-
style related conditions such as obesity, cardiovascu-
lar diseases, type 2 diabetes and cancer [1–3]. This 
requires a strong focus on promoting healthy diets to 
decrease individual risk of lifestyle diseases [4].

During the last few decades, research focus has 
switched from studying the health effects related to 
intake of single foods and nutrients to studying dietary 
patterns which reflect the combined intake of differ-
ent foods and nutrients. A plant-based dietary pattern 
might reduce the risk of certain chronic diseases, while 
a dietary pattern high in red meet and added sugar, can 
potentially increase this risk [2, 5, 6]. A focus on the 
overall diet, rather than single nutrients, have the prac-
tical benefit of giving individuals flexibility in adapting 
to a healthier diet, avoiding strict nutrition advice [7].

Eating patterns vary across age, culture, lifestyle and 
socioeconomic status. Preferences for a healthier diet have 
been seen to increase with age [8–10] while diets high in 
meat and sweets are most prevalent among the younger 
population [11, 12]. A healthier diet is typically positively 
associated with lifestyle factors like physical activity level 
and educational level [11]. Specifically, higher education 
have been observed to give higher compliance with the 
national recommendations [13]. Differences in eating hab-
its between different socioeconomic groups can contribute 
to inequalities in health. Investigation of dietary patterns 
across age and population groups is therefore important to 
understand and target preventive health measures.

Data used to study dietary preferences are commonly 
collected retrospectively by food frequency question-
naires (FFQ), in which individual intake values for a 
wide range of food items, dishes and beverages can be 
aggregated into groups of food variables. Such data can 
be analysed using a variety of statistical methods, see 
the recent review by Zhao et  al. [14]. These methods 
include investigator-based a priori approaches, which 
are based on predefined diet quality scores for different 
food or nutrition items [15]. A posteriori approaches 
include classical data-driven methods for dimension 
reduction like principal component analysis, factor 
analysis and clustering [16–18].

The first aim of this study was to identify and describe 
dietary patterns in the seventh survey of the Tromsø 

Study. This is a comprehensive community based health 
survey situated in the north of Norway, and should reflect 
a general Nordic population. Dietary data was collected 
using a validated FFQ and robust dietary pattern analy-
ses were conducted. A second important objective was to 
investigate whether there were any associations between 
the intakes of different diet patterns and age, sex, educa-
tional level and PAL in this community survey.

Methods
The Tromsø Study is a population-based study conducted 
in the municipality of Tromsø, Norway. Seven surveys 
have been conducted between 1974 and 2016 (Tromsø1-
Tromsø7) to which total birth cohorts and random popu-
lation samples have been invited [19].

Study sample
The present study used data from the seventh sur-
vey (Tromsø7), conducted in 2015-2016. All inhabit-
ants of Tromsø municipality aged 40 years or above 
were invited and 21,083 women and men attended (65% 
attendance). All of the participants received an FFQ to 
complete on paper and to be returned by postal mail in 
a pre-paid envelope. The study sample comprised those 
who answered the FFQ ( n = 15, 146 ). We excluded those 
who completed less than 90% of the FFQ ( n = 3, 489 ), 
those with missing values on educational level or PAL 
( n = 358 ) and those with extreme values of total energy 
intake or total water intake ( n = 400 ), see details in 
Additional file 1. The final study sample then comprised 
10,899 participants (Fig. 1).

Measurements
Self-reported educational level was dichotomized as Low 
(including primary/partly secondary with up to 9 years 
of schooling, and upper secondary with 10-12 years of 
schooling) or High (short tertiary with < 4 years col-
lege/university and long tertiary with ≥ 4 years college/
university). Self-reported leisure-time PAL was dichoto-
mized as Low or High according to the validated Saltin-
Grimby questionnaire [20]. Specifically, the category of 
low PAL here includes both sedentary and light exercise, 
ranging from those who are almost completely inactive 
to those who do light physical activity at least 4 hours a 
week (Level 1 and 2 of the original Saltin-Grimby scale). 
High PAL ranges from regular and moderate train-
ing at least 4 hours a week to vigorous hard training for 

significantly on sex, age, education and PAL, showing a more unhealthy dietary pattern with lower age, low education 
and low PAL.

Keywords: Diet groups, Dietary patterns, FFQ, Hierarchical cluster analysis, Population studies
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competitions (level 3 and 4 of the original Saltin-Grimby 
scale).

The FFQ, validated by Carlsen et al. [21], included ques-
tions about frequency and amount of intake of 244 food 
items, dishes and beverages. Calculation of total energy- 
(TEI), total water- (TWI), food- and nutrient intakes in 
kilojoule (kJ), and grams (g) per day, respectively, was 
performed using the food composition database and 
nutrient calculation system KBS at the University of Oslo, 
database AE14 (based on the Norwegian food composi-
tion tables 2014 and 2015), software version 7.3 [22].

We aggregated the intakes from the original 244 food 
items into 33 new variables plus one variable not used 
in this study. The aggregation was done in a supervised 
manner, each variable representing the total intake 
for groups of solid food and beverages (see Table  S1, 

Additional file 2). This type of aggregation is in coherence 
with literature, in which questions of FFQs are typically 
summarized by 30-60 variables, see e.g. Karageorgou 
et al. [17].

Preprocessing: Scaled intake values and partition 
of the study sample in cohorts
To identify similarities in dietary intake and the compo-
sition of food preferences, each food variable was scaled 
according to the individual energy intake. The scaled 
intake values were calculated by

where Food∗ji and Foodji represent the scaled and 
unscaled intake of food variable j for individual i, respec-
tively. The scaling factor divides the total mean intake for 
all individuals ( TEI ), with the total energy intake for indi-
vidual i ( TEIi).

Although we excluded participants with extreme val-
ues of intake, some participants still had remarkably 
high scaled intake values for some of the food variables. 
Due to inherent uncertainty of FFQ data on the indi-
vidual level, it has been recommended that FFQ data 
are used on group level [23]. For clustering food vari-
ables, we therefore chose to divide the study sample in 
cohorts of approximately 10 participants, resulting in a 
total of 1,091 cohorts. The partition in cohorts was per-
formed by random sampling of the participants, under 
the constraint that the cohorts should be homogeneous 
with respect to background variables. This implied that 
the participants assigned to each cohort were matched 
by sex, similar age, educational level (low/high) and 
PAL (low/high). The intake values for the different food 
variables were then averaged within each of the cohorts, 
reducing the effect of extreme and possible erroneous 
values.

Statistical analysis
An hierarchical agglomerative clustering method was 
applied to group similar food variables in non-overlap-
ping clusters. The pairwise distances between the 33 
aggregated food variables were measured by Spearman’s 
rank correlation. The food variables were then merged 
according to the complete linkage method into clusters. 
The cluster analysis was repeated for 100 different ran-
dom samplings of a total of 1091 cohorts. The final diet 
groups were based on these 100 repetitions, where each 
food variable was assigned to the diet group in which it 
occurred most often. This was done to assess the variabil-
ity of the cluster results and increase the validity of the 
resulting diet groups [24]. Also, the random sampling of 

Food∗ji = Foodji
TEI

TEIi

Fig. 1 Flowchart of the study sample. FFQ: food frequency 
questionnaire
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cohorts was used to decide on the number of clusters giv-
ing the most stable classification result.

After establishing dietary patterns by cluster analysis, 
we calculated individual diet intake scores. The score was 
found by first standardizing the individual scaled intake 
values ( Food∗ji ) for each food variable j. This standardiza-
tion was done to weight the intake of all food variables 
equally. For each individual, we then calculated the aver-
age of the standardized food variables within each diet 
group. This made the final intake scores comparable 
across diets. Note that these individual diet intake scores 
reflect diet preferences in the sense that larger values 
imply larger intake of the specific diet. Also, the sum over 
all individual scores within each diets is 0.

The scores for each diet were then modelled as the 
dependent variable in regression models on age, 
including educational level (low/high) and PAL (low/
high) as categorical covariates. The association 
between the diet scores and age was modelled either 
using a linear or non-linear trend, in which the non-
linear trend was modelled using natural cubic splines. 
Different models were evaluated using the adjusted 
coefficient of determination ( R2

adj ). Subsequent analy-
ses included analysis of covariance and post hoc pair-
wise testing of diet scores between groups having 
different combinations of the two categorical variables. 
Specifically, this included comparison of groups char-
acterized by having low education and low PAL 
( LeduLPAL ), low education and high PAL ( LeduHPAL ), 
high education and low PAL ( HeduLPAL ), and high edu-
cation and high PAL ( HeduHPAL ). The analysis was 

performed separately for men and women and p-val-
ues were adjusted using Tukey’s method, ensuring a 
global significance level of 0.05.

Results
Characteristics of the study sample and food intake
The study sample consisted of 5807 women and 5092 
men (Table  1). Slightly more than half (53.1%) had 
high education. This percentage was significantly dif-
ferent for the age groups below and above 60 years, 
for both women and men ( p < 0.001 in both). In total 
28.3% reported high PAL. The percentage of high PAL 
was lower in women ( 22.3% ) compared to men ( 35.1% , 
p < 0.001 ). Also, the percentage of high PAL decreased 
with age for both sexes ( p < 0.001 in both).

The 33 aggregated food variables comprised 7 bever-
age variables and 26 variables representing solid food 
items (see Table S2, Additional file 2). Most of the bev-
erage variables were recorded with a maximum intake 
of more than 3000 g/day, and the largest mean and 
median scaled intake values were reported for Coffee, 
Water and Milk. Among the solid food variables, the 
highest mean and median values of intake were seen 
for Vegetables, Fruit, Bread, Meat Dinner and Potato, 
followed by Fish Dinner and Composite Dinner Dishes 
(in decreasing order). Almost all of the respondents 
(98-99%) reported an intake for these variables, while 
about 50% - 60% reported an intake of food variables 
like Mayonnaise and Plant-based Oils, Chips, Candy 
and Breakfast Cereals.

Table 1 Descriptive statistics for age, educational level and physical activity level (PAL), by sex

All Women Men

N 10899 5807 5092

Age (sd) 57.1 (10.7) 56.5 (10.5) 57.9 (10.9)

Educational level, n(%):

Low ( Ledu) 5114 ( 46.9%) 2649 ( 45.6%) 2465 ( 48.4%)

High ( Hedu) 5785 ( 53.1%) 3158 ( 54.4%) 2627 ( 51.6%)

40− 59 years old 2302 ( 64.9%) 1600 ( 56.8%)

60 years old and above 856 ( 37.9%) 1027 ( 41.5%)

PAL, n(%):

Low ( LPAL) 7818 ( 71.7%) 4511 ( 77.7%) 3307 ( 64.9%)

High ( HPAL) 3081 ( 28.3%) 1296 ( 22.3%) 1785 ( 35.1%)

40− 59 years old 923 ( 26.0%) 1120 ( 39.8%)

60 years old and above 373 ( 16.5%) 665 ( 29.2%)

Education and PAL groups, n (%):

LeduLPAL 3971 ( 36.4%) 2234 ( 38.5%) 1737 ( 34.1%)

LeduHPAL 1143 ( 10.5%) 415 ( 7.1%) 728 ( 14.3%)

HeduLPAL 3847 ( 35.3%) 2277 ( 39.2%) 1570 ( 30.8%)

HeduHPAL 1938 ( 17.8%) 881 ( 15.2%) 1057 ( 20.8%)
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Identification of diet groups by cluster analysis
The cluster analyses identified three main diet groups 
(Table  2). These dietary patterns are referred to as: 
The Meat and Sweets diet, including Composite Din-
ner Dishes, Meat-spread, Meat Dinner, and a vari-
ety of sweets; The Traditional diet, including Bread, 
Fish-spread, Fish Dinner, Milk and Potato; The Plant-
based- and Tea diet, including Cereals, Fruit, Nuts, Tea, 
Vegetables and dairy products.

The given dietary patterns were based on observing the 
number of times each food variable was clustered to each 
of the three diet groups, choosing the diet group having 
the maximum frequency of the 100 random samplings 
(see Table S3, Additional file 2). A total of five food vari-
ables (Beverages with Alcohol, Butter and Margarine, 
Egg, Juice and Water) were not clearly classified to one of 
the given three diet groups as these variables frequently 
switched between clusters in repeated analyses. All but 
four of the food variables (Beverages with Alcohol, But-
ter and Margarine, Milk/sugar for Coffee/tea and Water) 
were clustered to the same diet group for men and 
women.

Identifying dietary patterns across age, level of education 
and PAL
To make the diet scores comparable for men and women 
in subsequent analysis, these were calculated using 
only the food variables classified to the same diet group 
for both sexes. The average scores for the Meat and 
Sweets diet were approximately zero for both women 
( sd = 0.42 ) and men ( sd = 0.39 ). For the Traditional 
diet, the average score for women was equal to −0.05 
( sd = 0.33 ). The corresponding score for men was 0.05 
( sd = 0.34 ), giving a significant difference between the 
sexes ( p < 0.001 ). Women had a higher intake of the 
Plant-based- and Tea diet with an average score of 0.13 
( sd = 0.48 ), while the corresponding score was equal to 
−0.22 ( sd = 0.37 ) for men ( p < 0.001 ). The correlation 

between the scores for the Meat and Sweets diet and the 
Traditional diet was −0.36 . The corresponding correla-
tions in scores for the Plant-based- and Tea- diet, com-
pared with the other two diets, were both −0.27.

For both women and men, the diet scores for the Meat 
and Sweets diet showed a significantly decreasing linear 
trend as function of age ( p < 0.001 ), see Fig.  2. In con-
trast, the scores for the Traditional diet were observed to 
have a significant positive linear trend as function of age 
( p < 0.001 ). For the Plant-based- and Tea diet, we chose 
to model the association between the diet scores and age 
non-linearly, as this gave a clear relative increase in the 
adjusted coefficient of determination for women (see 
Table  S4, Additional file  2). For women, the estimated 
non-linear functions were seen to increase until the 
approximate age of 60, and then decrease for higher ages. 
For men, the average score for the Plant-based- and Tea 
diet increased slightly with age.

The given results were calculated without including 
interaction terms in the regression models as these did 
not increase the adjusted coefficient of determination 
for the different models (see Table  S4, Additional File 
2). Specifically, interaction between education and PAL 
was non-significant in all cases. Thus, the estimated lin-
ear and non-linear curves of diet scores as function of 
age were parallel for the four groups LeduLPAL , LeduHPAL , 
HeduLPAL and HeduHPAL . However, the mean levels of 
these curves were shifted vertically, indicating potential 
significant differences between these groups in terms of 
the intakes of the different diets.

To further investigate differences in dietary prefer-
ences between groups, we performed four pairwise 
hypotheses tests for differences in the mean diet score. 
This was repeated for all three diets and both sexes, 
resulting in a total of 24 tests (Table 3). The group with 
lower education ( Ledu ) showed a significantly higher 
intake of the Meat and Sweets and the Traditional 
diets than those with high education ( Hedu ), and also 

Table 2 Diet groups from cluster analysis of food variables

* Inconclusive include variables not clearly defined to the either of the three main diet groups

Meat and Sweets Traditional Plant-based- and Tea Inconclusive*

All Candy, Chips, Chocolate, Soft 
Drinks, Composite Dinner Dishes, 
Meat-spread, Mayonnaise and Plant-
based Oils, Meat Dinner, Rice/pasta, 
Sauce etc.

Bread, Cakes and Pastries, Breakfast 
Cereals (Sweetened), Coffee, Des-
sert, Fish Dinner, Fish-spread , Milk, 
Potato, Jam

Cheese, Breakfast Cereals and Por-
ridge (Unsweetened), Fruit, Nuts, 
Tea, Vegetables, Yoghurt

Egg, Juice

Only men Water Milk/sugar for Coffee/tea Beverages with 
Alcohol, Butter and 
Margarine

Only women Butter and Margarine Beverages with Alcohol, Milk/sugar 
for Coffee/tea

Water
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a significantly lower intake of the Plant-based- and 
Tea diet for both sexes. Similar results were found in 
comparing the groups with low ( LPAL ) versus high PAL 
( HPAL ), except that no significant difference was found 
for the Traditional diet among men. Naturally, these 

differences in diet preferences are most clear in com-
paring the groups LeduLPAL with HeduHPAL . Among 
men, the group LeduHPAL had a significant higher intake 
of the Traditional diet and a significant lower intake of 
the Plant-based- and Tea diet, than HeduLPAL.

Fig. 2 Diet scores for each of the three dietary patterns from the cluster analysis, by age. Estimated trends of diet scores as a function of age, based 
on data from 5807 women (left panels) and 5092 men (right panels). Four lines are included, where educational level is low(blue)/high (orange) and 
PAL is low(unbroken lines)/high (dashed lines). For the linear models, the figures include the estimated slopes ( β̂ ), standard deviations (sd) and the 
p-value evaluating whether the slope is significantly different from 0. For the non-linear models, the figures include the slope estimates at the age 
of 50 and 80
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Discussion
The given cross-sectional study in a general Nordic 
population identified three diet groups, referred to as 
the Meat and Sweets diet, the Traditional diet, and the 
Plant-based- and Tea diet. In both men and women, the 
diet score reflecting the intake of the Meat and Sweets 
diet showed a significant negative trend with increas-
ing age. The opposite trend was seen for the Traditional 
diet, in which the scaled intake increased as a function 
of age. Women had a lower consumption of the Tra-
ditional diet and a higher consumption of the Plant-
based- and Tea diet than men. Diet preferences were 
significantly dependent on education level and PAL. 
Participants with high education had lower diet scores 
for the Meet and Sweets and the Traditional diets and 
higher scores for the Plant-based- and Tea diet com-
pared to participants with low education. Participants 
with high PAL had lower diet scores of the Meat and 
Sweets diet and the Traditional diet (only women), and 
higher diet scores of the Plant-based- and Tea diet, 
compared to participants with low PAL.

The three diet groups identified in this population 
have similarities to the western, traditional and pru-
dent diets [17, 18, 25]. The Meat and Sweets diet group 
is similar to the western dietary pattern, characterized 
by high intakes of red and processed meat (here rep-
resented by Composite Dinner Dishes, Meat-spread 
and Meat Dinner), high intake of sugar drinks (here 
Soft Drinks) and sweets like Candy and Chocolate. The 
derived Traditional diet was similar to traditional pat-
terns found in Scandinavia and contained food vari-
ables like Bread, Fish-spread, Fish Dinner, Milk and 
Potato [11, 12, 25]. The Plant-based- and Tea diet group 
contained some of the food variables being character-
istic of a prudent or healthy dietary pattern, including 
Fruit, Nuts and Vegetables. The similarities in the clus-
tering results for men and women are in accordance 
with other studies [12, 17].

The age-related differences in diet preferences are 
in accordance with previous findings where a western 
diet has shown to be more common among younger 

ages [17, 26, 27], while more traditional- and prudent 
diet scores either increase with age or no significant 
association is found [11, 17, 26–28]. Unless younger 
individuals gradually change their diet to consuming 
more traditional foods as they grow older, these find-
ings imply a transition from the Traditional to the 
Meat and Sweets dietary pattern in the population. 
However, in this study, we only have data for the pop-
ulation above 40 years of age. Unfavourable develop-
ments of diet habits have been observed in the Nordic 
population between 2011 and 2014, with a decrease 
in the consumption of fish and whole grains [29]. On 
the other hand, changes to more healthy dietary pat-
terns by increasing age have been observed for groups 
with higher education [8–10]. The nutrition transition 
hypothesis of global dietary convergence to a western 
diet has been tested and rejected in a study by Azzam 
[30] over the period 1993-2013, where some countries 
changed from having a low Western Diet Index (tradi-
tional diet) to a high Western Diet Index, and countries 
previously characterized as having a high Western Diet 
Index had declined towards a traditional diet during 
the same period. National health policies on speeding 
up a transition to healthier dietary patterns in coun-
tries with high Western Diet Index, may explain this 
phenomenon.

The observed dependence between dietary preference 
and educational level is in accordance with the find-
ings in Nilsen et  al. [31]. In this population, a previous 
study found that participants with higher education had 
higher odds of nutrition intake in accordance with the 
Nordic nutrition recommendations [31]. Similar trends 
have been observed in other populations. For instance, 
in a study of dietary patterns in Australians aged 55-65 
years, high consumption of red- and processed meet and 
refined grains were associated with low education and 
low PAL [32]. On the other hand, for different ethnic 
groups in Netherlands, lower education was not neces-
sarily associated with a significant poorer diet [33].

In studies on food prices and socioeconomic status 
(SES), Rydén and Hagfors [34] found that healthy diets are 

Table 3 Comparison of differences (sd) in diet score between education (low/high) and PAL groups (low/high)

* p < 0.05 by Tukey’s method

Meat and sweets Traditional Plant-based- and Tea

Comparisons Women Men Women Men Women Men

Ledu − Hedu 0.06∗ (0.01) 0.03∗ (0.01) 0.08∗ (0.01) 0.08∗ (0.01) −0.14∗ (0.01) −0.15∗ (0.01)

LPAL − HPAL 0.05∗ (0.01) 0.05∗ (0.01) 0.04∗ (0.01) 0.01 (0.01) −0.16∗ (0.01) −0.09∗ (0.01)

LeduLPAL − HeduHPAL 0.11∗ (0.01) 0.08∗ (0.01) 0.12∗ (0.01) 0.09∗ (0.01) −0.29∗ (0.02) −0.23∗ (0.01)

LeduHPAL − HeduLPAL 0.01 (0.02) −0.01 (0.01) 0.03 (0.01) 0.07∗ (0.01) 0.02 (0.02) −0.06∗ (0.02)
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more expensive than unhealthy diets in Sweden. Further, 
children of parents with low education and manual low-
skill occupations had the cheapest and most unhealthy 
diets. It has also been observed that tax and subsidies 
on unhealthy and healthy food, respectively, improves 
healthy eating in lower SES [35]. In a Norwegian study 
on vegetables and fish [36], persons with lower educa-
tion reported less knowledge in how to prepare these 
food items compared with persons with higher education. 
Also, persons with higher education ate significantly more 
vegetables and fish than persons with lower education. 
Other findings of the role of education on diet choices are 
reviewed by Pampel et al. [37]. They summarize research 
on how problem-solving skills from schooling help mak-
ing healthier choices and other related questions.

In a German study [38], adults with lower education 
reported that they consumed energy-dense foods more 
frequently then adults with higher education. Higher 
levels of physical work activity among adults with lower 
education may partly explain why they consume more 
energy-dense foods. This can also be the case for persons 
who are physically active in their leisure time. On the 
other hand, these individuals can be more health-con-
scious, a factor that also affects food choice. Joo et al. [39] 
found indication of exercise as a motivation for healthier 
diets among young adults. Dependent on type of exer-
cise, it was observed that exercise reduced the preference 
for the western diet and increased the preference for the 
prudent pattern.

Major strengths of the given analyses include the high 
Tromsø7 study attendance, and the use of an extensive 
FFQ to capture the full habitual diet. Further, the diet 
preferences between groups are investigated using age 
as a continuous variable. Analyses of diet preferences 
are often performed by stratifying participants in terms 
of age groups. This might result in loss of information as 
the influence of age is assumed constant for participants 
within a certain age span, e.g. 10 years [40].

Collection of self-reported food intake by FFQs is influ-
enced by several sources of error, including missing data. 
In the given study, missing data were originally registered 
as zero, making it impossible to separate zero-intake val-
ues from missing data. This limitation of the data material 
was to a large degree reduced by excluding participants 
answering less than 90% of the FFQ. The most extreme 
intake values were excluded in accordance with Lundblad 
et al. [22], taking into account that intake depend on sex, 
PAL and body composition.

Conclusions
The given cluster analysis identified three dietary pat-
terns, referred to as the Meat and Sweets diet, the 
Traditional diet, and the Plant-based- and Tea diet. 

Preference for the Meat and Sweets diet and the Tra-
ditional diet showed significant negative and positive 
trends as a function of age, respectively. Adjusting for 
age, a more unhealthy dietary pattern was associated 
with low educational level and low PAL.
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Appendix

As over- or underreporting of total food intake is common [1], we chose to exclude data showing
extreme intake values. Several methods have been suggested to identify such extreme intakes [4,
2, 3]. Here, we fitted regression models to identify extreme absolute values of residuals. Specifi-
cally, we used the total intake values, TEI and TWI, as response variables in separate regression
models, as these typically reflect extreme values of the individual food and beverage intake,
respectively. These variables were log-transformed to give approximate Gaussian distributions.

The variables TEI and TWI have been seen to depend on body size and composition, PAL,
sex and age. We therefore modelled TEI and TWI using height, weight, PAL and age as
explanatory variables in the regression models, in addition to sex. Missing values of height and
weight were imputed using their respective sex-specific average values. The regression models
were fitted using ordinary least squares, providing estimates for the residuals. For each of the
regression models, we excluded all cases corresponding to the two percent highest absolute values
of the residuals, resulting in 400 participants having an unrealistic food intake.
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Table S1-S4 

Table S1: The 244 food items included in the FFQ, aggregated into 33 new food variables 
plus one variable not used in this study. The food variables represent groups of solid food and 
beverages. 

Groups Variables 

Bread 
(nr. 1) 

FOOD_BREAD_WHITE_T7, FOOD_BREAD_WHOLEGRAIN50_T7, 
FOOD_BREAD_WHOLEGRAIN100_T7, FOOD_CRISPBREAD_WHITE_T7, 
FOOD_CRISPBREAD_WHOLEGRAIN_T7 

Butter and 
Margarine 
(nr. 2) 

FOOD_BUTTER_B_T7, FOOD_MARGARINE_BREMYKT_B_T7, 
FOOD_MARGARINE_BRELETT_B_T7, 
FOOD_MARGARINE_SOFT_SFSE_B_T7, 
FOOD_MARGARINE_VITA_B_T7, FOOD_MARGARINE_SFV_ 
LIGHT_B_T7, FOOD_MARGARINE_MELANGE_B_T7, 
FOOD_MARGARINE_OTHER_B_T7 

Mayonnaise 
and Plant-
based Oils 
(nr. 3) 

FOOD_OIL_OLIVE_OTHER_B_T7, FOOD_MAYONNAISE_B_T7, 
FOOD_S_MAYONNAISE_SALAD_T7, 
FOOD_S_MAYONNAISE_SAL_LIGHT_T7 

Cheese 
(nr. 4) 

FOOD_S_CHEESE_WHEY_T7, FOOD_S_CHEESE_WHEY_LIGHT_T7, 
FOOD_S_CHEESE_WHITE_T7, FOOD_S_CHEESE_WHITE_LIGHT_T7, 
FOOD_S_CHEESE_BLUE_DESSERT_T7, FOOD_S_CHEESE_SOFT_T7, 
FOOD_S_CHEESE_SOFT_LIGHT_T7, FOOD_S_COTTAGECHEESE_T7 

Meat-spread 
(nr. 5) 

FOOD_S_LIVERPASTE_T7, FOOD_S_LIVERPASTE_LIGHT_T7, 
FOOD_S_SERVELAT_T7, FOOD_S_HAM_BOILED_T7, 
FOOD_S_SALAMI_T7 

Fish-spread 
(nr. 6) 

FOOD_S_CAVIARSPREAD_T7, FOOD_S_CAVIARSPREAD_SVOLVAR_T7, 
FOOD_S_MACKEREL_TOMATOSAUCE_T7, 
FOOD_S_SALMON_TROUT_SMOKED_T7, 
FOOD_S_SARDINES_HERRING_T7, FOOD_S_TUNA_T7, 
FOOD_S_SCHRIMP_CRAB_T7 

Egg 
(nr. 7) FOOD_S_EGG_T7 

Jam 
(nr. 8) 

FOOD_S_JAM_MARMELADE_T7, FOOD_S_JAM_LIGHT_T7, 
FOOD_S_PEANUTBUTTER_T7, 
FOOD_S_CHOCOLATE_NUT_SPREAD_T7, FOOD_S_SWEET_SPREAD_T7 



Groups Variables 

Breakfast 
Cereals and 
Porridge 
(Unsweetened) 
(nr. 9) 

FOOD_PORRIDGE_OATMEAL_T7, FOOD_OATMEAL_4GRAIN_T7, 
FOOD_CEREAL_UNSWEETENED_T7, FOOD_CEREAL_ALLBRAN_T7 

Breakfast 
Cereals - 
Sweetened 
(nr. 10) 

FOOD_CEREAL_SWEETENED_T7, FOOD_CORNFLAKES_T7, 
FOOD_CEREAL_HONEY_T7, FOOD_CEREAL_PUFFED_RICE_OAT_T7, 
FOOD_JAM_CEREAL_T7, FOOD_SUGAR_CEREAL_T7 

Milk 
(nr. 11) 

FOOD_MILK_WHOLE_T7, FOOD_MILK_SEMISKIMMED_T7, 
FOOD_MILK_EXTRASEMISKIMMED_T7, FOOD_MILK_SKIMMED_T7, 
FOOD_MILK_ BIOLA_CULTURA_NA_T7, FOOD_MILK_ 
BIOLA_CULTURA_FL_T7, FOOD_MILK_FL_T7, 
FOOD_HOTCHOCOLATE_T7 

Yoghurt 
(nr. 12) 

FOOD_YOGHURT_DRINK_T7, FOOD_YOGHURT_NATURAL_T7, 
FOOD_YOGHURT_FRUIT_T7, 
FOOD_YOGHURT_GOMORGEN_MUSLI_T7, 
FOOD_YOGHURT_LIGHT_FRUIT_T7, 
FOOD_YOGHURT_LIGHT_MUSLI_T7 

Water 
(nr. 13) FOOD_WATER_TAP_T7, FOOD_WATER_BOTTLE_T7 

Juice 
(nr. 14) 

FOOD_JUICE_ORANGE_T7, FOOD_JUICE_APPLE_OTHER_T7, 
FOOD_NECTAR_APPLE_OTHER_T7 

Soft Drinks  
(nr. 15) 

FOOD_SAFT_SUGAR_T7, FOOD_SAFT_ARTIFICIAL_T7, 
FOOD_SOFTDRINK_SUGAR_T7, FOOD_SOFTDRINK_ARTIFICIAL_T7, 
FOOD_ICETEA_SUGAR_T7, FOOD_ICETEA_ARTIFICIAL_T7, 
FOOD_BEER_NONALCOHOLIC_T7 

Beverages with 
Alcohol 
(nr. 16) 

FOOD_BEER_STRONG_PILS_T7, FOOD_BEER_LIGHT_T7, 
FOOD_CIDER_ALCOPOPS_T7, FOOD_WINE_RED_T7, 
FOOD_WINE_WHITE_T7, FOOD_WINE_FORTIFIED_T7, 
FOOD_LIQUOR_T7, FOOD_COCKTAIL_T7 

Coffee 
(nr. 17) 

FOOD_COFFEE_BOILED_T7, FOOD_COFFEE_FILTERED_T7, 
FOOD_COFFEE_INSTANT_T7, FOOD_COFFEE_ESPRESSO_T7, 
FOOD_COFFEE_LATTE_T7, FOOD_COFFEE_CAPPUCINO_T7 

Tea 
(nr. 18) 

FOOD_TEA_BLACK_T7, FOOD_TEA_GREEN_T7, FOOD_TEA_HERBS_T7 



Groups Variables 

Meat Dinner 
(nr. 19) 

FOOD_SAUSAGE_REDMEAT_T7, 
FOOD_SAUSAGE_REDMEAT_LIGHT_T7, 
FOOD_SAUSAGE_CHICKEN_TURKEY_T7, 
FOOD_SAUSAGE_HOTDOG_PORK_T7, 
FOOD_SAUSAGE_HOTDOG_CHICKEN_T7, 
FOOD_HAMBURGER_WITH_BUN_T7, FOOD_KARBONADEBURGER_T7, 
FOOD_MEATBALL_MEATLOAF_T7, FOOD_STEW_MINCED_MEAT_T7, 
FOOD_STEAK_PORK_BEEF_LAMB_T7, 
FOOD_CHOPS_PORK_BEEF_LAMB_T7, 
FOOD_ROAST_PORK_BEEF_LAMB_T7, FOOD_ROAST_GAMEMEAT_T7, 
FOOD_STEW_MEAT_T7, FOOD_STEW_MEAT_LAPSKAUS_T7, 
FOOD_BACON_T7, FOOD_CHICKEN_GRILLED_T7, 
FOOD_CHICKEN_FILLET_T7, FOOD_WOK_T7, 
FOOD_STEW_CHICKEN_T7 

Composite 
Dinner Dishes 
(nr. 20) 

FOOD_TACO_SHELLS_MEAT_SALAD_T7, FOOD_WRAP_TORTILLA_T7, 
FOOD_KEBAB_T7, FOOD_LASAGNA_MOUSAKKA_T7, FOOD_PIZZA_T7, 
FOOD_CALZONA_T7, FOOD_PIE_QUICHE_T7, FOOD_SPRINGROLLS_T7, 
FOOD_PORRIDGE_SOURCREAM_T7, FOOD_PORRIDGE_RICE_MILK_T7, 
FOOD_PANCAKES_T7, FOOD_SOUP_VEGETABLE_T7, 
FOOD_DISH_VEGETARIAN_T7, FOOD_NUDLES_INSTANT_T7, 
FOOD_OMELETTE_T7 

Fish Dinner 
(nr. 21) 

FOOD_FISH_BURGER_PUDDING_T7, FOOD_FISH_BALLS_T7, 
FOOD_FISH_LEAN_BOILED_T7, FOOD_FISH_LEAN_FRIED_T7, 
FOOD_FISH_STICKS_T7, FOOD_HERRING_FRESH_SMOKED_T7, 
FOOD_MACKEREL_FRESH_SMOKED_T7, FOOD_SALMON_TROUT_T7, 
FOOD_STEW_SOUP_FISH_T7, FOOD_FISH_BAKED_GRATIN_T7, 
FOOD_WOK_SEAFOOD_VEGETABLES_T7, FOOD_SCHRIMP_CRAB_T7 

Potato 
(nr. 22) 

FOOD_POTATOES_BOILED_BAKED_T7, 
FOOD_POTATOES_MASHED_T7, 
FOOD_POTATOSALAD_MAJONNAISE_T7, 
FOOD_POTATO_GRATIN_CREAM_T7, FOOD_POTATOES_FRIED_T7, 
FOOD_FRENCHFRIES_DEEPFRIED_T7, 
FOOD_FRENCHFRIES_OVENBAKED_T7 

Rice/pasta 
(nr. 23) 

FOOD_RICE_T7, FOOD_PASTA_T7, 
FOOD_HOTDOGBUN_POTATOWRAP_T7 



Groups Variables 

Vegetables 
(nr. 24) 

FOOD_CARROT_T7, FOOD_CABBAGE_T7, FOOD_RUTABAGA_T7, 
FOOD_CAULIFLOWER_T7, FOOD_BROCCOLI_T7, 
FOOD_BRUSSELSSPROUT_T7, FOOD_ONION_T7, FOOD_LETTUCE_T7, 
FOOD_BELLPEPPER_T7, FOOD_AVOCADO_T7, FOOD_TOMATO_T7, 
FOOD_CORN_T7, FOOD_VEGETABLES_MIX_FROZEN_T7, 
FOOD_SALAD_MIX_T7, FOOD_BEANS_LENTILS_T7, 
FOOD_S_VEGETABLES_BREAD_T7 

Sauce etc. 
(nr. 25) 

FOOD_SAUCE_BROWN_WHITE_T7, FOOD_SAUCE_BEARNAISE_T7, 
FOOD_BUTTER_MARGARINE_MELT_T7, FOOD_BUTTER_HERB_T7, 
FOOD_MAYONNAISE_REMOULADE_T7, 
FOOD_MAYONNAISE_LIGHT_T7, FOOD_SOURCREAM_T7, 
FOOD_SOURCREAM_LIGHT_T7, FOOD_SOURCREAM_EXTRALIGHT_T7, 
FOOD_SALADDRESSING_T7, FOOD_SALADDRESSING_LIGHT_T7, 
FOOD_SALADDRESSING_OIL_T7, FOOD_SOYSAUCE_T7, 
FOOD_PESTO_T7, FOOD_SALSA_TOMATOSAUCE_T7, 
FOOD_KETCHUP_T7, FOOD_MUSTARD_T7 

Fruit 
(nr. 26) 

FOOD_APPLE_T7, FOOD_PEAR_T7, FOOD_BANANA_T7, 
FOOD_ORANGE_T7, FOOD_CLEMENTINE_T7, FOOD_GRAPEFRUIT_T7, 
FOOD_PEACH_NECTARINE_T7, FOOD_KIWI_T7, FOOD_GRAPE_T7, 
FOOD_MELON_T7, FOOD_STRAWBERRY_T7, FOOD_RASPBERRY_T7, 
FOOD_BLUEBERRY_T7, FOOD_CLOUDBERRY_T7, FOOD_RAISIN_T7, 
FOOD_FRUIT_DRIED_T7, FOOD_FRUIT_B_T7, 
FOOD_FRUIT_HERMETIC_T7, FOOD_FRUITSALAD_T7 

Dessert 
(nr. 27) 

FOOD_ICECREAM_T7, FOOD_ICELOLLY_SORBET_T7, 
FOOD_PUDDING_T7, FOOD_SAUCE_VANILLA_T7, 
FOOD_CREAM_WHIPPED_T7 

Cakes and 
Pastries 
(nr. 28) 

FOOD_SWEET_BUN_PRETZEL_T7, FOOD_SWEET_ROLL_CUSTARD_T7, 
FOOD_PASTRY_DANISH_T7, FOOD_MUFFIN_CAKE_NOICING_T7, 
FOOD_WAFFLE_T7, FOOD_LEFSE_T7, 
FOOD_CAKE_CHOCOLATE_BROWNIE_T7, 
FOOD_CAKE_SPONGE_CREAM_T7, FOOD_BISCUIT_SWEET_T7, 
FOOD_TREAT_SNOWBALL_T7 

Chocolate 
(nr. 29) 

FOOD_CHOCOLATE_T7, FOOD_CHOCOLATE_DARK_T7, 
FOOD_CHOCOLATE_CONFECTIONS_T7 

Candy 
(nr. 30) 

FOOD_PASTILLES_SUGARFREE_T7, 
FOOD_CANDY_LICORICE_OTHER_T7, FOOD_CANDY_MIX_T7 

Chips 
(nr. 31) FOOD_CHIPS_POTATOE_T7, FOOD_SNACS_SALTY_T7 



Groups Variables 

Nuts 
(nr. 32) 

FOOD_PEANUT_CASHEW_T7, 
FOOD_ALMOND_HAZELNUT_WALNUT_T7, FOOD_FRUIT_NUT_MIX_T7 

Supplements 
(nr. 33) 
 
Not included in 
this study  

 

FOOD_SUPPL_CODLIVEROIL_T7, FOOD_SUPPL_CODLIVEROIL_C_T7, 
FOOD_SUPPL_FISHOIL_OMEGA3_T7, 
FOOD_SUPPL_SEALOIL_CAPSULA_T7, FOOD_SUPPL_SANASOL_T7, 
FOOD_SUPPL_BIOVIT_T7, FOOD_SUPPL_MULTIVIT_MINERAL_T7, 
FOOD_SUPPL_MULTIVIT_TAB_T7, FOOD_SUPPL_IRON_SULFATE_T7, 
FOOD_SUPPL_IRON_HEME_T7, FOOD_SUPPL_IRON_FERROCHEL_T7, 
FOOD_SUPPL_IRON_FLORADIX_T7, FOOD_SUPPL_VIT_B_T7, 
FOOD_SUPPL_VIT_C_T7, FOOD_SUPPL_VIT_D_T7, 
FOOD_SUPPL_VIT_E_T7, FOOD_SUPPL_FOLATE_T7 

Milk/sugar for 
Coffee/tea 
(nr. 34) 

FOOD_SUGAR_COFFEE_T7, FOOD_SUGAR_TEA_T7, 
FOOD_SWEETENERS_COFFEE_TEA_T7, 
FOOD_MILK_CREAM_COFFEE_TEA_T7 

 
  



Table S2: Summary of individual food intake (g/day) for the final study sample (n = 10899), 
adjusted for the individual energy intake (J/day).  

Food variables Mean Median 25% 
percentile 

75% 
percentile 
 

Max Consumer
s (%) 

Bread 148 144 105 186 487 99.2 
Butter and Margarine 12 8 0 19 214 72.5 
Mayonnaise and Plant-
based Oils 

5 1 0 7 172 51.2 

Cheese 36 30 16 49 290 97.2 
Meat-spread 16 13 7 21 133 92.9 
Fish-spread 23 17 7 32 277 88.7 
Egg 18 14 8 24 390 86.6 
Jam 15 10 2 20 283 75.5 
Breakfast Cereals and 
Porridge (unsweetened) 

25 8 0 33 636 62.6 

Breakfast Cereals 
(Sweetened) 

6 3 1 7 110 81.4 

Milk 366 309 132 538 3,201 83.8 
Yoghurt 41 18 0 57 1,063 74.5 
Water 919 709 430 1,078 10,691 98.5 
Juice 86 26 0 108 2,481 62.1 
Soft Drinks 149 44 0 143 10,018 70.1 
Beverages with Alcohol 166 103 36 219 3,172 89.5 
Coffee 934 738 424 1,137 12,845 93.8 
Tea 176 36 0 208 9,512 62.1 
Meat Dinner 125 118 84 159 553 99.4 
Composite Dinner Dishes 89 81 50 119 476 98.6 
Fish Dinner 96 87 57 125 429 99.2 
Potato 100 90 54 134 485 98.8 
Rice/pasta 38 27 12 50 780 93.0 
Vegetables 221 188 116 288 1,753 99.9 
Sauce etc. 28 24 15 36 190 99.4 
Fruit 206 174 96 278 1,517 99.3 
Dessert 11 7 2 14 324 81.7 
Cakes and Pastries 22 17 8 30 208 91.9 
Chocolate 8 5 2 10 177 84.4 
Candy 6 2 0 7 160 62.1 
Chips 4 2 0 6 124 60.9 
Nuts 15 8 2 20 178 82.3 
Milk/sugar for Coffee/tea 16 0 0 4 1,616 38.6 

 
  



Table S3: The number of times each of the 33 food variables is categorized to the three diet 
groups using cluster analysis on 100 random samplings of the cohorts. 

 Women Men 
Food variables Meat 

and 
Sweets 

Traditio
nal 

Plant-
based- 

and Tea 

Meat 
and 

Sweets 

Traditio
nal 

Plant-
based- 

and Tea 
Candy 100 0 0 100 0 0 
Chips 100 0 0 100 0 0 
Chocolate 100 0 0 99 0 1 
Soft Drinks’ 100 0 0 100 0 0 
Composite Dinner 
Dishes 100 0 0 100 0 0 

Rice/pasta 100 0 0 100 0 0 
Mayonnaise and Plant-
based Oils’ 90 8 2 88 2 10 

Meat-spread 96 2 2 90 0 10 
Meat Dinner 96 2 2 92 1 7 
Sauce etc. 96 2 2 92 1 7 
Water 17 40 43 75 7 18 
Cakes and Pastries 1 94 5 0 90 10 
Dessert 1 94 5 0 90 10 
Bread 0 100 0 5 90 5 
Fish spread 0 90 10 0 69 31 
Jam 0 100 0 0 99 1 
Coffee 0 100 0 0 98 2 
Fish Dinner 0 76 24 0 99 1 
Milk 2 93 5 5 92 3 
Potato 0 100 0 0 99 1 
Breakfast Cereals 
(sweetened) 2 93 5 1 80 19 

Butter and Margarine 19 76 5 52 38 10 
Cheese 2 9 89 1 11 88 
Breakfast Cereals and 
Porridge (unsweetened) 4 1 95 2 7 91 

Fruit 0 6 94 0 21 79 
Nuts 5 1 94 7 4 89 
Tea 7 1 92 0 11 89 
Vegetables 0 6 94 0 12 88 
Yoghurt 2 21 77 0 23 77 
Beverages with Alcohol 8 1 91 51 3 46 
Milk/sugar for Coffee/tea 14 10 76 0 75 25 
Egg 13 39 48 29 43 28 
Juice 28 36 36 48 6 46 

 

 



Table S4: The adjusted coefficient of determination (𝑅!"#$ ) for different regression models of 
diet scores. The diet scores were modeled by age, PAL and education, considering both a 
linear and non-linear association with age and also inclusion of interaction terms between 
age, PAL and education. 

 Women Men 
Models Meat 

and 
Sweets 

Traditio
nal 

Plant-
based- 

and Tea 

Meat 
and 

Sweets 

Traditio
nal 

Plant-
based- 

and Tea 
Linear 0.259 0.237 0.043 0.262 0.232 0.071 
Non-linear  0.272 0.238 0.064 0.271 0.232 0.075 
Linear with interaction  0.259 0.241 0.050 0.263 0.233 0.071 
Non-linear with interaction  0.273   0.243 0.064 0.271 0.234 0.075 
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Abstract Background and aims: Metabolic syndrome (MetS) defines important risk factors in
the development of cardiovascular diseases and other serious health conditions. This study aims
to investigate the influence of different dietary patterns on MetS and its components, examining
both associations and predictive performance.
Methods and results: The study sample included 10,750 participants from the seventh survey of
the cross-sectional, population-based Tromsø Study in Norway. Diet intake scores were used as
covariates in logistic regression models, controlling for age, educational level and other lifestyle
variables, with MetS and its components as response variables. A diet high in meat and sweets
was positively associated with increased odds of MetS and elevated waist circumference, while a
plant-based diet was associated with decreased odds of hypertension in women and elevated
levels of triglycerides in men. The predictive power of dietary patterns derived by different
dimensionality reduction techniques was investigated by randomly partitioning the study sam-
ple into training and test sets. On average, the diet score variables demonstrated the highest pre-
dictive power in predicting MetS and elevated waist circumference. The predictive power was
robust to the dimensionality reduction technique used and comparable to using a data-driven
prediction method on individual food variables.
Conclusions: The strongest associations and highest predictive power of dietary patterns were
observed for MetS and its single component, elevated waist circumference.
ª 2023 The Author(s). Published by Elsevier B.V. on behalf of The Italian Diabetes Society, the
Italian Society for the Study of Atherosclerosis, the Italian Society of Human Nutrition and the
Department of Clinical Medicine and Surgery, Federico II University. This is an open access article
under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Metabolic syndrome (MetS) is a phenotype, commonly
defined by elevated blood glucose, elevated blood pres-
sure, elevated waist circumference, elevated triglycerides

and low high-density lipoprotein (HDL) cholesterol [1,2].
According to the large multicohort study by Scuteri et al.
[3], about one in four of the adult European population has
MetS and the prevalence increases by age. This poses
serious health challenges as individuals with MetS have an
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elevated risk of developing cardiometabolic disease such
as diabetes and cardiovascular disease [4].

Lifestyle risk factors, such as having an unhealthy diet,
play an important role in the development of MetS and
several noncommunicable diseases [1,5]. Previous meta-
analyses and reviews have shown that consumption of
healthy diets, like the well-established Mediterranean diet,
is associated with a lower prevalence of MetS [6] while
consumption of diets high in meat and sweets can increase
the risk of MetS [7,8].

In general, the interplay between dietary patterns and
health can be complex and estimated associations might
depend on both the study population, data collection and
the methods used. Methods to derive dietary patterns are
commonly divided into a priori and a posteriori ap-
proaches, see the recent review by Zhao et al. [9] for an
overview. A priori methods give predefined dietary pat-
terns based on indices and scientific evidence of diet
quality, including examples like the Healthy Eating Index
[10]. Such dietary patterns are useful in assessing how
closely individual diets align with known healthy eating
patterns. Here, we focus on a posteriori methods in which
novel dietary patterns are derived using different dimen-
sionality reduction techniques on the observed dietary
intake. This provides insight into the actual dietary habits
of the given study population. Also, scores summarizing
the resulting dietary patterns are very useful as these can
be used directly as covariates in statistical models
explaining health outcomes [9].

The study aim of this paper was twofold. Making use of
the data-driven dietary patterns derived in a previous
study by Moe et al. [11], we first assessed significant as-
sociations between these and MetS and its defining com-
ponents. Second, we derived new dietary patterns using
different dimensionality reduction techniques and inves-
tigated the predictive ability of these. Specifically, predic-
tion here implied that the study sample was divided
randomly in training and test sets. The models were fitted
to individuals in the training sets and then applied to
predict MetS or its components for individuals in the
corresponding test sets. This gives a realistic evaluation of
the predictive ability of the models and how well they
generalize to new observations.

2. Methods

2.1. Study population

The Tromsø Study is a population-based health study con-
sisting of 7 consecutive cross-sectional studies (Tromsø1 -
Tromsø7) conducted between 1974 and 2016 in Tromsø,
Norway. Data collection included questionnaires and in-
terviews, biological sampling, and clinical examinations.

2.2. Study sample

We used data from the seventh survey of the Tromsø Study
(Tromsø7 2015e2016), described by Hopstock et al. [12],
inviting all inhabitants of Tromsø municipality 40 years

and older (N Z 32,591). A total of 21,083 (65 %) women
and men aged 40e99 years participated, and of these
15,139(72 %) returned a food frequency questionnaire
(FFQ). Participants who withdraw their consent to research
were excluded (nZ 13). In accordance with Lundblad et al.
[13], we excluded participants who answered less than
90 % of the questions in the FFQ (n Z 3487). Further, we
excluded participants with missing information of height
or weight, or on educational level, physical activity level
and/or smoking status (n Z 433). We also excluded par-
ticipants with unrealistic total energy intakes (kJ/day) or
water intakes (g/day) (n Z 397). Unrealistic intake values
were defined in terms of the 1 % upper and lower quantile
values, adjusting intake values for height, weight, physical
activity level and age [11]. Finally, we excluded partici-
pants with missing information on at least one of the MetS
components (n Z 72). Thus, the final study sample
included 10,750 participants (Fig. S1, Supplementary).

2.3. MetS and its components

MetS was defined by the Adult Treatment Panel III (ATP III)
criteria from 2001 [2] as having three or more of the
following five risk factors [14,2]:

� Insulin resistance: Self-reported diabetes and/or gly-
cated hemoglobin (HbA1c) �6.1 %

� Hypertension: Blood pressure �130/85 mmHg and/or
self-reported use of antihypertensive drugs

� Elevated waist circumference: WC � 102 cm for men
and WC � 88 cm for women

� Elevated triglycerides: TG � 1.7 mmol/L
� Low HDL cholesterol level: HDL-C � 1.0 mmol/L for men
and HDL-C � 1.3 mmol/L for women

Due to non-fasting blood samples, the original ATP III
criterion of insulin resistance based on a fasting serum
glucose level was replaced by HbA1c. HbA1c was analysed
by high-performance liquid chromatography with Tosoh G8
(Tosoh Bioscience, San Francisco, USA). Blood pressure was
measured three times after 2 min seated rest using an
automatic oscillometric digital device (Dinamap ProCare
300 monitor, GE Healthcare, Norway). The average of the
last two measurements was used in the analysis. Waist
circumference was measured with a Seca measuring tape at
the umbilical level. HDL cholesterol and triglycerides were
analysed by enzymatic colorimetric methods with Cobas
8000 c702 (Roche Diagnostics, Mannheim, Germany).

2.4. Dietary data

The paper FFQ used in Tromsø7 has previously been
evaluated by Carlsen et al. [15] and described in detail by
Lundblad et al. [13]. The questionnaire includes 261
questions on habitual food and beverage consumption
(frequency and amount). Answers were checked manually
by trained technicians before scanning. Food intakes in
grams/day (g/day) were calculated using the KBS AE14
food database and KBS software system at University of
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Oslo (KBS, version 7.3.) based on the Norwegian food
composition tables 2014e2015. Missing values on fre-
quency of intake in the FFQ were automatically coded to
never/seldom by the KBS system. The questions were
aggregated in a supervised manner, providing 33 food
variables including alcohol consumption, as described by
Moe et al. [11]. To account for variations in total energy
intake, the intake values for each food variable and indi-
vidual were multiplied by the total mean intake for all
individuals divided by the total energy intake for each
individual, see Ref. [11] for further explanation.

2.5. Covariates

Participants registered age was given in terms of years.
Self-reported educational level included four categories:
Primary/partly secondary education (up to 10 years of
schooling), upper secondary education (more than 10
years of schooling not including college/university), short
tertiary education (less than 4 years at college/university),
or long tertiary education (4 years or more at college/
university). Self-reported leisure-time physical activity
level was collected using the Saltin-Grimby’s activity level
scale [16] and included four categories of physical activity:
sedentary (mainly reading/watching TV), light (walking/
biking more than 4 h/week), moderate (exercise more than
4 h/week) and vigorous (hard exercise/competitive sports
more than 4 h/week). Due to few individuals in the
vigorous physical activity group, the levels of moderate
and vigorous physical activity were combined as one
category named high activity level. Self-reported smoking
status was current daily smoker, previous smoker or
never-smoker, dichotomized into current or non-smoker.
Those who smoked occasionally (i.e., not daily) were
categorized as non-smokers. Frequency and the amount of
alcoholic beverage intake were collected as part of the FFQ.

2.6. Estimation of associations between diet scores and
MetS and its components using logistic regression

In a first step, we investigated the associations between
dietary patterns and MetS and its individual components.
This was performed using the dietary patterns already
derived in the study by Moe et al. [11], who analysed the
FFQ of Tromsø7 using hierarchical clustering. This method
identified three diet groups named the Meat and Sweets
diet (Candy, Chips, Chocolate, Composite dinner dishes,
Meat-spread, Mayonnaise and oils, Meat dinner, Rice/pasta,
Sauce, Soft drinks), the Plant-based- and Tea diet (Cheese,
Cereal (unsweetened), Fruit, Nuts, Tea, Vegetables, Yoghurt)
and the Traditional diet (Bread, Cakes and pastries, Cereal
(sweetened), Coffee, Dessert, Fish dinner, Fish-spread, Jam,
Milk, Potato). Five of the 33 aggregated food variables were
not included in any of the diet groups as the classification of
these switched between groups [11].

In the current study, we used the individual intake
scores for each of the three diets previously computed by
Moe et al. [11], as covariates in logistic regression models.
The response variables of these models included the

binary outcomes of MetS and its five defining risk factors
according to ATP III. These were modelled as linear func-
tions of the diet intake scores, adjusted for linear effects of
age, educational level, physical activity, smoking and
alcohol intake. The resulting models are described gener-
ically by Eq. (1) in which we used a logit link function. This
represents our main model of interest. In addition, we
have investigated a model that also adjusts for the linear
effect of body mass index (Section S1.5.1, Supplementary)

Response w Ageþ EducationþDiet scoresþ
Physical activityþ SmokingþAlcohol;

ð1Þ
To account for multiple testing, the confidence level

was set equal to 99 % and all models were fitted separately
for women and men.

2.7. Deriving new dietary patterns by factor analysis and
the treelet transform

The hierarchical clustering method groups food variables
into non-overlapping dietary patterns. To explore the use
of different dimensionality reduction methods on the 33
food variables, we applied exploratory factor analysis and
the treelet transform which are both commonly applied to
derive dietary patterns [9]. All of these three methods
perform grouping based on the correlation between the
individual intake values of food variables. However, the
derived patterns typically differ in terms of the number of
diet groups found and the weights given to each food
variable.

Factor analysis models the relationship between vari-
ables in terms of linear combinations of unobserved
common factors, here representing different dietary pat-
terns. The loadings of each food variable on each factor
were calculated using the principal component method.
Further, we applied varimax rotation to simplify in-
terpretations of the loadings. The number of patterns was
determined using a scree plot, reflecting the size of the
eigenvalues of the correlation matrix. We have not used a
specific threshold value for the loadings, but interpreted
the factors in terms of groups of food variables having the
most positive versus most negative loadings. Mostly this
includes food variables with absolute values of loadings
larger than 0.20.

The treelet transform estimates loadings on each food
variable by combining hierarchical clustering and principal
component analysis as described by Lee et al. [17]. The
method works by subsequently finding the two variables
with the highest correlation and then rotate these vari-
ables locally using principal component analysis. The
procedure is summarized by a hierarchical tree. To get the
final dietary patterns, the hierarchical tree is cut, and a
chosen number of factors explaining most of the variation
is extracted [17]. The cut level was here determined using
a measure of the explained variance of the chosen number
of factors (varied from 2 to 10) and 10-fold cross-
validation. The number of factors was chosen based on
the explained variance using the final cut level.
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Diet scores for each factor were calculated by summing
the products of intakes of food groups weighted by loading
coefficients. Using hierarchical clustering, all food vari-
ables within a diet are given equal weight.

For the given study population, we have previously
observed only minimal differences in the derived dietary
patterns for men and women [11]. Therefore, the dietary
patterns using all three data reduction methods were
found for men and women simultaneously. Also, the in-
dividual diet scores were scaled for men and women
simultaneously having zero mean and a standard devia-
tion of one. This was done to simplify comparison between
dietary patterns across methods.

2.8. Evaluation of predictive performance

In a second step, we evaluated the predictive performance
using the derived dietary patterns in predicting MetS and
its five components. To evaluate predictive performance,
the individuals in the study sample was allocated randomly
to training sets (70 %) and test sets (30 %). We then fitted
models to each of the training sets, providing predictions
for the individuals in the corresponding test sets.

The predictive performance was investigated using lo-
gistic regression models of increasing complexity. The
simplest model (M1) is described by Eq. (2) and includes
linear effects of age and educational level. This serves as an
important background model as both age and educational
level are known to be important predictors of disease. The
second model (M2) is given by Eq. (3) and was used to
investigate the predictive power of the dietary patterns,
adjusted for age and educational level. Finally, we fitted
the full model (M3) defined by Eq. (1), to assess the
additional predictive power of the lifestyle variables
physical activity, smoking and alcohol consumption. The
predictive power including body mass index as a covariate
is reported in Section S1.5.2, Supplementary.

Response w Ageþ Education ð2Þ

Response w Ageþ EducationþDiet scores ð3Þ
A general concern using dimensionality reduction tech-

niques is that the summarized intake scores for specific di-
etary patterns might not reveal important predictors among
the original food variables [18,9]. We therefore applied the
random forest algorithm [19], performing predictions based
on the individual food variables. The algorithm fits several
decision trees, where each tree is constructed using a sub-
sample of the variables [19]. The random forest algorithm is
data-driven and does not assume a specific model con-
struction like in the logistic regression case. This implies that
we do not have toworry about violatingmodel assumptions,
possible interaction effects or collinearity among predictor
variables. We implemented the random forest algorithm
using 500 decision trees, in which each tree used 63.2 % of
the training sample. Both the number of variables used in
each tree and the depth of the trees were optimised to give a
best possible prediction.

The prediction of MetS and its components corresponds
to a classification problem with two classes. To evaluate
the predictive power of the different methods, we used the
measure AUC (Area under the curve) giving values be-
tween 0.5 (no discrimination) to 1 (perfect classification).
The predictions were repeated for 100 random partitions
of training and test sets to get average measures of pre-
dictive power.

3. Results

In the included 5715 women and 5035 men, 21.6 % and
26.8 % were classified with MetS, respectively (Table 1).
Slightly more than half of the participants (53.1 %), men
and women combined, reported short or long tertiary
education. More than half of the participants (58.9 %) re-
ported a light physical activity level of at least 4 h a week,
while more than a quarter of the participants (28.3 %) re-
ported a high physical activity level. The prevalence of
smoking was 13.2 % in women and 11.1 % in men. Adjusted
for energy intake, women had a median alcoholic beverage
consumption of 0.65 dl/day while the corresponding
consumption among men was 1.36 dl/day.

3.1. Estimation of associations by logistic regression
models

Odds ratios for MetS using Eq. (1) are displayed in Table 2.
A one unit increase of the Meat and Sweets diet score was

Table 1 Overview of the study sample.

Women Men

Total number, n(%) 5715 (53.2 %) 5035 (46.8 %)
MetS, n(%) 1235 (21.6 %) 1349 (26.8 %)
Components of MetS,

n(%)
Insulin resistance 551 (9.6 %) 662 (13.1 %)
Hypertension 2536 (44.4 %) 3115 (61.9 %)
Elevated waist
circumference

3118 (54.6 %) 2033 (40.4 %)

Elevated triglycerides 1324 (23.2 %) 2004 (39.8 %)
Low HDL cholesterol 1137 (19.9 %) 903 (17.9 %)

Age (year), mean (sd) 56.4 (10.5) 57.9 (10.9)
Educational level, n(%)
Primary/partly
secondary

1151 (20.1 %) 977 (19.4 %)

Upper secondary 1450 (25.4 %) 1460 (29.0 %)
Short tertiary 1066 (18.7 %) 1161 (23.1 %)
Long tertiary 2048 (35.8 %) 1437 (28.5 %)

Physical activity level,
n(%)
Sedentary 713 (12.5 %) 661 (13.1 %)
Light 3726 (65.2 %) 2606 (51.8 %)
High 1276 (22.3 %) 1768 (35.1 %)

Smoking status, n(%)
Non-smoker 4959 (86.8 %) 4475 (88.9 %)
Current smoker 756 (13.2 %) 560 (11.1 %)

Alcohol (dl/day),
median (sd)
(Adjusted for energy
intake)

0.65 (1.41) 1.36 (2.50)
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associated with an 11 % and 16 % increased odds of MetS
for women and men respectively. The odds of MetS was
positively associated with higher age. Further, the odds of
MetS was significantly lower by higher educational level,
higher physical activity level and higher alcohol con-
sumption (women only).

The odds ratios of the diet score variables using the five
separate components of MetS as response variables in Eq.
(1), are shown in Table 3. A higher intake of the Meat and
Sweets diet was positively associated with the odds of
elevated waist circumference. A higher intake of the Plant-
based- and Tea diet was associated with decreased odds of
hypertension (women only) and elevated triglycerides
(men only).

The odds ratios for all covariates in Eq. (1), using the
five components of MetS as response variables, are given
in the Supplementary, Tables S1eS5. The odds of all
components were higher by higher age, except for the case
of elevated triglycerides in men, and low HDL-C. Compared
with the reference group, individuals with long tertiary

education had significantly lower odds of all components
except for elevated triglycerides in men. The odds mostly
decreased with higher activity level for all components,
except for the case of hypertension in men. Female
smokers had significantly higher odds of insulin resistance,
elevated triglycerides and low HDL-C, and significantly
lower odds of hypertension and elevated waist circum-
ference, compared to non-smokers. Alcohol consumption
was associated with decreased odds of insulin resistance
(women only) and low HDL cholesterol. In men, alcohol
consumption was also associated with increased odds of
elevated waist circumference and hypertension.

3.2. Dietary patterns found by factor analysis and the
treelet transform

Based on the screeplot, factor analysis (FA) gave four fac-
tors, all corresponding to eigenvalues above 1.5. The esti-
mated loadings for the four factors are given in Table 4, the
factors being named FA1, FA2, FA3 and FA4. FA1 showed
high loadings on various sweets, chips, soft drinks, rice/
pasta, meat dinner and sauce, having the most negative
loadings for fish dinner, potato, bread, milk and jam. FA2
was characterized by high loadings on unsweetened
cereal, yoghurt and plant-based food variables like nuts,
vegetables and fruit, and negative loadings for potato,
bread and some spreads. FA3 showed positive loadings on
vegetables, fruit, bread and spreads, also including egg and
cheese, in contrast to negative loadings on sweetened
cereals, dessert, cakes and pastries, milk and composite
dinner dishes. The factor FA4 showed high loadings for
potato, fish dinner and sauce.

Applying the treelet transform (TT), the explained
variance started to decrease around a cut level of 17 which
was therefore used in the final analysis. This resulted in
four factors, referred to as TT1, TT2, TT3 and TT4. The
factors are similar to the patterns found by factor analysis,
but in a simplified version as each factor only included
3e6 food variables with non-zero loadings. Specifically,
TT1 included candy, chips, chocolate, soft drinks, cakes and
pastries, and rice/pasta. TT2 included nuts, vegetables,
yoghurt, unsweetened cereal and fruits. Further, TT3

Table 2 Odds ratios (OR) with confidence intervals (CI) in pre-
dicting MetS for women and men.

Covariates Women Men

OR 99 % CI OR 99 % CI

Dietary patterns
Meat and Sweets 1.11 (1.01, 1.22) 1.16 (1.05, 1.29)
Plant-based- and Tea 0.91 (0.83, 1.00) 0.98 (0.86, 1.12)
Traditional 0.94 (0.84, 1.03) 0.91 (0.82, 1.01)

Age 1.03 (1.02, 1.04) 1.02 (1.01, 1.03)
Educational level
Primary/partly
secondary

1 1

Upper secondary 0.89 (0.70, 1.13) 0.87 (0.69, 1.10)
Short tertiary 0.60 (0.45, 0.79) 0.78 (0.60, 1.00)
Long tertiary 0.51 (0.40, 0.67) 0.48 (0.37, 0.63)

Physical activity level
Sedentary 1 1
Light 0.58 (0.46, 0.73) 0.65 (0.51, 0.82)
High 0.30 (0.22, 0.41) 0.35 (0.27, 0.46)

Smoking status
Non-smoker 1 1
Current smoker 1.16 (0.91, 1.48) 0.82 (0.62, 1.07)

Alcohol 0.90 (0.84, 0.97) 1.00 (0.97, 1.04)

Table 3 Odds ratios (OR) with confidence intervals (CI) for the five components of MetS, based on intake scores for the Meat and Sweets diet
(HC1), the Plant-based- and Tea diet (HC2) and the Traditional diet (HC3). Abbreviations: Waist circumference (WC), Triglycerides (TG), HDL
cholesterol (HDL-C).

Response Sex HC1 HC2 HC3

OR 99 % CI OR 99 % CI OR 99 % CI

Insulin Women 1.11 (0.97, 1.27) 1.01 (0.89, 1.14) 0.93 (0.81, 1.07)
resistance Men 1.01 (0.87, 1.18) 1.04 (0.88, 1.22) 0.95 (0.84, 1.09)

Hypertension Women 1.04 (0.95, 1.13) 0.91 (0.84, 0.99) 1.02 (0.93, 1.12)
Men 1.04 (0.94, 1.15) 0.93 (0.82, 1.05) 0.98 (0.89, 1.08)

Elevated Women 1.25 (1.15, 1.36) 0.92 (0.86, 1.00) 1.07 (0.99, 1.17)
WC Men 1.34 (1.21, 1.48) 1.02 (0.90, 1.15) 1.06 (0.96, 1.16)

Elevated Women 1.06 (0.97, 1.17) 0.93 (0.85, 1.01) 0.91 (0.82, 1.00)
TG Men 1.03 (0.94, 1.14) 0.87 (0.77, 0.98) 0.90 (0.82, 0.99)

Low Women 1.10 (1.00, 1.21) 0.95 (0.87, 1.04) 1.00 (0.90, 1.11)
HDL-C Men 1.08 (0.95, 1.21) 1.03 (0.89, 1.19) 0.92 (0.82, 1.04)
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included food variables related to bread meals like
mayonnaise, egg, meat-spread and fish-spread. The
pattern given by TT4 included fish, potato and sauce. Using
the treelet transform with the given tree cut level, fifteen
of the original food variables were discarded (Table 4).

Using factor analysis and the treelet transform, the first
factor identified a dietary pattern with high loadings on
sweets and also on meat (only FA1). These patterns were
clearly correlated with the Meat and Sweets diet found by
hierarchical clustering, the correlation being 0.87 for FA1
and 0.77 with TT1. Also, a plant-based dietary pattern was
found using all three dimensionality reduction methods.
The correlations of the Plant-based- and Tea diet versus
FA2 and TT2 were 0.81 and 0.89, respectively. The last two
dietary patterns using factor analysis and the treelet
transform represented a mix of the dietary patterns found
by hierarchical clustering, but were similar to each other.
The third factor using both methods had high loadings on
spread (FA3 and TT3), the correlation between these pat-
terns being 0.72. The fourth factors represented a fish
dinner dietary pattern, the correlation between FA4 and
TT4 being 0.87 (Table S6, Supplementary).

3.3. Predictive power of different dietary patterns

Average measures of AUC predicting MetS and its com-
ponents for 100 test sets are displayed in Table 5, using the
defined models of different complexity (M1 - M3) and the
three dimensionality reduction techniques. For compari-
son, we also report the corresponding AUC values for the
random forest algorithm (RF) using the covariates as given
by M2 and M3.

These AUC values ranged from 0.580 to 0.767, having
standard deviations between 0.009 and 0.019. The largest
absolute increase in performance including diet scores was
seen in predicting elevated waist circumference among
men, in which AUC increased from 0.58 (M1) to 0.68 using
M2 and the random forest algorithm. The corresponding
AUC-values among women were 0.61e0.65. Inclusion of
diet scores also increased the AUC-value in predicting
MetS for men, from a value of 0.59e0.64. Inclusion of
lifestyle variables (M3) improved the predictive perfor-
mance for all components and methods, with an average
increase in the AUC-value of 0.03 compared with M2. The
largest improvement using M3 versus M2 was seen in

Table 4 Loadings for factors found by factor analysis (FA1 - FA4) where loadings with absolute value smaller than 0.10 are marked with -. Using
the treelet transform (TT1 - TT4), missing loadings are equal to 0.

FA1 FA2 FA3 FA4 TT1 TT2 TT3 TT4

Dessert e e �0.34 0.18
Cakes and pastries 0.35 e �0.26 �0.13 0.30
Candy 0.52 e �0.11 e 0.50
Chips 0.51 e e e 0.45
Chocolate 0.32 e �0.13 �0.15 0.50
Soft drinks 0.42 �0.12 e e 0.36
Rice/pasta 0.39 e e e 0.30
Meat dinner 0.22 e 0.12 0.23
Composite dinner dishes 0.17 0.16 �0.36 e

Sauce etc. 0.34 �0.10 e 0.54 0.41
Fish dinner �0.24 0.12 e 0.62 0.64
Potato �0.23 �0.34 �0.18 0.65 0.64
Bread �0.31 �0.39 0.29 �0.25
Butter e �0.42 e �0.20
Cheese e 0.12 0.29 �0.29
Egg e e 0.43 e 0.52
Mayonnaise and oils 0.15 �0.32 0.29 e 0.48
Fish-spread �0.16 e 0.56 0.15 0.52
Meat-spread 0.17 �0.26 0.49 �0.15 0.48
Jam �0.29 �0.19 �0.15 �0.14
Milk �0.32 �0.17 �0.28 �0.13
Cereal (sweetened) �0.18 e �0.52 �0.14
Cereal (unsweetened) �0.19 0.54 �0.18 �0.23 0.39
Fruit e 0.33 0.22 0.19 0.52
Nuts e 0.56 e �0.19 0.38
Vegetables e 0.54 0.22 0.25 0.52
Yoghurt e 0.36 e e 0.40
Juice e e e �0.14
Coffee �0.13 e e 0.31
Tea e e e e

Milk/sugar for coffee/tea �0.14 e e e

Water e e e e

Explained variance (%) 7.3 6.7 5.1 4.9 5.2 5.0 4.2 4.1
Cumulative (%) 7.3 14.0 19.1 24.0 5.2 10.2 14.4 18.6
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predicting low HDL-C, giving a relative increase of 8.3 % for
women and 10.7 % for men using treelet transform.

Overall, the best power was seen in M3, predicting
hypertension in women, in which AUC was equal to 0.77.
Prediction of insulin resistance in women gave an AUC
value equal to 0.70 using M1. This increased to an AUC
value of 0.73 using M3 and hierarchical clustering.

The given analysis shows that the predictive perfor-
mance was robust to the dimensionality reduction method
used to derive dietary patterns. This is also the case using
diet scores categorized according to quartiles, giving very
similar results (Table S7, Supplementary). Also, the pre-
dictive performance was similar to using the random for-
est algorithm on individual food variables. Averaged over
the six response variables, the AUC values using different
methods ranged from 0.658 (FA) for men to 0.690 (HC) for
women using M3. The predictive performance was slightly
lower for men, in which AUC ranged from 0.616 (TT,RF) to
0.767 (HC,FA).

4. Discussion

4.1. Associations between dietary patterns and MetS and
its components

In our study based on data from a general population in
Norway, we found an association between dietary

patterns and cardiometabolic health variables by applying
logistic regression analysis. The odds of MetS increased
with the intake of the Meat and Sweets diet in both sexes,
and we estimated a decrease (0.01 < p < 0.05) in the odds
of MetS with intake of the Plant-based- and Tea diet in
women. This is in accordance with previous research,
summarized in two meta-analyses [7,8], where a meat-
based or so-called Western diet was associated with
increased odds of MetS. They also both found that a
healthy diet decreased the odds of MetS, giving a larger
relative decrease for women compared with men, which
is comparable to our finding for the Plant-based- and Tea
diet. A similar association by sex was found in Grosso
et al. [20], between a Mediterranean diet, which is
considered as a healthy diet, and MetS. However, in a
small study (n Z 808) by Babio et al. [21], this association
was significant in men only. According to a recent meta-
analysis [22], individual studies examining the associa-
tions between the consumption of a Mediterranean diet
and cardiovascular disease (CVD) have yielded conflicting
results. Some studies have reported a beneficial effect of
the Mediterranean diet on CVD in both sexes [23], while
others have reported a benefit only in men [24]. The
meta-analysis conducted by [22] concluded that a Medi-
terranean diet is equally beneficial for both sexes.

Considering the five separate components of MetS, the
most interesting finding was the association between the
Meat and Sweets diet and waist circumference. A similar,
but non-significant effect on waist circumference of an
unhealthy diet was seen in a meta-analysis by Rezagho-
lizadeh et al. [25]. The Meat and Sweets dietary pattern is
primarily an energy-dense diet, characterised by high
levels of total fat, saturated fat and sugar compared to the
other two dietary patterns identified through hierarchical
clustering. Diets high in saturated fat and sugar have
been shown to be associated with higher odds of obesity
[26].

Another two components of MetS, hypertension and
elevated TG, were found to be related to the Plant-based-
and Tea diet, where increased intake of the diet was
associated with decreased odds of hypertension (women
only), and decreased odds of elevated TG (men only). A
meta-analysis by Godos et al. [6] found a similar effect of a
Mediterranean diet on hypertension, and one of the
included studies [21] demonstrated a significant associa-
tion between a Mediterranean diet and elevated TG.
However, the overall result from the meta-analysis was
non-significant.

Our study did not show any associations between dietary
patterns and insulin resistance. In a Norwegian study of
type 2 diabetes [27], it was found that approximately one-
third of the patients controlled their diabetes through
diet. This indicates that some of our participants with in-
sulin resistance may have had a different diet earlier in
adulthood, which could also explain the lack of an associ-
ation between the current registered diet and insulin
resistance.

Table 5 AUC values predicting MetS and its components including
the covariates age and educational level (M1), adding diet scores
(M2) and adding lifestyle variables (M3). The methods include hi-
erarchical clustering (HC), factor analysis (FA), the treelet transform
(TT) and random forest (RF).

Response Sex AUC AUC

M1 M2/M3 HC FA TT RF

MetS Women 0.639 M2 0.655 0.649 0.646 0.653
M3 0.683 0.678 0.678 0.672

Men 0.587 M2 0.620 0.600 0.600 0.638
M3 0.652 0.636 0.637 0.662

Insulin Women 0.704 M2 0.710 0.705 0.707 0.682
resistance M3 0.726 0.720 0.724 0.691

Men 0.689 M2 0.698 0.687 0.692 0.690
M3 0.711 0.701 0.706 0.699

Hypertension Women 0.762 M2 0.764 0.763 0.762 0.751
M3 0.767 0.767 0.766 0.753

Men 0.686 M2 0.689 0.687 0.686 0.682
M3 0.693 0.690 0.690 0.684

Elevated waist Women 0.609 M2 0.640 0.631 0.632 0.648
circumference M3 0.665 0.655 0.658 0.668

Men 0.582 M2 0.641 0.606 0.613 0.676
M3 0.684 0.661 0.668 0.700

Elevated Women 0.600 M2 0.616 0.608 0.607 0.611
triglycerides M3 0.642 0.637 0.638 0.626

Men 0.586 M2 0.599 0.599 0.593 0.600
M3 0.619 0.619 0.616 0.616

Low Women 0.603 M2 0.608 0.610 0.604 0.598
HDL-C M3 0.655 0.655 0.654 0.629

Men 0.582 M2 0.583 0.582 0.580 0.584
M3 0.643 0.643 0.642 0.628

Dietary patterns and metabolic syndrome 687



4.2. Dietary patterns and predictive performance

To study predictive power measured by AUC, three models
with increasing complexity were considered and fitted
separately to women and men. The simplest model
included only age and educational level as covariates (M1).
Further, this model was expanded with diet score variables
(M2) and lifestyle variables (M3). The predictive power
was generally slightly lower for men compared to women.
However, for both sexes, the largest absolute increase in
predictive power due to the inclusion of diet score vari-
ables (comparing M2 with M1) was found in predicting
MetS and elevated waist circumference. This is in accor-
dance with the increased odds of MetS and elevated waist
circumference by higher scores of Meat and Sweets, a diet
known to be connected to weight gain. To our knowledge,
few studies have investigated the influence of diets on
predictive performance. Remyaa et al. [28] used different
machine-learning tools on dietary data to predict body
weight, reporting improved prediction on a test set.

The differences in predictive performance using dietary
patterns found by hierarchical clustering, factor analysis
and the treelet transform were relatively small. All
methods identified a diet high in sweets and a plant-based
diet, having high inter-related correlations across the
different methods. Both factor analysis and treelet trans-
form yielded four similar dietary patterns. The high cor-
relation observed between factors found by these two
methods is in accordance with previous studies [29e31].

Our results indicate that the analysis is robust to dif-
ferences in dietary patterns, where hierarchical clustering
on average gave slightly higher predictive power. Using
factor analysis, none of the estimated loadings will be
exactly zero and thereby none of the food variables are
discarded. The treelet transform can also give overlapping
groups but typically with more sparse patterns as many of
the loadings are exactly zero [9,29]. This facilitates inter-
pretation of each factor [29] but comes at the expense of
lost information due to discarded variables as observed in
a study of dietary patterns and diabetes [30].

4.3. Random forest and predictive performance

The random forest algorithm utilizes all food variables
separately as opposed to the dietary patterns from the data
reduction techniques, where important predictors among
the original food variables may be lost [32]. However in
our study, dietary patterns from hierarchical clustering,
factor analysis and the treelet transform were comparable
in predictive performance with the random forest algo-
rithm. This indicates that the dietary patterns captured
important food variables as predictors for MetS and its
components, and that the model assumptions for logistic
regression were acceptable.

4.4. Implications

Our study uncovers associations between a diet rich in
meat and sweets, as well as a plant-based diet, and

cardiovascular disease risk factors. However, further
research is recommended to investigate causality, partic-
ularly through longitudinal studies.

The healthy plant-based diet comprises fruit, nuts,
vegetables, unsweetened breakfast cereals and porridge,
cheese, yoghurt, and tea. Some of these food groups may
already be subsidized, but more can be done for con-
sumers to make healthier food choices.

The predictive ability of how well our models gener-
alize to new observations, was found to be similar for
different dimensionality reduction techniques. This is
important when statistical models are used to assess the
risk of health outcomes for individuals not included in the
original study sample.

4.5. Strengths and limitations

A major strength of this study is the use of a large-size
population-based sample of a general adult community-
dwelling population. Further, the data collection includes
the use of validated questionnaires, analysis of blood
samples performed at a ISO-standardized laboratory, and
clinical examinations such as blood pressure and height-
and weight measurements performed by trained
personnel using calibrated equipment and standardised
methods. Another strength is that the predictive perfor-
mance was investigated by using several dimensionality
reduction methods in addition to the random forest
algotithm, by randomly and repeatedly splitting the
dataset into a test- and a training set. The random forest
algorithm also contributed to an evaluation of the
regression model assumptions as well as on whether
important features in the food variables were captured in
the dietary patterns.

An important limitation of the given study is that a
cross-sectional study design cannot establish causal re-
lationships between dietary patterns and MetS or its
components, only associations. Another limitation is that
the logistic regression models assumed linear effects of the
diet score variables. Additionally, the chosen number of
dietary groups using the different dimensionality reduc-
tion methods could potentially impact the estimated
models and predictive performance.

5. Conclusions

Based on a cross-sectional study of a general adult popu-
lation, dietary patterns were found to be associated with
cardiometabolic health, particularly abdominal obesity. A
diet high in meat and sweets was positively associated
with the odds of MetS and its individual component
elevated waist circumference. Similar conclusions were
drawn when assessing the predictive power of different
dietary patterns. The derived dietary patterns were robust
to the dimensionality reduction method used and the
predictive performance using logistic regression models
was comparable to using a data-driven method on food
variables.
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Szafraniec K, et al. A Mediterranean-type diet is associated with
better metabolic profile in urban Polish adults: results from the
HAPIEE study. Metab Clin Exp 2015;64(6):738e46. https:
//doi.org/10.1016/j.metabol.2015.02.007.

[21] Babio N, Bulló M, Basora J, Martínez-González MA,
Fernández-Ballart J, Márquez-Sandoval F, et al. Adherence to the
Mediterranean diet and risk of metabolic syndrome and its compo-
nents. Nutr Metabol Cardiovasc Dis 2009;19(8):563e70. https://doi.
org/10.1016/j.numecd.2008.10.007. https://www.sciencedirect.com/
science/article/pii/S0939475308002226.

[22] Pant A, Gribbin S, McIntyre D, Trivedi R, Marschner S, Laranjo L,
et al. Primary prevention of cardiovascular disease in womenwith
a Mediterranean diet: systematic review and meta-analysis. Heart
2023;109:1208e15. arXiv, https://heart.bmj.com/content/early/
2023/02/14/heartjnl-2022-321930.full.pdf, doi:10.1136/heartjnl-
2022-321930. https://heart.bmj.com/content/early/2023/02/14/
heartjnl-2022-321930.

[23] Neelakantan N, Koh WP, Yuan JM, van Dam RM. Diet-quality in-
dexes are associated with a lower risk of cardiovascular, respira-
tory, and all-cause mortality among Chinese adults. J Nutr 2018;
148(8):1323e32. https://doi.org/10.1093/jn/nxy094.

[24] Strengers JG, den Ruijter HM, Boer JMA, Asselbergs FW,
VerschurenWMM, van der Schouw YT, et al. The association of the
Mediterranean diet with heart failure risk in a Dutch population.
Nutr Metabol Cardiovasc Dis 2021;31(1):60e6. https://doi.org/10.
1016/j.numecd.2020.08.003.

[25] Rezagholizadeh F, Djafarian K, Khosravi S, Shab-Bidar S. A poste-
riori healthy dietary patterns may decrease the risk of central
obesity: findings from a systematic review and meta-analysis.
Nutr Res 2017;41:1e13. https://doi.org/10.1016/j.nutres.2017.01.
006.

[26] Livingstone KM, Sexton-Dhamu MJ, Pendergast FJ, Worsley A,
Brayner B, McNaughton SA. Energy-dense dietary patterns high in
free sugars and saturated fat and associations with obesity in
young adults. Eur J Nutr 2022;61(3):1595e607. https://doi.org/10.
1007/s00394-021-02758-y.

Dietary patterns and metabolic syndrome 689



[27] Bakke Å, Cooper JG, Thue G, Skeie S, Carlsen S, Dalen I, et al. Type 2
diabetes in general practice in Norway 2005-2014: moderate
improvements in risk factor control but still major gaps in
complication screening. BMJ Open Diabetes Res Care 2017;5(1):
e000459. https://doi.org/10.1136/bmjdrc-2017-000459.

[28] Ramyaa R, Hosseini O, Krishnan GP, Krishnan S. Phenotyping
women based on dietary macronutrients, physical activity, and
body weight using machine learning tools. Nutrients 2019;11(7):
1681. https://doi.org/10.3390/nu11071681.

[29] Gorst-Rasmussen A, Dahm CC, Dethlefsen C, Scheike T,
Overvad K. Exploring dietary patterns by using the treelet trans-
form. Am J Epidemiol 2011;173(10):1097e104. https://doi.org/10.
1093/aje/kwr060.

[30] Schoenaker DAJM, Dobson AJ, Soedamah-Muthu SS, Mishra GD.
Factor analysis is more appropriate to identify overall

dietary patterns associated with diabetes when compared with
treelet transform analysis. J Nutr 2013;143(3):392e8. https:
//doi.org/10.3945/jn.112.169011.

[31] Assi N, Moskal A, Slimani N, Viallon V, Chajes V, Freisling H, et al. A
treelet transform analysis to relate nutrient patterns to the
risk of hormonal receptor-defined breast cancer in the
European Prospective Investigation into Cancer and Nutrition
(EPIC). Publ Health Nutr 2016;19(2):242e54. https://doi.org/10.
1017/S1368980015000294.

[32] Schulze MB, Hoffmann K, Kroke A, Boeing H. Risk of hypertension
among women in the EPIC-potsdam study: comparison of relative
risk estimates for exploratory and hypothesis-oriented dietary
patterns. Am J Epidemiol 2003;158(4):365e73. https://doi.org/10.
1093/aje/kwg156.

690 Å.M. Moe et al.



S1 Supplementary material

S1.1 Flowchart for all participants

21,083
participated
in Tromsø7

5,931 excluded
not answering

FFQ
15,139

answered
FFQ

11,652
answered more

than 90% of FFQ

10,822 
less extreme report

of TEI and TWI

10,750 included
 in analysis

11,219

3,487 excluded
answering less

than 90% of the 
FFQ

397 excluded
extreme TEI or

TWI

433 excluded
missing weight,

height,
education level, 

PAL or 
smoking status 

72 excluded
missing information

of at least on 
risk factor for 

MetS

 13 excluded
not consent 
to research 21,070

consent to 
research 

Figure S1: Flowchart illustrating exclusion of participants due to not giving consent to research, not answering
the food frequency questionnaire (FFQ), having unrealistic total energy intake (TEI) or total water intake
(TWI). Also, participants not answering questions on weight, height, educational level, physical activity level
(PAL), smoking status or at least of of the components of Metabolic syndrome (MetS) were excluded.
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S1.2 Estimating associations between diet scores and the components of MetS

This section presents the full results fitting the main logistic regression model (M3), assessing associations
between the dietary patterns found by hierarchical clustering and the components of MetS. Each response
variable is modelled as a linear function of diet scores, adjusted for the linear effects of age, educational level,
physical activity level, smoking status and alcohol consumption:

Response ∼ Age + Education + Diet scores + Physical activity + Smoking + Alcohol

The response variables include insulin resistance, hypertension, elevated waist circumference, elevated levels
of triglycerides and low HDL-cholesterol (Table S1 - S5).

Table S1: Odds ratios (OR) with confidence intervals (CI) in explaining insulin resistance for women and
men.

Women Men
Covariates OR 99% CI OR 99% CI
Dietary patterns:

Meat and Sweets 1.11 (0.97, 1.27) 1.01 (0.87, 1.18)
Plant-based- and Tea 1.01 (0.89, 1.14) 1.04 (0.88, 1.22)
Traditional 0.93 (0.81, 1.07) 0.95 (0.84, 1.09)

Age 1.06 (1.05, 1.08) 1.06 (1.05, 1.07)
Educational level:

Primary/partly secondary 1 1
Upper secondary 0.76 (0.55, 1.04) 0.91 (0.68, 1.23)
Short tertiary 0.66 (0.45, 0.97) 0.85 (0.61, 1.17)
Long tertiary 0.55 (0.39, 0.79) 0.59 (0.41, 0.83)

Physical activity level:
Sedentary 1 1
Light 0.72 (0.53, 1.00) 0.59 (0.44, 0.80)
High 0.46 (0.30, 0.72) 0.41 (0.29, 0.58)

Smoking status:
Non-smoker 1 1
Current smoker 1.42 (1.02, 1.96) 1.31 (0.93, 1.82)

Alcohol 0.82 (0.73, 0.92) 0.96 (0.90, 1.01)
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Table S2: Odds ratios (OR) with confidence intervals (CI) explaining hypertension for women and men.

Women Men
Covariates OR 99% CI OR 99% CI
Dietary patterns:

Meat and Sweets 1.04 (0.95, 1.13) 1.04 (0.94, 1.15)
Plant-based- and Tea 0.91 (0.84, 0.99) 0.93 (0.82, 1.05)
Traditional 1.02 (0.93, 1.12) 0.98 (0.89, 1.08)

Age 1.10 (1.09, 1.11) 1.07 (1.06, 1.08)
Educational level:

Primary/partly secondary 1 1
Upper secondary 0.89 (0.70, 1.13) 0.90 (0.70, 1.15)
Short tertiary 0.68 (0.52, 0.88) 0.81 (0.63, 1.05)
Long tertiary 0.62 (0.49, 0.78) 0.69 (0.53, 0.88)

Physical activity level:
Sedentary 1 1
Light 0.66 (0.51, 0.84) 0.98 (0.76, 1.25)
High 0.51 (0.38, 0.68) 0.90 (0.69, 1.17)

Smoking status:
Non-smoker 1 1
Current smoker 0.72 (0.57, 0.90) 0.74 (0.57, 0.95)

Alcohol 1.04 (0.98, 1.09) 1.06 (1.02, 1.10)

Table S3: Odds ratios (OR) with confidence intervals (CI) explaining elevated waist circumference for women
and men.

Women Men
Covariates OR 99% CI OR 99% CI
Dietary patterns:

Meat and Sweets 1.25 (1.15, 1.36) 1.34 (1.21, 1.48)
Plant-based- and Tea 0.92 (0.86, 1.00) 1.02 (0.90, 1.15)
Traditional 1.07 (0.99, 1.17) 1.06 (0.96, 1.16)

Age 1.03 (1.02, 1.03) 1.02 (1.01, 1.03)
Educational level:

Primary/partly secondary 1 1
Upper secondary 1.06 (0.85, 1.33) 0.95 (0.76, 1.19)
Short tertiary 0.79 (0.62, 1.01) 0.91 (0.71, 1.15)
Long tertiary 0.62 (0.50, 0.77) 0.55 (0.43, 0.70)

Physical activity level:
Sedentary 1 1
Light 0.54 (0.43, 0.69) 0.45 (0.35, 0.57)
High 0.30 (0.23, 0.39) 0.25 (0.19, 0.33)

Smoking status:
Non-smoker 1 1
Current smoker 0.79 (0.64, 0.99) 0.66 (0.51, 0.85)

Alcohol 0.99 (0.94, 1.04) 1.06 (1.03, 1.10)
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Table S4: Odds ratios (OR) with confidence intervals (CI) explaining elevated triglycerides for women and
men.

Women Men
Covariates OR 99% CI OR 99% CI
Dietary patterns:

Meat and Sweets 1.06 (0.97, 1.17) 1.03 (0.94, 1.14)
Plant-based- and Tea 0.93 (0.85, 1.01) 0.87 (0.77, 0.98)
Traditional 0.91 (0.82, 1.00) 0.90 (0.82, 0.99)

Age 1.02 (1.01, 1.03) 0.98 (0.97, 0.98)
Educational level:

Primary/partly secondary 1 1
Upper secondary 0.94 (0.75, 1.20) 1.04 (0.83, 1.31)
Short tertiary 0.71 (0.54, 0.93) 1.08 (0.85, 1.37)
Long tertiary 0.58 (0.45, 0.74) 0.82 (0.65, 1.04)

Physical activity level:
Sedentary 1 1
Light 0.70 (0.55, 0.89) 0.81 (0.64, 1.02)
High 0.40 (0.29, 0.54) 0.49 (0.38, 0.64)

Smoking status:
Non-smoker 1 1
Current smoker 1.50 (1.19, 1.88) 1.08 (0.85, 1.38)

Alcohol 0.94 (0.88, 1.00) 1.01 (0.98, 1.05)

Table S5: Odds ratios (OR) with confidence intervals (CI) explaining low HDL-cholesterol for women and
men.

Women Men
Covariates OR 99% CI OR 99% CI
Dietary patterns:

Meat and Sweets 1.10 (1.00, 1.21) 1.08 (0.95, 1.21)
Plant-based- and Tea 0.95 (0.87, 1.04) 1.03 (0.88, 1.19)
Traditional 1.00 (0.90, 1.11) 0.92 (0.82, 1.04)

Age 0.98 (0.97, 0.99) 0.98 (0.97, 0.99)
Educational level:

Primary/partly secondary 1 1
Upper secondary 0.83 (0.64, 1.07) 1.07 (0.81, 1.41)
Short tertiary 0.55 (0.41, 0.74) 1.00 (0.74, 1.35)
Long tertiary 0.55 (0.42, 0.72) 0.65 (0.48, 0.89)

Physical activity level:
Sedentary 1 1
Light 0.61 (0.48, 0.78) 0.63 (0.48, 0.82)
High 0.33 (0.24, 0.45) 0.35 (0.26, 0.48)

Smoking status:
Non-smoker 1 1
Current smoker 1.42 (1.12, 1.81) 1.21 (0.90, 1.61)

Alcohol 0.81 (0.74, 0.88) 0.87 (0.82, 0.92)
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S1.3 Correlations between dietary patterns found by different methods

Table S6: Correlation matrix between dietary pattern found by hierarchical clustering (HC1 - HC3), factor
analysis (FA1 - FA4) and the treelet transform (TT1 - TT4). The patterns HC1 - HC3 denote the previously
found diet groups in [1], representing the Meat and Sweets diet, the Plant-based- and Tea diet and the
Traditional diet.

HC1 HC2 HC3 PCA1 PCA2 PCA3 PCA4 TT1 TT2 TT3 TT4
HC1 1 -0.15 -0.31 0.87 -0.12 -0.05 0.01 0.77 -0.13 0.17 -0.06
HC2 1 -0.25 -0.07 0.81 0.21 -0.05 -0.11 0.89 -0.06 -0.11
HC3 1 -0.49 -0.35 -0.17 0.37 -0.26 -0.23 0.06 0.44
PCA1 1 0.06 -0.13 -0.11 0.87 -0.04 -0.01 -0.22
PCA2 1 -0.03 0.01 -0.03 0.85 -0.19 -0.13
PCA3 1 0.05 -0.24 0.17 0.72 -0.06
PCA4 1 -0.23 0.08 0.07 0.87
TT1 1 -0.09 -0.13 -0.23
TT2 1 -0.07 -0.04
TT3 1 -0.04
TT4 1
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S1.4 Predictive power using categorised diet scores

Table S7: AUC values predicting MetS and its components including the covariates age, educational level and
categorised (quartiles) diet scores (M2) and adding lifestyle variables (M3). The methods include hierarchical
clustering (HC), factor analysis (FA) and the treelet transform (TT).

AUC
Response Sex M2/M3 HC FA TT
MetS Women M2: 0.650 0.654 0.649

M3: 0.678 0.682 0.680
Men M2: 0.593 0.612 0.596

M3: 0.635 0.645 0.635

Insulin Women M2: 0.705 0.709 0.710
resistance M3: 0.718 0.723 0.724

Men M2: 0.686 0.692 0.690
M3: 0.701 0.706 0.704

Hypertension Women M2: 0.763 0.763 0.762
M3: 0.766 0.766 0.765

Men M2: 0.686 0.688 0.684
M3: 0.688 0.689 0.686

Elevated waist Women M2: 0.625 0.634 0.625
circumference M3: 0.652 0.661 0.655

Men M2: 0.601 0.631 0.605
M3: 0.657 0.675 0.662

Elevated Women M2: 0.602 0.607 0.602
triglycerides M3: 0.632 0.634 0.632

Men M2: 0.594 0.596 0.590
M3: 0.620 0.620 0.617

Low Women M2: 0.611 0.609 0.598
HDL cholesterol M3: 0.650 0.651 0.646

Men M2: 0.576 0.574 0.573
M3: 0.643 0.639 0.639
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S1.5 Results adjusting for body mass index (BMI)

According to a recent review [2], about half of the studies on diet and MetS included BMI as a confounder in
the analysis. One problem is that BMI is highly correlated with elevated waist circumference which is one of
the defining components of MetS, here used as a response variable. In our material this correlation is about
0.9. Due to this similarity with one of the response variables, we have chosen to report results adjusting for
BMI separately in this supplement.

This section includes estimation of associations and predictive power when the models are adjusted for
BMI. This implies that we run logistic regression models expressed by

Response ∼ Age + Education + Diet scores + Physical activity + Smoking + Alcohol + BMI

where the response denotes MetS or one of its five components. Similarily, we have included BMI as an
explanatory variable using the random forest algorithm.

S1.5.1 Estimation of associations including BMI

Adjusting for BMI, the positive association between the Meat and Sweets diet score and MetS was no
longer significant, giving an odds ratio of 0.97 for women and 1.05 for men (Table S8, see Table 3 for
comparison). The positive association between the Meat and Sweets diet and elevated waist circumference
remained significant for men, but reducing the odds ratio from 1.34 to 1.25. For women, the odds ratio
decreased from 1.25 to 1.05, giving a non-significant association. A possible interpretation of these results is
that BMI acts as a mediator, fully or partially mediating the effects of diet scores on MetS and its components.

Adjusting for BMI, a higher intake of the Plant-based- and Tea diet was still associated with decreased
odds of elevated triglycerides in men. In addition, a higher intake of the Traditional diet was associated with
decreased odds of MetS for both women (OR = 0.88) and men (OR = 0.84).

Table S8: Odds ratios (OR) with confidence intervals (CI) for MetS and its five components, based on intake
scores for the Meat and Sweets diet (HC1), the Plant-based- and Tea diet (HC2) and the Traditional diet
(HC3). Abbreviations: Waist circumference (WC), Triglycerides (TG), HDL cholesterol (HDL-C).

HC1 HC2 HC3
Response Sex OR 99% CI OR 99% CI OR 99% CI
MetS Women 0.97 (0.87, 1.08) 0.92 (0.82, 1.02) 0.88 (0.79, 0.98)

Men 1.05 (0.93, 1.18) 0.98 (0.84, 1.13) 0.84 (0.75, 0.94)
Insulin Women 1.03 (0.89, 1.19) 1.03 (0.90, 1.17) 0.91 (0.79, 1.05)
resistance Men 0.95 (0.82, 1.11) 1.05 (0.88, 1.24) 0.93 (0.81, 1.06)
Hypertension Women 0.97 (0.88, 1.06) 0.92 (0.84, 1.00) 1.00 (0.91, 1.10)

Men 0.97 (0.87, 1.08) 0.92 (0.82, 1.05) 0.96 (0.87, 1.06)
Elevated Women 1.05 (0.93, 1.19) 0.88 (0.79, 0.99) 0.96 (0.85, 1.09)
WC Men 1.25 (1.07, 1.45) 1.04 (0.87, 1.24) 1.02 (0.88, 1.18)
Elevated Women 0.98 (0.88, 1.08) 0.94 (0.85, 1.03) 0.87 (0.79, 0.97)
TG Men 0.97 (0.88, 1.07) 0.86 (0.76, 0.97) 0.88 (0.79, 0.97)
Low Women 1.00 (0.91, 1.11) 0.96 (0.87, 1.06) 0.97 (0.87, 1.08)
HDL-C Men 1.01 (0.89, 1.14) 1.03 (0.88, 1.20) 0.89 (0.79, 1.00)
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S1.5.2 Predictive power including BMI

To investigate the predictive power of the models adjusted for BMI, these were fitted and run for the same 100
training and test sets as before. Inclusion of BMI as a confounder naturally increased the predictive power in
all cases (Table S9, see Table 5 for comparison). Specifically, the overall average AUC value across methods,
response variables and gender, increased from 0.67 using M3, to 0.78 when BMI was included. Unsurprisingly,
the highest power was seen in predicting elevated waist circumference in which the overall average AUC value
increased from about 0.67 to 0.93, implying almost perfect classification. Inclusion of BMI was also seen to
clearly increase the overall average AUC value in predicting MetS, giving a power of approximately 0.82. For
the other components, the average absolute increase in AUC including BMI was approximately 0.05 (insulin
resistance), 0.03 (hypertension), and 0.08 (elevated triglycerides and low HDL-cholesterol).

Table S9: AUC values predicting MetS and its components including the covariates age, educational level,
diet scores, lifestyle variables and BMI. The methods include hierarchical clustering (HC), factor analysis
(FA), the treelet transform (TT) and random forest (RF).

AUC
Response Sex HC FA TT RF
MetS Women 0.818 0.819 0.817 0.813

Men 0.826 0.826 0.825 0.817
Insulin resistance Women 0.775 0.774 0.774 0.741

Men 0.751 0.748 0.750 0.734
Hypertension Women 0.789 0.789 0.788 0.772

Men 0.732 0.731 0.731 0.716
Elevated waist circumference Women 0.931 0.930 0.930 0.921

Men 0.941 0.941 0.941 0.928
Elevated triglycerides Women 0.724 0.725 0.724 0.718

Men 0.694 0.692 0.692 0.684
Low HDL cholesterol Women 0.738 0.738 0.738 0.718

Men 0.713 0.715 0.714 0.693
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