UiO ¢ Universitetet i Oslo

Use of machine learning to identify
participants in need of colonoscopy
In a FIT-positive screening
population using diet, lifestyle and
demographic information

A cooperation between the University of
Oslo and the Cancer Registry of Norway

Master's Thesis by
Emilie Syse Jalland

Department of Nutrition

Faculty of Medicine
University of Oslo

May 2022






Use of machine learning to identify
participants in need of colonoscopy in a
FIT-positive screening population using diet,
lifestyle and demographic information

By Emilie Syse Jalland

Supervisors:
Anette Hjartaker
Einar Birkeland

Ane Sarlie Kvarner

A cooperation between the Cancer Registry of Norway and
the University of Oslo

Department of Nutrition, Faculty of Medicine
UNIVERSITY OF OSLO

May 2022



© Emilie Syse Jalland

2022

Use of machine learning to identify participants in need of colonoscopy in a FIT-positive

screening population using diet, lifestyle and demographic information

http://www.duo.uio.no

Print production: Reprosentralen, University of Oslo


http://www.duo.uio.no/

Acknowledgements

This master thesis was written at the Department of Nutrition, Faculty of Medicine,
University of Oslo, between August 2021 and May 2022. The thesis has been done in
collaboration with the Cancer Registry of Norway and have contributed to innovative

nutrition epidemiological research.

I would like to firstly extend gratitude to three unique supervisors: Einar Anette, and Ane -
this thesis would not have been the same without your invaluable help! | am grateful for your
close participation, follow-up and constructive feedback throughout the year. Einar, thank you
for your patience, knowledge and ability to explain machine learning in a clarifying manner.
You have given me insight into the world of programming — an exciting world that few
nutrition students take part in. Anette, thank you for sharing your extensive experience and
knowledge of nutrition and cancer. | am grateful that you took over the baton after Ane; it has
been an honour to have such a renowned professor as supervisor of this master’s thesis. Ane,
thank you for being an ongoing motivational driver for this thesis. In the months of your

participation, you had an invaluable presence and you are a KEF that | look up to.

Further, I must thank the people in the CRCbiome research group and Markus Knudsen, for
discussion and advice during this period. Anne-Marte Wetting at the Department of Nutrition,
thank you for helping me understand the structure of KBS and the subsequent dietary
variables. Further on, | am appreciative to Pal Aam who on several occasions has read

through and given me feedback on the thesies; this has been to great help.

I am grateful for my family, friends and Erlend for endless support during these five years of
study. Thank you for cheering me on through ups and downs, it has meant a lot to me. And to

all my fellow class mates — we finally made it, congratulations!



Abstract

Background: Fecal Immunochemical Test (FIT) is a widely used colorectal cancer (CRC)
screening method, which will be used in the new national colorectal cancer screening in
Norway. FIT has shown to reduce both CRC incidence and mortality. Nevertheless, the test
sensitivity and specificity is suboptimal, resulting in undetected cases (suboptimal sensitivity)
and unnecessary references to colonoscopy (suboptimal specificity). Diet and lifestyle are
important risk factors for CRC. Incorporation of a risk prediction models, created with risk
factors, in the screening setting can contribute to a more accurate screening offer. Objectives:
To create a risk stratification algorithm using Random Forest to predict participants with the
need of colonoscopy in a FIT-positive population. Specifically, we wanted to investigate the
difference when using dietary, lifestyle demographic and FIT data in the algorithm compared
to using dietary data. Participants and method: In this master’s thesis, 1476 FIT-positive
participants from the CRCbiome study were included. The machine learning algorithm was
created with the use of Random Forest and each prediction tree was built on a bootstrapped
dataset. We used an 80/20 split, where 1183 participants were used to train the model, and the
best models were then evaluated in the test dataset including 293 participants. We created
four different datasets with input variables obtained from self-reported questionnaires (a
validated food frequency questionnaire and a lifestyle and demographic questionnaire), as
well as the screening database (the FIT value). Diagnostic information from a follow-up
colonoscopy formed the basis for the outcome classification, and participants were allocated
into “true negatives” and “critical to find”. Outcome classification was done in four different
ways. Results: The best performing model included 11 dietary variables known to have an
impact on CRC risk, 7 lifestyle and demographic risk variables and the result of the FIT test.
This model was created within a cohort only including participants with advanced adenoma or
CRC and participants without adenoma or other lesions. The model showed an area under the
receiver operating characteristic curve (AUROC) of 0.64 and 0.59 in the training dataset and
the test dataset, respectively. Further, a model only including the CRC relevant dietary
variables trained within the same cohort gave an AUROC of 0.61 in the training dataset and
0.59 in the test dataset. Conclusion: None of the models were able to give a satisfying
prediction of who among the screening participants were in need of a colonoscopy. However,
our results highlight the potential added benefit of including dietary variables in CRC

prediction models.
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1 Introduction

1.1 Colorectal cancer

1.1.1 Incidence, mortality and survival rates

In 2020, colorectal cancer (CRC) was the third most diagnosed type of cancer in the world,
responsible for 10 % of all cancers (1). Moreover, nearly 1 million people died from CRC the
same year, making it the second most deadly cancer worldwide (1). Norway is one of the
countries with the highest incidence rates (1, 2), with CRC as the second most diagnosed
cancer across sex (3). The number of cases per 100 000 people was 51 and 54 for colon
cancer, and 18 and 21 for rectal cancer, for women and men, respectively (3). Norwegians
developing CRC are mostly diagnosed with CRC between the age of 60 and 84 years (3).
However, there has been an increase in CRC incidence among adults under the age of 50
years in some high income-countries (2). Despite an increasing incidence of CRC in Norway,
more people survive the diagnosis than before (3). Five-year survival rate for colon cancer is
69 % for men and 71 % for women, and for rectal cancer the rate is 71 % and 72 % for men

and women, respectively (3).

1.1.2 Pathology of colorectal cancer

CRC refers to cancer in the colon or in the rectum. The growth of a colorectal tumour takes
several years (4). The development of CRC can be divided into non-advanced adenoma,
advanced adenomas/serrated lesions, and CRC. Advanced adenomas have a size larger than
10 mm, a villous structure, or a high-grade dysplasia; this make them more prone to develop

into a cancer (5).

The initiation of carcinogenesis is often caused by alteration in two to eight “driver genes”.
Driver genes are important in signalling pathways that regulate genome maintenance, cell fate
and cell survival. Hence, alteration in these genes enables favourable cell growth to the cell in
which it occurs (6). The cells proliferate and this leads to abnormal growth, a neoplasm (7).
As the neoplasm develops progressively into a benign tumour, which may transform into a
malign tumour with metastatic potential, the cells accumulate more mutations (7). These
genetic alterations include gain of function defects in some oncogenes and loss of function

defects in some tumour suppressor genes (8). The biological capabilities a normal cell



acquires when developing into a cancer cell has been described by Hanahan and Weinberg
(9). These biological capabilities, or hallmarks, include sustaining proliferative signalling,
evading growth suppressors, resisting cell death, including angiogenesis, enabling replicative
immortality and activation of invasion and metastasis (9). A metastatic tumour has migrated
from the organ of origin to another, through lymph or blood vessels. In a new tissue the
tumour cells may settle and potentially form a tumour (9). The most common metastatic site
for CRC is in the liver, accompanied by bone and lung tissue (7). It is not easy to estimate the
duration of each phase of tumour development and metastasis, in general it takes decades, and

it varies between different tumour types (7).

There are three main global epigenetic and genetic abnormalities in colorectal carcinogenesis.
The first aberration is chromosomal instability (CIN), which is characterized by abnormalities
in chromosomal copy number, for instance resulting in aneuploidy or polyploidy, and in the
chromosomal structure. These error commonly occur during mitosis due to defects
centrosome number and in mitotic checkpoint proteins (7). The second aberration is CpG
island methylator phenotype (CIMP). A type of ocular epigenetic modification that has
occurred in repetitive CG dinucleotides in the promoter region of tumour suppressor genes,
causing silencing of gene expression. The definition of CIMP varies greatly and the
underlying cause is not entirely clear (7). Microsatellite instability (MSI) is the third major
aberration, defined as changes in the length of short nucleotide tandem repeats in DNA
sequences, microsatellites. MSI is probably caused by gene silencing due to promotor hyper

methylation, resulting in loss of function in DNA mismatch repair genes (7).

Approximately 60-65 % of all incident cancers arise sporadically; these are tumours that
occur in individuals without any inherited genetic mutation that increases the risk or with
family history of CRC (7). There are two precursor subtypes responsible for most of these
CRCs, the adenomatous polyps (adenomas) and the serrated polyps (7). Adenomas are the
result of CIN and are a part of the adenoma-carcinoma pathway. This pathway is considered
the traditional pathway (10) and is estimated to be responsible for 80-95 % of all sporadic
CRCs (7). Serrated polyps are estimated to be responsible for 10-15 % of all sporadic CRC
(7) and is a group of diverse lesions. This type of polyp belongs to the serrated neoplasia
pathway, characterised by CIMP (10). In addition, a carcinogenic pathway driven by chronic
bowel inflammation has been proposed (11). A cohort analysis by Jess et al. estimated a



nearly two and a half as high chance of CRC in people with inflammatory bowel disease
compared to the general population (12). However, this inflammatory pathway is responsible
for less than two percent of all cancer incidents (7). Family history is present in 25 % of all
cancer cases, however, only 5 % are attributed to hereditary cancer syndromes such as
Familial adenomatous polyposis or hereditary nonpolyposis colorectal cancer (Lynch

syndrome) (7).

The anatomic site of the tumour or polyp presents a way to classify CRC subtypes into
different groups. It is common to separate the intestine into three segments: the proximal
colon (the right side), the distal colon (left side) and rectum (7). It is suggested that tumours at
different locations in the large intestine have different aetiology (7, 13) and are affected
differently by risk factors (13, 14). The explanation to this may be different response and
exposures to environmental factors between proximal and distal colon, due to different
embryological origin as well as postnatal changes in the mucosa (15). Studies exanimating the
heterogeneity in risk factors and anatomical subside are inconclusive (13, 16). The European
Investigating into cancer and Nutrition study (EPIC) found an inverse relation between
physical activity and proximal and distal cancer, but not for cancer in the rectum (13).
Further, current smokers were found to have an increased risk on proximal colon and rectal
cancer, but not distal colon cancer (13) . A prospective cohort study by Wei et al. found a
significant association between consumption of red meat, processed meat, folate and alcohol
with colon cancer, but not with rectal cancer (16). Women have a higher prevalence of
tumours in the proximal colon compared to men who have a higher prevalence of cancer in
the distal colon (7). The serrated neoplasia pathway is more often the cause of a tumour found
in the proximal colon whereas the adenoma-carcinoma pathway is more likely to be the cause
of a tumour found in the distal colon (7, 17). Tumours found, at an advanced stage, in the
right side of the colon are associated with an overall worse prognosis compared to tumours in

later stages found at the left side (17).

1.2 Risk factors for colorectal cancer

CRC is a multifactorial disease with many identified risk factors, both modifiable and non-
modifiable (10, 18). Many of the modifiable risk factors are related to our way of living, and
influence the risk of developing the disease dramatically. It is estimated that nearly half of all

CRC cases could have been prevented with a healthier lifestyle (19). Many of the



demographic and medical related risk factors, such as age and family history of CRC are
among the non-modifiable risk factors. These are more determinant risk factors, which are
difficult to influence (18).

1.2.1 Demographic and medical risk factors

Some of the personal medical history influencing the risk of CRC is sex and age. In Norway,
which is a high-incidence country, the cumulative risk for developing CRC before the age of
75 years is 5 % for the general population (10, 20) . Increasing age is a risk factor; hence,
most people receive the diagnosis after the age of 50 years (3, 7). Sex also influences the risk
of developing the disease, in total more men than women are diagnosed with CRC both in
Norway and worldwide (3, 10). Other medical conditions strongly related to CRC risk is
Inflammatory Bowel Disease (21), Diabetes Mellitus (22) and previous history of cancer or
adenomas of the intestine (23). People with one or more first-degree relatives diagnosed with
CRC and people with hereditary cancer syndromes have a higher risk (10, 18). A meta-
analysis including 16 studies found a nearly double risk of CRC in participants with first
degree relatives diagnosed with CRC compared to those without family history (21). The
incidence of various types of cancer is often reflected by socioeconomic status (SES) (e.g.
education, income or occupation), both at an individual and a geographic level (24). A body
of research has investigated the relationship between SES and CRC, however the results are
inconsistent for different countries and ways to measure SES (24-26). A review by Arts et al.
found a higher incidence of CRC among screening participants with high SES in Europa,
South Korea and Australia (26). However, Lynge et al. found that the distribution among
different socioeconomic classes in Norway has changed over time and that all socioeconomic

groups now contribute to the increase in colon cancer incidence (27).

1.2.2 Lifestyle risk factors

World Cancer Research Fund (WCRF) and American Institute of cancer research (AICR)
regularly publish a report with the latest research and findings regarding the relationship
between lifestyle factors and CRC (19). The aim is to help people make informed choices and
avert development of preventable cancers. The latest report from 2017 established strong
evidence for physical activity reducing the risk of colon cancer (19). In fact, it is one of the
few cancers where absence of physical activity is an established risk factor (28). It is thought



that physical activities reduce the risk of CRC by having a favourable effect on the immune

system, metabolic hormones, inflammation and motility in the gut (29).

Further in the report, convincing evidence was obtained for a decreased risk of CRC with
regular consumption of wholegrain, dietary fiber, dairy products, and calcium supplement
(19). Contrariwise, regular intake of red and processed meat, as well as more than one
alcoholic beverage a day was strongly associated with increased risk of CRC (19). The report
suggested that regular consumption of vitamin D, foods with vitamin C and regular
implementation of fish in the diet might have a protective effect (19). This was suggested for
the use of multivitamins as well; however, the different combinations of ingredients in the
supplements made it difficult to detect the active ingredient (19). Other dietary habits
increasing the risk was low consumption of fruits and vegetables, as well as high consumption

of foods with haem-iron (19).

Other lifestyle factors related to increased risk is overweight and obesity (30). Especially the
abdominal visceral fat of people with excessive body mass are of greater concern and are
shown to increases the risk (30). The adipocytes are thought to cause low grade inflammation
(31, 32) and high insulin concentration (33-35) which contributes to CRC development.
Smoking has also shown to be an important lifestyle factor that increases the risk of CRC
(36). In a meta-analysis the relationship between smoking and CRC, smoking increased the
risk of with 15-20 % (36).

Nonetheless, these risk factors are associated with overall CRC, but there is a difference in
how strong the association between risk factors and the different types of lesions is (37). He
et al. found that adenomas are more associated with dietary factors compared to serrated
polyps, which has shown a stronger link to alcohol intake, smoking and BMI than adenomas
(37).

1.3 Screening for colorectal cancer

In the literature, randomized clinical trials have shown that CRC screening reduces incidence
(38-41) and mortality (38-45). Some regard screening as the most powerful tool to reduce
incidence and mortality of CRC due to the major difficulties when trying to implement

prevention strategies or changing people’s way of living (46). With screening it is possible to
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detect asymptomatic cancer early in the carcinogenic process and remove precursor lesions
and thus prevent disease development (47). Survival of CRC is strongly related to stage at the

time of diagnosis (3).

As of today, several different screening techniques are in use. Some methods are more
invasive such as colonoscopy and flexible sigmoidoscopy. These methods, along with
computed tomography colonography, allows direct visualization of the colon and the rectum
(46). Colonoscopy is regarded as the gold standard method (48). However, colonoscopy is
seldom used as a primary screening tool. Rather it is used as a second-step approach in
screening programs for diagnostic classification after a positive test result from another less

invasive screening method has been detected (48).

Both FIT and the guaiac-based fecal occult blood test (QFOBT) are inexpensive and non-
invasive screening methods designed to detect blood in feces. The gFOBT is based upon the
oxidation of guaiac by hydrogen peroxide. Therefore, dietary and medical restrictions are
often needed prior to testing. In addition, to enhance the diagnostic accuracy, it is
recommended to collect three stool samples at each screening round (46). In contrast to the
gFOBT, the FIT test uses antibodies to detect human haemoglobin in stool and as a
consequence no dietary restrictions are needed. In addition, only one stool sample is required
at each screening round (46). Because of these advantages and the fact that the FIT test has
been shown to have higher sensitivity for detection of adenomas and CRC compared to the

gFOBT, FIT is the preferred stool test in screening (47).

Although FIT is widely used, it is suboptimal — both regarding sensitivity and specificity (46).
Studies have shown great differences in diagnostic performance when it comes to type,
location and severity of the neoplastic lesion (49), but also age (50) and sex (50, 51). Since
the test does not have optimal sensitivity and specificity, some neoplasms are missed while
some individuals are unnecessarily referred to colonoscopy (46). Even though colonoscopy is
performed by skilled professionals, with high quality equipment, adverse events such as
bleeding, perforation and pain can occur (47, 52). Results from a large meta-analysis has
shown a greater incidence of perforation in colonoscopies following a positive FIT test
compared with colonoscopies in average risk populations (53). Further, colonoscopy is a
costly procedure and burdensome, hence the resource is limited and should only be



considered for people with the need of the examination (46, 54). There are also concerns
about the limited capacity of the FIT to detect all precancerous lesions, following a missed

opportunity to prevent cancer by removing these lesions (49).

1.4 Risk prediction models

During the past decades, in response to the growing incidence of CRC, development of risk
models with potential to stratify participants into risk categories have been developed (55).
These models offer the potential of improving the effectiveness of screening by personalizing
the programs (55). Numerous risk factors in various combinations have been used to predict
colorectal neoplasia (advanced adenoma or CRC) in average risk populations (55-59).
Prediction models have been created with anything from two (60) to 15 variables (55, 61).
Most prediction models use easy to collect lifestyle and demographic variables, such as sex,
age and family history of CRC (58). However, some also include information from clinical
tests and laboratory analyses. Usher-smith et al. conducted a systematic review where 52 risk
models were compared, including in total 87 different predictor variables in different
combinations, ranging from personal characteristics to diet and lifestyle factors, drug use,
biomarkers and results from other screening tests (55). Other have also investigated the
potential utility of genetic factors alone and in combination with other more commonly used
variables (62).

There are some studies that examine the use of risk variables in combination with the FIT
result in prediction models (63-71). These models are designed to be used in screening
referral decisions (63-71). Stegeman et al. created a prediction model in which the result of
the FIT test, along with sex, age, BMI, smoking status, calcium intake, NSAIDs and family
history of CRC were used. Using this model, they were able to identify five more individuals
with advanced neoplasia if 120 underwent colonoscopy, compared with FIT alone (63). A risk
prediction model by Li et al. combined personalized characteristics such as diarrhea,
constipation and bleeding, all potential symptoms of CRC, with the FIT result. The model
was found to be better to predict people with advanced neoplasia compared to the FIT test
alone (71). Tao et al. investigated the use of four blood based inflammatory markers against
and in combination with the FIT test result, which did not yield an improved detection of
neither advanced adenoma nor CRC (65). However, only three of the studies include FIT-

positive participants only (66, 68, 69). A Danish cross-sectional study among FIT-positive



participants, created a prediction model based on age, sex and the result of the FIT test to
predict advanced neoplasia and CRC. The model was validated and showed an area under the
receiver operating characteristic curve (AUROC) of 0.67 and 0.74 for prediction of advanced
neoplasia and CRC, respectively (69). The same positive results have been seen in a Spanish

study when combining sex, age and FIT result (66).

1.5 Machine learning

Machine learning (ML) is a branch of artificial intelligence. In ML, algorithms are used to
discover patterns in data with limited human input or programming (72-74). Datasets may
include a high number of variables as well as a multitude of observations, and it is often less
structured. Consequently, it may be difficult to handle for some traditional statistical methods
(74). ML algorithms are often classified based on the type of approach used: supervised
learning or unsupervised learning (73, 74). In supervised learning, the aim is to build a model
for prediction based on a known target or output. This is in contrast to unsupervised learning,
which is used to identify patterns in the data without consideration of any outcome variables.
Supervised learning can further be divided into regression or classification models depending
on the type of output variable. If the model aims to predict a continuous output variable it is
referred to as a regression model, whereas classification models indicate prediction of a
categorical output variable (75). In this master’s thesis a supervised classification model is

used.

ML is becoming increasingly more common in medical and epidemiological research as it
provides new tools to handle problems that are difficult to solve with traditional statistics
(75). However, there are few studies within nutritional epidemiology who utilize this
approach even though it may be beneficial (74). Some studies have used machine learning to
investigate the relationship between diet and cardio metabolic risk (76-80). For instance, a
study by Rigdon et al. found that the inclusion of multilevel dietary data in a ML model,
improved cardiovascular risk prediction (76). Another study, on pregnant women, used
machine learning to explore the relationship between fruit and vegetable consumption and
adverse pregnancy outcomes (81). Further, with inclusion of data on dietary habits,
anthropometry, physical activity, blood parameters and gut microbiota, Zeevi et al. created a
prediction algorithm that correctly predicted personal postprandial glycemic response after

meals (82). Others have used classification algorithms to predict obesity, hypertension,



dyslipidemia and type 2 diabetes mellitus (83). There are to our knowledge only a few studies

investigating the relation between dietary information and CRC using this approach (84-86).

Although the opportunities are there, few studies as of now are using ML to predict CRC or
its precursor lesions (68, 85, 87-91). To the best of our knowledge, only one previous study
has examined the ability of ML to aid in the detection of advanced neoplasms (advanced
adenoma or CRC) following a positive FIT test (68). Further, no studies have investigated the
possible predictive value of dietary information alone on CRC and its precursor lesions in

such a high risk population.



2 Aim of the study

This master’s thesis is a sub-project of the CRCbiome study, a screening trial where all
participants have received a positive FIT test and consequently have been referred for follow-
up colonoscopy. The overall objective of the master’s thesis is to distinguish participants with
a true positive test (i.e. detection of some kind of neoplastic lesion at colonoscopy) from
participants with a false positive test by applying dietary and other questionnaire data in a

machine learning approach.
Primary aim:

e To examine to what degree demographic, lifestyle and dietary data can be used to
identify participants with a positive FIT screening test that have a need for further

colonoscopy examination, by use of machine learning
Secondary aim:

e To examine how the accuracy of the classification algorithm is affected by using a
combination of demographic, lifestyle and dietary data as input variables compared to
using dietary data only
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3 Methods

3.1 The CRCbiome study

The CRCbiome study is a large ongoing prospective cohort study carried out by the Cancer
Registry of Norway. The main aim of the study is to use gut metagenome, demographic and
lifestyle data to develop a classification algorithm for identification of advanced colorectal
lesions (92).

The CRChiome study is a sub-study of the Bowel Cancer Screening in Norway (BCSN).
BCSN is a randomized controlled screening trial, started in 2012 as a pilot for the upcoming
national CRC screening program. BCSN is designed to compare FIT tests given every second
year (with a maximum of four repetitions) with a single sigmoidoscopy examination. In 2024,
the FIT arm of the study is expected to be completed. All the participants in the BCSN trial
who received a positive FIT test during the period 2017-2021 were invited to join the
CRCbiome study (47). If the haemoglobin content exceeded 15 mcg/g feces it was considered
a positive FIT test (92).

The FIT tests were conducted at home, and the stool sample kits were mailed to the
participants. In a test, 10 mg of stool was collected using a plastic stick and stored in 2 ml
buffer (4-(2-hydroxyethyl)-1-piperazineethanesulfonic, Bovine serum albumin and sodium
acid). Further, samples were mailed to a laboratory at Oslo University Hospital for storage at
— 80 °C and analysis. The OC-Sensor Diana (Eiken Chemical, Tokyo, Japan) was used to
conduct the immunochemical testing of haemoglobin in stool. No dietary or medical

restrictions were needed prior to the test (92).

Only the FIT positive participants were selected to contribute to the CRCbiome study. These
participants were selected as they, according to the BCSN trial protocol, were to be referred
for follow-up colonoscopies (47, 92). The colonoscopy examination provides detailed clinic
pathological information, information that is not available for the participants with negative
FIT tests (92).

Prior to the colonoscopy examination, participants were invited to the CRCbiome study

(Supplementary file 1). Along with the information letter, participants received two
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questionnaires: a lifestyle and demographic questionnaire (LDQ) and a food frequency
questionnaire (FFQ). The questionnaires were to be completed before the colonoscopy.
Return of at least one of the questionnaires was considered as consent to the CRCbiome study
(92).

3.2 Participants and eligibility

Men and women, living in either one of two municipalities in South-East Norway (Baerum or
Moss), aged 50-74 years in 2012, were invited to the CRChiome study. In total, 2698
participants were invited, of which 1653 agreed to participate (92). In total 1616, participants
from the CRCbiome study completed the FFQ and were considered for this master project
(Figure 3). However, 15 participants withdrew from the study after baseline. A number of
participants were excluded in the analyses due to not showing up for colonoscopy (n = 39);
having a low or medium quality FFQ (n = 21 and 10, respectively); reporting a too low (<600
and <800 kcal/day for women and men, respectively, n = 9) or a too high energy intake (>
3500 and 4200 kcal/day for women and men, respectively, n = 46). In total, 1476 participants
were included in this master's thesis, of this 1183 were randomly selected to be in the training

data set and 293 were randomly selected to be in the test data set.

The CRChiome Study

Awvailable FFQ) data at baseline,
n= 1616

I Excluded due to
reservation (n = 15)

Excluded due to no
colonoscopy (n = 39) ]

Excluded due to low
—— (n=21) or medium
(n = 10} FFQ quality

Excluded due to a too low
(n = %) or too high
(n = 46) reported energy
intake

Included in the analysis ,
n= 1476

Figurel. Flowchart for the master’s thesis
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3.3 Assessment of dietary intake

A semiquantitative FFQ was used to assess the usual dietary intake during the preceding year
(Supplementary file 2). Participants filled out the FFQ by themselves after receiving a
positive FIT result and before colonoscopy. The questionnaire used contains 23 main
questions, covering 256 food items. In addition, the questionnaire includes open fields for
entry of free text to report food items that the FFQ does not cover. For most of the questions,
participants were asked to report on how often they consumed the food item, the answer
options ranging from “seldom/never” to “several times a day”. Furthermore, the participants
were asked to estimate portion sizes, typically given in different household units such as
glasses, spoons and deciliters (92). For “preferred cooking fat” there was no question about
frequency or portion size. The questionnaire is a modified version of a FFQ developed and
validated at the Department of Nutrition, University of Oslo (93-98). The FFQ has been
validated for selected food items and food groups (95-98), energy intake (93-98), as well as
intake of macro and micronutrients (93, 95, 98). Scanning of the FFQs was done with the use
of the Cardiff TeleForm program (Datascan, Oslo, Norway). Calculation of dietary intake
(food and nutrient intake) was done using “Kostberegningssystemet” (KBS), developed at the
Department of Nutrition, University of Oslo. The database AE-18 was used, which was the
latest version available at the time the study was conducted. Missing answers about frequency
in the FFQ were imputed as null intake, and missing answers about portion size were imputed
as the smallest portion (92). The FFQs were quality controlled and evaluated by trained
personnel according to a list of predefined criteria (Supplementary file 3).

3.4 Assessment of lifestyle and demographic data

A four-page questionnaire (LDQ) with ten main questions was used to collect information
about demographic and lifestyle factors (92) (Supplementary file 4). Information about CRC
among first-degree relatives, education, nationality, smoking habits, and the past year's
physical activity level were retrieved from the LDQ. The questionnaire is a modified version
of a questionnaire used in previous national surveys (99, 100). The questionnaire was tested
on a pilot group prior to study start and adjusted based on participant’s feedback. Information
about weight and height were obtained from the FFQ and sex, age and the FIT result were
obtained from the screening database (92).
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The physical activity reported in the LDQ was calculated into a “physical activity score”. This
was the sum of physical activity with moderate intensity plus the amount of physical activity
with high intensity times two. This recalculation was done to compensate for the fact that the
recommendation for physical activity can be achieved through 75 min / week with high-
intensity physical activity, instead of the standard recommendation of 150 min / week of
moderate physical activity (101). A “family history of CRC” was defined as having a parent,
sibling or a child with CRC. The participant’s reported nationality was classified as either
“native” or “non-native”, where native was synonymous to Norwegian and non-native

included all other countries.

3.5 Assessment of outcome information

From the BCSN database, we received clinic pathological information about the colorectal
lesions detected at follow-up colonoscopy. Based on the diagnostic findings, participants were
categorized into the groups “no adenoma”, “non-advanced serrated lesions/other lesions”,
“non-advanced adenoma <3”, “non-advanced adenomas >3, “advanced serrated lesions”,
“advanced adenomas” or “CRC”. For the main analysis, we created the outcome groups
“critical to find” and “true negatives” to be used in the prediction models (Table 1).
Participants allocated to the critical to find group were diagnosed with advanced serrated
lesions, non-advanced adenoma (>3), advanced adenomas and CRC. Participants with no
adenoma, non-advanced serrated lesions/other lesions or non-advanced adenoma (<3) were
considered to be true negatives. The splitting was based on the European Society of
Gastrointestinal Endoscopy guidelines about who would need endoscopic surveillance after
polypectomy (102) and can therefore be interpreted as distinguishing those at need for

colonoscopy when screened.

In addition to the main split including all study participants, we progressively excluded
diagnostic groups, to see if it could improve the prediction models. The first diagnostic group
to be excluded was "non-advanced adenoma (<3)". This was done because removing these
adenomas during the colonoscopy, considerably limits their potential to progress to cancer.
“Advanced serrated lesions” was the next group to be excluded because these lesions do not

have the same risk factors or etiology as adenomas (103). For the last analysis, only those
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with serious findings (i.e. CRC or advanced adenoma) and those without any findings were

included in the model.

Table 1. Division of the participants into different cohorts

Overall cohort Outcome variables
Critical to find (n = 436) True negative (n = 747)
No.1 e advanced serrated lesions e non-advanced adenoma (<3)
n=1183 e non-advanced adenomas (>3) e non-advanced serrated lesions/other lesions
e advanced adenomas e no adenoma
e CRC
Sub-cohort Outcome variables for sub-cohort analysis
Critical to find (n = 436) True negatives (n = 436)
No. 2 e advanced serrated lesions e non-advanced serrated lesions/other lesions
n=872 e non-advanced adenomas (>3) e no adenoma
e advanced adenomas
e CRC
Critical to find (n = 377) True negatives (n = 436)
No.3 e non-advanced adenomas (>3) e non-advanced serrated lesions/other lesions
n=813 e advanced adenomas e noadenoma
e CRC
Critical to find (n = 272) True negatives (n = 436)
No.4 e advanced adenomas e non-advanced serrated lesions/other lesions
n=708 e CRC e no adenoma

Abbreviations: No.; number, n; number of participants, CRC; colorectal cancer
3.6 Data analysis

3.6.1 Random forest

For prediction of “critical to find” participants we used a supervised machine learning
technique named Random Forest (RF) (104) (see Figure 2). RF is a ML technique based on
random subsampling and decision trees. Before creating the prediction model, the dataset is
divided into two; one dataset to train the model, and one dataset to test the model. The
training dataset is used to create numerous decision trees that work as an ensemble to generate
the best prediction model. Each decision tree is grown with a bootstrapped dataset, this is a
dataset made from randomly drawn samples, with replacement, from the training set. Each
decision tree consists of a series of nodes which each split the dataset in two (internal nodes)
based on the value of a variable. At each split in the decision tree, a given number of variables
are randomly selected. The designated variable is the one that best splits the sample, as
measured by the impurity of classes in the two resulting datasets. The tree keeps on splitting

the samples until there are only a given number of samples left in the node, this is a so-called
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leaf node. When all the trees are grown, the test set samples are used to test the classification
accuracy of the RF model. Each sample is tested on each tree, and each tree contributes with a
prediction for each sample. The prediction given by most of the trees “wins”. The proportion
of test samples that is correctly classified is used to measure the accuracy of the model (104).
Alternatively, the fraction of trees supporting an outcome class can be treated as a continuous

variable describing the probability that the tested sample belongs to that class.

Random forest

n decision trees are created with a
bootstraped subsampel dataset

Decision tree 1 Decision tree 2 () Decision tree n
P /7 <-----3 nodes
yes | | no \ ) | ) o
78 PaNVs WaNlVe Wat
L Prediction A Prediction B Prediction A J
Each decision tree gives a prediction T

The prediction of each decision tree
contributes a vote to the final outcome
! prediction :

Random forest prediction

Figure 2.Simplified model of Random Forest

To construct the algorithm, the R package ranger (105) was used, as implemented in
Ttidymodels (106), using the packages Parsnip (107), Recipes (108), Tune (109) and
Yardstick (110) for model specification, data preprocessing, hyperparameter tuning and
evaluation, respectively. The dataset was split in two parts: a training dataset containing 80 %
of the original data and a test dataset containing the remaining 20 %. To ensure equality
between the training and the test set a stratified split was performed. The stratified split was

performed to ensure even distribution between the datasets regarding age, sex and
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colonoscopy result. The training dataset was used for initial model performance, enabling
comparison of different models before final evaluation in the test dataset. Here, we split the
training dataset once more, randomly 80/20 to internal training/test datasets. In each internal
training split, we tuned hyperparameters using 5-fold cross validation. The model was trained
with different hyperparameter settings, and then validated for each setting. Hyperparameter
tuning was used for: 1) the number of trees, 2) the number of variables considered when
splitting a node and 3) the number of data samples needed to keep splitting the nodes. Using
the area under the receiver operating characteristic curve (AUROC) as a measure of model
performance, we found the optimal parameters to use in the model (see Figure 3). An
AUROC curve is defined as a plot of the sensitivity versus 1-specificity for a diagnostic test
(111). It is commonly used when sensitivity and specificity are appropriate measurements but
the predictor is continuous or ordinal (111). The model trained in the internal training dataset
was further evaluated in the internal test dataset. The models showing the best AUROC in the
training dataset was acknowledged as the final model. The final model was then evaluated
with the test dataset.

Each model was built with 50 to 500 decision trees. A hyperparameter grid search was
implemented to obtain optimal parameters. To select the number of variables randomly
sampled as candidates at each split, a range from the square root of all implemented variables
divided by four to the square root of all implemented variables times four was used. A range
from 5 to 15, was also used to determine the number of data points needed to keep splitting.

The script of the Random forest is provided in Supplementary file 5.
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Figure 3. Random Forest pipeline. An 80/20 split was done on the dataset, creating a training set and a test
set. To maintain the distribution between sets we used stratification. To select the best hyperparameter settings
to train the models, we used 5 fold cross validation. To evaluate the model we used the held-out test set. The

figure is inspired by Topguoglu et al. (112).

3.6.2 Selection of input variables

To answer the research questions, different combinations of input variables were tested. A total
of four different variable combinations were tested. The first dataset included the FIT result,
demographic and lifestyle information, as well as all dietary data (Overall diet plus). The second
dataset included all dietary information only (Overall diet). The third data set included the FIT
result demographic and lifestyle data, as well as selected dietary variables known to have an
impact on CRC risk (CRC relevant dietary factors plus). The forth dataset contained only the
CRC relevant dietary variables (CRC relevant dietary factors).

The demographic and lifestyle variables included in Overall diet plus and CRC relevant dietary
factors plus were “sex”, “age”, “BMI”, “physical activity score”, “smoking habits”,
“education” and “family history of CRC” (Supplementary file 6). These variables are known

predictors of CRC risk. In addition, “FIT value” was implemented in these datasets.
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The dietary data used as input variables in Overall diet plus and Overall diet were selected
with the intention of giving an overall impression of the participants’ diet (not nutrients).
Prior to this master's thesis, dietary information obtained from the FFQ had been calculated in
KBS, resulting in a dataset with variables based on standard KBS grouping. The grouping of
food items in KBS follows a hierarchical structure and is based on traditional categorization
of food items. Each food group is subdivided into smaller categories, finally ending up as
food items. An example of this is the variable “Bread” (a category 1 variable), which is
divided further into "White bread", "Kneipp bread", "Whole wheat bread/Dark bread" and
"Crispbread/Flat bread"(category 2 variables), where for example the variable "White bread"
is further divided into smaller categories (category 3 variables, e.g. “White bread or roll from
known brand”), which can be further divided into even smaller categories (e.g. “Hamburger
bread”, “Ciabatta”). In this study, category 2 variables were mostly chosen, nevertheless
where a finer division was needed, category 3 variables were used and where a larger group
made more sense to use, category 1 was used. Some variables were left to be as they
originally were, and some were merged with other variables with similar nutrient content to
create more inclusive variables or variables considered more relevant to the study. For the
variables “Egg”, “Cake” and “Spices and herbs” the category 1 variable was used. An
example of where category 3 was used was “fish offal” and “shellfish”, as these two were
included in the same category 2 variable from standard KBS grouping. An example of
different variables merged together was “unprocessed potatoes”, consisting of the three

category 2 variables “raw potatoes”, “boiled potatoes” and “fried potatoes”.

The standard KBS grouping of food items is based on foods categories and not nutrient
content. To make the content in the different dietary variables most relevant for this theses
some regrouping of food items was done. To accomplish this we were given access to a
dataset where the smallest grouping was at the food level, hence some regrouping of food
items was done if the food item did not fit optimally within the variable category. As an
example, “ice tea with sugar” was regrouped from the category 2 variable “TEA” into a new
variable named “Energy drinks and ice lolly”. In total this was done with 14 different food

items.

Two of the included category 2 variables (i.e. pasta dish and stew), consisting of compound
dishes, were not further divided in to category 3 variables with the KBS grouping. Therefore

they were split, and merged with other variables. As an example “Pasta dish”, which only
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contained the food item lasagna, was split into three: A third was put together with "Pasta,
rice and grains”, a third with "Sauce™ and a third with "Processed red meat". A variable

named “Infant food” containing nutrient drink as the only food item, and “drinking water”
was excluded. In total 46 dietary variables were selected, and the grouping of the included

dietary variables is accounted for in Supplementary file 7.

In the datasets CRC relevant dietary factors plus and CRC relevant dietary factors, only
dietary factors or nutrients suggested to have an impact on CRC risk were included (19, 113).

The variables were “fiber”, “wholegrain”, “red meat *, “processed meat”, “alcohol”, “dairy

products”, “fruits”, “vegetables”, “fish”, “calcium” and “vitamin D” (Supplementary file 8).

3.6.3 Statistics

R was used for data processing, to perform statistical analyses and machine learning. The
baseline characteristics are presented as number (n) and percentage (%) for categorical
variables. Continuous variables are presented as median or mean, with 25- and 75 percentile
(Q1, Q3) or standard deviation (SD), respectively. Differences between diagnostic groups
were investigated with the use of chi-square test for categorical variables, and Kruskal-Wallis
one way analysis of variance test or one way ANOVA analysis for continuous variables. The
test was performed with an assumption of independence between the different observations.
Nevertheless, for chi-square test when the expected count for some cells was below 5 (i.e.
people categorized as "missing"), thus the participants categorized as “missing” were

excluded from the analysis. The level of significance was defined to be p < 0.05.

To ensure complete datasets for the RF models, participants with missing information about
BMI, age and physical activity score were allocated the median value in the population.
Missing information about family history of CRC, education and smoking habits were set as
“Missing”. The performance of each model was assessed by computing the area under the
receiver operating characteristic curve (AUROC). Other performance metrics used to evaluate
the models include sensitivity and specificity. As all models run in the training dataset were
carried out using a 5-fold cross validation with 10 times repetition, the means and SD is
provided for all metrics in the training dataset.

20



To understand how the RF models generate their predictions and which variables were
important for the predicative performance, a mean variable importance was calculated. Gini
importance/mean decrease in impurity was used for the calculation and conducted for all
input variables in a model. As described above, in a tree, each node split is based on the
measure of impurity in the two resulting datasets/internal nodes. Gini importance is calculated
from the sum a variable has to decrease the impurity across all decision trees in the forest. The
decrease in impurity is measured by the difference between the impurity of a node and the
weighted impurity of the resulting internal nodes (104, 114). We provided the mean variable

importance as all models are trained with 10 iterations.

In nutritional epidemiology, energy adjustment is often used to take into account differences
in energy intake (115). As described by Willet et al. energy intake are, among other factors,
determined by body size. Thus, energy adjustment may be appropriate as a crude intake of
some nutrient will be less of an effect for people with larger body sizes compared with a
smaller one, due to higher energy consume (115). Accordingly, we wanted to investigate if
energy adjustment could improve predictive performance. Dietary variables in the four

datasets were energy adjusted into intake per 1000kcal.

Previous literature has shown that males are more prone to developing adenoma compared to
females (116). Therefore, we investigated if any of the models created with the overall cohort
would perform better for either males or females. This was done by dividing the overall

cohort into groups based on gender.

3.6.4 Sample size and statistical power

To provide a sufficient power for development of a classification algorithm, the number of
participants included should enable 1) a sufficiently large training set for development of a
classification model, and 2) a leave-out test set of sufficient size for validation. The
CRCbiome study employs a strategy where the dataset is split 80/20 to a training set and a
leave-out test set (92), which is designed to fulfill these aims. To mitigate any issues of data
leakage, the master's thesis uses the split into a training and test set that was defined for the

CRCbiome study as a whole.
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3.6.5 Ethics

Regional Committee for Medical and Health Research Ethics (REC) has given ethical
approval for the CRChiome study and the BCSN trial (REC protocol Approval no. 63148 and
2011/1272, respectively) (Supplementary file 9). Analyses performed as part of this master's
thesis are covered by the REC approval of the CRCbiome study. The BCSN trial is registered
at the National Institute of Health Clinical Trails (identified: NCT0153855). All sensitive data
are processed in accordance with the General Data Protection Regulation and Norwegian Data

Protection Act.
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4 Results

4.1 Participant characteristics in the training dataset

The FIT result, lifestyle and demographic characteristics for the participants in the training
dataset are presented in Table 2 by colonoscopy result. Overall, 527 (44.5 %) of the
participants in the training dataset were female. Median age at recruitment was 67 years,
however, there was a significant difference in age between colonoscopy result groups (p <
0.01). Across all groups, most participants were Norwegian (90 %), and had a degree from
high school or higher (81.7 %). In total, 16.3 % reported a family history of CRC, with no
significant difference between groups. Nonetheless, 30 % of the participants diagnosed with
CRC reported a family history of CRC. Most participants had a BMI higher than 25 kg/m?
(65.5 %), and 19 % of the participants had a BMI > 30 kg/m?. There was a significant
difference in the distribution of BMI categories across the diagnostic groups (p = 0.03), with
more participants having a BMI < 25 kg/m? in the no adenoma group (42 %) and most
participants having a BMI > 30 kg/m? in the non-advanced serrated/other lesion group (56 %).
The median physical activity score for all participants was 135 minutes/week; there were no

significant differences between groups.

Table 3 shows the consumption of nutrients and food for participants in each diagnostic
group. The average intake of protein, sugar, fiber, vitamin D, calcium, total fat and alcohol
was in accordance with the Norwegian Directorate of Health’s recommendations (117, 118).
The mean consumption of saturated fat was higher than the recommended level for all
diagnostic groups (<10 Energy %) (117). A significant difference in alcohol and wholegrain
consumption was found between diagnostic groups. Over all, the median intake of red and
processed meat in the training dataset was 441 g/week. This is in line with the Norwegian
dietary recommendations to minimalize the consumption of red and processed meat to less
than 500 g/week (117). The total median intake of fruits and vegetables (when juice
contributes with up to 100 g), was 432 g/day, which is lower than the recommendation (> 500
g/day) (117). Median consumption of dairy products was lowest among participants with
CRC (250 g/day; 25 and 75 percentile: 119, 495), and highest among participants with
advanced serrated lesions (348 g/day, 25 and 75 percentile: 138, 595).
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Table 2. Participant characteristics by colonoscopy result in the training dataset

No adenoma Non-advanced Non-advanced Non-advanced Advanced Advanced CRC p-
(n=352) serrate/other adenoma (<3) adenoma (>3) serrated lesion adenoma (n=50) values?
lesion (n = 84) (n=311) (n=105) (n =59) (n=222)
Sex 0.005
Female 182 (51.7) 43 (51.2) 134 (43.1) 41 (39) 26 (44.1) 78 (35) 23 (46)
Male 170 (48.3) 41 (48.8) 177 (56) 64 (61) 33 (55.9) 144 (64.9) 27 (54)
Age (years) 65.8 (60.6, 71.1) 65.1(60.4,69.9) 67.2(62.2,72.1) 70.1(64.8,74) 69.9 (65.1, 72.2) 67.1(62.9, 71.9) 66.8 (61.6, 72.7) <0.001*
Nationality 0.55°¢
Native Norwegian 319 (90.6) 78 (92.9) 278 (89.4) 91 (86.7) 52 (88.1) 202 (91) 43 (86)
Non-native 25(7.1) 3(3.6) 16 (5.1) 76.7) 3(5.1) 9(4.1) 5 (10)
Missing 8 (2.3) 3(3.6) 15 (5.5) 7(6.7) 4 (6.8) 11 (5.0) 2 (4.0
Education 0.52¢
Primary school 67 (19.0) 7(8.3) 44 (14.1) 20 (19) 10 (16.9) 39 (17.6) 8 (16)
High school 132 (37.5) 41 (48.8) 116 (37.3) 41 (39) 23 (39) 85 (38.3) 21 (42)
University/college 147 (41.8) 35 (41.7) 147 (47.3) 41 (39) 23 (39) 93 (41.9) 21 (42)
Missing 6(1.7) 1(1.2) 4 (1.3) 3(2.9) 3(5.159) 5(2.3) 0
Family history of CRC 0.26
Yes 52(14.8) 12 (14.3) 48 (15.4) 18 (17.1) 10 (16.9) 38 (17.1) 15 (30)
No 260 (73.9) 62 (73.8) 242 (77.8) 74 (70.5) 43 (72.9) 166 (74.8) 30 (60)
Unknown 40 (11.4) 10 (11.9) 21 (6.8) 13 (12.4) 6 (10.25) 18 (8.1) 5 (10)
BMI (kg/m?)b+ 26.6 (4.5) 27.0 (4.0) 26.9 (4.2) 27.6 (4.1) 26.6 (3.2) 27.1(3.9) 27.3 (3.9) 0.37*
BMI categories
BMI < 25 kg/m? 148 (42) 23 (27.4) 102 (32.8) 29 (27.6) 18 (30.5) 65 (29.3) 17 (34) 0.03
BMI 25-29.9 kg/m> 66 (18.8) 12 (15.5) 69 (19.3) 22 (21) 9 (15.3) 42 (18.9) 13 (26)
BMI >30 kg/m? 137 (28.9) 47 (56) 148 (47.6) 53 (50.5) 32 (54.2) 114 (51.4) 19 (38)
Missing 8 (2.3) 1(1.2) 1(0.3) 1(15) 0 1(0.5) 1(2)
Smoking habits 0.08¢
Smoker 55 (15.6) 20 (23.8) 68 (21.9) 25 (23.8) 16 (27.1) 48 (21.6) 6 (12)
Non-smoker 291 (82.7) 63 (75) 238 (76.5) 78 (74.3) 41(69.5) 169 (76.1) 44 (88)
Missing 6 (1.7) 1(1.2) 5 (1.6) 2(1.9) 2 (3.45) 5(2.3) 0
Physical activity®* 135 (15, 315) 180 (0, 300) 135 (7.5, 300) 105 (15, 308) 135 (0,315) 135 (0, 300) 135 (22.5, 292) 0.95%
FIT value* 32.6 (20.4,70.2) 33.4(24,58.8) 32.2 (21.6, 63) 31.2(22.4,58.8)  30.4(21.2,58.8) 41.6(27.6,102.6) 79.8 (46, 280) <0.001*

(mcg haemoglobin /g feces)

Abbreviations: FIT value, Faecal Immunochemical Test value; BMI, Body Mass Index; mcg/g; micrograms per gram. Data are presented as “mean with standard deviation
(SD) or *median with 25-and 75 percentile (Q1, Q3) for continuous variables, and numbers (%) categorical variables. ‘P-values are collected from *Kruskal-Wallis one
way analysis of variance test, *One way ANOVA and chi-square test. Information available from 21165 participants and 1177 participants. ¢.Participants categorized as

missing were not included in the analysis. BMI are tested as a continuous variable and as a categorical variable.
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Table 3. Nutrient and food intake by colonoscopy result in the training dataset

No adenoma  Nonadvanced Non-advanced Non- Advanced Advanced CRC p-
(n=352) serrate/other adenoma (<3)  advanced serrated adenoma (n =50) values!
lesion (n=84) (n=311) adenoma (>3) lesion (n=222)
(n =105) (n =59)
Energy
Kcal/d 2210 (639) 2282 (742) 2207 (666) 2128 (670) 2327 (634) 2327(664) 2117 (690) 0.09
KJ/d 9250 (1670) 9550 (3100) 9240 (2780) 8910 (2800) 9700 (2730) 9740 (2780) 8860 (2890) 0.09
Protein (E %) 17 (3) 17 (3) 16 (3) 17 (3) 16 (2) 17 (2) 17(3) 0.80
Carbohydrates (E %) 42 (7) 42 (7) 41 (7) 41 (7) 42 (6) 41 (7) 42 (7) 0.31
Sugar (E %) 5(4) 5 (4) 5(4) 5 (5) 6 (4) 5(4) 5(4) 0.66
Fiber (g/d) 29 (10) 29 (10) 28(10) 28 (11) 30 (9) 30 (11) 29 (10) 0.43
Wholegrain (g/day) 66 (45, 95) 70 (51, 96) 68 (43, 92) 57 (37, 83) 70 (46,95) 61(41,91) 60(36,77) 0.01*
Fat (E %) 35 (6) 34 (6) 35 (6) 35(7) 35 (6) 35 (5) 35 (6) 0.93
Saturated fat (E %) 12 (3) 12 (3) 12(3) 12 (3) 12 (3) 12 (3) 12 (2) 0.91
Alcohol (E %) 3(L,5) 4(1,7) 3(1,6) 3(1,8) 3(1,5) 4 (1,6) 3,7 0.03*
Alcohol (g/day) 7(2,17) 12 (3, 22) 10 (2, 20) 8 (1, 20) 11 (4, 17) 12 (4, 20) 8(3,20)  0.006*
Calcium (mg/day) 960 1020 933 893 1010 913 834 0.32*
(720, 1260) (716, 1380) (714, 1310) (593, 1150) (696, 1410)  (648,1210) (651, 1240)
Vitamin D (ug/day) 14 (8, 24) 15 (9, 24) 14 (7, 25) 13 (7, 25) 14 (7, 24) 14 (8, 25) 12(9,20)  0.95*
Unprocessed red meat (g/day) 35 (21, 50) 35 (24, 46) 32 (20, 49) 32 (18, 48) 44 (19, 59) 37(23,55) 33(21,49) 0.14*
Processed meat (g/day) 26 (12, 41) 26 (16, 40) 27 (15, 43) 31 (11, 42) 25(13,48) 32(18,51) 26(16,39) 0.03*
Fruit (g/day) 206 197 184 178 219 196 218 0.70%
(127, 300) (99, 328) (105, 299) (109, 290) (137, 320) (115, 338) (129, 368)
Vegetables (g/day) 246 221 228 232 230 235 272 0.52*%
(149, 365) (150, 325) (146, 326) (153, 349) (149, 360) (155, 355) (182, 366)
Dairy products (g/day) 331 341 322 279 348 268 250 0.15%
(214, 574) (160, 589) (167, 643) (137, 503) (138, 595) (127, 527) (119, 495)
Fish (g/day) 60 (37, 84) 54 (36, 76) 57 (36, 83) 56 (37, 85) 65(32,97) 64(42,93) 52(31,77) o017*

Abbreviation: Kcal/d, kilocalories per day; KJ/d, kilo Joules per day, E %, energy percent; g/d, gram per day; mg/d, milligram per day; ug/d, microgram per day. Nutrient

and food group intake presented as mean with standard deviation (SD) or median with 25-and 75 percentile (Q1, Q3). *P-values from One way ANOVA and *Kruskal-
Wallis One way analysis of variance test. P-values presented in bold font type are statistically significant (<0.05). Definition of unprocessed red meat, processed meat,

fruits, vegetables, dairy products and fish are presented in supplementary file 7.
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4.2 Model performance within the training dataset

We wanted to investigate if it was possible to create a prediction model that was able to
identify participants who were in need of colonoscopy in a FIT-positive population. Which of
the participants considered to be critical to find varies among cohort, described in Table 1,
pg. 15. Four datasets were created: Overall diet plus, Overall diet, CRC relevant dietary
factors plus and CRC relevant dietary factors. Table 4 shows an overview of the model
names, input dataset and cohort used as outcome.

Table 4. Prediction model names

Overall Sub- Sub- Sub-
cohort cohort cohort cohort
no.2 no.3 no.4
Dataset input n=1183 n=872 n=813 n=708
Overall diet plus
(46 dietary variables, 7 lifestyle and demographic Model 1  Model 1.2 Model 1.3  Model 1.4
variables and FIT values)
Overall diet (46 dietary variables) Model 2 Model 2.2  Model 2.3  Model 2.4

CRC relevant dietary factors plus

(11 dietary variables with impact on CRC
development, 7 lifestyle and demographic variables
and FIT values)

CRC relevant dietary factors

(11 dietary variables with impact on CRC Model 4  Model 4.2 Model 4.3 Model 4.4
development)

Model 3 Model 3.2  Model 3.3  Model 3.4

4.2.1 Model performance when including the overall cohort

Initially, we created four different models with each of the datasets and the overall cohort. All
prediction models included in the results of this thesis were created with down sampling; this
is done by only selecting as many samples from the majority class as from the rarest class. In
terms of predictive performance within the overall cohort, Model 3.4 was best at
distinguishing those who were in greater need of colonoscopy from true negatives with an
AUROC of 0.59, see Table 5. Further, 3.4 had the highest sensitivity (0.59) and specificity
(0.53) thus it has a greater ability to correctly designate participants compared with the other

models created with the other datasets, in the overall cohort.
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Table 5. Model performance with the overall cohort (n = 1183)

Sensitivity Specificity AUROC
Model 1 0.56 (0.04) 0.51 (0.02) 0.55 (0.02)
Model 2 0.55 (0.05) 0.49 (0.04) 0.51 (0.02)
Model 3 0.59 (0.05) 0.53 (0.02) 0.59 (0.03)
Model 4 0.54 (0.05) 0.51 (0.02) 0.54 (0.03)

Abbreviations: AUROC, Area under the curve receiver operating characteristic. Models created with the
datasets Overall diet plus, Overall diet, CRC relevant dietary factors plus and CRC relevant dietary factors, all
trained in the overall cohort. All models are run with 10 iteration. Performance is presented as mean sensitivity,
specificity and AUROC, with standard deviation (SD).All models are created with downsampling.

4.2.2 Sub-cohort analysis

Further, we wanted to investigate if it was possible to create a model with better performance
training the models in the sub-cohorts (described in Table 1. Pg. 15). Overall, Model 3.4
showed the highest predictive performance, see Table 6. Moreover, the three models created
with the dataset CRC relevant dietary factors plus generated the highest accuracy with an
AUROC ranging from 0.61 to 0.64 depending on which sub-cohort the model was trained in.
Models created in the sub-cohort no.4 (models named Model X.4) had the highest AUROC
compared to models trained in the other sub-cohorts. Model 3.2 and Model 3.4 were best at
classifying participants with adverse colorectal findings into the critical to find group, with
both yielding a sensitivity of 0.62. The highest specificity was obtained for Model 4.3 (0.63),
showing the highest accuracy in classification of participants without adverse findings.

Table 6. Model performance for the sub-cohorts, within the training dataset

Sens Spec AUROC Sens Spec AUROC Sens Spec AUROC
Model 1.2 (8:?)3) (8:?)3) (8232) Model 1.3 (8232) (g:gg) (8:231) Model 1.4 (8:%) (8232) (8285)
Model 2.2 (8:82) (gigg) (8:8?1) Model 2.3 (8:831) (823&23) (8:831) Model 2.4 (8:82) (8:32) (gigé)
Model 3.2 (8225) (8232) (8222) Model 3.3 (8232) (8232) (8:8411) Model 3.4 (8183) (8282) (8182)
Model4p 098 054 057 .. 045 063 056 . . . 06l 056 0

(0.05) (0.04) (0.03) (0.04) (0.05) (0.02) (0.08) (0.06) (0.07)

Abbreviations: Sens, sensitivity; Spec, specificity; AUROC, Area under the curve receiver operating
characteristic. Models created with Overall diet plus, Overall diet, CRC relevant dietary factors plus and CRC
relevant dietary factors trained within the three sub-cohorts. All models are run with 10 iterations. Performance
is presented as mean sensitivity, specificity and AUROC, with standard deviation (SD). All models are created
with downsampling.
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4.2.3 Variable importance

To understand how the Random Forest models generate their predictions, variable importance
is calculated. This was done for all models created with all the four datasets and trained within
the different cohorts. We report the mean variable importance for the 10 iterations in the
training dataset.

Table 7 lists the 10 most important variables ranked according to their contribution in the
model, alongside their mean importance score. The models created with Overall diet plus and
CRC relevant dietary factors plus, including the FIT result, lifestyle, and demographic
variables as input only ranked “FIT value”, “age” and “BMI” among the non-dietary variables
to be among the ten most important. Moreover, it is worth noticing that “FIT value” and “age”
were ranked as top two for most models. Both Model 1.4 and Model 3.4 ranked “FIT value”
as the most important variable, with a mean importance calculated of 12.56 and 15.50,
respectively. Further the models ranked “milk & yoghurt” and “dairy products” with a mean
importance of 7.13 and 11.35, respectively. A gap in mean importance was seen between the

“FIT value” until the next variable.

Variable importance for models created with Overall diet plus or Overall diet were
homogeneous. Almost all models ranked “milk and yoghurt”, “white cheese” and “grain
products” among their ten most important variables. Other variables identified as important
for models trained with this dataset was “processed red meat”, “wine and liquor” and “fresh
and frozen fruit”. Interestingly, several models additionally ranked “unprocessed potatoes”

and “conserved vegetables” to be among the most important variables.

Models created with CRC relevant dietary factors plus or CRC relevant dietary factors
showed similar findings as described above. Almost all models ranked both “dairy products”,
“wholegrain” and “processed meat” as the most important dietary variables for the prediction.
Further “red meat”, “alcohol”, “vitamin D” and “fish” were ranked among the ten variables of

importance for most models.
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Table 7. Mean variable importance for models

Model 1 Model 1.2 Model 1.3 Model 1.4
FIT value 10.98 FIT value 12.36 Age 10.90 FIT value 12.56
Age 9.58 Age 11.86 FIT value 10.60 Milk & yoghurt 7.13
Milk & yoghurt 8.70 Milk & yoghurt  10.77 Milk & yoghurt 9.10 Proc red meat 5.76
Cons veg 7.55 BMI 10.04 BMI 7.72  Wine & liquor 5.38
Grain products 7.41 Wine and liquor 8.69 Proc red meat 6.74 Age 5.28
Butter 7.31 Grain products 8.59 Wine and liquor 6.71 Cons veg 4.95
White cheese 7.29 White cheese 7.85 Conserved fruits 6.69 BMI 4.94
BMI 7.24  Vegetables 7.79 White cheese 6.62 Cream products 4.84
Unproc potato 7.22  Unproc potato 7.70 Grain products 6.42 White cheese 4.81
Sause 7.13 Conserved fruits 7.64 Cream products 6.37 Grain products 4,74
Model 2 Model 2.2 Model 2.3 Model 2.4
Milk & yoghurt ~ 10.02 Milk & yoghurt ~ 12.23 Milk & yoghurt  11.06 Milk & yoghurt 8.22
Unproc potato 8.77 Unproc potato 9.85 Conserved fruits 8.16  Proc red meat 6.62
Butter 8.69 Grain products 9.51 Proc. read meat 8.05 Cream products 5.92
Grain products 8.53 Wine and liquor 8.92 Cream products 7.96  Wine and liquor 5.86
Cons veg 8.34 Cream products 8.64 Unproc potato 7.67 Cons veg 5.65
Lean fish 8.04 Fatty fish 8.64 Fatty fish 7.51 Grain products 5.60
White cheese 8.03 Proc red meat 8.63 White cheese 7.42  Unproc potato 5.60
Sweetener 7.94  Fre/froz fruits 8.54 Lean fish 7.37 Butter 5.53
Fre/froz. fruits 7.79 Vegetables 8.46 Wine and liquor 7.35 Fre/ froz fruits 5.38
Sause 7.78 Sause 8.40 Fre/froz fruits 7.34 Sauce 5.37
Model 3 Model 3.2 Model 3.3 Model 3.4
FIT value 17.42  Age 20.80 Age 13.07 FIT value 15.50
Age 16.06 FIT value 19.82 Dairy products 12.93 Dairy products 11.35
Vitamin D 15.24 Wholegrain 17.90 FIT value 12.82 Alcohol 10.78
Wholegrain 14.99 Vitamin D 17.66 Wholegrain 12.37 Processed meat 10.73
Red meat 14.73 Dairy products 17.21 Processed meat 11.72  Wholegrain 10.37
Processed meat 14.36 Red meat 17.17 BMI 11.72 Red meat 10.32
Fish 14.24  Alcohol 17.11 Calcium 11.71 Vitamin D 10.01
Vegetables 14.20 BMI 16.66 Red meat 11.61 Age 9.86
Fruits 14.04 Fish 16.36  Alcohol 11.47  Fruits 9.52
Alcohol 13.98 Processed meat 16.15 Fish 11.30 Fish 9.37
Model 4 Model 4.2 Model 4.3 Model 4.4
Fish 25.02 Dairy products 27.34 Wholegrain 25.54  Dairy products 19.15
Wholegrain 24.69 Wholegrain 26.20 Dairy products 25.40 Processed meat 18.28
Dairy products 24.28 Processed meat  26.05 Processed meat  24.56 Wholegrain 16.79
Processed meat  23.75 Fish 26.01 Fish 22.87 Fish 16.60
Fruits 23.62 Vitamin D 25.59 Vegetables 22.73  Fruits 16.47
Vegetables 23.57 Red meat 24.92  Fruits 22.53 Alcohol 16.23
Vitamin D 23.05  Fruits 24.68 Vitamin D 22.27 Vitamin D 16.30
Calcium 22.14 Vegetables 24.16 Red meat 22.24  Red meat 15.53
Alcohol 21.71  Alcohol 23.92 Alcohol 21.94 Vegetables 15.25
Red meat 21.36 Calcium 22.33  Fiber 21.26 Calcium 15.01

Abbreviations: Cons veg; conserved vegetables; Unproc potatoes, unprocessed potatoes; Proc red meat,
processed red meat; Milk & yoghurt, milk and yoghurt; Fre/froz fruits, fresh and frozen fruit; FIT value; Faecal
Immunochemical Test value; BMI, Body Mass Index. Variable importance of models created Overall diet plus,
Overall diet, CRC relevant dietary factors plus and CRC relevant dietary factors trained within with all the four
cohorts. The ten most important variables with their respective mean importance value, the most influential
variables are at the top of every list.

29



4.2.4 Model performance with energy adjusted variables

Energy adjustment (intake per 1000 kcal) of the dietary variables was performed to further
investigate their impact on the prediction models, and whether they were affected by the
participant's energy intake. The models created with energy adjusted variables were named
according to the models described above as only the energy adjustment differentiate them.

However, an “E” is added at the end of the name to enable discrimination between models.

Models created with the energy adjusted CRC relevant dietary factors plus as input had a
better performance than the models created with crude dietary variables, see Table 8. The
best predictive performance was shown in Model 3.4 E with an AUROC of 0.65. This model
had a sensitivity of 0.65, being the highest of all models. Model 3.2 E generated an AUROC
of 0.64, with a sensitivity of 0.64 and specificity of 0.58. Model 3.2 E was trained in a larger
cohort (n=872) compared with Model 3.4 E (n=708). The predictive performance of models
created with the energy adjusted Overall diet or Overall diet plus were worse than the models
created with the original datasets (that is not energy adjusted). The models created with
energy adjusted CRC relevant dietary factors showed the same predictive performance as

models created with the original dataset.

Table 8. Models with energy adjusted (intake per 1000 kcal) dietary variables

Model name Sens Spec AUROC  Model name Sens Spec  AUROC
Model 1E 0.55 0.52 0.56 Model 2E 0.53 0.49 0.52
(0.05) (0.05) (0.03) (0.05) (0.04) (0.03)
Model 1.2 E 0.57 0.54 0.57 Model 2.2 E 0.52 0.49 0.51
(0.04) (0.04) (0.03) (0.07) (0.09) (0.04)
Model 1.3 E 0.57 0.54 0.56 Model 2.3 E 0.51 0.51 0.51
(0.04) (0.06) (0.03) (0.05) (0.05) (0.04)
Model 1.4 E 0.56 0.58 0.59 Model 2.4 E 0.49 0.55 0.52
(0.07) (0.07) (0.04) (0.08) (0.05) (0.04)

Model name Sens Spec AUROC  Model name Sens Spec AUROC
Model 3 E 0.62 0.55 0.60 Model 4 E 0.56 0.50 0.54
(0.04) (0.02) (0.03) (0.04) (0.05) (0.03)
Model 3.2 E 0.64 0.58 0.64 Model 4.2 E 0.59 0.52 0.56
(0.06) (0.03) (0.03) (0.05) (0.06) (0.02)
Model 3.3 E 0.62 0.56 0.63 Model 4.3 E 0.54 0.54 0.56
(0.06) (0.04) (0.04) (0.05) (0.06) (0.04)
Model 3.4 E 0.65 0.58 0.65 Model 4.4 E 0.62 0.55 0.61
(0.10) (0.03) (0.05) (0.10) (0.04) (0.06)

Abbreviations: Sens, Sensitivity; Spec, Specificity; AUROC, Area under the curve receiver operating
characteristic. All the dietary variables used in Overall diet plus, Overall diet, CRC relevant dietary factors plus
and CRC relevant dietary factors were energy adjusted into intake per 1000kcal for food items/nutrients, instead
of total intake per day. We created models with all the four (energy adjusted) datasets as input and all the four
cohorts as output. Each model were run with 10 iterations, hence model performance is presented as mean
sensitivity, specificity and AUROC, as well as standard deviation (SD). All models were created with down
sample.
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Mean variable importance was calculated to examine which variables were of greatest

importance to the model prediction and to which degree it differed from the models without

energy adjustment, see Supplementary file 10. Table 9 lists mean variable importance of

models created with CRC relevant dietary factors plus and CRC relevant dietary factors.

Model 3.2 E generated an improved predictive performance compared to Model 3.2, both

models ranked the same five variables as the most important. Model 3.4 E ranked “FIT value”

as most important, same as Model 3.4. In both models “FIT value” was assigned a mean

importance value subsequently higher than the variable ranged as second best. “FIT value”

was assigned a mean importance value of 14.69, whereas “wholegrain” ranked as number two

was assigned a mean importance value of 10.82. Model 4.4 E, yielded an equal AUROC as

Model 4.4. Both models ranked “dairy products” as the most important variable. Further in

Model 4.4 E “calcium”, “wholegrain” and “alcohol” were ranked on the top of the list.

Interestingly, energy adjusted “’calcium” (mg /1000kcal) was ranked as more important in
both Model 3.4 E and Model 4.4 E. In Model 3.4 “calcium” was not among the most

important variables, and in Model 4.4 “calcium” was ranged as the tenth most important

variable out of 11 possible input variables.

Table 9. Mean variable importance of models with energy adjusted dietary variables

Model 3 E Model 3.2 E Model 3.3 E Model 3.4 E
FIT value 16.96 Age 17.65 Wholegrain 12.69 FIT value 14.69
Age 15.79 FIT value 17.13 FIT value 12.67 Wholegrain 10.82
Wholegrain 15.34  Wholegrain 16.62 Dairy products 12.57 Dairy products 10.37
Vitamin D 15.22 Dairy products 16.52 Age 12,58 Calcium 9.84
Calcium 14.87 Vitamin D 15.63 Calcium 11.51 Alcohol 9.47
Fish 14.43  Fruits 15.43 Processed meat  11.43 Vitamin D 9.11
Fruits 14.39 Calcium 15.36 Red meat 11.40 Vegetables 8.97
Vegetables 14.34  Alcohol 1531 BMI 11.39 Age 8.91
Red meat 1432 BMI 15.24  Fruits 11.34 BMI 8.73
Alcohol 14.18 Red meat 14.69 Vitamin D 11.18 Red meat 8.64
Model 4 E Model 4.2 E Model 4.3 E Model 4.4 E
Fish 24.06 Dairy products 25.28 Dairy products 22.21 Dairy products 15.45
Wholegrain 23.99  Wholegrain 24.20 Wholegrain 22.87 Calcium 14.13
Dairy products 23.62 Alcohol 23.60 Calcium 20.11 Wholegrain 14.08
Fruits 23.01  Fruits 23.56 Vegetables 19.96 Alcohol 14.08
Alcohol 22.85 Vitamin D 23.13 Processed meat  19.79 Processed meat 13.59
Vitamin D 22.62 Fish 23.03 Red meat 19.77  Fruits 13.55
Calcium 22.36 Red meat 22.71  Fruits 19.69 Vegetables 13.31
Vegetables 22.21 Vegetables 22.40 Fiber 19.16 Vitamin D 13.29
Red meat 21.88 Calcium 22.20 Vitamin D 19.02 Red meat 13.02
Processed meat  21.76 Processed meat 21.94 Alcohol 18.75 Fish 12.70

Abbreviations: FIT, Faecal Immunochemical Test value; BMI, Body Mass Index. Variable importance of models
created with energy adjusted CRC relevant dietary factors plus and CRC relevant dietary factors, trained in all
the four cohorts. The ten most important variables are listed with their respective mean importance value, the
most influential variables are at the top of every list.
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4.2.5 Sub analysis
There was no difference in model performance between sexes, and stratifying by gender did
not improve model performance, see Table 10. The stratification was only dun in the overall

cohort.

Table 10. Model performance stratified by sex
Sensitivity Specificity AUROC

Model 1 Female 051(0.10)  0.51(0.07)  0.52(0.05)
Male 051(0.03)  0.50(0.05)  0.51(0.04)
Model 2 Female 047(0.11)  0.53(0.04)  0.51(0.06)
Male 051(0.03)  0.50(0.05)  0.51(0.04)
Model 3 Female 053(0.10)  0.56(0.05)  0.55 (0.06)
Male 053 (0.08)  0.51(0.04)  0.53(0.05)
Model 4 Female 051(0.07)  051(0.07)  0.52(0.03)
Male 050(0.05)  0.51(0.04)  0.52(0.04)

Abbreviations: AUROC, Area under the receiver operating characteristic curve. Model performance when the
overall cohort is spilt into males and female groups. Prediction models are created with the use of Overall diet
plus, Overall diet, CRC relevant dietary factors plus and CRC relevant dietary factors. All models are run with
10 iterations, and performance is presented as mean sensitivity, specificity and AUROC, as well as standard
deviation (SD).

As the FIT test are commonly used as a screening tool by itself we wanted to investigate how
our models work when the result from the FIT (i.e. “FIT value”) test was not used as input.
Since the only dataset including “FIT value” and showing an interesting predictive
performance was the CRC relevant dietary factors plus, only this dataset was investigated.
Table 11 shows predictive performance of models created without the “FIT value”. A
minimal reduction in predictive performance was seen for Model 3 (no FIT value), Model 3.3
(no FIT value) and Model 3.4 (no FIT value), compared to the corresponding models
including the FIT result. Moreover, Model 3.2 (no FIT value) was found to classify
participants as correctly as the corresponding models with the FIT result, showing an AUROC
of 0.62 and a sensitivity of 0.62.

Table 11. Model performance with CRC relevant dietary factors plus (no FIT value)

Sensitivity Specificity AUROC
Model 3 (no FIT value) 0.58 (0.05) 0.52 (0.04) 0.57 (0.04)
Model 3.2 (no FIT value)  0.62 (0.06) 0.55 (0.05) 0.62 (0.03)
Model 3.3 (no FIT value)  0.59 (0.05) 0.56 (0.06) 0.60 (0.03)
Model 3.4 (no FIT value)  0.60 (0.09) 0.58 (0.04) 0.61 (0.05)

Abbreviations: AUROC, Area under the receiver operating characteristic curve. Performance of models using
CRC relevant dietary factors plus without the FIT value as input, the models are trained in the four cohorts.
Models are run with 10 iterations, and performance is presented as mean with standard deviation (SD).
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Table 12 reports the mean important variables for the models created with CRC relevant
dietary factors plus where the variable “FIT value” was not included as input. “Age” was
ranked as the most important variable among three of the models. However, in the
corresponding models (Model 3, Model 3.2 and Model 3.3) the variable “age” was ranged as
the most or second most important variable. Model 3.4 (no FIT value) ranged “dairy
products”, “alcohol” and “wholegrain” as most important variables, compared to Model 3.4
which ranked “FIT value”, “dairy products” and “alcohol” as the most important variable. The
exclusion of “FIT result” did not lead to other lifestyle and demographic variables being

ranked among the ten most important variables.

Table 12. Mean variable importance (no FIT value)

Model 3 (no FIT value) Model 3.2 (no FIT Model 3.3 (no FIT Model 3.4 (no FIT value)
value) value)

Age 19.89 Age 19.84  Age 13.57  Dairy products 10.58
Vitamin D 18.52 Wholegrain 17.70  Dairy products 13.25  Alcohol 9.86
Red meat 17.95 Dairy products  17.34  Processed meat 12.56  Wholegrain 9.71
Wholegrain 17.94 Vitamin D 17.09  Wholegrain 12.10  Processed meat 9.54
Dairy products  17.90 BMI 17.09  Red meat 1194  Red meat 9.48
Fish 17.76  Red meat 16.90 Vitamin D 11.83 Age 9.34
Vegetables 17.37  Alcohol 16.74  Calcium 11.65  Calcium 9.19
Processed meat  17.35 Processed meat 16.04 BMI 11.56  Fish 9.14
Fruits 17.22  Fruits 17.72  Alcohol 1154 BMI 9.5
Alcohol 17.17 Fish 1551  Fruits 1142  Fruits 9.10

Abbreviations: BMI, Body Mass Index. Variable importance of models using CRC relevant dietary factors plus
without the FIT result as input, trained in all four cohort with 10 iterations. The ten most important variables
with their respective mean importance value, the most influential variables are at the top of every list.

To further investigate how each individual variable in the CRC relevant dietary factors plus
(with both crude and energy adjusted dietary data) were to correctly classify participants
within sub-cohort no.4, we calculated the AUROC (see Table 13) associated with each
variable in isolation. Only sub-cohort no.4 was tested as the best predictive models was
trained within this cohort. The “FIT value” alone provided an AUROC of 0.62, a predictive
performance only 0.02 lower than Model 3.4. The variables found to provide the highest
accuracy individually, was the same variables found to be among the most important variables
for Model 3.4 (i.e. dairy products, alcohol and processed meat) and Model 3.4 E (i.e. whole

grain, dairy products and calcium).
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Table 13. AUROC of the individual variables used in CRC relevant dietary factors plus
Dietary variables AUROC AUROC Other variable AUROC
(Used in both datasets) ~ (Crude intake)  (Energy adjusted)  (Only used in the CRC

relevant dietary factors plus)

Dairy products 0.55 0.57 FIT value 0.62
Alcohol 0.57 0.57 Sex 0.57
Processed meat 0.57 0.56 Family history of CRC 0.45
Wholegrain 0.55 0.58 Smoking habits 0.48
Red meat 0.54 0.52 Education 0.50
Fish 0.54 0.53 Physical activity score 0.51
Fruits 0.48 0.51 Age 0.54
Vegetables 0.51 0.50 BMI 0.53
Vitamin D 0.48 0.49

Calcium 0.54 0.58

Fiber 0.50 0.52

Abbreviations: AUROC, Area under the receiver operating characteristic curve; FIT value, Faecal
Immunochemical Test value. AUROC of the variables used in CRC relevant dietary factors plus and CRC
relevant dietary factor, both energy adjusted and with original dataset (crude intake).

4.3 Model performance within the test dataset

In ML, the test set is utilized for an objective evaluation of the model. Because of a risk of
information leakage in the CRCbiome study there was a desire to minimize the use of test
datasets. The minimal use of the test dataset is determined by the Data access committee in
the CRCbiome study (92). Therefore, only four of the models were evaluated with the test
dataset. Model 3.4, Model 4.4 and Model 3.4 E and Model 4.4 E were the selected models.
Model 3.4 and Model 3.4 E were selected due to the overall greater predictive performance in
the training dataset. Model 4.4 and Model 4.4 E were selected because of moderate predictive
performance in the training dataset, and they uses the same dietary input variables as Model

3.4 and Model 3.4 E, respectively.

The overall predictive performance (i.e. AUROC) for all models were reduced in the test
dataset. Model 3.4 and Model 4.4 were slightly reduced in the test dataset compared to the
training dataset, both showing an AUROC of 0.59 (Table 14). Even so, both models
improved their ability to categorize people with advanced adenomas and CRC as critical to
find with a sensitivity of 0.63. Model 3.4 E and Model 4.4 E had a substantial reduction in
predictive performance showing an AUROC of 0.57 and 0.55, compared to training dataset
0.65 and 0.61, respectively. In addition, there was a reduction in both sensitivity and
specificity for both Model 3.4 E and Model 4.4 E in the test dataset.
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Table 14. Model performance in the test dataset
Sensitivity Specificity AUROC

Model 3.4 0.63 0.50 0.59
Model 4.4 0.63 0.53 0.59
Model 3.4 E 0.54 0.52 0.57
Model 4.4 E 0.55 0.50 0.55

Abbreviations: AUROC, Area under the curve receiver operating characteristic. Classification evaluation of
Model 3.4, Model 4.4, Model 3.4 E and Model 4.4 E with the test dataset.

Table 15 lists the variable importance in the four models evaluated in the test dataset. For
Model 3.4, the same four variables were ranked as most important in the test dataset as in the
training dataset. “FIT value”, “dairy products”, “processed meat” and “alcohol” had an
importance value of 15.15, 12.26, 12.19 and 11.89, respectively. For Model 4.4, only the first
two variables in the ranking were the same in training and the test dataset. These variables,
“processed meat” and dairy products”, which were assigned an importance value of 28.84 and
28.31. “Alcohol” and “fruit” were further ranked as important, and assigned an importance

value of 25.87 and 23.19, respectively.

In Model 3.4 E arranged the same three variables at the top of the variable importance list in
both the test and the training dataset. “FIT value” was arranged at the top and given an
importance value of 25.48. “Dairy products” and “wholegrain” were assigned an importance
value of 16.06 and 16.05. In the test dataset Model 4.4 E, ranked “dairy products”, “calcium”
and “alcohol” as the most important variables. The variables generated an importance value of
19.46, 18.41 and 18.25. Nevertheless, there was a minimal difference the importance value
from the top of the list until the bottom, only ranging from 19.46 to 16.49, showing an almost

similar importance of all the included variables.
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Table 15. Variable importance of models evaluated in the test dataset

Model 3.4 Model 4.4 Model 3.4 E Model 4.4 E
Variable Variable Variable Variable
FIT value 15.11 Processed meat 28.84 FIT value 25.48 Dairy products  19.46
Dairy products 12.26 Dairy products  28.31 Dairy products 16.06 Calcium 18.41
Processed meat 12.19 Alcohol 25.87 Wholegrain 16.05 Alcohol 18.25
Alcohol 11.80 Fruit 23.19 Alcohol 14.77  Processed meat 17.97
Fish 11.60 Vegetables 23.17 Vegetables 12.85 Wholegrain 17.91
Age 11.50 Wholegrain 22.87  Fruits 12.83  Fruit 17.17
Calcium 11.31 Vitamin D 22.80 Fish 12.75 Fish 17.09
BMI 11.30 Red meat 22.04 Calcium 12.70  Vitamin D 17.05
Wholegrain 11.23 Fish 2159 Age 12.60 Fiber 16.80
Red meat 11.19 Calcium 19.40 Vitamin D 12.57 Vegetables 16.77
Fruits 11.19 Fiber 19.09 Processed meat 12.30 Red meat 16.49
Vitamin D 11.15 Red meat 11.12
Fiber 10.89 BMI 10.81
Vegetables 10.98 Fiber 10.38
Physical activity 8.74 Physical activity ~ 7.99
score score
Sex 4.49 Sex 3.73
Family history of 3.99 Education 2.00
CRC
Education 3.89 Family history of 1.57

CRC

Smoking habits 3.10 Smoking habits 1.00

Abbreviations: FIT value, Faecal Immunochemical Test value; BMI, Body mass index. Variable importance for
Model 3.4, Model 4.4, Model 3.4 E and Model 4.4 E in the test dataset.
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5 Discussion

In this study, the machine learning method Random Forest was used to create a classification
algorithm to detect screening participants with a greater need of colonoscopy. Different
models, with various input and outcome variables were created. Further, the best models were
evaluated in the test dataset. We found that the best models to distinguish participants were
created with the dataset CRC relevant dietary factors plus. This dataset includes 11 dietary
variables (with or without energy adjustment), 7 lifestyle and demographic variables and the
result from the FIT test. In the training dataset Model 3.4 and Model 3.4 E, with the dataset
CRC relevant dietary factors plus as input variables, were best at distinguishing those with
advanced adenomas or CRC from true negative participants, showing an AUROC of 0.64 and
0.65, respectively. Further, these models were evaluated in the test dataset, showing an
AUROC of 0.59 and 0.57, respectively.

Dietary information appeared to be important for the prediction of all the models. Even the
models created with datasets including more than dietary variables (i.e. Overall diet plus and
CRC relevant dietary factors plus) as input, ranked dietary variables to be important. Only the
non-dietary variables “age”, “FIT value” and “BMI” were ranked among the ten most
important variables for all the models. The remaining important variables consisted of dietary
variables. All models showed a consistency in which dietary variables were the most
important for the prediction. “Dairy products”, “wholegrain”, “alcohol” and “processed meat”

were listed among the top ten most important in most models.

5.1 Methodological considerations

5.1.1 The study population

All the participants in this master's thesis were recruited from the CRChiome study (92), who
further recruited their participants from the BCSN trial (47). Only participants with a positive
FIT test were asked to participate in the CRChiome study (92). Participants were invited to
the CRChiome study after being informed about their FIT result, but before the colonoscopy.
A complete colonoscopy was required to participate (92). Along with the invitation to be a
part of the CRChiome study, the participants received two questionnaires (LDQ and FFQ),
and these were to be filled out prior to the colonoscopy. The worrying news of a positive FIT

test may have affected the participants, which may result in an overrepresentation of highly
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motivated subjects completing the questionnaires. Since the participants in our study have
undergone two different screening methods, as well as completed a comprehensive FFQ and
LDQ, it is reasonable to assume that selection bias has been introduced. Previous studies have
shown that people with low socioeconomic status (119-122), an unhealthy lifestyle (121,
123), and those with a non-native ethnicity (120, 124) participate to a lesser extent in
screening programs. A study by Botteri et al., examining the same population as included in
this master’s thesis, showed that people using psychotropic drugs or antidiabetics, those with
a long driving distance to the screening center and those with immigrant status to a lesser
extent showed up for subsequent colonoscopy after a positive FIT test (125). These findings
indicate that our population may not be as generalizable as we had hoped. However, we
assume that this study represents people that would participate in screening programs for
CRC.

5.1.2 Assessment of dietary intake with the FFQ

The FFQ used to assess dietary information in this master's thesis has previously been
validated for food items, micro- and macro nutrients as well as energy intake (93-98). Even
though the validity of the questionnaire by most studies has been considered as reasonable, it
still has some limitations regarding food components associated with CRC. The FFQ has been
found to overreport the consumption of vegetables (97) and fruits (96) and fibre (93)
compared to other dietary assessment methods in validation studies. Several validation studies
have found underestimation of alcohol (93, 126) and sugar consumption (93, 95, 126). When
interpreting the findings from the FFQ, it is important to have the results of the validation
studies in mind, as the participants can appear healthier than what they are. In addition,
Andersen et al. regarded the FFQ as valid to assess the dietary consumption at group level,
but limited to assess the dietary habits at individual level (94). This is possibly a weakness in
our study, as we want to classify the participants as correctly as possible with the help of,
among other things, dietary variables.

The FFQ was self-administered and participants were asked to report the consumption of food
the past year. Thus both recall bias and information bias may have been introduced. A
potential side effect of participating in screening is the potential psychological stress. One can
imagine that fear or anxiety that may occur after a positive FIT test had an impact on

participants’ answers. However, a sub study of the BCSN pilot, showed that receiving a
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positive FIT test did not generate more clinically relevant psychological harm (127). Thus, it
is unlikely that fear or other psychological changes caused by a positive screening result, have
meaningfully affected the completion of the questionnaires.

5.1.3 Assessment of lifestyle and demographic data

7 lifestyle and demographic variables (Supplementary file 2) were used as input in the
datasets Overall diet plus and CRC relevant dietary factors plus. Of these “physical activity”,
“smoking habits”, “education” and “family history of CRC” were collected through a self-
administered LDQ. This method may have some uncertainties as the LDQ is not validated.
However, it has been used by others (99, 100) in addition to being tested on a pilot group (92).
As the LDQ contained questions about the participants' lives, recall error is possible. The use
of self-report questioners has by others been found to underestimate smoking habits
prevalence (128) and overestimate physical activity (129, 130), hence reporting bias may have
been introduced in our study and affected the results.

5.1.4 Input variables

The dietary variables used in all four datasets were created from a dataset with pre-grouping
of foods. This was done in the dietary information retrieval system KBS and the
categorization was based on standard grouping of foods. To obtain dietary variables most
relevant for our study, some regrouping was done, mainly based on nutrient content. It is
possible that the grouping could affect the prediction performance of the models created in
this master’s thesis. Seen in retrospect, there is a possibility that the prediction models,
created with variables including the total diet, would have performed better if the total diet
was grouped into more inclusive categories. For instance, it may have been unnecessary to
include one variable each for “processed white meat” and “processed red meat”. Rather, one
common variable could have been used, as research shows the same effect on CRC regardless
of the type of meat (19). Using three different variables for grain products (i.e. “Refined grain
products”, “Grain products” and “Pasta, rice, and grains”) may not have been the most
appropriate division for further interpretation. It may have been more optimal to organize all
grain products into two variables, one containing refined grain products such as French
baguettes, and one containing wholegrain products such as rye bread. Nevertheless, this only

applies to the dataset Overall diet and Overall diet plus.
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On the other hand, the datasets CRC relevant dietary factors and CRC relevant dietary
products plus contain dietary variables that are composed of dietary variables from the
datasets described above. For instance, "dairy products" was created from a merger of “milk
and yoghurt”, “cream products”, “white cheese” and “brown cheese”. These datasets were
created with the intention of including only dietary factors that have an impact on CRC. To
account for potential misclassification, we used total fiber and wholegrain intake instead of
dietary variables that contained food items that are the source of these dietary components. In
order to take into account the alcohol percentage in various beverages, alcohol in grams per
day was used instead of the consumption of wine, beer and other alcohol containing

beverages.

The FFQ contains 17 questions and an open field to report intake of various dietary
supplements, including multivitamin supplements. The registered use of dietary supplements
was calculated into the total nutrient intake of the participants. WCRF and AICR have found
the use of multivitamin supplementation to have a possibly protective effect on CRC (19).
However, in our study there was no available information about which of the participants used
what type of supplement since this already was calculated into the total nutrient consumption.

Therefore, supplement use was not included as a specific variable in neither of the datasets.

In Overall diet plus and CRC relevant dietary factors plus we implemented 7 lifestyle and
demographic variables, in addition to the result from the FIT. Of these, “age”, “sex”, “family
history of CRC”, “smoking habits” and “BMI” are identified in a systematic review to be the
most used risk variables in prediction models for CRC (58). Less implemented, but
considered frequently, are the risk variables physical activity and education (55, 58). Wells et
al. included both these variables in a multi risk factor prediction model for CRC, resulting in a
model with high accuracy (131). Most prediction models are developed with the intention of
risk stratification with easy to collect information. Hence, information about previous
screening history such as the result from a FIT is not implemented in most models. Despite
that, Stegeman et al. compared combining risk factors with FIT results against FIT results

alone, resulting in a significant improvement in discrimination (p<0.001) (63).
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5.1.5 The machine learning method

In our study only one specific ML algorithm was used to distinguish between those who have
a need of colonoscopy and those who are true negatives. RF has previously proven to be a
suitable method for classification problems (112) and risk prediction (132, 133). However,
different types of ML techniques exist. Some other studies have applied ML in CRC
screening (68, 85, 87-91), mostly by using different forms of Neural Networks (68, 87-91).
Most studies use more than one approach to create the final model (68, 85, 88, 89, 91). When
comparing the results, variance in predictive abilities among the different approaches is often
found (68, 85, 88, 89, 91). Which methods work the best is dependent on input, output and
study sample. As no other ML method, or traditional method, was tried in our study, we
cannot be sure that RF is the most accurate method to predict who among the participants

were in greater need of colonoscopy and who were not.

A total of 1476 participants were included in this master’s thesis. Of these, 1183 were
randomly allocated to the training dataset and 293 to the test dataset. Splitting the dataset is a
common method in ML, however it may have reduced statistical power in this study. There is
a possibility that the number of participants in the training dataset was too small to generate a
good prediction model. The training dataset became even smaller due to downsampling for
balancing of outcome groups, and when diagnostic groups were excluded to create the sub-
cohorts. Still, models based on sub-cohort no.4, with only 708 participants included produced
the most accurate predictions. Power issues also apply for the test dataset. This contained 293

participants, which may have been too small to fully validate the model.

5.2 Discussion of results

5.2.1 Prediction models

This study is unique as it compares the use of dietary variables alone against a combination of
traditionally used risk variables with FIT results and several dietary variables to create a
prediction model for people with the need of colonoscopy. Several models were created, but
only four were tested in the test dataset. The predictive performance decreased for all four
models evaluated in the test dataset. This is not common in RF, as the test dataset in theory
are supposed to have a better strength for the final model compared to the training dataset.
However, coincidences may have resulted in different distribution between the participants in

the test and in the training dataset. Which further resulted in the final models, selected to be
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evaluated in the test dataset, worked particularly better for the participants in the training

dataset compared to participants in the test dataset.

Even though the use of energy adjusted dietary variables showed promising results in the
training dataset, models evaluated in the test dataset did not show satisfying abilities to
correctly classify the participants. This is appeared in both Model 3.4 E and Model 4.4 E with
a decrease in AUROC of 0.08 and 0.06, respectively. To compare, the predictive performance
of Model 3.4 and Model 4.4 also decreased in the test dataset, however both showing an
AUROC of 0.59 in the test dataset.

29 <¢

All the models run in the test dataset were trained with the variables “red meat”, “processed
meat”, “fruits”, “vegetables”, “fish”, “dairy products”, “calcium”, “alcohol”, “vitamin D”,
“wholegrain” and “fiber”. Additionally, in Model 3.4 and Model 3.4 E, “sex”, “age”, “family
history of CRC”, “BMI”, “smoking habits”, “physical activity”, “education” and “FIT value”
were included. Moreover, models were trained within sub-cohort no.4. In this cohort the
critical to find group consisted only of people diagnosed with advanced adenoma and CRC
and the true negative groups consisted of participants with no adenoma or non-advanced
serrated/other lesions. By using this cohort, we excluded participants with non-advanced
adenoma and advanced serrated lesions. The exclusion may have led to an increase in the
difference between participants critical to find and true negatives. For instance, the
participants categorized as true negatives did have a higher median consumption of
wholegrain and dairy products, and the participants were more likely to be female and at a
normal BMI. In contract, critical to find participants had a higher median consume of
processed meat, were more likely to be obese or overweight and male than the true negatives.
Besides, the results from the FIT test was nearly two and a half times higher in participants

with CRC compared true negatives.

In general, prediction models for CRC have been created based on information about lifestyle
and demographic factors (55-59), genes (55, 62) and blood parameters (55, 58). Only a few
models incorporate dietary variables beyond alcohol and red meat (55, 59), despite the
evidence in the literature, showing a strong relation between diet and CRC (19). An exception
is Aleksandrova et al. who created a lifestyle-based model for CRC prediction (134).
Participant information was drawn from the EPIC. In the final model, consumption of alcohol,
vegetables, dairy products, processed meat and sugar and confectionary, were used in
combination with age, waist circumference, height, smoking habits and physical activity. The
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model generated an AUROC of 0.71 in the derivation cohort, and 0.71 in the validation
cohort, also collected from the EPIC study (134).

Most risk prediction models are developed by the use of logistic regression (55, 58). Min et
al. investigated the performance of two Deep Neural Networks (DNN) models against the
prediction performance of two simple scoring models (87). The DNN models were created
with the same few input variables as used in the scores, which were age, sex, family history of
CRC and smoking. BMI was implemented in one DNN model and in one score. No difference
was shown between methods when tested in an external dataset (87). DNN models are able to
capture the complex associations between a large numbers of input variables, however
discrimination power may be minimal when only a few input variables are used (87). Yang et
al. illustrated this point by creating a DNN model, including 26 clinical and laboratory
parameters, showing a significantly better predictive performance compared to a model
created with linear regression using nine of the same input variables (88). Other ML methods
such as extreme gradient boosting (XGboost) and RF were additionally applied. The XGboost
model performed similar to the DNN model showing an AUROC of 0.76, the RF model
generated an AUROC of 0.67 (88). In similarity to our study, Cooper et al. used a FIT-
positive cohort, participating in a British screening study to create the risk prediction
algorithm both feedforward neural network (FNN) and logistics regression was used (68).
Further, they only included available routine predictors, and the model was built with an
index of multiple deprivation, information on previous screening history, age and gender. The
predictive performance of the models yielded AUROC of 0.69 and 0.66 for FNN and logistics
regression, respectively (68). Nonetheless, the model was not validated in an internal leave
out test set or external cohort (68), therefore one cannot be sure that the predictions are
generalizable to the population. Interestingly, an Australian cross-sectional study by Semmler
et al. investigated the use of LR and XGboost to predict colorectal neoplasia (85). In the
“mother model”, 50 laboratory, clinical and diet variables were used, including the
consumption of alcohol, coffee, red meat, sugar sweetened beverages, fast food, fruit, and
vegetables. Both the logistic regression and XGboost model generated an AUROC of 0.66. A
similar predictive performance was shown when only 10 of the included variables were used,
among them the only dietary variables used was alcohol consumption. The latter model was
further tested in a sub-cohort where all participants with adenoma were excluded, resulting in
a population consisting of “truly healthy” participants and participants with advanced

neoplasm. This sub-cohort may be comparable with our sub-cohort no.4. Analogous to our
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results, the models created in this cohort perform the best, showing an AUROC of 0.70 (85).
A drawback in the study by Semmler et al. is the lack of transparency in the importance of the
variables used in the prediction algorithm, making it difficult to interpret how different
variables influence the prediction of advanced neoplasia (85). The lack of studies utilizing

ML to create prediction models results in few studies to compare our results with.

In the current study, few of the models created with the datasets Overall diet plus or Overall
diet yielded a high prediction. An explanation may be the implementation of a large number
of dietary variables, which may not be relevant. At each split the chances for non-relevant
variables to be selected were greater, causing a reduced performance (135). Even though our
models did not show a great prediction when the total diet was implemented, Morgenstern et
al. suggest that the use of rich dietary data, collected in an appropriate manner, in
combination with ML methods, might improve prediction of chronic diseases by discovering
complex, nonlinear dietary exposures and taking advantage of small associations found

between dietary variables (74).

5.2.2 Variable importance

It is worth noticing that Model 4.4, only containing dietary variables, gave an equal predictive
performance in the test dataset as Model 3.4, which additionally to the dietary variables
include lifestyle and demographic variables, as well as the “FIT value” in the model. The fact
that using only dietary data in a model yielded an equal performance as a model created with
additional risk factors commonly used, underlines the potential of including dietary variables
in prediction models. This was further emphasized by the high ranking of dietary variables in
the variable importance calculation of all models.

Both Model 3.4 and Model 4.4 ranked the dietary variables “processed meat”, “alcohol” and
“dairy products” as the top three most important dietary variables in the test dataset, and the
same ranking was seen in Model 3.4 in the training dataset. Nevertheless, Model 4.4 ranked
“wholegrain” as the most important variable in the training dataset. The importance of
“processed meat”, “alcohol”, “dairy products” and “wholegrain” is consistent with the
individual variables’ ability to classify participants within sub-cohort no.4 (Table 13).
However, due to the small differences observed between variable importance measures, their

relative rankings should be interpreted with caution.
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In this study, a significant difference in alcohol and processed meat consumption was found
between the different diagnostic groups. Nevertheless, the median difference between groups
was minimal and only accounted for a few grams. On the contrary, a difference between
groups may have been sees in the RF algorithm as both alcohol and processed meat was found
to be an important variable for the predictions among most variables. Both alcohol and high
intake of processed meat are known to have a harmful effect on the colonocytes (19). Alcohol
has been found to induce carcinogenesis through several pathways, including through the
metabolism of the active ingredient, ethanol, to harmful metabolites (e.g. acetaldehyde) (136).
The harmful metabolites induce production of ROS and DNA-adducts, epigenetic changes
and epithelial barrier dysfunction, all of which increase the risk of cancer (136). According to
WCRF and AICR, one alcoholic drink (e.g. a 0.33 L beer) per day increases the risk of CRC
with 6 % (19). The same regards processed meat as it may contain carcinogenic substances
such as N-nitroso compounds, heterocyclic amines and polycyclic aromatic hydrocarbons
from cooking at high temperature (137). A higher intake is therefore associated with increased
risk (19). Approximately half of the population in the current study followed the
recommendations to limit the intake to less the 500 grams of red and processed meat a week

and limit the consumption of alcohol to less than 5 E % a day (113).

Among the models, nearly all ranked variables with wholegrain and dairy products among the
top ten most important variables. This was seen irrespective of input dataset and cohort. The
importance of these variables are not unexpected given the inverse associations previously
observed between consumption of both dairy and wholegrain products and CRC risk has
shown (19). In fact, consumption of 400 gram of dairy products per day or 200 gram of milk
per day, has been observed to account for a risk reductions of 13 % and 6 % for CRC.
respectively (19). For models created with energy adjusted dietary variables, calcium was also
ranked as highly important for the model performance. One of the preventive effects of
calcium is its ability to bind fatty acids as well as unconjugated bile acids, reducing their
carcinogenic effect on the epithelial cells (138). Studies have also suggested that calcium
influences cell signaling pathways, enhancing cell differentiation and reduces cell
proliferation (139). Much of the effect of dairy products on CRC risk can be assigned to the
influence of calcium, however butyrate, lactic acid-producing bacteria and lactoferrin may
also have protective effects (140). Regarding wholegrain, a consumption of 90 grams per day
has been found to reduce CRC risk with 17 % (19). The protective properties of wholegrain

are thought to be caused by the content of fiber (i.e. shortening transit time, enhancing
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production of short chain fatty acids by microbiota and preventing insulin resistance) and

nutrients with anti-carcinogenic effect (141).

Only the non-dietary variables “age”, “FIT value” and “BMI” were ranked among the ten
most important variables for the performance in models. However, the “FIT value” was
ranked at the top for most models where the variables was included in the dataset. A “gap” in
the importance value from “FIT value” when ranked at the top to the next variable was seen
among most models. Inclusive of Model 3.4 in both the training and the test dataset where
“FIT value” was assigned an importance value of 15.50 and 15.11, respectively. The
respective next variable which was “dairy products” had a mean importance value of 11.35 in
the training dataset and 12.26 in the test dataset. The “FIT values” importance in the models
are in alignment with the variable’s ability alone to classify participants, showing an AUROC

of 0.62.

However, excluding the “FIT value” from the prediction model only led to a small reduction
in the AUROC value for Model 3.4 (from 0.64 to 0.61). The higher predictive performance
when the result from the FIT was included in the models are in line with previous studies (63,
71, 142). Further, Model 3.4 (no FIT value) ranked “dairy products”, “alcohol”, “wholegrain”
and “processed meat” as the most important variables for the prediction. Although the models
without the results from the FIT were not evaluated in the test dataset, the ranking may
indicate the importance of dietary variables being incorporated in prediction models of

advanced neoplasia.

Interestingly, Model 3.2 (no FIT value) showed an equal AUROC and sensitivity as Model
3.2. This suggests that the models created with CRC relevant dietary factors plus within sub-
cohort no.2 (i.e. critical to detect: advanced serrated lesions, non-advanced adenoma (>3) in
addition to advanced adenoma and CRC; true negatives: no adenoma, non-advanced serrated
lesions/other lesions) were not dependent on the “FIT value” to obtain the AUROC. Model

3.2 (no FIT value) ranked “age” as the most important variable, followed by dietary variables.

The lifestyle and demographic variables found to be most important for the models were
“BMI” and “age”. Worth noticing is that none of the other lifestyle and demographic variables
were ranked among the ten most important variables, which may be an artefact introduced by
how the importance of the variables was measured. Variable importance when measured
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using change in impurity is known to be biased against categorical variables (143, 144), so
while our results indicated limited importance, using a permutation approach could have
provided a more accurate measure of importance for these lifestyle and demographic variables
in our prediction models. Thus, the results cannot be interpreted as lifestyle and demographic
variables not having an impact on CRC. Further, the variable importance is in line with the
predictive performance (i.e. AUROC shown in Table 13) for each variable alone, except for
“sex”, in sub-cohort no.4. It is possible that the population is too similar regarding lifestyle
and demographic factors (Table 2), which may be a consequence of a too small population
where the model is trained. Furthermore, the LDQ used was not validated and may not have

captured the correct answers.

Variable importance must be interpreted with caution as it does not state anything more than
that the variable itself is important for prediction performance. Variable importance provides
the mean decrease in impurity, meaning how well the variable can divide the population into
two as "pure” (i.e. case or control) daughter groups as possible. However, the variable
importance does not tell anything about where the split was performed (e.g. at what level of

intake in grams/day).

5.2.3 Strengths and limitation

A major strength of this master’s thesis is that it had its origin in a well-organized, large,
prospective cohort study (92). Another strength is that participants are collected from two
different centers located in two different municipalities. It has resulted in access to a
population with only FIT-positive participants and provided high quality data, and a greater
sample-size compared to other nutrition studies. For instance, it provided clinically verified
outcome information, lifestyle and demographic data, and detailed dietary information
collected through a validated FFQ. As the use of any instrument to evaluate dietary habits,
FFQs are prone to errors. To mitigate errors exclusion of participants providing low quality
dietary data or unrealistic energy intake was done prior to the analysis. A further strength is
the strict definition of the outcome variables, both those who were considered as critical to
find and as true negatives, we believe that this makes it easier to interpret which of the
variables are important for correct classification of participants. Further, we practice

transparency of the RF models by reporting variable importance. Even though they do not
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provide a direction of the variable (i.e. more or less associated with critical to find group) they

do say something about the importance of implementing the variable in the model.

A limitation to the study is the cross-sectional design, which prevents causal interpretation of
the relationship between selected input variables and outcome variables. Another limitation to
the study is the representativeness, as people participating in this screening trial have agreed
to conduct FIT repeatedly in addition to answer questionnaires. A third limitation of this study
is that we only used one approach to create the prediction models, there was no other ML or
conventional method used in addition to RF. The implementation of another method could

have made it possible to compare results, and even provide a better discrimination.

It may be a limitation that the final models were selected manually based on best predictive
performers (i.e. AUROC) instead of predetermined theories. As the final models may have
been better fitted to training dataset than to the test dataset. Further, the models were not
validated in an external cohort. Since no other study has used both Random Forest and a
bouquet of dietary variables to predict CRC, the possibilities of future studies are many.

Our findings highlight the importance of implementing dietary variables known to have an
impact on CRC development when creating a prediction model for CRC screening.
Furthermore, our study shows the potential of using ML methods, instead of traditional

methods, to detect who are in greater need of colonoscopy and who are not.

5.3 The usability of prediction models and further studies

Our models did not yield particularly accurate predictions, hence the implementation into a
screening program for CRC probably would not lead to a great improvement. Firstly, the best
performing models in the training dataset performed worse in the test dataset. This is not
usually the case for RF models as they are known to have minimal overfitting (135).
Secondly, the dietary variables used in the model are not easily measured. In our study, they
are collected by a comprehensive FFQ, which may be a burden for the participants, and it is
more demanding for the clinician as the method requires further processing of the data

Further studies should continue to investigate the inclusion of dietary variables in prediction

models as they were shown to be more important for model accuracy. For instance, an idea
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could be to use dichotomous dietary variables (e.g. above or below five portions of fruits and
vegetables per day). Furthermore, researchers should investigate the use of dietary
information collected from a simpler FFQ which can be filled out digitally, with targeted
questions, where the answers can be used directly into an algorithm. With these methods it
might be easier to interpret the variable importance, it may also be easier to collect and use
dietary information in a screening setting. Moreover, studies with larger sample sizes, where
several different ML techniques are tried out at the same time should be conducted to review
whether this can provide a better prediction of who are in greater need of colonoscopy and

who are not.
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6 Conclusion

In this cross-sectional study among FIT positive participants, we were unable to create a
prediction model with satisfactory ability to detect participants in need of colonoscopy, using
detailed dietary, lifestyle and demographic data in combination with FIT data. However, our
results showed that the models using dietary variables known to influence CRC risk were
better at identifying people in need of colonoscopy than the models incorporating more
general dietary variables. Except for a few variables (FIT value, age and BMI), the dietary
variables known to influence CRC were in general more important for the predictive
performance than the other variables. This was especially the case for the variables “dairy
products”, “alcohol”, “wholegrain”, and “processed meat”. Implementation of the FIT result
in the model gave, not surprisingly, a more accurate prediction compared to models where

this variable was omitted.

In terms of performance, our best models (Model 3.4 and Model 4.4) generated a higher
AUROC in the training dataset than in the test dataset. Even though Model 3.4 differed from
Model 4.4, by including the FIT result, as well as lifestyle, and demographic variables, the
models showed an equal AUROC in the test dataset; thus showing the importance of

implementing dietary variables, even if predictive performance was not optimal.
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Oslo, _kort_dato_

DELTAKELSE | FORSKNINGSPROSIEKTET

STUDIE AV TARMBAKTERIER OG LIVSSTIL VED TARMSCREENING

Du mottar dette brevet fordi du har levert en avigringsprgve med blod og er invitert til en
koloskopiundersgkelse i forbindelse med screening. | forbindelse med dette gnsker vi d invitere deg 4l 3
delta i et forskningsprosjekt for 2 studere om det er en forbindelse mellom tarmbakterier {tarmfloraen),
livsstil og forekomst av polypper.

Dette er et tilleggsprosjekt til selve screeningen og din eventuelle dehltakelse har ingen betydning for det
tilbudet du far i screeningundersgkelsen. Malsettingen med dette tilleggsprosjektet er a finne ut hvilken
betydning tarmbakteriene kan ha pa tarm krehrisikoen_ Vi vil ogsa undersgke om det er sammenheng
mellom kosthold og livsstil, tarmflora og armkreftutvikling. Da kan vi forbedre rad om forebygging av kreft
samt gke ngyaktigheten pa testene.

Mer informasjon om prosjektet finner du pa var hjemmeside krefiregisteret.nojfcrc-biome.

Ved sparsmal ta kontakt via e-post tarmscreening @kreftregisteret.no eller telefon 22 45 13 00
[telefontid fra ki. B.30 4l 11.30).

HVA INNEBAERER PROSIEKTET?

Dehagelse innebarer at du fyller ut to spgreskjemaer om kosthold og livsstil, far din
koloskopiunderspkelse, og tar to avfgringsprever i lgpet av ret som kommer.

Vi ber om at du fyller ut de to vedlagte spgrreskjemaene, og returnerer dem i den frankerte svarkonvolutten
eller tar dem med deg nar du kommer til koloskopiundersgkelsen. Vi vil kontakte enkelte deltagere per
telefon ved behov for utfyllende informasjon. Skjemaene tar totalt ca. en time a fylle ut.

Avfgringspravene skal tas og sendes pa samme mate som du gjorde i screeningundersgkelsen. Den farste
préven skal tas ca. to maneder, og den andre ca. et ar etter din koloskopiundersgkelse. Prgvetakingsutstyret
vil bli sendt til deg i posten.

| prosjektet vil vi innhente og registrere opphysninger om deg. Vi vil registrere funn fra
koloskopiundersgkelsen, avfgringsprgvene og svar fra spgrreskjemaene, og sammenstille disse med data fra
hovedundersgkelsen Screening mot tarmkreft - forprosjekt. Opplysningene vil kobles mot sentrale
helseregister slik som Kreftregisteret og Reseptregisteret.



MULIGE FORDELER OG ULEMPER

Du vil ikke ha noen direkte fordeler av 3 delta i studien. Resultater fra studien kan lede frem til ny og viktig
kunnskap som kan gi bedre screeningverkidy i fremtiden.

Studien innebarer ingen ulemper for deg som deltager utover medgatt tid 6l a fylle ut spgrreskjemaene og
avgi avigringsprevene.

FRIVILLIG DELTAKELSE OG MULIGHET FOR A TREKKE SITT SAMTYKKE

Det er frivillig 2 delta i prosjektet. Du kan nar som helst og uten 3 oppei noen grunn trekke ditt samtykke.
Dette vil ikke fa konsekvenser for din koloskopiundersgkelse. Dersom du trekker deg fra prosjektet, kan du
kreve 3 fa slettet innsamlede prgver og opplysninger, med mindre opplysningene allerede er inngatt i
analyser eller brukt i vitenskapelige publikasjoner.

Dersom du senere gnsker a trekke deg eller har spgrsmal til prosjekiet, kan du kontakte sekretariatet for
tarmkreftscreening pa Kreftregisteret med e-post: tarmscreening@kreftregisteret.no eller telefon nr.
22 45 13 00 (sentralbordet, telefontid ved tarmscreeningseksjonen er fra kl. .30 tl 11.30).

HWA SKIER MED INFORMASIONEN OM DEG?

Informasjonen som registreres om deg skal kun brukes slik som beskrevet | hensikten med studien. Du har
rett til innsyn i hvilke opplysninger som er registrert om deg og rett tl 2 fa korrigert eventuelle feil i de
opplysningene som er registrert.

Alle opplysningene vil bli behandlet uten navn og fddselsnummer eller andre direkte gjenkjennende
opplysninger. En kode kmytter deg til dine opplysninger giennom en navneliste.

Prosjektleder har ansvar for den daglige driften av forskningsprosjektet og at opplysninger om deg blir
behandlet pa en sikker mate. Informasjon om deg vil bli anonymisert eller slettet senest fern ar etter
prosjektslutt.

HVA SKJER MED PR@WVER S50OM BLIR TATT AV DEG?

Avfgringsprgvene du sender inn skal oppbevares i biobanken Pilot pa et kolorektalcancer screeningprogram,
sammen med resten av prgvene fra tarmscreeningen. Det er Kreftregisteret som er ansvarlig for denne
bicbanken.

Avfaringspravene fryses og lagres slik at de kan brukes til 3 teste om det er andre substanser i avfgringen
som kan brukes til 3 pavise kreft eller kreftrisiko.

Disse analysene vil bli utfgrt av vare samarbeidspartner. Informasjon om prosjektet vil publiseres pa var
hjemmeside kreftregisteret.nofcre-biome.

HWA SLAGS INFORMASION KAN UNDERS@KELSENE | PROSIEKTET GI?

Avfgringsprgvene og funn i koloskopiundersgkelsen skal, sammen med informasjonen fra sp@rmeskjemaene,
brukes til 3 undersgke bakterier og andre biomarkgrer [mikroRNA). Studien inneholder ikke analyser av
arvemateriale [DMNA).
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FORSIKRING

Som deltaker i studien er du forsikret som enhver vanlig pasient i det offentlige helsevesen
[pasientskadeerstatningsordningen).

OPPFOLGINGSPROSIEKT
Som deltakere i denne studien vil du kunne bli kontaktet igien for @ delta | oppfalgningsprosjekter.

GODKIENNING
Prosjektet er godkjent av Regional komite for medisinsk og helsefaglig forskningsetikk (saksnr. 63148)

Tusen takk for hjelpen!

Med vennlig hilsen

W il
I / 7
L Jﬁé ' / El /f}/ . s
ani O@ﬂ-emm Jan B bownge  Zull Z  Zp
Anita Jgrgensen, fungerende leder Trine B. Rounge, forsker Paula Berstad, forsker
Pilotprosjektet for tarmscreening Kreftregisteret Kreftregisteret

Ved spgrsmal ta kontakt via e-post tarmscreening@kreftregisteret.no eller telefon
22 45 13 00 (telefontid ved tarmscreeningseksjonen er fra kl. 8.30 til 11.30).

Besgk var hjemmeside kreftregisteret.no/crc-biome

Skann QR-koden for 2
komme direkte til nettsiden
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Supplementary file 2: The FFQ used in the CRCbiome
study
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Prov =& godt du kan & gi et "gjennomsnitt” av dine spisevaner.
. Ha det siste dret i tankene nar du fyller ut. .

1. Hvor mye bred pleier du 3 spise?

Legg sammen det du bruker til alle malktider i lopet av en dag.
(1/2 rundstykke = 1 skive, 1 baguett = 4 skiver, 1 dabaita = 2 skiver)

et Antall skiver pr. dag
sfelden %= 1 2 3 4 85 & 7 8 9 10 11 12+
Fint brad '

(off, baguetter, fine rundstykker, ciabertz). LI O O 1 0 0 00 0 00 00

Mellomgrovi brad

(helkomored, kneipp, aove sty (10 0 00 00 0000000

EroT B R oo T e R RS TR e TR T e T T e

{mer enn 50 % sammalt, markt rugbroad) DED OdobooddobooOoododnOno

Fint knekkebrad (kavring) 000000000 00000

Grovt knekkebrad (grov skonrok) D000 Ooo0o0ooooOon

Sum skiver pr. dag =

Antall skiver pr. uke: X7 = . Tallet brukes | sparsmdl 4.
[Sum skriver pr. dag)

2. Hva pleier du 3 smere pd bredet?
Legg sammen det du bruker pd skivene i lopet av en uke.
(1/2 rundstykke = 1 skive, 1 baguett = 4 skiver, 1 dabaita = 2 skiver)

Antall skiver pr. uke

m i-8  f-id4 1821 23-38 39-38 3E-42 43-49 B0-88 874+
Bremyke oo oo oo o oo o
sz Oi0 0 0O 0O O 0O 0O 0O O
Myk margarn (SoftFlors, SoftBlera) ] 1 [ ) 0. 0O O 0O 0O O [
SO e o:o o g oo o o oo
vita I I |
sntgmvmir 010 O O O O O 0O O O
Menge e o, g g o oo o g d.d
Anoenmargarn oo o o o o o o o 0
Owenolie, annen olje pibred | oj0. 0. 0 0 0 0. 0. 0.0
Majones, remulade pd brod 00 O o o oo o o O

3. Hvis du bruker smer/margarin pd bredet, hvor mye bruker du?
Antall skiver

Wy 1 2 3 L 5 eller
flere
En porsjonspakks smer/marngarin pd 12 g rekker til antall skiver: [ [ [ [ O [
BOBT3

_ " _




. 4. Hvilke typer palegg spiser du?

h
"]

Antall skiver pr. uke

B-7

B-12 13-18 19-24 25-30

L
O =

_____________________________________________________________________________________________

_____________________________________________________________________________________________

sjeiden 1
Brunost/prim O
Let/magerbrunostypeim [ i []
Hvitost (eks. Norvegla, Gulost) 1 [
Lett/mager hvitost | O
E,Eﬁ;;:;f;s Brie, Graddost, I:I D
Smareost (eks. kremost, Philadeifia) [ O
Lett/mager smareost O d
leverpostel | O 0
Mogerleverpostel O 10
Servelat | -i O
:;E{L;l;iilzzgiemewelar. m m
Salami, firepolse, spekepalse | O
Kaviar | ' |
Svolvaerposted, Lofotpostel | O
kel twmat | 0 i 0
Rokt gravetiaksjomer | OO0
Sardiner, sursild, ansjos | Ji O
Tunfisk O Ji O
Reker, krabbe | ! O
Egg (kokt, stekt, egperars) [l E ]
Syletey, marmelade | O O
Lett syltety, frysetey | O | O
Peanpttsmar O g
Sjokolade-, nettepdlegg | O
(S g, Snda, siwp)______| 0O ;0
Cottage cheess | O
Majonessalat {eks. italiensk salat) | O
(ks. et tallensk salat) OO
ek, saman, o) OO
e oy O ;O

O

ﬂlg
- |
H
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Prev sa godt du kan & gi et "gjennomsnitt” av dine spisevaner.
. Ha det siste dret i tankene nar du fyller ut. .

5. Frokostgryn

Svar enten per maned eller per uke.

Aldrif Gang pr.mhu'lm Gang pr. uke Mengde pr. gang
sjelden 1 2 3 1 2-3 4% &7 8+ 1 1% 2 I+
Havregrt O000|000O00OwOOOOd
Hovegryn dhom | 000 0/00000wd 000
Mystl, sotet (eks. Soffrokosty D101 01 C1 )01 O 00 OO Olfen 01 01 01
Mysll, usatet (eks. Go'Dag) O iD O OO0 O O O O (I} O 0O O O
Cornflakes ] 0:0 0 00 0. 0.0 00 0 .0 0
Honnikorm,/Frosties/Chocofrokost [ JE_D O OO0 ofb0ofddendndndnd
Meran, weetatix, Haverasol. [J 10 0 0|0 O 0 0 0Ol@0 0 00
Puffet ris, havrenatter O i O OO0 0 0 O O« 3 O Ol
Aldri/ Gang pr ulnudm Gang pr. uke Hengde pr. gang
sjelden 1 2 3 1 2-3 45 &7 B+ 1 1% 2 3+
Syitetay til frokostgryn, grot O:/0 0O OO0 000 OO OO O

oL __

Sukker til frokostgryn, grat O

O
O
O
O
O
O
O
O
g
O
O
O
O

6. Melk (Husk ogs3 3 ta med melk du bruker pa frokostgryn, grot og dessert)
(1 glass = 2 dl}
Antall glass pr. dag

sjeiden v 1 2 3 4 5 & 7+
Helmell, kefir, laultur n : 0O 0O O 0O O 0O O
e e I o o o [ o Y o O o
Blstalettmele N Iy o o = B
swmmermek swmmetiotur 1V O 0O O 0O O 0O 0O O
BolfCubursnatored . I L o ) I Ry
sowommmeaseyrue 0 P 0 0O 0 0.0 0O 0 0O
Sjokolademelk, jordbermelk I Y [ o S o N
Drikkeyoghurt O d O O O O O O |
7. Yoghurt (Husk 3 ta med yoghurt du bruker til frokostgryn)
Swar enten per maned eller per uke.

Aldriy Gang pr. mined m Gang pr. uke Beger pr. gang

sjelden 1 2 3 1 23 45 67 B8+ L i 2 3+
Yoghurt naturell (125 g) 000000000 (I N I

______________________________________________________________________________________________

comeenyogrtvmyst 00 O 0|0 0 0. 0 0| 80000
tewogutmed i (1259) (0] 0 0|0 0. 0.0 0 | O .0 00
Lettyoghurt m/mysli |:|E|:| O Ol g g g g O O O O
BOETI
| 3 AE W




8. Kalde drikker

Swar enten per uke eller per dag, =1 betyr sjeldnere enn 1 gang. Merk at porsjonsenhetene er
forskjellige, 1/5 liter tilsvarer ett glass (2 dl}, mens 1/2 liter tilsvarer 0,33 liter glassflaske/boks.

Aldrif

ﬁum: <1 1-2 34 56
vann (springvann) | B
(S rar sy - 010 0. 0.0
Appelsimice | 0.0 000
Epljuice, anrenjulce | 0.0 000
Eplenektar, annen nekiar ] T ______ O 0O 0
Saftmedsukker | 0.0 0. 0.0
Saft, kunstig sptet I:li O O O
Brus med sukker | L ______ O o o
orus, unsig setet | 0i0. 000
E&%tﬂ.ﬂ:ﬂfﬂ&‘iﬁt_-___-_______D__i_______D_____D____D__
_f_st_e;_*au_rf_t'_ﬂ_s_etfz___________li_l__L_____D_____D____E'__
|
i s M s s s

9, Alkoholholdige drikker

Gang pr.uke [l Gang pr. dag

Mengde pr. gang
1 2 3 4+

1 2 3 g+
O 0O 0 0O Jjees [0 0O 0O O
0000 | 0000
0.0.0.0 s 0000
0.0 0.0 s 0000
000 0 [ 0000
0000 |es 0000
0000 e 0000
0000w 8000
0000 | 0000
0000w 0000
o000 0000
OO0 O0O0O |we OO0 O

Svar enten pr. maned eller pr. uke. Merk at porsjonsenhetene er forskjellige, 175 liter tilsvarer ett glass
(2 dl), mens 1/3 liter tilsvarer 0,33 liter glassflaske/boks.

Alrif

M i 2 3
P, sterkolpls | N _EE_E_-E_
-] SHENENE]
Rusbrus, Cider m/alkohol [ iﬂ_-_@_-_l_:_'_
Rogwin ] 0i0. 0.0
wn ] 00 0.0
Hetvin (portvin, shemy o1) (11 (1 [ [
Brennevin, ker | O _i_ll__@___l_l'_
Blandede drinker, cocktall [ ! [] [] [J

O

O

Gang pr. nhuiﬁ Gang pr. uke

23 45
O O
0.0
0.0
00
0.0
00
0.0
0 O

Mengde pr. gang
13 i 2 I 4+
e L1 oo
13 ¥ 1 2 3 Lt
(eer) | oo
1/ 13 % 1 1% 2+
(ee) | Oooonn
i 2 3 ] 5 &+
pengles) [T L1001 CI 0T L
i 2 i { 4 5 &+
peogiess) (101 00 01 00 O]
i 2 3 4 5 &+
ges=aa[ JL1L]CI0T L]
i 2 i § 4 5 (23
(aem=acan[ ][]0 0101 L]
i 2 i} 4 5
@ik OO0 0O0
BOETI
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Prov 53 godt du kan 3 gi et "gjennomsnitt” av dine spisevaner.
. Ha det siste dret i tankene nar du fyller ut.

10. Varme drikker

Swar enten per uke eller per dag, < 1 betyr sjeldners enn 1 gang.

topp) []

AT Gang pr. uke m Gang pr. dag

sjelden <1 12 34 56| 1 2 3 a4+
alfe - 1
wiogpessene (110 O O OO0 O O O
thopp=2d N S
trakset, fiter O'0000|0oo o
thopp=2d &
affe - !
pulver (instant) 0000 O|ooO o O
Qhkopp=2d T A
thppooza 010 0 0 0|0 0O 0O O
ewosa 010 0 0O 0|0 00 0O
Lhpmad ] o o s s s s |
o R il
ety er=] 0 O O O|0 O O O
lkopp=2d S
Grann te !
o=z KO O OO0 OO L
ey O'O0 0 O Olo O 0O O
1 kopp =2 of

Bruker Antall pr. kopp
Hrtl T 1 2 3

Sukker b te (ts/sukkerbit) I I N
Sukker i kaffe (t5/sukkerbit)y | O: 0 _ 0O 0O 0O O
Sukkettertite (stk) O: 0 0O 0O 0O ¢
Sukkerter til kaffe (sth) Di [l Ol Il [l
Melk/flate tl te (ss) O i O | O O
Malk/flate bl kaffe (ss) O O | O O
. 5




. 11. Middagsretter

Vi spor bide om middagsmakidene og det du spiser til andre makider. Legg il slutt sammen hvor
- - -
mange retter per maned du har merket av for a se om summen virker sannsynlig.

Gang pr. méned

O
O

3

______________________________________________________________________

______________________________________________________________________

______________________________________________________________________

______________________________________________________________________

sjeiden i
Kjott/ kjettretter !
1
Kisttpolse avstorfe/svin | 0 0
Kjertpalse av storfe/svin, letyymager [ i N
_________________________________ +
1
Kjattpalse av kylling/kalkun 1 i N
_________________________________ +
Grillpolse/wienerpalse av '
Stofefsvin________ - D -1 O
Grillpolse/wiensrpolse aw :
keylling,/kalicun O i O
1
Harmburger {m/beod) O i |
Karbonade | i O
_________________________________ 4+
Kjattkaker, medisterkaker, !
Mottpudding I 0 ; O
1
Kipttsaus, gryterett med kiettdelg [ 1§ [
1
1
Taro (tacosidell med kettog salat) [ 4 [
Tortilla lefse (med kjett og salat)/ l
Wrap O ! O
I
Kebab | : O
I
Lazagne, moussaka 1 i N
I
Pizza (en Grandiosa = ca 550 g) | i O
_________________________________ i
Calzone (1 stk = 250-300 g) O O
1
Pal/guiche I ! I
1
_________________________________ i)
virmuller O O
_________________________________ '
BIff {svin, okse, lam) D ' D
1
Koteletter (svin, okse, lam) | i |
_________________________________ 1
Stek (svin, okse, lam) O E O
_________________________________ 1
Stek (elg, hjort, reinsdyr, rAdyr) O ! O
‘Gryterett med helt kjett, J;'
frikassE, farikdl O d
_________________________________ '
Lapskaus, suppelapskaus, 1
betasuppe O g
Middagsretter fortsetter neste side.....

O

4 =& 78
O O 0O
O O O
O O O
o o o
o O o
O O o
O O O
O O O
I I I
I I I
O O O
o o o
O O O
o o o
0O o o
O o o
O o g
[
[
O O o
O o g
[
O o o

Mengde pr. gang
o4
] 1 1% 2 I+
1 Jisoeey LI L1 01 01 01
Ol (3 01 & O 0
"""" vy
e 0 0 0 0.0
O oo 00 0101 01
Ol 5 0 0 08
O 00000
O A 0000
1 2 3 L] B+
Oless O O OO
______ i I R T =
_D_sélz___D_J;,I_Jg.l_D_lsil
_D_satrl__D_Jg,l_Jg.l_D_Js:L
Oless OO OO QO
______ W1 i 2 d¥
= OdgooQoogg
_______ 1 2 3 4 5+
O 0ooof
L] |tz H I”fI Ifl E I:lZI+
_______ E R T T T T e
Oes O O OO
_____ e e i A Y T
e o000
Olew 000 0 OO
_______ [N T T ] -
Opes O 0O 0O 0O O
W 1 1%y 2 2%+
Oless O O O O
O ;;;;_%":11"5-?3:& o
""" i3 34 56 7B 5%
D (akive) D D
______ i-2 54 5-6 7-8 O+
O O 00O 00O
1-2 3-4 5-& 7-8 94+
e O Oogg
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Prav s2 godt du kan & gi et "gjennomsnitt” av dine spisevaner.
. Ha det siste dret i tankene nér du fyller ut. .

Middagsretter forts...

Aldri/ Gang pr. mined Mengde pr. gang
sjeiden 1 2 i 4 56 T8 9+
Kjett/kjettretter forts... ! i-2 34 56 T-B 9+
Bacon stektflesk | 0.0 0 0.0 0 0O 0w OO L O
1 i iz ifF 34 i+
Grilethylg ] 0.0 0 0. 0. 0 0 0w 00000
r W1 1 2 3+
gt ] I I I I I Iy I I 0 W
wok med kjpttfkylling og I:Ii O 0000 O Ole 2 3 4 5+
greonsaker U e e B et S B I O
kyllinggryte 0/0 00 0000w B840
Fisk/fiskeretter T L a4 s
Fiskekaker, fiskepudding | O:0 0 0O 0 0 0O Ofeee O 0O 0O 0O L
I 1-2 34 5& 70 10+
Pskeboller | 00 0 0 0.0 0 Olew 000000
orsk, s=i, hyss, steinbit, uer " 1 2 3 4 54
o TN pip 0 0 0 0 00w 00000
I 1 2 3 4 S+
(St penet e 040 0. 0.0 0O 0O Olew 000 O
Y IR I R o N - O 3
ke ] .o 0 o o o o Ojesw OO0 OO
sodespeeoe 010 0 0 0 0 0 Olee 00000
S W 1 1% 2 i
Woedliterk, i) | D0 g d oo o O OOOLO
weemoc s 010 0O 0 0 0O 0O OwwD 0000
Fiskegryte, fiskesuppe 0O/0 00 0000w S880M0
_______________________________ Y R I TR A Y S 2 N -
Fikegrateng ] g g gogodbe o000
Reker, krabbe Di D D D D D D D E:,I.;H}D |i| |:1:| |q:| E‘
Wiok med sjgmat og grannsaker Di OO0 00O O dle 1I:2| _“fEl [ ;I'-js ql-:fl
Annet : i-2 34 56 T-B 9+
Fommeget g o oD dd 0 D OOOO00O
Risengrynsgrat, annen melkegrot[] ED O 0O O 0O 0O 0 le 1|:|2 I3:-|l 56 T-B S+
N E 12 H4 56 7-B DF
Paneeker 00 O 0 0O 0O O O™ 000 g
Suppe ' 1-2 %4 56 78 9+
{tomat, blomé3l, ertesuppe) N LE___g___lzl___!:l_____I;l___l__T‘___El___[T___I____l__I_ZI__ ______ |____|“|_:_|_
sy - 010 0 0 00 O Olesd 0000
rorsgder ks weiee) [ 10 (00 000 O Jessel) (1 0 0 0
! ay 1 2 T34 5+
Omedett DEDDDDDDDLMIDDDDD

|
i::l
|




12. Poteter, ris, spagetti, grennsaker
Svar enten per maned eller per uke,

Disse sporsmalene dreier seq forst og fremst om tilbehor til middagsretter, men spiser du for
eksempel en ra gulrot eller salat til lunsj, skal det tas med her.

; Gang pr. mined m

sjelden 1 : 3

poteter, koktzogbakte [ [ [0 [
potetmos ] 0.0 0 0
Pobetsalat my/majones DLD |:| |:|

Flategratinerte poteter |:|i O O O

Swektepotster | - _[E__E__E__
fommespesGuesken, 010 0 0
Pommes ftes, varmet tom (]! ][] _[] |
Bonnesfinser | oo o o
R ] 0;0 0.0,
svagew makaronipose (110 0 0O |
Poiscorod, lomper | 0igd 0O o,
Guot ] 0.0 0.0,
Hodekdl ] 00 0.0
M ] 0i0 0O 0.
Bomd olo g O
Brokkoh | 0 _5 o o 0]
e U u | R s
kgt | aiisfi=fi=l
Selat (eks. ssalar, uecole) (1 [0 [ [ |
Ppba ] 0l0. 0 0.
Avokado | O0:0 0 0]
Tomat ] siinlinii=l
Mals o0 o 0
Frosne gronnsakblandinger |:|E O O Od

o T iy p——

(eks. salat, tomat, agurk, mais)

Mengde pr. gang

=
v

Gang pr. uke
1 23 45 &7 B8+
o o g o o
goaung
o oddn
o ogddng
o ogddn
o oodg
0 o o oo
o oodg
o oodg
o oodg
o oodg
0. o oo
0. o oo
Ly W
0 o o oo
Ly W
o o o o o
Ly W
o o o o o
0 0 0 0.0
o oddn
0 o oo
Ly W
0.0 oo
O o0Ooaoano
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13. Saus og dressing

Aldrdf Gang pr. mined

MHI i 2 3 4 E-& 7T-8 G+
D I 1 R = = O o oj
semésasholnds '] O O 0O 0O O O]
smermgarvsme 10 0 0 0 0 0 0O
Kysdesmor 00 0.0 0O 0O 0O O]
ﬂélf_"f_ﬂi'f_"_'i'fff_ta_"_"_g_______li_l__LD___E___Q___Q___Q___Q___Q__
Maonesremuipdeles [0 O 0O O O 0O O]
seesmmeswfery 10 0.0 0O 0.0 O]
wwsmme oy [0 [0 00 00 0O
Ekstra lett remme {10 % fett) DED O 0O 0O 0O O 0O
e 0.0 0. 0 0 0 00
Esmmesnsang 010 O 0 0000
Offedressing, vinagrettz | e = L L = B = =
Sopssss | oggooogdoag
Pt ] 00 000000
Tomasos s 00000000
e ooooooog
Senncp Ol0 oo oo oo

Prev sa godt du kan & gi et "gjennomsnitt" av dine spisevaner.
Ha det siste dret i tankene nar du fyller ut.

DMIDM
OOy

=

14. Hvilken type smer/margarin/olje bruker du mest til matlaging?

{Velg en eller to typer)
Smer/ margarin

Smor (melerismear)
Bremykt

Melange

Soft Flora, Soft Ekstra

Vita

Soft Oliven

OOO0Ooo0o0oogaono

Annen margarin

Flytende margarin pd flaske
{Vita, Melange, Bremykt o.l.)

OO0000000

Oljer
Olivenolje
Soyaolje
Malsolje
Solsikkeolje
Valnpttolje
Rapsolje
Vita hjertego

Andre oljer

BOET3

s =



15. Frukt
Svar enten per maned eller per uke,

/ Gang pr. mined E Gang pr. uke

Ay €0 it
o nio oo
-] oioo o
B ] nio.o.o
oo 0000
Momentiver | 0i0 00
werwe si=g=l=]
Fersken, nektarin | Dio O O
o njooo
e ] 0io oo
oo ] 0000
Jordbzer (frske, frosne) Q.jE__E___D___
Eringebir (iske, frosne) | | _EL_D____Q___Q_
e 0iD.o.o)
e ] Diooo
dosne ] 0000
Tarket frukt (eks. aprikos, fiken) [ ] EL_D____Q__E_
it cq nottebiandng | 00 oo

16. Grennsaker og frukt

Hvor mange porsjoner grennsaker {utenom potet)
spiser du vanligvis pr. dag? (En porsjon er f. aks.

1 gulrot. 1 bolle salat)

Hvor mange frukt spiser du
vanligvis pr. dag?

10

Mengde pr. gang
i 2-3 &4-5 [ B+
00000 0000
OO0 00O 0000
1z 1 2 3+
DO 0O0Ole 0000
iz i 2 3+
oo e OOOO
00000 0000
0 0000w OQoOo
00000 O0O00
OO0 00O O e 0000
B R T T
00000 e 0O0O0OO0
00 000w 0000
0o0O00le O000d
0 0000w 0000
12 1 2 I+
oo offlwm O000
0 0000w 0000
12 1 2 T3+
0 0.0 00 je OO0 00O
1-5 610 11-15 16+
0D 0000w 0000
1 ] 3 &4
O 0O 000 OOO0OOd
Mimcdre
amnt 1 2 3 4 5+
O O O O O O
Mimcire
arm 1l 1 2 3 4q B+
O O O O O O
BOBT3
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Prov 53 godt du kan 3 gi et "gjennomsnitt” av dine spisevaner.

17. Desserter, kaker, godteri

Svar enten per maned eller per

Aldriy

uke.

Ha det siste dret i tankene nar du fyller ut.

Gang pr. mined m Gang pr. uke

sjeiden 1 2 3
Qi pmestemmenssy 010 O O
Saftis/sorbet (1 di=1 pinne) O i O O Od
________________________________ e
Hermetisk frukt, fruktgrat | i O 0 d
Prksae | nio oo
Pudding (eks. sokolade, karamen) (111 [] [
venpessus ] 000 o
Piskat krem O i O O Od
Boller, julekake, kringle D:E O 0O 4d
Skolebrad, sidingsbolle | nfjniiniin)
‘Wienerbrad, -kringle O i O O Od
Muffins, formkake | OO0 O O
R =1 (=R = =]
Letee, pismunt ] mEwiguigny
|
Sjokoladekake, brownle O i O O Od
e = =N =N=]
- |
?ggfﬁhjg:ﬁfmﬂyml“__E'_ir_l_:_l___l_:_'___|:_|__
Kokosbolle 00 oo
(ths: mebesokviace, smekerss 1101 O O
Mark sjokolade {70% kakao) | E O O O
________________________________ il
Siokoiadebter/ontekt | | i_D___Q__E__
pastller wensukker | 00 O O]
Drops, pastiller, lakrs, selgmenn D_E_ "|:|___Q“ _g__
smigogrg-won 010 0 0
Potetgull ] i O 0O d
________________________________ T T
i
e e 010 0 O
Gosecsgam o ] 000 0]
{Hlagg!;e;;hazisglrgmer. valnptier I:l i D |:| I:l
. 11

i 23 45 &7 B+

D oogn
Dooono
Doooo
00000
00000
00000
0oooo
gootdd
00000
Dooon
O O oo d

oDoooog
00000
Doooo
00000
00000
[EN=N=N=N=}
Doooo
goodd
0oooo
0oooo
B I L =
0o0ooog
ooogo
oo td
00000
O O0O000

Mengde pr. gang
13 i 2 3+
@ 0 0
@ O0.00.0
w O ood
@ b nfnd
w 0000
@ 8000
w O ood
e B 000
e O 00O
u.“"] 172 m ﬁ ﬁ
e 0O 000
oo B0 H B
e 0 000
o 01000 0
T R T
s alals
i-2 54 56 7T+
= o oodg
@ oo
“..u"] 173 m ﬁ ﬂ-
I i B - =, [ 'Y
e O O 0O O
e BB OH
1-3 4-& 7-9 10+
) []
_________ -3 d-6 7-8  i0+
K I i W
ik T Sk
ma 01 00 00 [
i-2 3-5 &10 11+
mevey [ [1 [ | L]
1-2 3-5 &10 11+
e O 01 01 O
1-2 34 56& 7+
meve) [ [ 1 L] L]
1-2 3-4 56 T+
ey (] O 0



18. Kosttilskudd (ts = teskje, bs = bameskje)

Aldri/ i Gang pr. uke Mengde pr. gang
sjelden | 4 >3 45 &7
! i 1bs 1ss
L o o
: i 2 3 a4
Jrankapsler OO 0O O Ojeeesen 1 [0 0O O
1 1 2 3 a4
Fiskeohekapster, omega-swiskwod L1 01 [ [ [ljeeesen 0 01 O O
] 1 2 3 a4
Seloljekapsier OO0 O O Ojeeesen [ O O O
E Gang pr. uke Mengde pr. gang
ld'ﬂpremmt!r ﬁ:i‘li 1 23 4-5 =7 1 2 3 4+
samasol OO0 0 O O 0O 0O O
sowt .00 00 O O 0O 0O O
Mulitvitamin og mineral (eks. Vitermineral) 1 {01 01 C1 Ollemey O OO OO0 O
Multivitaminer (uten mineraler) |:| ED |:| |:| |:| (tablett) D D D
| ©a . uke Mengde f
Jermpreparater ﬁlﬁiii 1 “:: 5 67 1 2 F:-'-H
ouoferonpuretter feromax. 10 O 0O Ojesen O O O O
Hemofer,hemer OO O 0O O OO 0O 0O
Ameoden 0000 Qe 0 OO0
Jernmikstur (eks. Floradix) O i O O O 0Owes O O g g
Aldrif i Gang pr. uke Mengde pr. gang
Annet sjelden] 1 23 45 67 1 z = S
E-vtaminer (nere b-snaminer sammerapieny (110 [0 0 DOjewses O O O O
Cotaminomoraviey D0 O O Hljeses T 0O O
pwiemin(0pgrabtey o D0 O O Dljessen O O O O
EvamnGomgrabey 010 0O 0O Ofesen 0 O O O
Folat (folsyre) (200 po/tablett) I i O O O Oy 1 OO O O

Annet (Inkludert helsekostpreparater). Noter navn pd preparatet, hvor ofte og hvor mye du tar pr. gang.

EDBT3
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19. Maltider
Hvor ofte pleier du 3 spise folgende maltider i lopet av en uke? (Sett ett kryss for hvert maltid)

O, Mim Dgseger 3guger Sgenger Sasger Ogenger Meer
Pt O 0O 0O 00O 0O 0O .0
Formigdagsmevionsy O o oo g o o o o
Middag O O O | | O O O
wesma O O O O O o o o

Hvor mange ganger i lepet av dagen pleier du 4 spise et eller annet utenom hovedmiltidene?
{eks. godteri, frukt, bredskiva)

1 gang Z ganger 3 gang 4 gang Mer enn 4
Sjelden om dagen om dagen om dagen om dagen ganger om dagen
O O O O O O
20. Kjann
Mann |
Kvinne 1
21. Alder
Alder: ar

22. Vekt og heyde

Hoyde: an

ekt kg

EDET3
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23. Eventuelle andre matvarer

Bruker du regelmessig matvarer, drikker eller andre produkter som ikke er nevnt i sporreskjemaet? Skriv
ned dette 53 detaljert som mulig. Skriv ogs3 hvor ofte du spiser/drikker dette (ganger per maned eller

uke) og hvor mye du spiser av dette per gang.

BRUK BLOKKEOKSTAVER

Tusen takk for innsatsen!

UNIVERSITETET I OSLO

BOBT3

u 4 s m
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Supplementary file 3: FFQ quality control flowchart for
the CRCbiome study
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Quality control of FFQ data in the CRCbiome study

Evaluation criteria

Research staff (CRN)
Initial review of FFQs
Is the FFQ of sufficient quality for further processing?

L 4 4 =g
Research staff (CRN) Extreme abservations
. Energy intake <600 an

Yes No Telephone interview
Y
Clarification of missing and ambiguous answers o Eix S o 4200 keal/day

Sufficient quality

FFQ sent to Research staff (CRN)
vio Review of potentiolly problematic FFQs” Med
Identification of extreme observations (data driven approach)’

Nutritional experts (UIO) » Dietary intake data
Scanning and dato processing”

Listing of potentially problematic FFQs
Calcwlation of dietory intake

Figure 1. Upon receiving food frequency questionnaires (FFQs) from CRChiome participants, completion is
reviewed by researchers with expertise in nutritional epidemiology. Participants with FFQs of insufficient
quality are contacted for clarification of inconsistencies and missing data. Reviewed questionnaires are then
scanned using the Cardiff TeleForm program at the University of Oslo (UiO). Food and nutrient calculations are
conducted using the software system KBS (“Kostberegningssystem”/Dietary Calculation System) with the latest
version of the food database, largely based on the Norwegian Food Composition Table (1). Missing answers are
imputed as zero in line with common practice (2-5). Any FFQs regarded as potentially problematic during the
data handling process are listed. Dietary intake data and the list of potentially problematic FFQs are then
returned to the Cancer Registry of Norway (CRN). Potentially problematic FFQs are reviewed according to a set
of predefined criteria, including inconsistency in reporting, number of missing pages and amount of missing food
items. Based on these criteria, FFQs are graded as being of low, medium or sufficient quality. Whereas low
quality FFQs will be excluded from all analysis where diet is the primary exposure, medium quality FFQs will
be included unless sensitivity analysis indicates substantial attenuation of effect estimates. Lastly, in line with
common practice in nutrition studies (6), observations with extreme energy intake levels in both the upper and
lower range will be excluded.

1. Norwegian Food Safety Authority. Norwegian Food Composition Database 2019. [cited 2020 Jun 16].
http://www.matvaretabellen.no

2. Johansson I, Hallmans G, Wikman A, Biessy C, Riboli E, Kaaks R. Validation and calibration of food-
frequency questionnaire measurements in the Northern Sweden Health and Disease cohort. Public
Health Nutr. 2002;5:487-96.

3. Carlsen MH, Lillegaard IT, Karlsen A, Blomhoff R, Drevon CA, Andersen LF. Evaluation of energy
and dietary intake estimates from a food frequency questionnaire using independent energy expenditure
measurement and weighed food records. Nutr J. 2010;9:1-9.

4. Carlsen MH, Karlsen A, Lillegaard ITL, Gran JM, Drevon CA, Blomhoff R, Andersen LF. Relative
validity of fruit and vegetable intake estimated from an FFQ, using carotenoid and flavonoid
biomarkers and the method of triads. Br J Nutr. 2011;105:1530-8.

5. Holmberg L, Ohlander EM, Byers T, Zack M, Wolk A, Bruce A, Bergstrom R, Bergkvist L, Adami
HO. A Search for Recall Bias in a Case-Control Study of Diet and Breast Cancer. Int J Epidemiol.
1996;25:235-44.

6. Willett W. Nutritional epidemiology. Oxford; New York: Oxford University Press; 2013.
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Supplementary file 4: The LDQ used in the CRCbiome
study
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STUDIE AV TARMBAKTERIER OG LIVSSTIL WVED SCREEMING MOT TARMEKREFT
Livsstil og andre opplysninger 127900124 |
Til denne studien trenger vi noen opplysninger om din bakgrunn og livsstil shk den vanhgvis
er. Vi er klar over at levevaner varierer over tid. Prev derfor 3 angi gjennemsnittet av
vanene dine nar du svarer pa spersmal om reyking, snus, fysisk aktivitet og melketyper.
Angi det du mener gjelder for det siste aret nar du fyller ut skjemaet. Der du er usikker,
angir du svaret sa godt du kan.

Riktig markering er: E for svaralternativer.

For tallverdier, skriv et tall | hver rute, for eksempel: 5| Glass pr. uke

Dag Maned Ar

Dato fer utfylling: 20

1. Personlige opplysninger
MNasjonale bakgrunn (dine foreldres fadeland) (Sett bare ett kryss)

Hvis dine foreldre har ulike fodeland, kryss av for det omrddet som du foler mest titherighet Hl.

[ ]merge [ ] ser-Europa, Sor- eller Sentral-amerika [ ] afrika
|:| Mord- eller Sentral-Eurcpa (utenom Norge), Nord-&menka, Australia Dﬁsia

Sivilstatus [Seit bare ett kryss)

|:| Enslig |:| Enke/ enkemann/ gjenlevende partner

[ ] Gift/ registrert partner/ samboende [ ] skilt/ skilt partner/ separert/ separert partner
Heyeste fullferte utdanning (Seit bare ett kryss)

[ ] Grunnskele/ folkeskole [] Universitet/ hagskole (fullfert minst 2 ar)

[ ] videreg&ende skole

Yrkesstatus Er du for tiden: {Sett bare eft kryss)

[[] ¥rkesaktiv [ ] Hiemmevaerende
[ ] Pensjonist [] Arbeidsledig
Pa uferepensjon, ev. kombinert Pa attfering/rehabilitering/
med arbeid eller andre ytelser arbeidsavklaringspenger/
(f.eks. alderspensjon) langtidssykemeldt (mer enn 3 mnd)

83



2. Royking
Royker du nd? (Sett hare eft kryss)

Ta med hide fabrikklagde og hjfemmeruliede sigaretter. Hvis du har sluttet eller trappet ned
antallet sigaretter flere ganger, prov s5 godt du kan 8 gi et gjenommsnitt.

DJa,daing |:|Ja, av og til
[ ]mei, ikke n3 [ ] Mei, har aldri raykt
Hvis ja, hvor mye? Sigaretter pr. uke eller Sigaretter pr. dag

Hvis du har revkt hidligere og sluttet

Hvor mye pleide du 3 royke? Sigaretter pr. uke Sigaretter pr. dag
Hvor mange ar E':”E'r' maneder er det .
siden du slutket a rayke siste gang? ar eller mnd
Hvor mange ar eller maneder har du z . cller
al Eler
reykt totalt? mnd
3. Snus

Bruker du snus? (Sefl bare eff kryss)

Ta med bide posesnus og snus | [esvekt. Hvis du har sluttet effer trappet ned antallet
snusporsjoner flere ganger, prev 55 godt du kan & gi et giennomsnitt.

|:|Ja,. daglig |:|JE|r av og til

[ ]mei, ikke nd [ ] Mei, har aldri snust

Hvis ja, hvor mye? Porsjoner pr. uke eller Porsjoner pr. dag
. har | s tidliaer r

Hvor mye pleide du 8 snuse? Porsjoner pr. uke eller Porsjoner pr. dag

Hvor mange ar eller maneder er dat
- ' -

siden du slutket a bruke snus siste ar eller mnd

gang?

Hvor mange ar eller maneder har du
brukt snus totalt? ar eller rmind
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4. Fysisk aktivitet

Har du noen kroniske sykdommer eller tilstander som gjer at du ikke kan utfare

fysisk aktivitet?

[ ]mei

|:|Ja, angi grunn

|:| leddagikt |:| rygaplager

|:| hofte/kneplager

|:| annet

Tenk gjennom hvaer lang tid i lepet av en vanlig uke du tilbringer i fysisk aktivitet?
Ta bare med episoder som varer | minst 10 minutter.
Hwvor lang tid tilbringer du hver uke pa:

Lett anstrengende
aktivitetar som krewver lite
innsats (rolig gange, rolig
sykding, hus- og
hagearbeaid):

timer per uke

Middels anstrengende

aktiviteter som krever moderat
far deg til 3 puste litt
mer enn vanlig (sykle/svamme/ga

innsats og

pa ski i moderat tempa,
jogge, danse, styrketrening):

timer per uke

Meget anstrengende

aktiviteter som krever hard

innsats, Br deg til 3 puste
mye mer enn vanlig (asrobics,
lope/syklefsvomme/ga pa ski i
rask tempo):

timer per uke

|:| ingenting

|:| ingenting

|:| ingenting

[ ] mindre enn 0,5 time

[ ] mindre enn 0,5 time

[ ] mindre enn 0,5 time

[ ]o,5til 1 time

[ ]o,5til 1 time

[ ]0o,5til 1 time

[ ]1,5- 2 timer

[[]1,5- 2 timer

[ ]1,5- 2 timer

2,5- 3,5 timer

2,5-3 .5 timer

2,5 - 3,5 timer

[ ]4-& timer

[ ]4-6 timer

[ ]4-6 timer

[ ]7 eller flere timer

[[]7 eller flere timer

5. Bruk av melk vs. surmielk

Hvis du bruker melk hvor mye bruker du av hver type?

[ ]7 eller flere timer

Som surmelk regnes alle typer kulturmelk, Cultura, Kefir, drikkbar Biola og tykkmelk.

Mengden melk til en porsion kornblanding regnes som et glass.

Glass pr. uke m
Glass pr. uke m

Hvor mye mellk bruker du?

Hvor mye surmellk bruker du?

6. Keisersnitt

Ele du fodt med keisersnitt? (Seft bare ett kryss)

[ ]Mei [ ]1a

7. Fjerning av blindtarm

[]vet ikke

Er din blindtarm fjernet? (Sett bare ett kryss)

[ ]mei [ ]1a

[]vet ikke

4135093128 ]

Glass pr. dag

Glass pr. dag
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8. Medisiner

Har du brukt noen av de felgende medisiner de siste 3 minedena?
Ta med bade medisiner kjept med og uten resept.

Antibiotika [ |
|:| Ja |:| Mei |:| Vet ikke

Syrengytraliserende legemidler
F.eks, Nexium, Somac

|:| Ja |:| Mei |:| Vet ikke

5. Kroniske sykdommer og matintoleranse

Har du en kronisk mage-tarmlidelse pivist av lege?

[] Mei [ ]7a, hvilken?

[ ] irritabel tarmsyndrom [ ] Ulceres kolitt [[] coliaki [ ]crohns sykdom

D.ﬁ.nnet

Har du intoleranse mot enkelte matvarer eller matkomponenter?

|:| MNei |:| Ja |:| Vet ikke

Hvis ja, oppai hvilken:

10. Familiehistorie for tarmkreft

Har noen av dine naarmeste slektninger hatt tarmkreft, eller har det nid?
Med narmeste slektninger menes mor, far, bror, spster eller egne barn.

[]31a, mor []7a, far [ ]3a, sester/bror []3a, barn [ Mei

Vi ber om ditt telefonnummer slik at vi kan kontakte deg hvis ngdvendig.

Ditt telefonnummer .

Det er | orden at vi nnger deg mellom klokken (f.eks 0830) og

Tusen takk for innsatsen!

[] Vet ikke
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Supplementary file 5: R-script of the Random Forest
model

tidy_rf <- function(dat,

target_wvar,
training_prop = .8,
n_CV = 5,
hyperparams,

iter = 1,
hypopt_cores = 18,
downsample = TRUE,

pca = FALSE,

pca_vars = "",
pca_remove_cor_features = TRUE,
importance_measure = “permutation”,

test_dat = MWULL) {

dat =- dat #=%
rename target = all_of(target_wvar)} =%
mutatetarget = factor({target))

set.seed(iter)
if (is.nullitest_dat)) {

tr_te_set <- dat =%
initial_split(prop = training_prop, strata = target)
} oelse {

test_dat <- test_dat F=%
rename target = all_of{target_var)) =%
mutatetarget = factor({target))

combined <- bind_rows(dat, test_dat)
ind =- list(analysis = seqinrow(dat}), assessment = nrow(dat) + seq(nrow(test_dat)))
tr_te_set <- make_splits(ind, combined)
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Supplementary file 6: Lifestyle and demographic variables

explanation

Abbreviation

Variable name

Variable explanation

Kjonn.x Sex Includes male and female.
Age invitation Age Participants age at the time the baseline of the CRChiome study.
BMI BMI Body Mass Index. Calculated as weight (in kilograms) divided

by the square of the height (in meter). Both height and weight
are self-reported. BMI was used as a continuous variable.

PhysAct_Score

Physical activity
score

Calculated as moderate intensity physical activity in minutes,
plus minutes with high intensity physical activity times two.

Smoking

Smoking habits

Reporting of daily or occasional smoking was considered as
smokers. In addition people missing answer about usual
smoking habits, but answered that they were formerly smoking
for > 30 years or quitted within 5 years/60 months was
categorised as smokers. Reporting of quitting smoking for more
the 5 years/ 60 months, missing information on smoking
information, but usually smoking <30 years and never smoked
was considered non-smokers.

Utdanning

Education

Reported as the highest level of education: primary school, high
school, university/college and missing.

Tarmkreft_Familie

Family history of
CRC

A positive family history of CRC includes a parent, sibling or
child with CRC.
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Supplementary file 7: Dietary variables explanation

Abbreviation

Variable
names

Variable explanation

LOFF+ LCT + SMBR +
(FROK_S -Vv807) +
(GRYTE/3) =
ref_grain_product

Refined grain
products

Includes all kind of bread made with 100 % sifted flour
(e.g., white bread, hamburger buns, pizza doughs without
topping, phyllo dough, wraps). Does also include sweetened
cereals (e.g., Honey corn, cornflake’s) and crackers.

GROVBR + KNEIP +
KNFL + FROK_U + V807 +
V5456 = grian_product

Grain products

Includes all kind of bread, crisp bread and flat bread made
with whole-wheat flour (< 50 % or > 50 %). Does also
include unsweetened cereals (oats, Bran flakes) and porridge
(oatmeal).

MELRIS + (SUSHI/2) +

Pasta, rice, and

Includes all kind of pasta (e.g., macaroni, spaghetti), rice,

(PASTAR/I) = grains flour, groats and wholegrain (e.g., couscous, quinoa).
pasta_rice_grain
KAKER Includes all kind of cakes and sweet baking goods. E.g.,

Cake waffles, cinnamon buns, chocolate cake, cookies, and soft
cake.
POTETRA + POTETKOKT Includes raw, boiled and fried potatoes.
+ POTETSTEKT = Unprocessed
unproc_pot potatoes
POTGRAT + POTSAL + Processed Includes potatoes au gratin, potato salad (with cream or oil
POTRET + POMFRIT + otatoes dressing), mashed potatoes and French fries.
POTMOS = proc_pot P
GRS _FF-V1129= Vegetable Includes all fresh, frozen or cooked vegetables
Vegetables g
GRS_K Conserved Includes all canned and pickled vegetables (e.g., canned
vegetables tomatoes, canned corn, and ketchup).

GRSRETT + (GRYTE/3) +
GRUP = veg_dish

Vegetable dish

Includes all dishes made of vegetables (e.g., vegetable stew,
wok) and all kind of vegetable soups.

FRU_F

Fresh and frozen
fruit

Includes all kinds of fruits and berries, fresh or frozen.

FRU K + V2652 =
cons_fruit

Conserved fruits

All kinds of canned, pickled, and dried fruits and berries.
Including jam, marmalade, raisins, and fruit cocktail.

JUICE

Juice

Includes all juices made from fruits and berries.

FETFRU + V1129 +V9805
= fatty _fruits

Fatty fruits

All kinds of olives, nuts (with and without salt), seeds and
avocado.

KJOT_H + KJO_AP =
unproc_red _meat

Unprocessed red
meat

All kind of red meat and venison, unprocessed.

LJOT_P + KJOPL
+(PASTAR/3) + (GRYTE/3)
= proc_red_meat

Processed read
meat

Includes all kind of processed read meat (e.g., minced meat,
sausages, meatloaf, ham, salami).

BLODIN

Includes products made from blood and offal from mammals

Meat offal .
(e.q., lung puree and blood pudding).
HVIKJO_R + HVIKJO_V = | Unprocessed Includes unprocessed meat from poultry.
unproc_white_meat white meat

HVIKJO_P

Processed white
meat

Includes processed meat form poultry (e.g. sausages, turkey
ham).

FISK_MH + FISK_U +

Includes filet from lean and semi fatty fish. (e.g., cod,

(SUSHI/4) + (SUSHI/4) = Lean fish halibut). Also includes clipfish and lutefish.

lean_fish

FISK_!: + (SUSHI/4) = Fatty fish Includes filet from fatty fish (e.g. salmon, rout)

fatty fish

FISK_P Processed fish I_ncIU(_'jes pfoducts made from fish (e.g., fish finger, breaded
fish filet, fish cakes).

SKALDY Shellfish Includes all kind of shellfish.

IMAT_F Fish offal Includes all kind of fish offal (e.g. fish liver and roe).
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(0.8*V/8406) + (0.8 \/8407)
+ (0.8 V8433) = milk_yogh

Milk and yoghurt

FISKPA Fish spread Spread made from fish (e.g., mackerel in tomato).
EGG Includes all egg dishes. Including boiled egg, scrambled egg,
Egg .
omelette, and fried egg.
MELKYO + V5450 + Includes all kinds of milk, both high fat, low fat, skimmed,

flowered and sour milk. Includes yoghurt, both natural,
flavoured, and low fat and rice porridge.

FLOTIS + V5368 =

Includes cream and sour cream, both high fat and low fat,

cream_prod Cream products and cream products. E.g., ice cream, sour cream porridge,
custard, and puddings.

OST H White cheese Includes hard white cheese, cream cheese, dessert cheeses
and low-fat cheeses (e.g., cottage cheese).

OST B Brown cheese Includes all kinds of brown cheese and prim.

MARG + Margarine Includes all kind of margarine, including light margarine.

MARG_L=margarine

SMOR + SMOR_U = butter Butter Includes all kind of butter, including butter-margarine blend
products (e.g., Bremykt) and diet butter.

OLJE_A oil Includes all kind of oil used in cooking or /and in dishes.
E.qg., olive oil and sunflower oil.

MAJODR Includes sour cream dressings, mayonnaise, mayonnaise like

Dressing products (e.g., aioli and rémoulade) and mayonnaise salads

(e.g., Italian salad).

SUK_MV + HONSIR = s Includes sugar, artificial sweetener, honey, syrup, and other

weetener .
sweetner sweeteners used to sweeten food or drinks.
SJOK + SOTPA = sweets Include all kind of candy and chocolate, also chocolate
Sweets .

spread (e.g. Nugatti).

KAFFE - (0.8 VV8406) — (0.8 Includes coffee (does not include milk and sweetener used in

V8407) — (0.8 V8433) = Coffee coffee)

coffee

TE — (V8420 +V8421) =tea | Tea Includes tea (does not include iced tea, milk or sweetener).

VINBR

Wine and liquor

Include all kind of wine, liquor, and cocktails with alcohol.

oL Beer Includes beer with alcohol.
MELKERS + V5277 = . . Includes non-dairy beverages (e.g. oat milk, almond milk,
milk_sub Milk substitute soy drink, coconut milk)

SAFTK + SAFTIS +
SABR_S +OLV_AF +
V8421= energy_drinks

Energy drinks
and ice lolly

Include soft drinks with sugar (E.g., soda with sugar, nectar,
squash, and ice tea) and non-alcoholic beer. Does also
include sorbet and ice lolly (e.g. Lollypop).

SABR_L + V8420 =
no_energy_drinks

No energy drinks

Include artificial sweetened soda, squash and iced tea.

Spices and herbs

SNACKS Includes all kind of snacks products (e.g. potato chips,
Snacks . .
tortilla chips and popcorn)
SAUS + (PASTAR/3) = Sauce Includes all type of sauces. E.g., mustard, béarnaise sauce,
sause gravy, cream sauces, salsa, pesto.
PULVER Powder Includes broth powder and powder in instant soups.
KRYDDERE Includes all kind of spices (e.g., salt) and herbs (e.g., basil)

used in dishes and in cooking.

Abbreviations: V807, havrefras; V5456,havregret; V5450, risgrat; V1129, avocado: V2652, A-frukt herm+grat;
V5368, N-pudding; V8421, iste med sukker; V8406, caffe latte enkel H melk; V8407, cappuccino enkel H melk;
V8433, iskaffe kunstigsatet; V8420, iste lett tine; V8421, iste med sukker Tine; V5277, Yofu Soyayoghurt; V9805,

sesampostei.
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Supplementary file 8: CRC relevant dietary variables

explanation

Abbreviation

Variable names

Variable explanation

Fruit_wcrf

Fruits

Includes all kind of fruits, both fresh and frozen. However, it only
includes 50 % of conserved fruits, jam, and dried fruits consumed and
only 100g of all juice consumed.

Vegetables_wcrf

Vegetables

Includes all kind of vegetables fresh, frozen or prepared in any way.
Includes pickled and conserved vegetables. Includes 50 % of vegetable
dishes consumed (e.g. vegetable stew and vegetable soup).

Red_meat_wecrf

Red meat

Includes all kind of red meat, except from venison. Duse not include
processed meat products.

Proc_meat_wecrf

Processed meat

Include all kind and products of red and white meat.

Dairy_werf Dairy products Includes all products made from animal milk (e.g. Milk, cream, cheese,
ice cream).

Fish_wcrf Fish Includes all fish, but only 90 % of fish spread (e.g. marcel in tomato
sauce), 60% of fish products (e.g. fish cakes, fish fingers). Shellfish and
fish offal are not included.

Alko.x Alcohol Total intake of alcohol in the diet.

Fiber.x Fiber Total intake of fiber in the diet.

Fullk.x Wholegrain Total intake of wholegrain in the diet.

VitD Calcium Total intake of calcium in the diet.

Ca.x Vitamin D Total intake of vitamin D in the diet.
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Supplementary file 9: Ethical approval for the CRCbiome
study
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@ RESIDMALE KOMITEIR FOR MEDEMIK O HELEFFACLIG FORSEN IMESITIRS

Reglon: Saksbehandler: Telefon: Vir dato: Var referanse:
REK sor-ost D Firn Zkre: Fiordholm AT 22E4 58 18122008 E3148
Deres rerberan se:

Trine Ballestad B Rounge
63148 Tarmbakterier og livsstil ved screening mot tarmkreft
Forskningsansvarlig: Kreftrepisteret - Instimtt for populasjonsbasert kyeftforskning

Seker: Trine Ballestad B Rounge

Sekers beskrivelse av formaél:

Tarmkreftsymptomer er ofte uspesifikke og sykdommen oppdages ofte for sent til af
behandlingen kan forlenge livef. Dagens screeningtester er enten omfattende og
ubehagelige eller ungyakfige. Det er et behov for bedre fester.

Det er sammenheng mellom den enkeltes tarmflora og tarmireftutvikiing. Livsstil kan
pavirke tarmens bakterieflora og kreftrisiko, men dette samspillet er lite kjent. Ved a
kartlegge alle bakterier som finnes i tarmen kan man utvikle tester som kan brukes til a
oppdage forstadier og kreft tidlig.

Vart hovedmdl er a utvikle nye tester for tarmbakterier som kan brukes i fremtidige
screeningprogram slik at prevetagning forenkles og resultatet blir sikrere. Vi vil ogsa
undersgke om det er sammenheng mellom kosthold og livsstil, tarmflora og
tarmkrefiutvikling. Da kan vi forbedre rad om forebygging av kreft samt gke ngyaktigheten
pa testene.

REKs vurdering

Vi viser til seknad om forhandsgodkjenning av ovennevnte forskningsprosjekt. Seknaden
ble behandlet av Regional komité for medisinsk og helsefaglip forskmingsetikk (REE
ser-gst D) 1 motet 04.12 2019. Vurderingen er gjort med hjemmel 1 helseforskningsloven §
10.

Prosjektet er en samling av to naverende delprosjekter under REK 2011/1272 D «Pilot pa
et kolorektalcancer screeningprograme- og REE 2010/3087 A «5-98052a NORCCAP».

Alle skriftlige henvendelser om saken ma sendes via REK-portalen
Du finner informasjon om REK pa vare hjemmesider rekportalen.no
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Det fremgar at omfanget av prosjektet tidligere er podkjent av REK , og i seknaden vises
det til to vedtak pa endringssekmader i REK 2011/1272 datert den 17 3 2017 og
06032018, og ett vedtak 1 REK 2010/3087 datert den 07 04 2016.

Det er en sammenheng mellom tarmens bakterieflora og nisiko for kreft, og formalet med
prosjektet er 3 undersoke denne sammenhengen nzrmere. Deltageme skal fylle ut to
spameskjema for gjennomfering av koloskopiundersgkelse. Denne undersgkelsen inngar i
de to tidligere podkjente prosjektene, og data fra denne undersekelsen blir tatt 1 bruk i dette
prosjektet.

Det blir gjort analyser av en avignngspreve fra REE 2011/1272_ Videre skal det avleveres
to avferingsprover i lopet av et ar.

Det hentes inn summariske opplysninger fra Kreftregisteret og Dedsarsaksregisteret. Fra
Reseptregisteret hentes det inn opplysninger om bk av antibiotika og medisiner som
pavirker tarmen.

Komiteen har vurdert seknaden og har ingen innvendinger til studien som sadan. Komiteen
har imidlertid flere merknader til informasjonsskrivet og godkjenner prosjektet pa vilkar
om at dette endres 1 henhold il disse.

Vilkir

- Det star 1 informasjonsskrivet at provene lagres «i en forskmingsbiobank, sammen med
resten av provene fra Screening mot tarmkreft — forprosjekt». Komiteen legger il grunn at
det her er snakk om biobanken som er tilkmyttet REK 2011/1272. Det bes om at det
avklares hvilken biobank preven skal lagres i, og at informasjonsskrivet oppdateres slik at
navn pa biobanken og ansvarshavende fremgar av informasjonsskrivet.

- Informasjonsskrivet ma inneholde mer informasjon om prosjektet.

- I innledningen av skrivet ber ogsa sammenhengen mellom prosjektet og REK 2011/1272
og REEK 2010/3087 forklares nermere.

Vedtak

Godkjent med vilkar

REK har gjort en helhetlig forskningsetisk vurdering av alle prosjektets sider. Prosjektet
godkjennes med hjemme] 1 helseforsknimgsloven § 10, under forutsetming av at ovennevnte
vilkir er oppfylt.

Alle skriftlige henvendelser om saken ma sendes via REK-portalen
Du finner informasjon om REK pa vare hjemmesider rekportalen. no



Vi gjor samtidig oppmerksom pa at etter ny personopplysningslov ma det ogsa forelipge et
behandlingsgerunnlag etter personvemforordningen. Det ma forankres i egen institusjon.

I tillegg til vilkir som fremear av dette vedtaket, er godkjenningen gitt under forutsetning
av at prosjektet pjennomferes shik det er beskrevet 1 spknad og protokoll, og de
bestemmelser som folger av helseforskmingsloven med forskrifter.

Tillatelsen gjelder fil 01 01 2034 Av dokumentasjonshensyn skal opplysningene likevel
bewvares mntil 01 01 2039 Forskmingsfilen skal oppbevares atskilt 1 en ngkkel- og en
opplysmngsfil. Opplysningene skal deretter slettes eller anonymiseres, senest innen et
halvt ar fra denne dato.

Forskmingsprosjektets data skal oppbevares forsvarlig, se personopplysningsforskmiften

kapitte] 2 og Helsedirektoratets veileder for «Personvem og informasjonssikkerhet 1
forskmingsprosjekter innenfor helse og omsorgssekiorens.

Dersom det skal gjores vesentlige endringer 1 prosjektet 1 forhold til de opplysninger som
er gitt 1 spknaden, ma prosjektleder sende endrningsmelding til REK.

Prosjektet skal sende sluttmelding pa eget skjema, senest et halvt ar etter prosjektslutt.

Komiteens avgjorelse var enstemmig

Med vennlig hilsen

Fin Waslgff
Professor em. dr. med.
Leder

Fmn Skre Fjordholm
Radgiver

EKopi: Kreftrepisteret ved gverste administrative ledelse: krefirepisteret @ kyeftrepisteret no;
piske ursin@ krefirepisteret no

Shattmelding
Soker skal sende shuttmelding til REK ser-gst D pa eget skjema senest seks maneder etter

podkjenningsperioden er utlapt, jf hil. § 12.

Alle skriftlige henvendelser om saken ma sendes via REK-portalen
Du finner informasjon om REK pa vare hjemmesider rekportalen no
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Seknad om 4 foreta vesenilige endringer

Dersom man gnsker 3 foreta vesentlipe endninger 1 forhold til formal, metode, tidslgp eller
organisering, skal sgknad sendes til den regionale komiteen for medisinsk og helsefaglip
forskmingsetikk som har gitt forhindsgodkjenning . Spkmaden skal beskrive hvilke
endringer som enskes foretatt og begrunnelsen for disse, jf. hfl. § 11.

Klageadgang

Du kan klage pd komiteens vedtak, jf. forvalmingsloven § 28 flg. Klagen sendes til REK
sor-gst D. Klagefnisten er ire uker fra du mottar dette brevet. Dersom vedtaket
opprettholdes av REK ser-gst D, sendes klagen videre til Den nasjonale forskmingsetiske
komuté for medisin og helsefag (WEM) for endelig vurderng.

Alle ckriftlige henvendelser om saken ma sendes via REK-portalen
Du finner informasjon om REK pa vare hjemmesider rekportalen.no



Supplementary file 10: Mean variable importance with

energy adjusted dietary variables

Model 1 E Model 1.2 E Model 1.3 E Model 1.4 E

FIT value 11.96 Age 10.07 FIT value 10.24 FIT value 10.16
Age 10.20 FIT value 9.69 Age 8.71 Milk & yoghurt 5.83
Milk & yoghurt 8.46 Milk & yoghurt 9.38 Milk & yoghurt 8.66 Grain products 4.83
Butter 8.30 Grain products 8.54 BMI 7.63 Proc red meat 4.75
Grain products 8.06 BMI 8.46 Grain products 7.57 Butter 4.60
White cheese 8.01 White cheese 7.46 White cheese 7.29 Age 4,57
Unproc potato 7.54  Frelfroz fruit 7.13  Cons fruits 7.17 Cream products 4.50
Vegetable 7.54 Vegetable 7.11 Vine and liquor 6.78 Cons vegetables 4.45
BMI 7.40 Unproc potato 7.00 Proc red meat 6.52 BMI 4.33
Lean fish 7.25 Conserved fruits 6.95 Fre/froz fruit 6.21 Fatty fish 4.20
Model 2 E Model 2.2 E Model 2.3 E Model 2.4 E

Milk & yoghurt 9.17 Milk & yoghurt 9.82 Milk & yoghurt 9.39 Milk & yoghurt 7.31
White cheese 8.42 Grain products 9.30 Grain products 8.23  Grain products 5.93
Grain products 8.41 White cheese 8.62 Cons. fruits 7.71 Proc. red meat 5.84
Unproc potato 8.14 Unproc potato 8.07 Wine and liquor 7.47 Butter 5.69
Butter 8.07 Frelfroz fruit 8.04 Unproc potato 7.24  Cream products 5.56
Fre/froz fruit 7.81 Vegetable 7.93 Proc red meat 7.15 Frelfroz fruit 4.83
Lean fish 7.78 Cons. vegetables 7.86 White cheese 7.13 White cheese 4,78
Cream products 7.70  Cons fruits 7.856 Cream products 6.89 Cons. fruits 4,72
Vegetable 7.61 Butter 7.64 Sweetener 6.85 Cons vegetables 4,71
Sweetener 7.47 Fatty fish 7.54 Cons vegetables 6.82 Sweetener 4.68
Model 3 E Model 3.2 E Model 3.3 E Model 3.4 E

FIT value 16.96 Age 17.65 Whole grain 12.69 FIT value 14.69
Age 15.79 FIT value 17.13 FIT value 12.67 Whole grain 10.82
Whole grain 15.34 Whole grain 16.62 Dairy products 12,57 Dairy products 10.37
Vitamin D 15.22 Dairy products 16.52 Age 12,58 Calcium 9.84
Calcium 14.87 Vitamin D 15.63 Calcium 11.51 Alcohol 9.47
Fish 14.43  Fruits 15.43 Processed meat  11.43 Vitamin D 9.11
Fruits 14.39 Calcium 15.36 Red meat 11.40 Vegetables 8.97
Vegetables 14.34  Alcohol 1531 BMI 11.39 Age 8.91
Red meat 1432 BMI 15.24  Fruits 11.34 BMI 8.73
Alcohol 14.18 Red meat 14.69 Vitamin D 11.18 Red meat 8.64
Model 4 E Model 4.2 E Model 4.3 E Model 4.4 E

Fish 24.06 Dairy products 25.28 Dairy products 22.21 Dairy products 15.45
Whole grain 23.99  Whole grain 24.2  Whole grain 22.87 Calcium 14.13
Dairy products 23.62 Alcohol 23.60 Calcium 20.11 Whole grain 14.08
Fruits 23.01 Fruits 23.56 Vegetables 19.96 Alcohol 14.08
Alcohol 22.85 Vitamin D 23.13 Processed meat  19.79 Processed meat 13.59
Vitamin D 22.62 Fish 23.03 Red meat 19.77  Fruits 13.55
Calcium 22.36 Red meat 22.71 Fruits 19.69 Vegetables 13.31
Vegetables 22.21 Vegetables 22.40 Fiber 19.16 VitaminD 13.29
Red meat 21.88 Calcium 22.20 Vitamin D 19.02 Red meat 13.02
Processed meat  21.76 Processed meat 21.94  Alcohol 18.75 Fish 12.70

Abbreviations: Cons vegetables, conserved vegetables; Unproc potato, unprocessed potatoes; Proc red meat,
processed red met; Proc Meat, Processed meat; Milk & yoghurt, milk and yoghurt, Fre/ froz fruit, fresh and
frozen fruits; FIT, Faecal Immunochemical Test; BMI, Body Mass Index. Variable importance of models created
with energy adjusted Overall diet plus, Overall diet, CRC relevant dietary factors plus and CRC relevant dietary
factors, with all the four cohorts as output. The ten most important variables are listed with their respective
importance ranking, the most influential are at the top of every list.
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