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Abstract

There is an emerging global epidemic of obesity and related complications, such as type 2
diabetes (T2D). Alterations in body compaosition (adipose tissue, muscle volume and fat
contents) are known to be associated with an increased metabolic risk. Understanding of the
underlying mechanisms is key for development of novel intervention strategies. One study
investigating the effect on body composition by different diets is Lipogainl. In this study, it was
found that a small weight gain induced by polyunsaturated fats (PUFA, n=19) or saturated fats
(SFA, n=20) had very different effects on body fat, liver fat and lean tissue mass respectively.
The SFA group gained more liver fat and fat mass in general, while the PUFA group gained
more muscle mass. These results were determined by magnetic resonance imaging.

The goal of this project was to visualize the results from Lipogainl by utilizing the novel
technique Imiomics. Imiomics is a method for statistical analysis of whole-body medical images.
By utilizing image registration, all images are transformed to a common reference space. This
enables point-wise comparisons between all images included in the analysis.

In this project, mean images of the alterations in fat content and local volume change of the two
groups were created. These were used to visualize the alterations in body composition from the
study. Additionally, statistical tests were used to visualize statistically significant differences
between the groups.

Differences between the groups could be seen in the mean images. Mainly a higher fat content
increase was seen in SFA in comparison to PUFA. There was also a larger volume expansion
in fat tissue in SFA than in PUFA, while PUFA instead had a larger volume expansion in
muscles. An unexpected result was also found; the liver had expanded in PUFA but not in SFA.
Unfortunately, few significant differences could be visualized between the groups when the
statistical test was performed.

The conclusion was that this method is promising for visualization of these kinds of studies,
especially due to the potential of finding new, unexpected results. However, a somewhat larger
cohort and possibly larger alterations in body composition might be needed to be able to
visualize and quantify statistically significant differences between the groups on a voxel-wise
level.
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Popularvetenskaplig sammanfattning

Vi ser idag en vixande global epidemi av dvervikt och komplikationer kopplade till
overvikt, som till exempel diabetes typ 2. Det &r sedan tidigare ként att fordndringar
1 kroppssammansittning, som fettvdvnad och muskelvdvnad, kan kopplas till en 6kad
risk att drabbas. Det ar déarfor viktigt att 6ka forstaelsen kring vad som kan orsaka sa-
dana forandringar for att kunna utveckla nya metoder for att forhindra det. Lipogainl &r
en studie som undersokte kopplingen mellan olika fetter och kroppssammansittning. I
studien upptiackte man att en liten viktuppgéng inducerad av flerométtade fetter (PUFA)
eller méttade fetter (SFA) gav olika resultat 1 kroppssammansittning. SFA-gruppen fick
mer leverfett och mer fettmassa overlag i jamforelse med PUFA-gruppen som istillet
okade sin muskelmassa.

Resultaten fran Lipogainl bestdmdes bland annat med hjélp av bilder fran Magnetisk
Resonanstomografi (MR). Dessa bilder har i detta projekt anvénts for att visualisera
resultaten frdn Lipogainl med en ny teknik kallad Imiomics. Imiomics dr en metod
for statistisk analys av medicinska helkroppsbilder. Genom att anvénda bildregistrering
transformeras alla bilder till en gemensam referensrymd. Detta gor att varje punkt 1
referensbilden har en korresponderande punkt i alla bilder, och de blir da jdmforbara 1
varje punkt, ocksa kallad voxel. Detta kan utnyttjas till en mangd olika analyser.

I detta projekt har skillnaden i fettinnehdll mellan frsta och andra besoket undersokts.
Ett medelvirde for denna skillnad i PUFA- och SFA-gruppen skapades i varje punkt och
genom att skapa en bild frdn dessa kunde de gruppvisa dndringarna i fettinnehall i olika
vivnader visualiseras. Dessutom skapades medelbilder for de tva grupperna {6r hur den
lokala volymen i varje voxel hade dndrats mellan besdken. Dessa bilder anvindes for
att forsoka visualisera resultaten fran Lipogainl, voxelvis fordelat 6ver hela kroppen.

I medelbilderna sags en viss skillnad mellan grupperna. Frimst sdgs en dkning 1 fettin-
nehall i fettvdvnad i SFA-gruppen i jamforelse med PUFA-gruppen. Dessutom sags en
storre volymexpansion i fettvivnad i SFA-gruppen dn i PUFA-gruppen, medan PUFA-
gruppen istillet hade en nagot storre expansion 1 muskler. Dessutom hittades ett ovin-
tat resultat; levern verkade ha dkat i volym i PUFA-gruppen, men inte i SFA-gruppen.
Dessvirre kunde fa statistiskt signifikanta skillnader hittas mellan grupperna nir ett
statistiskt test gjordes.

Slutsatsen blev att metoden dr vildigt lovande for att visualisera dessa typer av studier,
speciellt da det 4r mdjligt att hitta nya och ovintade resultat. Dock skulle ndgot storre
skillnader 1 kroppssammanséttning, eventuellt 1 kombination med stdrre grupper, beho-
vas for att kunna hitta statistiskt signifikanta skillnader mellan grupperna.
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1 Introduction

There is an emerging global epidemic of obesity and related complications, such as type 2
diabetes (T2D). Alterations in body composition (adipose tissue, muscle volume and fat
contents) are known to be associated with an increased metabolic risk. For example, ac-
cumulation of liver fat has been linked to the development of cardiometabolic disorders
and T2D (Kotronen et al. 2008, 2011). Understanding of the underlying mechanisms is
key for development of novel intervention strategies. One study investigating the effect
on body composition by different diets is Lipogainl (Rosqvist ef al. 2014). In this study,
it was found that a small weight gain induced by muffins baked using polyunsaturated
fats (PUFA) or saturated fats (SFA) had very different effects on body fat, liver fat and
lean tissue mass respectively. These results were established by magnetic resonance
imaging (MRI) of all subjects before and after the weight gain.

MRI can provide anatomical and functional data such as regional tissue volume and
fat/water content at millimeter scale using small 3D elements called voxels. This data
can be important for studies of metabolic disorders and T2D. As the volume of data from
medical imaging increases, it calls for new methods for analyzing them. Therefore, a
novel technology called Imiomics has been developed (Strand ez al. 2017) which through
image registration enables a hypothesis-free analysis of whole-body medical images.

By using the Imiomics technology, the results from studies such as Lipogainl could be
visualized in a new way and used to draw further conclusions and find new, unexpected
results. The image registration pipeline could be used to see differences in body compo-
sition of before and after images of the same subject, but also to visualize the differences
between the SFA and PUFA groups.

1.1 Aim of project

The aim of this project was to try to visualize and quantify the different effects of weight
gain by diets including different oils on body composition voxel-wise throughout the
body. The research objectives were:

* Optimize the image registration pipeline used in Imiomics analysis for the longi-
tudinal whole-body water-fat MR images collected in the Lipogain] study.
* Evaluate the accuracy of the performed analysis

* Select and perform appropriate statistical methods for the analysis



2 Background

Below, some background for this project is presented. It starts with introducing the
Lipogainl study (Rosqvist ef al. 2014) which this project was based on, then further
giving some background information of medical imaging. Next, the concept of image
registration and Imiomics is introduced.

2.1 Lipogain1

Intake of different dietary fats have previously been shown to have different eftects on
body composition. For example, a diet consisting of saturated fatty acids (SFA) have
been linked to higher levels of liver fat in comparison to one consisting of polyunsat-
urated fats (PUFA) (Bjermo et al. 2012). Switching to a diet consisting of PUFA has
instead been linked to a decrease in abdominal subcutaneous fat in comparison with
SFA (Summers et al. 2002). The different effects on body composition and fat accu-
mulation by different dietary fats was also investigated in the randomized clinical trial
Lipogainl (Rosqvist et al. 2014). This study was designed to let two groups of subjects
(n=19 and n=20) reach a 3% weight gain induced by eating muffins baked on either
PUFA or SFA. The cohort consisted of healthy males and females in the ages 20-38
years and a BMI of 18-27 kg/m?. The study found that the SFA group gained more liver
fat and more fat tissue in general than the PUFA group. The PUFA group instead gained
more lean tissue than the SFA group. The assessment of body composition was mainly
done through whole-body MRI, but also through whole-body air displacement plethys-
mography (Bod Pod) and bioelectrical impedance analysis (BIA). The liver fat content
was assessed using a separate, dedicated MRI scan.

2.2 Medical Imaging

Medical imaging is the process of reconstructing images of the body to retrieve valuable
information for research, diagnostics or treatments (Meyer-Baese & Schmid 2014). It is
mostly noninvasive which makes it a great tool for using clinically. Recently, there has
been huge developments in this field both in the quality of the images acquired, but also
in the amount of data created, which calls for an advancement in new tools for analyzing
the data.



2.2.1 Fat and Water Magnetic Resonance Imaging

MRI is a noninvasive imaging method for visualization of the inside of the body, mainly
fat and lean tissues (Meyer-Baese & Schmid 2014). Most of the signals used to cre-
ate MR images comes from hydrogen atoms in fat and water molecules. The signal is
derived from the nuclear magnetic resonance (NMR) which can be observed from hydro-
gen atoms when they are placed in an external magnetic field. From the signal, a volume
image consisting of voxels can be reconstructed that shows the fat and water composi-
tion in the body. The voxels are just like pixels, but are three dimensional instead of two
dimensional and each voxel gets an intensity value derived from the signal.

Due to water and fat having different resonance frequencies, a so-called chemical shift,
the signals from water and fat can be separated. This can be used to reconstruct separate
water and fat images of high quality (Berglund et a/. 2010). This kind of water and
fat imaging enables the possibility to measure fat and water percentage in each voxel
(Berglund 2011). The fat percentage, or fat fraction (FF), can be calculated with the
following formula in each voxel of the image:

|F

FF=_—"1__
|F| + [W]

(1)

Where F is the fat signal and W is the water signal in that voxel. The fat fraction is
quantitative, meaning that it can be compared between voxels in different images. The
water fraction (WF) image can be calculated similarly.

2.3 Image registration

Image registration is the deformation of images to a common reference space. To do
this, a transformation, or deformation field, is applied to the image which should be
deformed (the moving image) which maps it to the reference space. The image can then
be re-sampled with different interpolation strategies in the reference space to ensure
a continuous, transformed image. The interpolation may affect the final result in for
example introducing new intensities and smoothing the re-sampled image (Goshtasby
2012). Image registration mainly consists of three components, a transformation model,
an objective function and an optimization method.

The transformation model can either be parametric or non-parametric (Goshtasby 2012).
Examples of parametric transformation models are rigid models where the distance and
the angle between points is preserved with the transformation. Another example is
affine transformations where the parallelism of the image is preserved. However, in

3



this project, a non-parametric model developed by Ekstrom ef al. have been used for
the registrations (Ekstrom et al. 2018). In a non-parametric transformation model, each
point of the moving image is mapped to a point in the reference space by a displacement
vector specific to that point. In the method used in this project, a regularization map is
used to simulate the different elasticity of the different tissues in the body, i.e. water and
fat (Ekstrom et al. 2020). The regularization handles how similar nearby vectors in the
deformation field has to be. A higher regularization leads to more similar vectors and a
smoother deformation field, and vice versa. Generally, water tissue is more rigid than
fat tissue and therefore usually is assigned a higher regularization.

The objective function, also known as the matching criterion, is the similarity measure
that the registration seeks to optimize (Sotiras et al. 2013). There are many examples
of matching criterions, but in this project, normalized cross-correlations (NCC), also
known as Pearson’s correlation coefficient (PCC), and the sum of squared differences
(SSD) has been used. Lastly, the optimization method is the method with which the
matching criterion is optimized. Again, there are many methods available, but for this
project a graph-cuts based approach developed by Ekstrom et al. was used (Ekstrom
et al. 2018).

2.3.1 Evaluation

The result from image registration do typically not have one unique solution. This com-
plicates the task of evaluation of the performance. Intuitive ways of evaluating the reg-
istration is to create mean and standard deviation images from the registrations. These
are approaches for finding the image similarity, which is an important part of image reg-
istration. However, they have been shown to not be sufficient on their own (Rohlfing
2012) and should therefore be combined with other metrics to assess the performance of
the registration.

Inverse consistency (Christensen & Johnson 2001) is a well known property of an image
registration. If a registration is inverse consistent, it means that the transformation in one
direction is the inverse of the transformation in the opposite direction. In the ideal case,
where a true correspondence has been found between two images, this would be fulfilled.
However, since there is no unique solution in image registration, this is seldom the case.
The error in the inverse consistency can be measured by performing the registration
in both directions and computing the vector magnitude error (VME) as presented in
Equation 2: .

VME =
\Z]

D |z —TponoTasp(z)| (2)
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Where T's_, 4 1s the transformation from the volume V3 to the volume V4 and T)4_, g is
the reverse transformation from V4 to V. The closer the VME is to 0, the closer it is to
being inverse consistent and a better registration.

Another important property of a transformation is that it should be diffeomorphic. This
means that both the function and the inverse should be differentiable (Sotiras ez al. 2013).
This is important since if this is not the case, it has occurred physically impossible map-
pings such as foldings in the registration. A great way of studying if the transform is
diffeomorphic is to compute the Jacobian determinant (JD) of the deformation field at all
points (Ekstrom 2020). If the transformation is diffeomorphic, the JD should be strictly
positive at all points. A negative value of the JD indicates that physically impossible
mappings have occurred, such as foldings.

The JD does not only give information about local foldings, but also about local volume
change between the moving image and reference image (Leow et al. 2007). For exam-
ple, a value of 1.1 on the JD denotes a 10% increase in local tissue volume, while a value
of 0.9 denotes a 10% decrease in local tissue volume. Usually, the logarithmic transform
is applied on the JD. This is due to the fact that the JD is bounded by zero below but
unbounded above. This operation instead makes the JD distribution symmetric around
zero. After the logarithmic transform has been applied, a negative value indicates a con-
traction and a positive value indicates an expansion in local tissue volume between the
two images. This can be correlated to non-imaging data in a proof-of-concept evalua-
tion. The voxel-wise correlation can be showed in a map which enables quantification
and visualization of how different tissues correlate with the non-imaging metric.

2.4 Imiomics

Imiomics (imaging-omics) is a concept for statistical analysis of whole-body medical
images (Strand et al. 2017). By utilizing image registration, two different images be-
come point-wise, or voxel-wise, comparable. Each voxel in each image may contain
information such as water content and fat content which can be compared between the
different images by statistical analysis. The technique can be applied both to longitudi-
nal images of the same subject, but also to group studies consisting of many subjects. In
contrast to methods where only regions of interest are segmented and analyzed, Imiomics
enables a holistic and hypothesis-free analysis where all of the information in the images
is utilized.



241 Method

Assuming that the images have already been acquired, the method for performing
Imiomics can be broken down into three main steps; preprocessing and reference se-
lection, image registration, and finally a statistical analysis (Strand et al. 2017).

The preprocessing usually consists of creating the type of images that is going to be used
for the analysis, like FF and WF images that were described in Section 2.2.1 and that
were used in this project. It is also common to create some body masks for the regis-
tration pipeline. Another important step is the choice of reference space. The reference
subject which all images will be deformed to is usually chosen from the cohort and the
choice may influence the result significantly. Generally, it is a good idea to pick a refer-
ence subject close to the cohort mean, both in the sense of body composition and visual
aspects.

The image registration is a vital step in the Imiomics analysis as it is the step that enables
the point-wise correlations between the studied images. The quality of the final statistical
analysis relies heavily on the quality of the registration. While reference selection can
improve the result a lot, the registration might still have to do large deformations which
may yield a poor registration. The registration also calls for evaluation methods to be
able to conclude that the registration is satisfactory. This is not a simple task, as discussed
in Section 2.3.1

Among the various types of analyzes that were initially suggested for Imiomics (Strand
et al. 2017), three have been implemented in this project. These are correlation analysis,
longitudinal analysis and group comparisons. In correlation analyzes, the correlation
between the intensity value in each voxel or the local volume change in each voxel
produced by the registration is correlated with a non-imaging parameter. This method
have previously been shown feasible for visualization of fat and lean tissue distribu-
tion in group comparisons (Lind ef al. 2019). In longitudinal analyzes, an individual is
examined over time. In Imiomics, this is done by registration of longitudinal images
followed by voxel-wise comparisons of either intensity values or local tissue volume
change. Finally, in group comparison, voxel-wise comparisons are also conducted but
instead between groups of subjects using statistical tests. This has previously been done
to successfully visualize the relationship between metabolic syndrome and body com-
position (Lind et al. 2020).



3 Materials and methods

This project has mainly consisted of two parts; the registration part and the statistical
analysis. The packages, tools and data that was needed for the execution, along with the
methodology for the registrations and statistical analysis are presented below.

3.1 Packages and tools

The programming part of this project was executed in Python by utilizing various pack-
ages. All non-parametric registrations were performed by using a Python module devel-
oped by Ekstrom et al. called deform (Ekstrom et al. 2018, 2021). This is an implemen-
tation of a fast graph-cuts based non-parametric image registration method. The module
has an API which utilizes SimpleITK (Lowekamp et al. 2013), an open-source multi-
dimensional image analysis toolkit that was frequently used in this project for handling
of images in Python. SimpleITK was used for the affine registrations in the project.

Two other libraries commonly used in this project were NumPy (Harris ef al. 2020) and
SciPy (Virtanen ef al. 2020). NumPy has been used mainly due to its many operations
applicable with multidimensional arrays. SciPy was used for the statistics performed.
In addition, the software 3D Slicer (Fedorov ef al. 2012) has been used for some visual-
izations in the project along with the Python library Matplotlib (Hunter 2007).

3.2 Data

The images used in this project was acquired in the Lipogainl study (Rosqvist et al.
2014) and consisted of whole-body MRI volume images of 39 individuals. One subject
was excluded from the analysis due to one of the arms being outside of the image, result-
ing in 38 subjects being included in the analysis. Images had been acquired from each
subject before and after completion of the study. From the images, separate water and
fat images had been calculated and from these, FF images and WF images had been ac-
quired. These fraction images were used for the registrations in this project. Body masks
had also been generated. Two types of masks were used in this project, one filled body
mask and one mask made with spatial fuzzy c-means clustering (SFCM). The difference
between these was that the SFCM mask was not filled in spaces in the body where there
were no fat or water tissue, for example lungs, while the filled body mask was almost
completely filled within the body. Examples of image slices are shown in Figure 1.



Figure 1: Examples of how a slice of the different images might look like. A is a FF image. B is
a WF image. C is a SFCM body mask. D is a filled body mask.

Along with the images there were also some metadata for all the subjects which con-
tained the group affiliation and sex of each subject, along with some calculated metrics
from the study. The metrics mainly used in this project were weight, fat mass and mus-
cle mass. All metrics were calculated for the first and second visit and from these the
difference in the metrics between the first and second visit could be calculated, resulting
in the delta values also used in this project. The fat mass had been calculated using Bod
Pod. The muscle mass had been calculated with BIA. The results from the measure-
ments conducted in Lipogainl (Rosqvist e al. 2014) used as metadata in this project are
presented in Table 1.

Table 1: Results from measurements of body weight, fat mass and muscle mass in the Lipogain1
study (Rosqvist et al. 2014).

Metric PUFA PUFA mean | SFA SFA mean
1st visit change 1st visit change
Body Weight | 67.4 +/- 8.2 1.6+/-0.85 | 63.3+/-6.8 1.6 +/- 0.96
Fat mass 14.4 (12.6-19.6) | 0.97 +/- 1.0 | 12.9(10.4-18.2) | 1.5+/-0.70
Muscle mass | 43.4 +/- 8.4 0.86+/-0.62 | 41.8+/- 6.9 0.31 +/- 0.68




3.3 Optimizing the registration pipeline

The optimization of the registration pipeline mainly consisted of parameter tuning of the
already existing registration method and trying different infrastructures of the pipeline
on a subset of the images. Two different pipelines had to be developed for the intra-
subject registrations and the inter-subject registrations.

The architectures of the pipelines are illustrated in Figure 2. The inter-subject registra-
tion pipeline starts with an affine registration of the moving filled mask to the reference
filled mask to roughly align them. After that, a non-parametric registration is performed
on the moving filled mask to the reference filled mask with the deformation field from
the affine registration as start guess for the algorithm. This was performed to align the
outer corners of the body well. Then, the backgrounds of the WF and FF images were
removed with the SFCM mask and the background-filtered FF and WF images were
used for the final, main registration step. This step used a dilated filled body mask to
mark what areas of the images should be registered. A dilation step was added in the
pre-processing to create this mask. It also utilizes a regularization map to give different
regularization weights to water and fat tissue. This was also created in the pre-processing
from the reference background-filtered FF and WF images. A higher regularization was
used for water than for fat, since lean tissue generally is more rigid and less elastic than
fat tissue.

Inter-subject registration Intra-subject registration

Pre-processing Registration Pre-processing Registration

Affine registration

DF as start
guess

‘ Pre-registration, ‘

Pre-registration,
| non-parametric

non-parametric

DF as start
guess

Regmap DF as start
guess

- v
Main registration,
non-parametric

Main registration,
non-parametric

Final DF

DF as start
guess

v
High regularization
registration,
non-parametric |

Final DF

Figure 2: Schematic image of the two different registration pipelines. DF = deformation field.



The intra-subject registration pipeline starts with the pre-registration of the filled masks.
It then moves on to the main registration step, which, similarly as in the inter-subject
registration, uses the WF and FF images with backgrounds removed, along with dilated
masks and a regularization map. The third step is a non-parametric registration step with
high regularization over the whole image to smooth out the deformation field and make
expansions and contractions in the registration more evenly spread out in the tissues,
which was important for the statistical analysis.

Reference images were chosen for the inter-subject registrations. The reference images
in this project were chosen mainly based on BMI, fat mass and visual assessment. The
goal was to find references with BMI and fat mass close to the cohort mean or a bit above.
Additionally, reference subjects having their feet outside of the image was chosen. One
male and one female reference subject was chosen.

3.3.1 Evaluation of registration pipelines

In the development of the inter-subject pipeline, it was evaluated by VME, mean maps,
standard deviation maps and proof-of-concept correlation analysis to metadata. Both the
mean images and standard deviation maps were used to see that the registered images
were similar to each other. The mean image should ideally be as sharp as possible and
different tissues should be clearly delineated as this indicates that the registered images
are similar to each other. The standard deviation maps should ideally be as dark as
possible since a higher intensity value indicates that the images deviates a lot from each
other. The VME map should ideally also be as dark as possible since this means that
the registration has a smaller VME and therefore is more inverse consistent. Light areas
means a high VME and indicate that the registrations in both directions map this area to
different places, that the registrations are not inverse consistent. The unit of the VME
is millimeter, meaning that it shows how many millimeters the forward and backward
registrations differ in their mapping of that local area.

Three types of metadata was used for the creation of correlation maps for a proof-of-
concept evaluation; total body weight, muscle mass and fat mass. These metrics were
correlated to the JDs to see where the metrics correlate with local volume change. For
the total body weight, ideally, the correlation map should show positive correlations
basically everywhere in the body since this means that if a subject has a higher body
weight, it will also have a larger body. For the muscle mass, the correlation map should
show positive correlations in lean tissue since this means that more lean tissue corre-
lates with larger muscles. For the fat mass, the correlation map should show positive
correlations in fat tissue since this means that higher fat mass correlate with larger fat
tissue. The correlations were calculated with Spearman correlations and the color in the
correlation maps indicates the value of the Spearman correlation coefficient (SCC). A
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red color means a positive value of the SCC, indicating a positive correlation. Similarly,
a blue color means a negative value of the SCC, thereby a negative correlation. A p-
value cutoff of 0.05 was used when creating the maps, which means that pixels which
are shown in color have a p-value of less than 0.05 for the correlation, and are therefore
determined to be statistically significant.

The intra-subject registration pipeline was evaluated based on VME, JD maps and proof-
of-concept correlation analysis to metadata. Standard deviations of the JD maps in the
different groups were visually assessed. These maps show within each group were the
local volume changes differ between subjects and might give a good idea of where the
statistical analysis might not be as reliable. They should ideally be as dark as possible
since that means a lower standard deviation. The non-image metrics used for the corre-
lation maps of the intra-subject registration and proof-of-concept evaluation was delta
weight, delta muscle mass and delta fat mass. This means that the difference between
the metric for each subject at the first and second visit was used. The correlation maps
are used to verify that the volume changes of tissues such as muscles and fat of each
subject correlates with how much the subject gained or lost mass in those tissues. SCC
was used for the correlation maps, similarly as for the inter-subject correlation maps.
Similar maps are expected as for the inter-subject correlation maps, that delta weight
have positive correlations with the whole body, delta muscle mass have positive cor-
relations with muscles and delta fat has positive correlations with fat mass. However,
since these metrics does not have as much variation due to all subject gaining similar
amount of weight, it might be harder to find clear correlations.

3.4 Registrations

After the registration pipelines were finalized, the inter-subject registration of all sub-
jects was performed both in the subject-to-reference direction, but also in the reversed
direction. Then, the intra-subject registration between the before and after image of
each subject was performed, also in both directions. All registrations were evaluated on
previously mentioned metrics.
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Figure 3: Schematic overview of the registrations performed. DF = deformation field, JD =
Jacobian determinant map, FF = fat fraction image.

The images that would be used for the final statistical analysis was the FF images and
the JD images. Therefore, for each subject, the intra-subject deformation field from the
second visit image to the first visit image (DF1) was composed with the deformation field
from the inter-subject registration between the first visit image to the reference subject
(DF3). This composed deformation field was then applied to the second visit FF image
(FF2) and to the JD map from the reversed intra-subject registration (JD2) to deform
them to the reference space. DF3 was then applied to the first visit FF image (FF1)
and to the intra-subject JD map (JD1) to deform them to reference space. A schematic
overview of the registrations is illustrated in Figure 3.

3.5 Statistical analysis

For the visualization of the differences in body composition, the registered FF and JD
images were utilized. For each subject, the first visit FF image was subtracted from the
second visit FF image in the reference space, i.e. the delta fat content was calculated, to
visualize where the subject had accumulated more fat. Then, separate voxel-wise mean
maps for the PUFA group and the SFA group was created of all the fat difference im-
ages in each group. This was done to visualize group-wise fat accumulations. For each
voxel, the corresponding intensity values from the subjects in the group were acquired
and put in a vector. This intensity vector was then filtered for outliers by utilizing the
interquartile range (IQR). All values outside of the span +/- 1.5*IQR from the median
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was determined as outliers and excluded from further analysis. The remaining values
were used to calculate the mean for that voxel. To further visualize the group differ-
ences, a voxel-wise T-test between the two groups was performed on the outlier-filtered
vectors of each voxel, and images of the results were created, so-called T-maps. These
maps illustrate if there are voxel-wise differences between the mean values of fat content
alteration in the two groups. The maps show the value of the T-statistic when filtered for
a P-value lower than 0.05. A negative T-statistic (shown with blue color in the T-maps)
indicates a lower mean value, and therefore a lower increase in fat content, in the PUFA
group than in the SFA group. A positive T-statistic (shown with red color in the T-maps)
indicates a higher mean value in the PUFA group.

From the JD maps transformed to the reference space, separate mean maps for the PUFA
and SFA group were created with the same methodology as for the fat differences to
visualize where the group had changed in local body volume. Similarly as with the fat
difference images, a voxel-wise T-test was performed to visualize the regions where the
two groups differed. A negative T-statistic means a lower mean and a smaller volume
increase in the PUFA group than in the SFA group, while a positive T-statistic means a
higher mean in the PUFA group. Mean maps for the JD maps from the reversed intra-
subject registration was created for the two groups to verify that the inverse results could
be seen when performing the registration in the opposite direction.

4 Results

The results section have been divided into three parts which are presented below; eval-
uation of the inter-subject registrations, evaluation of the intra-subject registrations and
finally the statistical analysis.

4.1 Evaluation of inter-subject registrations

The evaluation of the inter-subject registrations was done by visual assessment of mean
images, standard deviation maps, VME maps and correlation maps between the JDs
to metadata. Slices of the evaluation images are presented below. Note that these are
just slices, and the evaluations was performed on the full volume images. To locate the
correlations in the body in the correlation maps, the reference water image along with a
partly transparent reference fat image has been added in the background.
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Figure 4: Evaluations of inter-subject registrations of male subjects (n=25). A is a slice of the
mean water image. B is a slice of the standard deviation map. C is a slice of the VME map.
D is a slice of the correlation map of JDs to total body weight. E is a slice of the correlation
map of JDs to muscle mass. F is a slice of the correlation map of JDs to fat mass. The color in
the correlation maps indicates the value of the SCC. A p-value cutoff of 0.05 was used for the
correlation maps.

The evaluations for male inter-subject registration are presented in Figure 4. The mean
image is relatively sharp. However, the abdomen area and underarms are quite blurry,
indicating that the images look less similar here. The standard deviation map is mostly
dark but lighter in the abdomen areas, underarms and feet. This means that these areas
differ more in the images. The VME map is dark in most places, but lighter in feet,
calves and forearms. This indicates that the registration might not be as precise in these
areas.

The correlation maps for the male registration show positive correlations everywhere in
the body, including weakly in fat tissue, for body weight, meaning that the whole body
volume correlate with change in body weight. For the correlations to muscle mass, the
whole body shows positive correlations but the subcutaneous fat does not show any
clear correlations. For the correlations to fat mass, the subcutaneous fat show positive
correlations but no positive correlations can be seen in muscles. It also show quite clear
negative correlations with lungs, indicating that a higher level of fat mass is coupled
with smaller lungs.
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Figure 5: Evaluations of inter-subject registrations of female subjects (n=11). A is a slice of the
mean water image. B is a slice of the standard deviation map. C is a slice of the VME map. D
is a slice of the correlation map of JDs to total body weight. E is a slice of the correlation map
of JDs to muscle mass. F is a slice of the correlation map of JDs to fat mass. The color in the
correlation maps indicates the value of the SCC. A p-value cutoff of 0.05 has been used for the
correlation maps.

The evaluations for the female inter-subject registrations are presented in Figure 5. The
mean image is quite sharp, except for the abdomen area and forearms. The standard
deviation image is lighter in forearms and calves, and also a bit in abdomen. The VME
image is lighter in feet, calves and forearms. These results show the same problem areas
as for men; the abdomen, forearms and feet. Further results from these areas might not
be as reliable.

The correlations for the female subjects are less clear than the ones for the male subjects.
However, it is still possible to see positive correlations to body weight in the whole
body. There are also visible positive correlations to muscle mass in the whole body, but
not in the subcutaneous fat. For the correlations to fat mass, there are mainly positive
correlations in subcutaneous fat tissue and not that much in muscles.
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Figure 6: Evaluations of inter-subject registrations of both female and male subjects registered
to a male reference (n=37). A is a slice of the mean water image. B is a slice of the standard
deviation map. C is a slice of the VME map. D is a slice of the correlation map of JDs to total
body weight. E is a slice of the correlation map of JDs to muscle mass. F is a slice of the
correlation map of JDs to fat mass. The color in the correlation maps indicates the value of the
SCC. A p-value cutoff of 0.05 has been used for the correlation maps.

The evaluation of both females and males registered to a male reference are presented
in Figure 6. The mean image still look as sharp as the one for only males, and still have
issues in the abdomen and forearms. The standard deviation map is a bit brighter in the
calves then the one for only males, otherwise they are similar with issues in abdomen,
feet and underarms. The VME map is a bit brighter in general and especially in the
calves, but otherwise it look similar.

The correlation maps for both males and females look a bit different than the ones for
only males, mainly that the correlations are stronger. The whole body except the subcu-
taneous fat show strong positive correlations to body weight and to muscle mass. The
fat tissue instead show negative correlations to muscle mass. The subcutaneous fat show
strong positive correlations to fat mass while the rest of the body and especially lungs
shows negative correlations. The expected correlations seem to be amplified when in-
cluding females in the registration to a male reference.



Table 2: Mean VME and mean number of negative JDs (NJD) for males and females separately,
for both together to the same male reference and for the intra-subject registration.

Metric Male | Female | Both | Intra-subject
Mean VME (mm) | 5.14 | 5.28 543 | 195
Mean NJDs 3.16 | 491 3.14 | 0.00

Further, the mean VME of the three groups and the mean number of negative JDs (NJDs)
were used to verify that it is appropriate to include females in the registration to a male
reference. These results are presented in Table 2. The mean VME is slightly higher
when registering females and males to the same male reference than when registering
them separately. The mean number of NJDs was not higher.

4.2 Evaluation of intra-subject registrations

The evaluation of the intra-subject registrations was done by observing a mean VME
image, a standard deviation image of all JD maps produced in the two groups and by
proof-of-concept correlation analysis. To locate the correlations in the body in the cor-
relation maps, the reference water image along with a partly transparent reference fat
image has been added in the background.

The standard deviation maps in Figure 7 gives an idea of where the volume changes in
each group differs. The maps from both groups seem to have differences in the same
places. It can be seen that the arms, head, lungs and calves have higher differences,
along with the top of the liver and some parts of the abdomen. There are also some
lighter areas in the outer side of the thighs. The VME map shows errors in arms, head
and calves. It also show some errors in thighs. However, as presented in Table 2, the
mean VME for all intra-subject registrations together is lower than the mean VME for the
inter-subject registration, indicating a good registration. The mean number of negative
JDs was 0 which indicates that no foldings have taken place in the registration. Due
to all evaluations, both from the inter- and intra-subject registrations, pointing towards
uncertain registrations in arms and lower calves and feet, results from these areas will
not be taken into consideration in the statistical analysis.
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Figure 7: Evaluations of intra-subject registrations. A is a slice of the voxel-wise standard devia-
tion map of all JD maps produced from the PUFA group deformed to a common, male reference
space (n=18). Bis a slice of the voxel-wise standard deviation map of all JD maps produced from
the SFA group deformed to a common, male reference space (n=20). C is a slice of the mean
VME map of all intra-subject registrations (n=38). D is a slice of the correlation map between all
intra-subject registration JD maps and delta body weight (n=38). E is a slice of the correlation
map between all intra-subject registration JD maps and delta muscle mass. F is a slice of the
correlation map between all intra-subject registration JD maps and delta fat mass. The color in
the correlation maps indicates the value of the SCC. A p-value cutoff of 0.05 has been used for
the correlation maps.

The correlation maps shows strong positive correlations between weight and the local
volume change in thighs and subcutaneous fat. Some positive correlations in thighs can
also be seen for muscle mass. For fat mass, both subcutaneous fat and muscles in thighs
positively correlates.

4.3 Statistical analysis

The statistical analysis consisted of trying to visualize the results from the Lipogainl
study (Rosqvist et al. 2014). This was done by creating mean maps of the JD maps and
fat difference maps for the intra-subject registrations in the two groups, when registered
to the common reference space. Voxel-wise T-tests for the fat differences and JD maps
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were performed between the PUFA and SFA groups to visualize the differences between
the groups. Slices of these results are presented below.
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Figure 8: Mean difference in fat content between first and second visit. Red color indicates
higher fat content in the second visit than in the first visit, blue color indicates lower fat content
in the second visit than in the first visit. A is female subjects in the PUFA group (n=6). B is
female subjects in the SFA group (n=6). C is male subjects in the PUFA group (n=12). D is male
subjects in the SFA group (n=14). E is both female and male subjects in the PUFA group (n=18).
F is both female and male subjects in the SFA group (n=20).

The mean differences in fat content between the first and second visit in the different
groups are presented in Figure 8. For females, a weak increase in fat content can be
seen along the borders between muscles and subcutaneous fat in both the PUFA and
SFA group, however a bit clearer in the SFA group. Tendencies of more visceral fat in
the abdomen for SFA is also visible. For males in the SFA group, a clear increase in fat
content can be seen in the subcutaneous fat. This pattern is not as clearly observable in
the PUFA group. There also seem to be some increase in fat content in the visceral fat
in the abdomen in the SFA group in comparison with the PUFA group. A similar pattern
with the subcutaneous and visceral fat can be observed when both males and females
are bundled together in the same groups.
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Figure 9: Mean JD maps from the intra-subject registrations. The top row is the forward regis-
tration, meaning the registration of the second visit to the first visit. Red color indicate a positive
value of the JD, hence a larger local volume in the second visit in comparison to the first visit.
A blue color indicates a negative value of the JD, hence a smaller local volume in the second
visit in comparison to the first visit. The second row show the reversed registration, hence the
registration of the first visit to the second. A red color indicate a smaller volume in the second
visit and a blue color indicate a larger local volume in the second visit. The forward registration
of a group is placed above the reversed registration of the same group for easier comparison.
A is female subjects in the PUFA group (n=6). B is female subjects in the SFA group (n=6). C is
male subjects in the PUFA group (n=12). D is male subjects in the SFA group (n=14). E is both
female and male subjects in the PUFA group (n=18). F is both female and male subjects in the
SFA group (n=20).
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The mean JD maps showing the voxel-wise mean JD, and therefore the mean local vol-
ume change between the first and second visit, of the different groups are presented in
Figure 9. For females, larger volumes in the second visit can be seen in subcutaneous
fat tissue and also some in the abdomen. The expansions seem to be larger in the SFA
group than the PUFA group, indicated by a darker red color. The PUFA group shows
larger volumes for the second visit in the muscle mass in thighs, in contrast to the SFA
group which show smaller volumes here. Males show similar patterns for subcutaneous
fat. However, there seem to be more expansions in the abdomen in PUFA in compar-
ison with SFA, especially in the liver and various other organs. Both groups seem to
experience expansions in thighs. When both males and females are analyzed together,
the pattern in the subcutaneous fat remains. There also seem to be more expansions in
the muscles in thighs in PUFA in comparison with SFA. The expansions in abdomen in
the PUFA group also remains.

The mean JD maps from the reversed intra-subject registration is also shown in Figure 9.
The maps generally looks like the inverse of the JD maps in the forward direction. Areas
which are shown in bright red in the forward are shown in blue in the reversed direction.
This shows that the same results are obtained when performing the registration in the
opposite direction, and that the registration is stable in both directions.
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Figure 10: Voxel-wise T-tests between the PUFA and SFA group for the difference in fat content
and JD maps. Red color indicates a positive T-statistic, thus a larger mean value in the PUFA
group than the SFA group. A blue color indicates a negative T-statistic, thus a smaller mean
value in the PUFA group than in the SFA group. All maps have a P-value cutoff of 0.05. A is the
T-test between the difference in fat content of the female PUFA (n=6) and SFA (n=6) group. B is
the T-test between the difference in fat content of the male PUFA (n=12) and SFA (n=14) group.
C is the T-test between the difference in fat content of the PUFA (n=18) and SFA (n=20) group
consisting of both females and males. D is the T-test between the JD maps of the female PUFA
(n=6) and SFA (n=6) group. E is the T-test between the JD maps of the male PUFA (n=12) and
SFA (n=14) group. F is the T-test between the JD maps of the PUFA (n=18) and SFA (n=20)
group consisting of both females and males.

The voxel-wise T-tests for the fat content difference and JD maps are presented in Figure
10. The T-test of the difference in fat content between PUFA and SFA in females show
no clear patterns. For males, a weak negative pattern is visible in subcutaneous fat,
indicating less fat content increase in PUFA than in SFA. This pattern is also visible in
the map including both females and males. The T-test for the JD maps show a weak
negative pattern in subcutaneous fat around the hip region for females. This pattern is
not as visible in males, but when including both females and males it is weakly visible
again. This indicates that the PUFA group gained less subcutaneous fat than the SFA
group. A weak positive pattern can be seen in some spots muscles in thighs for the three
maps which indicates a larger increase of muscle mass in the PUFA group than in the SFA
group. However, there are also some spots with negative patterns. There are also quite
clear positive pattern in abdomen, specifically around the liver, indicating that the PUFA
group has expanded more here than the SFA group. Overall, most patterns in the t-maps
have P-values above 0.05 and are therefore not considered statistically significant.
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5 Discussion

The goal of this project was to visualize and quantify the different effects on body com-
position of weight gain by diets including different oils by utilizing Imiomics. This was
done by performing image registration, evaluating the registrations, and perform various
statistical tests. This is not a simple task, both since it was a quite small data set and also
small changes distributed over a large number of voxels.

5.1 Evaluations of registrations

Two of the aims of this project was to optimize a registration pipeline for the Lipogainl
MR images along with evaluating the pipeline. The results of the evaluations were pre-
sented in Section 4.1 and 4.2. All of the inter-subject registration evaluations points at
lower registration accuracy in mainly arms, feet and abdomen. This could be explained
by these areas being the parts of the body which vary the most between subjects in the
images. The arm positioning was not always standardized in the images. Some sub-
jects had the right arm under the left and some had the other way around. This makes it
impossible for the algorithm to correctly register the arms without introducing foldings
in the registrations, which is generally minimized. Some subject also had their arms
in direct connection with the head, leading to curious deformations in both arms and
head. The feet also experience problems with positioning, some people having them
close together, other having them far apart. Another problem with the images was that
some subjects had their feet outside of the image while some had them inside. Reference
subjects were chosen that had their feet outside of the image. This was chosen since it
was a less advanced problem for the registration pipeline to register subjects with their
feet inside of the image to a reference with its feet outside, than in the reversed case.
This led to that the registration to the reference generally performed well. However, in
the opposite direction, the reference image will be registered to multiple subjects having
their feet inside of the image. This is a difficult problem and leads to a high variability
in the registration and is one of the reasons why the VME is so high in feet. This means
that the error is mainly in the backward direction and not in the forward direction, the
later being the one used for further studies in the project.

The correlation maps generally showed what was expected for all tests. The correlation
maps for weight had positive correlations everywhere in the body, the correlation maps
for muscle mass had positive correlations almost everywhere except for fat tissue and
the correlation maps for fat mass had positive correlations to fat tissue. This verify that
the registration pipeline performed well. However, the correlation maps for the female
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subjects were less clear than the other correlation maps. This was probably due to there
being so few female subjects (n=11) that was deformed. The correlation maps for both
male and female subjects instead show very strong correlations. This is probably due to
when adding the females to the males, more variability is added to the cohort, enabling
stronger correlations. The female subjects generally had more fat mass and less muscle
mass than the male subjects. This leads to the negative correlations in fat mass when
correlating to muscle mass; when a subject has less muscle mass (typically a female)
it generally has more fat mass in comparison to the cohort, due to females generally
having more fat mass and less muscle mass. Since the correlation maps actually got
clearer when including the females in the registration to a male reference, this suggest
that including females could be a good idea for further analysis since the registration
does not become that much worse and it would increase the number of subjects in each
group which could improve the statistical power of the statistical analysis. Therefore,
for further analysis the females and males were bundled together into one PUFA group
and one SFA group, as well as being analyzed separately.

The intra-subject registration is a bit harder to evaluate due to the subjects not being
registered to a common reference. The logic for verifying the intra-subject registration
was that if the inter-subject registration works, then the intra-subject registration should
perform at least as well since it is a less advanced problem. In the standard deviation
maps of the JD maps it can be seen that the volume changes seem to differ a lot in
arms and calves, which also can be seen in the VME map. This is most likely because of
the same reason as for the inter-subject registration; high variability in the positioning of
arms and legs in the images. However, the VME map is darker than that for inter-subject
registration, indicating that the intra-subject registration performs better. Additionally,
the mean VME is lower and there are no NJDs.

The correlation maps for the intra-subject registration weakly shows what was expected,
but do not show as clear correlations as the inter-subject registrations. This could be
explained by these showing the correlation to the delta metrics, which has a lot less
variation since all subjects have gained a similar amount of weight. This complicates
the task of finding correlations. There is also larger errors in the delta values than in
the individual values. Since two values are subtracted, both their individual errors are
included in the delta value and the final error could be as much as duplicated. This could
make it more complicated to find any correlations since the correlations might be weak
even without the errors. In the delta fat mass correlation map, correlations can be seen
not only in fat tissue, but also in muscles in thighs. This is probably due to the fact that
most subjects that gained weight increased both their fat and lean tissue mass, leading
to both correlating with each other.
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5.2 Statistical analysis

As previously mentioned, an aim of the project was to perform statistical analysis to
visualize the results of the study. For this, mean maps of the alterations in fat content
and JD maps were created and T-tests were made to visualize the differences between
the groups. The maps of mean difference in fat content show that the SFA group seem to
gain more subcutaneous fat. This is in line with the explicit measures from the Lipogainl
study (Rosqvist et al. 2014) which found a higher gain of subcutaneous fat and fat tissue
in general for the SFA group in comparison to PUFA. However, no visible fat gain can be
seen in liver in the SFA group, even though this was found in Lipogainl (Rosqvist ef al.
2014). In the study, this gain was measured with a dedicated MRI scan of the liver, not
with the whole-body MRI images used in this project. The reason why it is not visible in
the whole-body images could be that they are simply of too low resolution and that the
fat content, even after the increase, is so low that it is not detectable with this analysis.

The JD mean maps show larger volume in subcutaneous fat in the second visit than in the
first visit for both groups. However, the expansion seem to be larger for the SFA group.
This is in line with the Lipogainl study (Rosqvist et al. 2014) and with previous studies
showing that a PUFA diet leads to less subcutaneous fat in comparison with a SFA diet.
In the maps for females and for the mixed maps it is also possible to see a slight volume
increase in muscles in thighs in the PUFA group in comparison to the SFA group. This
is in line with Lipogainl (Rosqvist ef al. 2014) since it was found that the PUFA group
gained more muscle mass. This difference is however not as clear in only males, and
it is generally very weak in the other maps too. This difference might be hard to detect
since it was only about a 2% increase of the lean tissue mass in PUFA (Rosqvist et al.
2014) and it is over a quite large volume, hence, many voxels. The fat volume increase
is easier to visualize since it was a quite large increase (over 10% in SFA (Rosqvist ef al.
2014)) and over a relatively small volume, making it more concentrated. The reversed
JD maps show the same results as the forward mean maps, which verifies the results.

There were some interesting results around the liver in the mean JD maps. All maps
show a bright red line at the top of the liver. This effect most likely comes from the so-
called "water-fat-swap artefact”. This is an artefact from the construction of the water
and fat images where sometimes, the top of the liver is confused to be fat instead of
water. This leads to a sharp edge at the top of the liver which in turn leads to peculiar
registration effects which might be visible in the JD maps. Another interesting finding
was that the volume of the liver seemed to increase to the second visit in the PUFA
group, but not as much in the SFA group. There is no clear explanation of this finding
and more research in the area is needed to investigate this.
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The T-tests shows the voxel-wise significant differences between the PUFA and SFA
group. Unfortunately, it seems as though most differences are not significant (P>0.05).
In the T-tests of the fat contents, a blue pattern in the subcutaneous fat would ideally be
seen as this would mean a significantly lower mean for the PUFA group than the SFA
group. This pattern is weakly visible. For the T-tests of the JD maps, ideally a red pattern
in lean tissue and a blue pattern in fat tissue would be seen. Some spots indicating such
patterns can be seen in some places, but they are not very reassuring. The main reason
for this might be that the differences are quite small, as they should be, and that there
are few subjects in each group which lowers the statistical power of the analysis. T-tests
without any P-value cutoff can be found in Appendix I. Here, the expected patterns can
be seen quite clearly, but unfortunately, most were found non-significant.

5.3 Limitations

The goal of this project was to quantify and visualize the body composition differences
between the two groups. This has been achieved by comparing voxels as if they were
independent units of information. However, since the voxels are parts of tissues and we
are actually interested in the changes in the whole tissues, the voxels are not independent
from each other. This is a limitation since there might be stronger patterns in for example
the T-tests or the JD maps if the dependence between the voxels was accounted for. A
tissue specific smoothing function was developed to try to mimic this by lowering the
resolution within the tissues, thereby receiving a more global result. However, the results
from this did not improve the T-tests.

Additionally, it was not investigated in Lipogainl (Rosqvist e al. 2014) exactly where
in the body the subjects actually gained the weight, only that the fat and lean tissue mass
was increased. It is possible that the subjects gained weight in different regions of the
body due to different lifestyles, sex and genetics. This would further complicate the
visualization since there would be large divergences within the groups and less coherent
patterns.

Another limitation of this type of study is that the interpolation of the images when they
are registered might introduce new values in the image. This mean that data might be
created or lost and there is a risk that the analysis does not become as precise. This was
minimized by deforming all images to the reference space and performing all analyzes
there, since all images then would experience similar interpolation artefacts. However,
the artefacts will still be there.

Image registration does not have one single, true solution. This means that there is almost
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always errors in the registration, and another solution could be equally true. The choice
of reference image can also influence the outcome significantly. Problems can arise if
the body position of the reference subject is deviating in some way, for example if the
feet are placed too close together or if the arms are positioned in a different way than
in the other images. There may also be issues if it has a deviating body composition,
such as abnormal levels of fat or muscle mass in comparison to the cohort. If a too
small reference subject is chosen, there is a risk of losing data since most of the moving
subjects will have to be contracted when registered. On the other hand, if a too large
reference subject is chosen, there might be issues with many large expansions and the
registration interpolation creating data that actually does not exist.

Generally, the results of this project most likely would have improved if there were more
subjects in the group, larger changes in body composition and larger differences between
the groups.

5.4 Future work

This project found an unexpected result of an enlarged liver in the PUFA group. This
was not investigated in the Lipogainl study (Rosqvist ef al. 2014), and it would be of
value to actually segment the liver in all subjects and analyze the size. If it actually
got larger in the PUFA group, that would validate the results from this study as well as
enabling new insights in how different dietary fats might influence the liver.

This project shows potential for this type of analysis for similar studies in the future.
Even the small changes in body composition that was studied in this project was some-
what visible, and with larger changes this could work well.

6 Conclusion

In conclusion, it was to some extent possible to visualize the results from the Lipogainl
study over the whole body region. However, to get sufficiently satisfying results, more
subjects and/or a higher weight gain would probably be a good idea. Still, the results are
promising and shows that Imiomics could be suiting for similar studies. Additionally,
if the size of the liver was actually investigated and found to increase in size in PUFA,
it would not only give insights in the effect of dietary fats on the liver, but also further
verify the Imiomics method as a hypothesis-free analysis to find new, unexpected results.
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7 Ethics and conflict of interest

All subjects included in the Lipogain] study (Rosqvist ef al. 2014) gave their written in-
formed consent prior to participating in the study and ethical approval had been received
for the study and for analysis of the MR images acquired.

When working with human subjects it is always important to consider the ethics of the
project. It was previously known that a diet consisting of SFA had been linked with
higher levels of liver fat, which in turn has been connected to metabolic disorders. There-
fore, the ethics of conducting a study where subjects gain weight by SFA could be ques-
tioned. However, at the small levels of weight gain that was reached in the Lipogainl
study (Rosqvist et al. 2014), there should be no risk for the subjects, especially since
they were all healthy individuals.
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A Appendix
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Figure 11: Voxel-wise T-tests between the PUFA and SFA group for the difference in fat content
and JD maps. Red color indicates a positive T-statistic, thus a larger mean value in the PUFA
group than the SFA group. A blue color indicates a negative T-statistic, thus a smaller mean
value in the PUFA group than in the SFA group. The maps have no P-value cutoff. A is the
T-test between the difference in fat content of the female PUFA (n=6) and SFA (n=6) group. B is
the T-test between the difference in fat content of the male PUFA (n=12) and SFA (n=14) group.
C is the T-test between the difference in fat content of the PUFA (n=18) and SFA (n=20) group
consisting of both females and males. D is the T-test between the JD maps of the female PUFA
(n=6) and SFA (n=6) group. E is the T-test between the JD maps of the male PUFA (n=12) and
SFA (n=14) group. F is the T-test between the JD maps of the PUFA (n=18) and SFA (n=20)
group consisting of both females and males.
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