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Abstract

Lung cancer is the most commonly diagnosed type of cancer and the major cause of cancer death
worldwide. Fluorine-18 fluorodeoxyglucose positron emission tomography (!*F-FDG PET) has
been used widely in diagnosis and staging of cancer. Standardized uptake values (SUV) can
be obtained from PET imaging which is the most common parameter to quantify metabolic
activity of a tumor, along with metabolic tumor volume (MTV) and total lesion glycolysis
(TLG). The use of human metabolic information to study cancer is recent and several studies
attempted to identify biomarkers using metabolites to improve diagnosis, prognosis, to evaluate
treatment response, and to gain deeper understanding of cancer. This study aims to determine

the metabolites that are associated with the PET parameters.

Metabolic profiles of plasma from 222 lung cancer patients were obtained by hydrogen-1 nuclear
magnetic resonance ('H-NMR) spectroscopy. LASSO and Elastic Net methods were used to
select and determine metabolites which are associated with the three PET parameters, inte-
grating the clinical information from the patients. Cross-validation was used to evaluate the
performance of the two methods. Multiple factor analysis (MFA) was also used to determine

which metabolites are associated with the PET parameters and to explore their relationship.

The results showed that the metabolic profile of the patients is associated with the PET param-
eters. However, this cannot be used to predict the values of the PET parameters. Nevertheless,
it has provided insights on the possibility of using the metabolic profile as biomarkers in lung

cancer detection.

Keywords: Lung cancer, ®F-FDG PET, metabolites, LASSO, MFA
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1 Introduction

1.1 Cancer

Cancer incidence and mortality is growing worldwide. Bray et al. (2018) reported that it is
expected to be the leading cause of death in every country of the world. Also in this report, it
was presented that there will be 18.1 million new cases of cancer and 9.6 million deaths from
cancer in 2018. The four most common cancers are breast, lung, prostate, and colorectal cancer
(Bray et al., 2018; Cooper, 2000). In particular, lung cancer is the most commonly diagnosed
cancer and the leading cause of cancer death, at 18.4% of the total cancer deaths worldwide

(Bray et al., 2018).

Cancer occurs when there is an uncontrolled proliferation of any of the different kinds of cells in
the body. The behavior and response to treatment of these cancer cells depend on which healthy
normal cells and location in the body they affect (Cooper, 2000). This abnormal proliferation
is called tumor, and it is either benign or malignant. However, only malignant tumors are
considered as cancers. The tumor is benign if it does not invade nor spread to the surrounding
normal tissue, while it is malignant if it does invade and spread throughout the body, which
makes it dangerous. While benign tumors can be removed, the nature of malignant tumors

makes them resistant and difficult to be treated locally (Cooper, 2000).

The cause of cancer can be attributed to many factors, including radiation, viruses, and chem-
icals. These factors are referred to as carcinogens, which damage the DNA, induce mutation
in certain genes, or stimulate the proliferation of cells in the body (Cooper, 2000). For ex-
ample, ultraviolet radiation from sun exposure is the most common cause of skin cancer and
other factors include environmental pollutants such as arsenic (Fabbrocini et al., 2010), food
contaminants such as aflatoxin causes liver cancer, and carcinogens in tobacco smoke, the most

common cause of lung cancer (Cooper, 2000).

To understand the mechanisms of cancer in the body, imaging techniques have been developed.
One of the imaging techniques used is the positron emission tomography (PET). PET imaging
can be used in the diagnosis, prognosis, and staging of the disease, in measuring the response to
therapy, and in identifying the site of disease, among other things (Bailey, Townsend, Valk, and
Maisey, 2005). PET imaging commonly uses the tracer fluorine-18 fluorodeoxyglucose (**F-
FDG) in clinical oncology as this allows for quantification of metabolic activity of a tumor
(Bailey et al., 2005; Moon, Hyun, and Choi, 2013). The standardized uptake value (SUV)

is the most common parameter used in PET analysis. It is calculated as the ratio of the



tissue concentration and the injected dose divided by the patient body weight over a region
of interest (ROI), which is positioned centrally within a tumor (Adams, Turkington, Wilson,
and Wong, 2010). SUV can be reported as the mean or the maximum SUV. The SUV a0 i8
less sensitive to noise but is prone to observer variability, while SUV,,.. is sensitive to noise,
it is observer-independent, and therefore more commonly used (Adams et al., 2010; Soret,
Bacharach, and Buvat, 2007). Other PET parameters, metabolic tumor volume (MTV) and
total lesion glycolysis (TLG) have been developed to measure global changes in tumor metabolic
activity (Larson et al., 1999; Zasadny, Kison, Francis, and Wahl, 1998). MTV refers to the
volume of tumor with high metabolic activity (Moon et al., 2013) and TLG is the product of
SUV and lesion volume (Larson et al., 1999).

The emergence of imaging technology for cancer has led to several studies on using these PET
parameters for prognosis and diagnosis, for assessing the response to drug treatment or therapy,
or for discovering biomarkers. One study by Chang et al. (2012) examined the correlation be-
tween PET parameters, Epstein-Barr virus (EBV) DNA (virus associated with nasopharyngeal
carcinoma), and clinicopathological factors (e.g. age, sex, tumor stage), and found out that
TLG is associated with EBV DNA and with tumor burden and clinical stage. Another study
showed that MTV before treatment of esophageal cancer patients can predict the survival of
patients after treatment (Shum et al., 2012). Another study by Cerfolio, Bryant, Winokur,
Ohja, and Bartolucci (2004) showed that the percentage change of SUV,,4, after treatment

predicted the pathologic response of primary tumor in non-small cell lung cancer (NSCLC).

In combination with the imaging technology and cancer research is the development of can-
cer treatments and drugs. The most common treatments include surgery, chemotherapy, im-
munotherapy and radiation therapy, while new, developing ones include gene therapy and the
use of nanotechnology to target cancer cells (Arruebo et al., 2011). The results of the cancer
imaging and research can help the researchers and doctors understand the complexity and na-
ture of cancer, which open the doors to developing targeted treatments and improving existing

ones.

1.2 Metabolomics

The ”omics” sciences became popular when the technology in molecular biology, biochemistry,
and analytical chemistry enabled the development of genomics, proteomics, transcriptomics, and
metabolomics (Kiechle, Zhang, and Holland-Staley, 2004; Plaza, Garcia-Galbis, and Martinez-

Espinosa, 2017). This led to projects such as the ”Human Genome Project” where the human



genome was sequenced (International Human Genome Sequencing Consortium, 2004; Venter,
Smith, and Adams, 2015) and the still ongoing "Human Proteome Project” where the human
proteome is being mapped (Legrain et al., 2011), and the creation of databases to aid researchers
in their studies. These projects help researchers gain a deeper understanding of the human

biology and open up opportunities for clinical applications.

While genomics deals with the analysis of genes, proteomics deals with proteins, and transcrip-
tomics deals with RNAs, metabolomics is the study of the small molecular weight molecules
called metabolites in a biological specimen (Clish, 2015; Manzoni et al., 2018; Trivedi, Hol-
lywood, and Goodacre, 2017). Moreover, the metabolome, which refers to the whole set of
metabolites in an organism, is the final downstream product of gene transcription and therefore
it is closest to the phenotype of the biological subject and can therefore be used to report on
disease status and on the effect and the response of the subject to external stimuli, such as drug
therapy, nutrition and exercise (Trivedi et al., 2017). The metabolome is considered to be more
complex than the other "omes” because it contains many diverse biological molecules (Horgan

and Kenny, 2011).

The ”omics” technologies are used for detection and identification of genes, proteins, RNAs, and
metabolites in a biological sample. For metabolomics, mass spectrometry and nuclear magnetic
resonance (NMR) spectroscopy are the most commonly used for metabolic detection and iden-
tification. In mass spectrometry, also widely used in proteomics, metabolites are described by
the mass-to-charge (m/z) values and the intensities of detected ions which together represent a
mass spectrum. NMR spectroscopy also produces a spectrum which contains the chemical shift
(ppm) and the intensities of molecules. NMR spectroscopy is highly selective, non-destructive,
and sample preparation is easy, however, it is less sensitive than mass spectrometry, while mass
spectrometry is both highly sensitive and selective and high-throughput (Lei, Huhman, and

Sumner, 2011). Nevertheless, several studies have been conducted using these two methods.

Trivedi et al. (2017) listed some studies throughout the years aimed towards biomarker discovery
using metabolomic approaches for diseases such as Alzheimer’s disease, cancer, cardiovascular
diseases, diabetes, and multiple sclerosis and disorders such as autism, Down syndrome and
schizophrenia. For example, a study on pancreatic cancer (Di Gangi et al., 2016) identified four
metabolites with high discrimination between normal and pancreatic cancer patients. A more
recent study on lung cancer (Moreno et al., 2018) found five metabolites for adenocarcinoma and
two metabolites for squamous cell lung carcinoma that can discriminate between normal and

lung tumor tissues. Other studies include detection of lung cancer using metabolic phenotyping



of plasma (Louis et al., 2016a), and discrimination between lung and breast cancer also using

metabolic phenotyping of plasma (Louis et al., 2016b).

The technology and research on cancer has given us a deeper understanding on how it works
in the body and it has led us to several developments of different treatments, biomarkers, and
methods of analysis. The use of metabolic profile in the analyses has also shed new light on
cancer. Metabolomics is a relatively new field and the range of possibilities for further research

and development is great as the science and technology continues to advance.

1.3 Aims and Objectives

The aim of this study is to determine the metabolites that are associated with the '*F-FDG
PET parameters: maximum standardized uptake value (SUV,,,z), total lesion glycolysis (TLG),
and metabolic tumor volume (MTV), using penalized regression methods and multiple factor

analysis.



2 Data Description

The data used in this study contains lung cancer patients (N = 222) included in the Limburg
Positron Emission Tomography Center (Louis et al., 2016a) from March 2011 to June 2014. The
patients were subjected to fluorine-18 fluorodeoxyglucose positron emission tomography (*¥F-
FDG PET) imaging and three PET parameters were obtained: (1) maximum standardized
uptake value (SUV,,42), (2) total lesion glycolysis (TLG), and (3) metabolic tumor volume
(MTV).

In addition, to represent the metabolic profile of these patients, blood plasma samples were
obtained and subjected to 'H-NMR. spectroscopy. The resulting 'H-NMR spectra were pre-
processed and divided into 110 regions, which were integrated and normalized, resulting to 110
normalized integration values, and these values represented the metabolic profile used in this

study (Louis et al., 2015; Louis et al., 2016a).

Seven other variables, the clinical factors, were obtained from the patients, namely: age, gender,

smoking habits, diabetes, glycemia, histology of lung cancer, and body mass index (BMI).

We denote the responses, the three PET parameters, as a 222 x 3 matrix Y, the metabolic
profile as a 222 x 110 matrix X, and the clinical factors as a 222 x 7 matrix Z. The data

structure is shown below.

| Yooo1 Yoooo Yooo3|

X1 X1 X1z - Xt Z11 L2 L1z - Zig

Xo1  Xoo  Xo3 -+ Xoqio Zog oo Loz -+ Loy

X=|X31 Xso Xsz - Xsno | 2= |23y Zza Z3z - Zszg
| Xo221 Xooa2 Xoooz -+ Xo22110] | Z2221  Zoo22 Z2223 - L2227

The PET parameters and the characteristics of the patients are summarized in Table 1.



Table 1: PET parameters and clinical characteristics of patients

Variable mean + sd (range)

SUV s 12.33 + 7.42 (2.64 - 50.39)
TLG 750.31 £ 1280.70 (0.19 - 11594.91)
MTV 137.55 + 244.63 (0.06 - 2131.26)

BMI (kg/m?)
Glycemia (mg/dl)
Age (years)

25.76 + 4.72 (17.50 - 44.40)
106 + 21.19 (70.0 - 194.0)
68 + 10 (43 - 88)

n (%)

Sex
Male
Female
Smoking status
Yes
No
Former
Histology
ADENO
SPINO
SCLC
NO
NOS
Other
Diabetes
Yes
No

152 (68.5%)
70 (31.5%)

113 (50.9%)
5 (2.3%)
104 (46.8%)

82 (36.9%)
62 (27.9%)
33 (14.9%)
26 (11.7%)
9 (4.1%)
10 (4.5%)

40 (18%)
182 (82%)




3 Methods

The emergence of multi-omics data has resulted to the development of several statistical methods
to analyze these type of data. When we want to fit a model, we might use a regression model
with a subset of variables or predictors. In parallel with fitting a model is to evaluate its
prediction accuracy or to provide an interpretation of its estimates. However, using ordinary
least squares (OLS) regression has its drawbacks. One drawback is on its estimates, which often
have low bias but large variance and affect the model’s prediction accuracy. Another drawback
is the model interpretation. We usually want to determine only a subset of predictors that
are relevant and interpret the estimated coefficients. The method introduced by Tibshirani
(1996) called LASSO, attempts to resolve these drawbacks by shrinking or setting to zero some
coefficients, therefore, improving the prediction accuracy and performing variable selection at
the same time. Another method is the Elastic Net, proposed by Zou and Hastie (2005), which
also performs shrinkage of coefficients and variable selection simultaneously like LASSO, and
in addition, selects groups of correlated variables. On the other hand, multiple factor analysis
can be used when you have several different data sets coming from the same set of observations.
This analysis investigates the relationship among these data sets (Abdi, Williams, and Valentin,

2013).

This section discusses the methods used to complete the objectives of this study, namely: the
LASSO method (Section 3.2), the Elastic Net method (Section 3.3), the cross-validation (Section
3.4), and the Multiple Factor Analysis (Section 3.5). In addition, model-based hypothesis testing
with multiplicity correction (Section 3.1), to determine which metabolites are associated with

the PET parameters, is also used in the first part of the analysis.

3.1 Multiplicity Correction

Multiple testing refers to testing several hypotheses simultaneously. Similar to testing with
only one hypothesis, multiple testing also comes with type I error, which refers to rejecting the
null hypothesis when it is actually true. When we test for more than one hypothesis and the
multiplicity of tests are not taken into account, the type I error increases (Romano, Shaikh, and

Wolf, 2010; Sainani, 2009).

There are different correction methods to deal with multiplicity, such as the Bonferroni, Holm,
and Benjamini and Hochberg (1995) multiplicity correction methods. The Bonferroni and Holm

methods control the family-wise error rate (FWER), the probability of at least one type I error



in a series of hypothesis tests, while the Benjamini-Hochberg method controls the false discovery
rate (FDR), the expected proportion of errors among the rejected hypotheses (Benjamini and

Hochberg, 1995). In this study, the Benjamini-Hochberg (BH) correction is used.

Let Hy, Ho, ..., H,, be the m hypotheses to be tested simultaneously, based on the corresponding
p-values Py, Po, ..., Py, Let P(1) < P(g) <...< P, be the ordered p-values and H;) be the

null hypothesis corresponding to P(;). The BH procedure is as follows:

1. Let k be the largest i such that Py < -a.

K
m

2. Reject all Hy) for i =1,2,... k.

form=1,2,...,110. The procedure controls the FDR at a.

3.2 LASSO

The Least Absolute Shrinkage and Selection Operator (LASSO) is a penalized regression method
(Tibshirani, 1996), where some coefficients are shrunk and others are set to zero. Thus, per-
forming a variable selection by including only those variables with non-zero coefficients in the

model.

Let X; be the vector of the p predictor variables (metabolites) and Y; are the responses, for

A~

i=1,2,...,222. The LASSO parameter estimate (&, ) is defined as:

2
222 P
(&,8) =arg min Y " [ Vi—a =) 5;X; subject to Y |5;] < t. (1)
i=1 j=1 j
Equation 1 is equivalent to
2
222 P P
Do Yi—a=D 58Xy | +2) 15l (2)
i=1 j=1 j=1

where A\ is called the penalty or tuning parameter. This parameter controls the amount of
shrinkage that is applied to the coefficients. If A = 0, then then we have the OLS parameter
estimates, while if A > 0, then some coefficients will be set exactly to zero, thus performing

variable selection.

Now, since we also want to include the clinical variables in the model, we want the LASSO

method to retain these variables in the model. Let X; be the vector of the p — k predictor



variables (metabolites), let Z; be the vector of k clinical variables, and Y; are the responses.

Then equation (2) becomes

2

222 p—k
Z S Zﬁ]XU + Z BjZij +)‘Z|/3j| (3)
=1 Jj=p—k+1 j=1

where the k predictor variables are not penalized.

3.3 Elastic Net

A method related to LASSO is Elastic Net (Zou and Hastie, 2005), which is a combination of
ridge regression (not discussed here) and LASSO. Aside from performing variable selection and

shrinkage of coefficients, Elastic Net also selects groups of correlated variables.

Let X; be the vector of the p predictor variables (metabolites) and Y; be the responses, for

i=1,2,...,222. The Elastic Net estimates are the minimizers to:
2
222 p P p
S{vi—a=-d8xy| +xlad181+(1-a)d 5 (4)
i=1 Jj=1 j=1 j=1

where A is the penalty parameter and « is the mixing parameter. This is a mixture of the ridge
regression and LASSO penalties since if o« = 0, then we have the ridge regression, while if « = 1,

then we have the LASSO, and a value for o between 0 and 1 is a blend of the two methods.

Since we want the clinical variables to be also included in the model, we do not want them to be
penalized by the method. Let X; be the vector of the p — k predictor variables (metabolites),

let Z; be the vector of k clinical variables, and Y; be the responses. Then equation (4) becomes

222 p—k p—k
S [vi-a- Z,BJXZ]+ Z BiZij | +A[ad I8+ (1 —a)d 5] (5)
i=1 j=p—k+1 j=1 j=1

where the k predictor variables are not penalized.

3.4 Cross-Validation

Cross-validation (CV) is a method used to evaluate the predictive performance of a model,
usually by estimating the misclassification error rate for binary responses or the mean squared

error (MSE) or the root mean squared error (RMSE) for continuous responses. It also addresses



the problems of over-fitting and selection bias in the model (Cawley and Talbot, 2010) by fitting
a model to the training set (known data) and assessing the model’s predictive ability on the test
set (unknown or unseen data). Ideally, we want our training set to be large enough and have
a separate data for our test set. However, due to the constraints of a non-ideal world, such as
limited data and limited resources to collect more data (Raschka, 2018), we usually only have

one data set to work with and so this data set is partitioned into the training and the test set.

One of the most common types of cross-validation is the k-fold cross validation, where the data
is split into k parts of approximately equal size: one part as the test set and the remaining k£ — 1
parts as the training set. Another type of cross-validation is the leave-one-out cross-validation
(LOOCYV), which is a special case of the k-fold cross-validation, when k& = n (the number of
observations). Here, the n — 1 observations are used to fit a model and the remaining one
observation is used to predict and evaluate the model’s performance. In this study, the 3-fold
cross-validation is used: the training set is 2/3 of the data and the test set is the remaining 1/3

of the data.

Furthermore, to obtain a reliable estimate of the model’s performance, the cross-validation is
repeated a large number of times. Krstajic, Buturovic, Leahy, and Thomas (2014) showed that
repetition is important to have a more reliable model assessment than performing the cross-
validation once. In a repeated k-fold CV, a different subset of the observations are assigned to
the training set and the test set for every iteration. In this study, the 3-fold CV is repeated 1000
times. So, the performance of the model is evaluated 1000 times for 1000 random selections of
lung cancer patients. The entire cross-validation procedure used in this study is summarized in

Figure 1.

Variable selection and

[
>

Prediction. estimation of

173
TEST _— model performance, list
of selected vanables
M 7
—

1000 iterations

Figure 1: Cross-validation procedure
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3.5 Multiple Factor Analysis

Multiple factor analysis (MFA) is a generalization of the principal component analysis (PCA),
where several different data sets obtained from the same set of observations can be analyzed
together (Abdi et al., 2013). The goal of MFA is to integrate these different data sets and
examine the relationship between the observations, the variables, and the data sets (Abdi et

al., 2013; Kasim, Shkedy, Kaiser, Hochreiter, and Talloen, 2016).

The first step in MFA is the normalization of each of the individual data sets to make them
comparable. This step is needed so that the length of the first principal component (singular
value) of each data set is equal to 1 and therefore no data set can dominate the common
structure (Abdi et al., 2013; Kasim et al., 2016). Let X3 be the matrix of the combined vectors
of the three responses (SUV 42, TLG, and MTV), with a dimension of 222 x 3, and X2 be the
matrix of the metabolites, with a dimension of 222 x 110. To normalize, each matrix is divided
by its first singular value, we can denote as 11, which is the square root of the first eigenvalue

of the PCA. Then the two normalized matrices are given by:
Z1 = 1(,0{1 X X1 (6)
Z2 = 2(,0171 X X2 (7)

The normalized matrices are then combined into one large matrix, Z = [Z1|Z2]. The number
of rows (samples) is still 222, which is the common dimension between the two matrices, and
the number of columns (variables) is now 113. The next step is to perform a PCA on Z. In
MFA, just like in PCA, we can determine the importance of a principal component (dimension)
by how much variability in the data is explained by this component, the factor scores of the
observations on a component, and the factor loadings of the variables on a component that can

be used to plot graphs to help us analyze the relationships.
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4 Results and Interpretation

4.1 Preliminary model fitting

Prior to fitting LASSO and Elastic Net to the data, a linear model was fitted for each response
with the clinical factors as the predictor variables. This was to keep only the clinical variables
that have a significant effect on the responses and use them in the subsequent analyses. Table

2 shows the estimates with their standard errors and p-values.

Table 2: Parameter estimates of the clinical variables for SUVyaz, TLG, and MTV response
variables

SUV az TLG MTV
Parameter Estimate (s.e.) ‘ p-value Estimate (s.e.) ‘ p-value Estimate (s.e.) ‘ p-value
Intercept 10.4770 (5.1144) | 0.0418 | 835.5307 (874.0638) 0.3403 | 178.4777 (164.2581) 0.2785
BMI 0.0625 (0.1151) 0.5878 0.7627 (19.6745) 0.9691 -1.9195 (3.6973) 0.6042
Glycemia -0.0305 (0.0250) | 0.2235 -1.2934 (4.2697) 0.7623 0.2533 (0.8024) 0.7526
Sex (Male) -0.7113 (1.1559) | 0.5390 | 270.2701 (197.5358) 0.1728 61.0352 (37.1218) 0.1017
Smoking (No) | -5.3245 (4.5141) | 0.2396 | -28.0643 (771.4645) | 0.9710 | 43.3544 (144.9772) | 0.7652
Smoking (Yes) -1.2923 (1.0775) 0.2318 90.3649 (184.1401) 0.6241 22.8343 (34.6044) 0.5101
Histo (NO) -3.1464 (1.7811) | 0.0788 | -197.6910 (304.3884) | 0.5168 -25.1193 (57.2021) 0.6610
Histo (NOS) 2.5098 (2.6223) 0.3397 | 959.4247 (448.1522) | 0.0335* | 179.6270 (84.2188) 0.0341*
Histo (SCLC) 0.0147 (1.5489) 0.9924 | 951.8338 (264.7056) | 0.0004* | 217.1066 (49.7447) | 2.04e-05*
Histo (SPINO) | 2.1687 (1.3306) 0.1047 | 174.4087 (227.4071) 0.382 16.4141 (42.7354) 0.7013
Age 0.0655 (0.0597) 0.2737 -5.7308 (10.1936) 0.5746 -1.6316 (1.9156) 0.3954

*p-value < 0.05

No significant clinical factors are associated with SUV 4., while Histology factor levels NOS
and SCLC are found to be significantly associated with both TLG and MTV. Therefore, the
Histology factor is included in the models for TLG and MTV later.

4.2 Univariate tests

Univariate tests for the metabolites were also performed to get an idea which metabolites are
relevant. This is a feature by feature analysis to determine significant metabolites by fitting
a model for each PET parameter with one metabolite and clinical factors as the predictor
variables. We have the model
K
Yi=a+BiXij+ Y 0nZin (8)
k=1

where the same denotations as in Section 2 are used.

Here, the clinical factors included were the ones found significant in Section 4.1. There were

110 models simultaneously fitted for each response, because we have 110 metabolites, so the

13



Benjamini-Hochberg (BH) multiplicity correction was used. Using a significance level av = 0.05,
5 metabolites were significant in explaining SUV,,4., 15 significant metabolites in explaining
TLG, and 21 significant metabolites in explaining MTV. Table 3 shows the significant metabo-
lites for each response variable. The metabolites that are consistently significant in the three
models are: VAR48, VAR10, and VARA49, while all significant metabolites in TLG are also in
MTYV. This is expected since TLG and MTV are functionally related.

Table 3: Complete list of significant metabolites after multiplicity correction

SUV ez TLG MTV
Metabolite \ p-value | Metabolite \ p-value | Metabolite | p-value
VARI13 0.0017 | VAR91 0.0015 | VAR48 0.0019
VARA4S8 0.0155 | VARI10 0.0015 | VAR23 0.0019
VAR 0.0155 | VARA48 0.0016 | VAR49 0.0019
VARI10 0.0155 | VARA49 0.0016 | VAR91 0.0027
VARA49 0.0281 | VARI11 0.0020 | VAR50 0.0034

VAR50 0.0037 | VARI10 0.0034
VAR23 0.0037 | VARI11 0.0034
VARG5S 0.0188 | VAR45 0.0223
VAR109 0.0219 | VARI108 0.0227
VARI108 0.0219 | VAR46 0.0232
VAR46 0.0252 | VAR109 0.0232
VAR106 0.0281 | VARG5S 0.0261
VARA45 0.0281 | VAR30 0.0261
VARI107 0.0281 | VAR33 0.0282
VARA7 0.0310 | VAR106 0.0282
VARA47 0.0282
VAR107 0.0282
VARS 0.0290
VAR37 0.0290
VAR36 0.0333
VAR3S8 0.0377

The volcano plots of each response is shown in Figure 2. Volcano plots are scatter plots that
can be used to visualize and to identify data points that are statistically significant. It plots
the statistical significance on the y-axis and the measurement of a statistical signal (e.g. fold
change) on the x-axis (Cui and Churchill, 2003). The gray points represent the significant
metabolites without multiplicity correction, while the red points represent the metabolites that
are still significant after multiplicity correction, and the black points are the non-significant

metabolites (Figure 2).
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Figure 2: Volcano plots of the three PET parameters

4.3 Analysis using LASSO and Elastic Net

The LASSO and Elastic Net model fitting and validation were repeated 1000 times as indicated
in Figure 1. For every iteration, the frequency of selection of variables, correlation of observed
and predicted values, and MSE were recorded. The clinical factors included for the models for
the three responses were mentioned in Section 4.1, and these variables were not penalized and

were retained in the models throughout the cross-validation procedure.

Figure 3 shows the distribution of the correlation between the observed and predicted values of
SUVnaz- We can see that the values of the correlation are centered around 0.3, both for LASSO
and Elastic Net. For a correlation, this value indicates a low positive correlation between the
observed and predicted values. On the other hand, the distributions of the MSE of the two

methods look similar and are centered around 50.
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Figure 3: Density of the correlation between observed and predicted values of SUVaz
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Figure 4: Bozplots of MSE of SUVax

For TLG, the correlation between the observed and the predicted values are centered around
0.4 and its distribution looks similar for the two methods (Figure 5). Similarly, the distribution

of the MSEs estimated from the two methods does not seem to differ from each other.
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Figure 5: Density of the correlation between observed and predicted values of TLG
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Figure 6: Boxplots of MSE of TLG

In Figure 7, similar with TLG, the distribution of the estimated correlation of the observed and
the predicted values of MTV between the two methods are similar. The same can be said about

the distribution of the MSE obtained from the two methods as shown in Figure 8.
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Figure 7: Density of the correlation between observed and predicted values of MTV
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Figure 8: Bozplots of MSE of MTV

As mentioned in Sections 3.2 and 3.3, variable selection is performed by shrinking some coeffi-
cients of the variables to 0. To illustrate what LASSO and Elastic Net do, Figure 9 shows the
shrinkage effect of the two methods. We can see that some of the coefficients from the univariate

analysis are set to 0 in LASSO and Elastic Net.
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Figure 9: Shrinkage effect: LASSO and FElastic Net versus univariate coefficients

The frequency of selection of metabolites gives us an idea which metabolites are selected more
than the others and indicates which metabolites are relevant. The top metabolites for each
response for both methods are presented in Table 4. Both methods selected almost the same
metabolites more frequently, and because of this, we observed similarities in the MSE and the
correlation distributions between the two methods as shown in the previous plots. Furthermore,
the Elastic Net selects more metabolites than LASSO since Elastic Net takes into account the
correlation among the variables and tends to select these groups of (highly) correlated variables

together in the model.

Some of these metabolites were also found to be significant from the univariate tests in Section
4.2. However, this does not mean that the other metabolites selected by LASSO and Elastic Net
that were not significant in the univariate tests are not relevant. The significant metabolites that
were also selected by LASSO or Elastic Net tell us that these metabolites are indeed important

and are associated with the PET parameters.
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Table 4: Top metabolites selected more than 300 times

\ SUVimaa \ TLG \ MTV

VARI3, VARIO, | VARG5, VAROI, | VAR23, VARG5,
VAR74, VAR106, | VAR10, VAR23, | VAR91, VAR4S,
VAR91, VAR, | VAR11, VARA4S, | VAR30, VAR2,
VAR76, VART5, | VAR107, VAR2, | VAR11, VARIO,
LASSO VAR12, VAR48 | VAR30, VAR2S, | VARS, VARTI,
VAR71, VARI5, | VAR15, VAR22,
VARS, VAR22, | VAR28, VAR107,
VAR7, VARS0, | VAR32, VARL7,
VART9 VAR33

VAR13, VARIO, | VARG5, VAROI, | VARG5, VAR23,
VAR74, VAR106, | VAR10, VAR23, | VAR91, VAR4S,
VAR9, VART6, | VAR11, VARA4S, | VAR30, VARII,
VAR91, VART5, | VAR107, VAR2, | VAR2, VARIO,
VARI12, VARA4S, | VAR30, VARTI, | VARS, VARTIL,
VAR49, VAR61 | VAR28, VARLS5, | VAR5, VAR107,
VARS, VAR22, | VAR22, VAR2S,
VAR7, VART9, | VAR32, VAR33,
VARS0, VARIL3, | VARL7, VARG,
VAR33 VART9

Elastic Net

4.4 Analysis using MFA

MFA is applied to the combined data sets of the PET parameters and the metabolites. Table
5 shows the percentage of contribution of a data set to the component/factor. The larger the
contribution, the more it contributes to the component (Kasim et al., 2016). As we can see,
54.88% of the variance of the first factor can be attributed to the PET data set and the rest
can be attributed to the metabolites data set. For the second factor, 62.03% of its variance can

be attributed to the metabolites data set.

Table 5: Data set contribution to each factor

Data set Factor 1 | Factor 2

PET 54.88 37.97
metabolites 45.12 62.03

The factor loadings for the first and second factors are illustrated in Figures 10 and 11. Those
in red are the variables with relatively low and high loadings and are related to the first and
second factors. We can see that the MTV and the TLG loadings are close to each other which
indicates their almost equal contribution to the variance explained in the first factor. This is
expected since the TLG is the product of SUV and MTYV. The first factor can be called the PET

factor. Moreover, the metabolites with relatively high positive and negative loadings are shown
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in Table 6. These metabolites are associated with the PET factor. In particular, VAR38 (0.68),
VARA48 (0.68), VAR49 (0.69), VAR50 (0.70), and VARI100 (-0.65) have the highest loadings
and are highly correlated with the PET factor. On the other hand, the second factor is mainly
driven by the metabolites and can be called the metabolites factor. In particular, VARS6 (-
0.65), VAR&7 (-0.70), VARS8 (-0.67), and VAR100 (-0.72) have the highest loadings and are
highly correlated with the metabolites factor.

Moreover, metabolites VAR38, VAR48, and VAR49 were also found to be significant from the
univariate tests and were also selected more frequently than the other metabolites from LASSO
and Elastic Net. This gives us another view on which metabolites are associated and how they

are associated together with the PET parameters, particularly with MTV and TLG.
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Figure 10: Factor loadings of the variables for the first factor

21



Loadings

0.4-

0.0-

0.4-

- VARAD g }
VARZ VARIE TAmed T VA
-
-
.
" s L * 1
. o', =
L -
- ... .
LA ]
L]
-
SUNmax .
-
MTV
] FAR1R
TG » AR18
1 1
0 30

WARSZ

i

60

o VaRSL e vagst

Variable index

VARTE W,

VAREE i K
p_._'a? R54 \'\. -‘-'-F'.?"- -

VARS: WARG3

\.'i\R’q"- - i L ]
[ ]
L ] [ ] -
L ] [ ] . [ ]
[ ]
. * s e .
[ ]
* -’
VARSS
FARA [ ]
VARSE, vared
VARBT *\AR100
1
90

Figure 11: Factor loadings of the variables for the second factor

Table 6: Factor loadings (> 10.5|) for the first and second factor

Variable ‘ Factor 1 \ Factor 2

SUVmaw
MTV
TLG
VAR18
VAR19
VAR21
VAR36
VAR37
VAR38
VAR39
VARA40
VARA41
VARA42
VARA43
VAR44
VARA45
VARA46
VARA7
VARA48
VARA49
VAR50
VARS51
VAR52
VARS53
VARb4
VARS8

0.4690
0.7704
0.7857
-0.5865

0.5369
0.5723
0.6750
0.5220

0.5854
0.5859
0.6144
0.6193
0.5572
0.5439
0.6776
0.6869
0.7002
0.6134
0.5245

-0.3314
-0.5173
-0.5714
-0.6206
0.5581
0.5472

0.5316

0.5591
0.6103
0.6071
0.5662
0.5393

0.6424
0.5575
0.5439
0.5564
0.5928

(table continues)
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Variable ‘ Factor 1 ‘ Factor 2

VARG63 0.5587
VARG64 0.6162
VARG65 0.5198
VARG66 0.6136
VART1 0.5424

VART5 0.5215
VART76 0.6063

VARS86 -0.5182 | -0.6457
VARS7 -0.5671 | -0.6969
VARSS -0.5037 | -0.6717
VARY94 0.6121 0.5249
VAR95 -0.5984
VAR100 | -0.6532 | -0.7244
VARI105 | 0.5578
VAR106 | 0.5682
VARI107 | 0.5564
VAR108 | 0.6334
VAR109 | 0.6086

The factor scores for the first and second factor are illustrated in Figures 12 and 13. We can
observe that patients 101 and 212 are the ones dictating the variance of the PET factor, as they
have the highest factor scores. On the other hand, patient 212 showed the lowest factor score

for the metabolites factor.
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Figure 12: Factor scores of the patients for the first factor
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5 Discussion and Conclusion

The use of PET with "®F-FDG in the early diagnosis of cancer has become a standard component
of diagnosis and staging in oncology. In PET, parameters such as SUV, TLG, and MTV are

estimated to help assess cancer cells activities.

There are many factors that can be attributed to human diseases. The association of these
factors with diseases can be explored as a way for an early disease detection and subsequent
appropriate medical management. The association of various metabolites with some major
diseases have been studied (Di Gangi et al., 2016; Louis et al., 2016a, 2016b; Moreno et al.,
2018; Trivedi et al., 2017). This was the focus of this study, particularly in exploring metabolites

and lung cancer association.

As there were several information available for analysis, the clinical information of patients in the
study were first analyzed. Among the clinical information gathered, patients with increased level
of glycemia were found to have lower SUV 4, compared with patients with lower glycemia levels
though the association was not significant. This is consistent with previous works. Oh et al.
(2014) in their study of colorectal cancer patients found similar association of decreasing SUV
with increasing plasma glucose content in patients, relationship was also found insignificant.
Gorenberg, Hallett, and O’Doherty (2002) in their study of lung cancer demonstrated however

that there was no difference in log(SUV) between diabetic and non-diabetic patients.

Basically, blood sugar of patients is an important information before conducting PET scan.
Glucose level in patients may compete with FDG transporters during tumor uptake in doing
PET scan rendering uptake ineffective. This is the reason why SUV inversely correlates with
blood sugar. Therefore, for an oncologic FDG-PET scan, fasting is required for patients to
reduce blood sugar level (Lee et al., 2005). Fasting also reduces insulin levels and thus lowers
the activity of glucose transporters in the surrounding tissues and muscles to further enhance

FDG uptake in the tumors relative to its surroundings (Tenley, Corn, Yuan, and Lee, 2013).

A positive significant association of NO.S with MTV and TLG was found in the study. These
findings support the fact that these two PET parameters are associated with tumor volume and
sites manifesting highest metabolic activities. NOS or “not otherwise specified” correlating with
MTYV and TLG reflects sensitivity of these PET parameters with accurate tumor prognosis and
subsequent overall survival of patients from cancer. Studies have shown that TLG has high
potentiality in esophageal cancer prognosis than MTV and SUV, indicating higher sensitivity

and specificity for predicting overall survival among patients sampled (Hong et al., 2016). TLG
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and MTV were identified to be potential sensitive markers for tumor burden in patients with

recurrent SCLC (small cell lung cancer) (Shi et al., 2015).

There was also a report of MTV and TLG correlating better with histopathological response
in NSCLC (non-small cell lung cancer) compared to SUV,,q, (Burger et al., 2016; Han et al.,
2015; Huang et al., 2014). Similarly, changes in overall tumor response during chemotherapy

had direct impact to MTV and TLG values (Larson et al., 1999).

MTYV and TLG were also found associated with SCLC in our analysis. Shi et al. (2015) found
that these two PET parameters are strongly correlated with SCLC through the neuron specific
enolase (NSE). As neuroendocrine differentiation is considered to be an important feature of
SCLC, NSE has been utilized as a marker for its diagnosis and therapeutic monitoring (Ono
et al., 2012; Shi et al., 2015). In recurrent colorectal cancer patients, a correlation has been
found between serum carcinoembryonic antigen (CEA) and metabolic tumor volume (MTV),

as determined by FDG PET (Choi et al., 2005).

The main objective of the study is to correlate PET parameters with the metabolic profiles
of the sampled lung cancer patients. Post analysis to determine the association of patients’
clinical information with SUV,,.., MTV, and TLG was carried out via univariate tests to
further determine the metabolites in the patients’ profile that are closely linked with these
parameters. High numbers of metabolites were associated with MTV (21 metabolites), followed

by TLG (15) and with SUV,,,4., the least (5).

LASSO and Elastic Net, on the other hand, fit a model with all the metabolites as the predictor
variables, and perform variable selection by penalizing the predictor variables for being high-
dimensional. The relevant clinical factors were also integrated in both methods and are not
penalized so they were always selected. Both methods show similar results for the first few top
metabolites selected, which tell us that these metabolites are indeed associated with SUV 42,
TLG, and MTV. Moreover, more metabolites were selected by Elastic Net than LASSO since
FElastic Net selects the group of metabolites that are correlated and do not select only one
metabolite from the group like LASSO does (Tibshirani, 1996; Zou and Hastie, 2005). This
tells us that these metabolites function together and interact with each other, affecting the
metabolic tumor activity inside the body. On the other hand, the predictive performance of
both methods are similar and is relatively low in terms of the correlation between the observed
and predicted values. Therefore, these metabolites cannot be used to predict the values of the

PET parameters.

Similar findings of non-correlation between lung cancer progression and blood plasma metabo-
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lites were reported by Lokhov, Trifonova, Maslov, and Archakov (2013) even though such
metabolites were present in diseased patients. However in the approach used by Hori et al.
(2011), it was demonstrated through partial least squares discriminant analysis that changes in

metabolite pattern are useful for assessing the clinical characteristics of lung cancer.

MFA, on the other hand, revealed that VAR38, VAR48, VAR49, VAR50, VAR100 are correlated,
based on their factor loadings, with the first factor, which is controlled by the PET parameters,
specifically by TLG and MTV only. SUV,,4., on the other hand, has low factor loading and
was not strongly correlated with the first factor. This result further supported that TLG and
MTYV are more sensitive parameters to consider in lung cancer prognosis than SUV,,,, that
warrants further study. Though results through MFA only provide an exploratory view of the
relationship between these variables, the outcome warrants further analysis of the metabolites
and their function in lung cancer prognosis using, possibly, other multivariate analysis. It is
believed that by doing so, a more conclusive result on their association with the PET parameters

can be achieved.

A number of metabolites was determined associated with PET parameters following various
analysis procedures. As by design, the analyses used yielded different outcomes, except for
LASSO and Elastic Net since both have almost similar functionalities. The univariate test is
shown to be the simplest procedure to determine variables that are linearly related to PET.
The limitation however is by the model design itself as it eliminates both additive and interac-
tive relationships between metabolites. On the other hand, the MFA procedure has provided
additional view of how PET and metabolites interact in a multivariate dimension but lacks

predictive ability.

The results that were obtained from the study have provided insights on the potentiality of
using the metabolic profile in analyzing cancer activity which open up possibilities for further

research on how metabolites can be evaluated as probable biomarkers in lung cancer detection.
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7 Appendix

7.1 Tables

Table 7: Figenvalues and percentage of variance of the first 5§ components

eigenvalues \ % of variance ‘ cumulative % of variance

comp 1 1.2026 24.09375 24.09375
comp 2 0.8552 17.13426 41.22801
comp 3 0.5506 11.03133 92.25934
comp 4 0.3572 7.15547 59.41481
comp 5 0.2785 5.579983 64.99479

Table 8: Factor loadings of all variables for the first and second factor

Variable ‘ Factor 1 ‘ Factor 2

SUVpee | 0.4690 | -0.3314
MTV 0.7704 | -0.5173
TLG 0.7857 | -0.5714
VARI1 0.1571 0.2318
VAR2 0.1055 0.2351
VAR3 0.1075 0.2160
VAR4 0.1572 0.2215
VARSH 0.1354 0.1049
VARG -0.0318 0.1162
VAR7 -0.0185 0.0856
VARS 0.3395 0.1572
VAR9 0.4625 0.2233
VAR10 0.3986 0.0304
VARI11 0.4002 0.0498
VAR12 0.3103 0.1745
VAR13 0.3351 0.1802
VAR14 0.0609 0.1994
VAR15 -0.0617 0.2361
VAR16 -0.1094 0.1647
VAR17 0.1583 0.0913
VARI18 -0.5865 | -0.6206
VAR19 0.3630 0.5581
VAR20 -0.2649 | -0.1087
VAR21 0.4485 0.5472
VAR22 -0.0764 0.0086
VAR23 0.3490 | -0.0367
VAR24 0.0918 | -0.0264
VAR25 -0.0744 | -0.1676
VAR26 0.2049 0.2502
VAR27 0.2521 0.2843
VAR28 0.1289 0.2539
VAR29 -0.2692 | -0.0690
VAR30 -0.4800 | -0.3038

(table continues)

35



Variable ‘ Factor 1 ‘ Factor 2

VAR31 -0.1772 | -0.0747
VAR32 0.1707 | -0.0019
VAR33 0.4181 0.1716
VAR34 0.4350 0.2573
VAR35 0.4730 0.2964
VAR36 0.5369 0.3412
VAR37 0.5723 0.3362
VAR38 0.6750 0.5316
VAR39 0.5220 0.4814
VARA40 0.4613 0.5591
VARA1 0.4953 0.6103
VARA42 0.5854 0.6071
VARA43 0.5859 0.5662
VARA44 0.6144 0.5393
VARA45 0.6193 0.3846
VARA46 0.5572 0.3153
VARA47 0.5439 0.3106
VARA48 0.6776 0.3202
VARA49 0.6869 0.3240
VAR50 0.7002 0.3789
VARS51 0.6134 0.6424
VAR52 0.5245 0.5575
VARSH3 0.4515 0.5439
VAR54 0.4404 0.5564
VARDH5 0.1076 0.2157
VARS56 -0.0077 | 0.0988
VARST 0.0436 0.1876
VARS8 0.1543 0.5928
VARS59 -0.0206 0.2185
VARG60 -0.0307 | 0.2411
VARG61 -0.0177 | 0.2173
VARG62 0.0008 0.3719
VARG63 0.1371 0.5587
VARG4 0.2397 0.6162
VARG65 0.1202 0.5198
VARG66 0.3169 0.6136
VARG67 0.1003 0.4636
VARG8 -0.4201 | -0.4070
VARG69 -0.4234 | -0.4776
VART70 0.3163 0.4642
VART1 0.5424 0.4188
VART2 0.2024 0.0943
VART3 0.1895 0.3892
VART74 0.1280 0.3174
VART5 0.1800 0.5215
VART76 0.2736 0.6063
VART7 0.4092 0.4620
VARTS8 0.4134 0.4233
VART9 0.3818 0.2756

(table continues)
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Variable ‘ Factor 1 ‘ Factor 2

VARS0 0.3723 0.2053
VARS1 0.3558 0.3912
VARS2 0.3898 0.3895
VARS3 0.4033 0.3880
VARS84 0.3996 0.3100
VARS5 0.2077 0.1178
VARS6 -0.5182 | -0.6457
VARS7 -0.5671 | -0.6969
VARS8 -0.5037 | -0.6717
VAR89 0.1485 0.0907
VAR90 0.4936 0.4811
VARI1 0.1299 | -0.4679
VAR92 -0.0402 0.2816
VAR93 -0.0671 0.0906
VAR94 0.6121 0.5249
VAR95 -0.4862 | -0.5984
VAR96 0.2173 0.3973
VAR97 0.1842 0.0884
VAR98 -0.3691 | -0.4978
VAR99 -0.4422 | -0.4797
VARI100 | -0.6532 | -0.7244
VAR101 | 0.1526 0.2525
VARI102 | -0.1336 | -0.0429
VAR103 | 0.3894 0.3637
VAR104 | 0.3472 0.2807
VAR105 | 0.5578 0.3838
VARI106 | 0.5682 0.3105
VAR107 | 0.5564 0.3107
VAR108 | 0.6334 0.3746
VARI109 | 0.6086 0.3458
VAR110 | -0.4416 | -0.2758

Table 9: Factor scores of all patients for the first and second factor

Patient ‘ Factor 1 ‘ Factor 2

1 -0.0284 0.6931
2 0.3176 1.393

3 -0.6216 0.6484
4 -1.4759 | -0.6606
) -0.1533 0.5784
6 -0.7109 0.6457
7 0.2051 0.9239
8 -0.6345 0.5117
9 0.0723 0.8945
10 -1.0109 | -0.0457
11 -2.5291 | -1.8360
12 -0.7277 0.3323
13 -1.4321 | -0.5690
14 -1.3268 | -0.5509

(table continues)
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Patient ‘ Factor 1 ‘ Factor 2

15 -2.3793 | -1.5867
16 0.1684 1.1763
17 0.4448 1.3536
18 -0.7255 0.6515
19 -0.0274 1.1587
20 -1.0008 | -0.2808
21 -0.7797 0.0049
22 -1.3152 | -0.5592
23 -0.7435 0.2256
24 -0.7714 0.5584
25 -1.0217 | -0.0847
26 -0.8166 0.5294
27 -0.6146 0.3405
28 -0.9856 | -0.1339
29 -1.0440 0.0483
30 -0.9930 0.4060
31 -0.7478 0.2581
32 -3.0993 | -2.3298
33 -0.4944 0.1091
34 -0.8193 0.1072
35 -0.3769 0.2842
36 0.4295 1.8078
37 0.2135 1.1103
38 -0.7228 0.2217
39 -0.1225 1.2229
40 -0.0064 1.0991
41 -0.9175 0.0459
42 -0.7751 0.2818
43 0.1770 1.4291
44 -0.9097 0.3929
45 -0.6719 0.6524
46 -1.4823 | -0.4668
47 0.0729 1.5463
48 -0.0662 0.8551
49 0.5811 1.3232
50 -0.9117 | -0.1593
ol -0.2866 0.4523
52 -0.1800 1.2865
93 -0.4082 0.7752
54 -1.5900 | -0.5137
95 -1.7980 | -1.0241
o6 -0.8833 | -0.0195
o7 -1.4484 | -0.5912
o8 -0.3197 1.1329
99 -0.9819 0.4478
60 -0.2711 0.8724
61 -0.8605 0.3173
62 -1.8098 | -1.2960
63 -0.3718 0.5839

(table continues)
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Patient ‘ Factor 1 ‘ Factor 2

64 -0.2985 1.0361
65 -0.9932 0.2346
66 0.0493 1.0572
67 0.0536 1.5557
68 -1.2676 0.0513
69 -0.6545 0.1595
70 -0.9749 | -0.5196
71 -0.6440 | -0.0631
72 -0.0286 0.3783
73 1.0159 1.4478
74 0.1283 0.6379
75 2.4481 -0.7548
76 0.8626 0.9039
7 -0.4498 0.1406
78 1.3568 1.5183
79 -0.2634 0.1034
80 -0.0545 0.6379
81 1.0659 -0.4049
82 1.8205 0.0719
83 0.6783 0.1171
84 0.6125 0.5555
85 -0.7714 | -0.7229
86 0.5396 0.3350
87 0.3132 -0.0563
88 0.3467 | -1.1366
89 0.5517 1.0072
90 -0.2745 | -1.0878
91 0.5522 0.2894
92 -0.7104 | -0.8586
93 -0.2839 0.2015
94 -0.6638 0.6119
95 0.1816 1.5463
96 -1.1966 | -0.7457
97 -0.4075 0.2381
98 -0.1719 0.5131
99 0.1937 0.5917
100 -0.6508 | -0.1591
101 5.0961 -2.5398
102 0.1379 -0.0465
103 0.6287 1.1303
104 -0.7248 | -0.3996
105 1.6719 0.6756
106 1.1873 1.2923
107 1.4247 0.6760
108 1.7746 -0.5561
109 0.2612 -0.8877
110 1.1044 0.4065
111 -0.1863 | -0.3042
112 -1.5387 | -1.2221

(table continues)
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Patient ‘ Factor 1 ‘ Factor 2

113 -0.6891 | -0.0564
114 -0.0996 0.5694
115 0.2148 1.3363
116 -0.8014 0.1718
117 -1.5676 | -0.8095
118 -0.2317 0.8556
119 -0.7520 | -0.1722
120 -0.4966 0.1254
121 -1.0109 | -0.6524
122 -0.1178 0.8148
123 -1.0592 | -0.5599
124 -1.0131 | -0.3783
125 0.1317 0.6681
126 0.3274 0.2379
127 0.4428 -0.3885
128 -0.7907 | -0.7236
129 1.2643 -0.8343
130 -0.0932 0.1842
131 -0.0493 0.4466
132 -0.0084 0.8822
133 -0.8778 | -0.4128
134 -0.4034 0.4407
135 -1.4399 | -1.4683
136 -0.3697 0.0038
137 -0.2790 0.0164
138 0.2411 1.0913
139 -0.2002 | -0.5547
140 0.6963 1.1942
141 0.3959 0.8178
142 -1.4227 | -0.9319
143 0.0032 0.6649
144 -0.4142 0.3751
145 -0.6257 0.0627
146 0.5564 1.6033
147 0.0321 0.2606
148 -1.0482 | -0.9211
149 -0.0231 0.3769
150 0.3241 0.0195
151 1.3605 1.5077
152 -0.1060 0.0046
153 0.1473 0.7057
154 1.1431 1.5021
155 1.5062 -1.7153
156 0.5754 0.5729
157 1.4289 1.1039
158 1.2832 0.7166
159 0.1483 0.6357
160 1.9125 -0.6981
161 -0.5754 | -0.2704

(table continues)
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Patient ‘ Factor 1 ‘ Factor 2

162 1.4072 -3.1843
163 -0.5207 | -1.6144
164 1.7352 0.0729
165 0.2505 -0.0089
166 0.6104 | -1.4572
167 0.6436 -0.4956
168 -0.0829 0.3261
169 -0.4143 | -1.0125
170 0.4411 -0.2864
171 0.2579 0.3550
172 0.8021 -0.8829
173 0.5700 0.4913
174 0.7194 0.2963
175 2.2575 -0.5547
176 -0.3054 0.0373
177 0.2693 -0.6284
178 -0.3857 | -0.1740
179 1.6032 -0.0374
180 1.7090 -1.0280
181 -0.4544 | -0.6446
182 0.4439 1.0717
183 0.1642 0.1871
184 -0.0919 | -0.6796
185 -1.1257 | -2.4131
186 -0.0590 | -0.4355
187 1.5064 | -0.2295
188 1.3327 | -0.4838
189 -1.0812 | -0.8082
190 0.7594 0.6856
191 2.4415 -1.2337
192 1.6669 -0.0017
193 0.5755 -1.4170
194 1.1039 -0.9142
195 -0.9513 | -1.7802
196 0.9516 0.2555
197 0.1368 -0.5139
198 -0.2400 0.3045
199 1.4475 -0.8607
200 2.3091 -0.0762
201 0.0072 -0.0883
202 -0.3066 | -0.8309
203 0.2279 0.3415
204 0.0967 | -0.5612
205 -0.4924 | -1.0032
206 -0.8921 | -0.5396
207 -1.1189 | -2.0049
208 1.7008 -0.7214
209 2.0887 | -1.2472
210 -0.8785 | -1.1270

(table continues)
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Patient ‘ Factor 1 ‘ Factor 2

211 0.2277 -0.2849
212 6.0959 -4.7434
213 0.8628 1.0546
214 -0.1427 | -0.0720
215 0.5697 0.1848
216 -0.0010 | -0.3431
217 1.6102 0.5619
218 2.6108 0.1318
219 -1.2430 | -1.6204
220 0.5500 -0.0126
221 -0.5467 | -1.4045
222 0.6728 | -0.9563

42



7.2

Sorted adjusted p-values
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Figure 14: Number of rejected hypotheses after multiplicity correction
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Figure 15: Frequency of selected metabolites in LASSO
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Figure 16: Frequency of selected metabolites in Elastic Net
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