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Abstract

Background: The aim of this report is to infer patterns in time series of metabolic dis-
eases, and specifically to obtain differential patterns in women in women with polycystic
ovary syndrome (PCOS), as opposed to women without PCOS and men. The influence
of sex hormones on molecules related to metabolism and inflammation can contribute to
to reveal the mechanisms in PCOS physiopathology. Methods: The methods that have
been used in this analysis are centroid distance comparisons among clusters obtained by
the unsupervised learning algorithm K-means. Additionally, a principal component anal-
ysis (PCA) of the whole database has been performed. Lastly, classification algorithms
such as Gaussian Naive Bayes and K nearest neighbors in order to support PCOS diag-
nosis have been tried. Results: The K-means algorithm and cluster analysis concluded
that differential patterns exist in variables SOP__GLP1, SOP_IL6 for women with
PCOS. Additional results are given for the same analysis in women subjects, for which
SOP_ Pentraxin, SOG_GIP, SOL_IDL_ TG, SOP_ GIP show defined trends, variables
SOL_IL6, SOP_ Galectin, SOP_FGF21, SOG_VLDL_ P, SOG_Small VLDL P, in
men subjects, and TBARs, TG, VLDL_ TG, Pentraxin when glucose is ingested, as well
as GIP when protein is ingested. PCA showed that 11 components explain more than
85% of the variance of women, women with PCOS and men groups of subjects. Referring
to the classification algorithms, Naive Bayes Gaussian algorithm gave 100% accuracy
in the test set, while the K nearest neighbors classifier was shown not to give accurate
results. Conclusions: This technique has been shown to have a higher contribution to
patterns of trends of metabolic disorder time series, and also lower analysis times. The
results have been contrasted with external research works, and the chosen features for
analysis have been validated with the Gaussian Naive Bayes classifier. Focused studies
for the variables obtained as results in this report can be performed in the future.
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Chapter 1

Introduction

1.1 Polycystic ovary syndrome

Polycystic ovary syndrome (PCOS) is the most common endocrine/metabolic disorder
affecting 5-10% of women of reproductive age.l' This syndrome is considered a complex
multifactorial disorder resulting from the interaction of genetic, environmental, and
lifestyle influences. Women with PCOS may present with a constellation of symptoms
and signs that include biochemical and/or clinical hyperandrogenism and/or ovarian
dysfunction in the form of oligo-anovulation and/or polycystic ovaries.? PCOS is fre-
quently associated with insulin resistance and obesity, specifically with a predominantly
abdominal distribution of body fat.” Women with PCOS are at a higher risk of diabetes,
obesity, heart disease, and high blood pressure®

Postprandial dysmetabolism (abnormal metabolism of glucose and lipids after a meal)
plays a major role in the pathogenesis of metabolic disorders such as obesity, diabetes
and PCOS, particularly in their association with cardiovascular disease. Understanding
the influence of sex hormones (such as testosterone and estradiol) on molecules related
with metabolism and inflammation, particularly during the postprandial phase, may
contribute to reveal the mechanisms underlying the physiopathology of PCOS. However,
very little is known about the responses after a glucose, lipid or protein oral ingestion
in women with PCOS compared with women and men controls. Until now, studies
reported in the literature analyzed the issue from a statistical perspective®©

The aim of the present report is to determine the clinical variables with a defined pattern
in women with PCOS compared with both men and control women, suggesting a specific
abnormality associated with the syndrome. A series of young healthy subjects composed
by women with PCOS and appropriate women and men controls were studied. The
levels of a panel of metabolic and inflammatory markers have been determined after
glucose, lipid and protein oral ingestion. Methods to define a specific pattern were
also implemented to other two groups of patients with additional results. Moreover, a
support classifier for PCOS diagnosis has been developed.

1.2 Database

The database that is used in this document is originally composed of 67 clinical variables.
The clinical variables are expanded to 201 (67 x 3) since each of them is measured in
terms of glucose load, protein load and lipid load, for which prefixes SOG, SOP and
SOL are added to each variable respectively.
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The majority of the analyzed variables (191 variables) were measured in three time
points during the postprandial phase (time zero, 60 and 120 min after ingestion of the
glucose and protein, or 120 and 240 min after the ingestion of the lipid load). 10 variables
were measured in 5 time points.

Clinical variables are divided into three groups depending on the identification method:
circulating, gene expression and liposcale groups. Details for each group and variable
are described in sections[1.2.1], [1.2.2]and [1.2.3] The variables for each of the three groups
are shown in table [[LT}

Table 1.1: Circulating, gene expression and liposcale clinical variables in the database

Type Clinical variables
COL, TG, HDL, LDL, INS, GL, TBARs, Adiponectin, Lipocalin,
Molecules Adipsin, PAI, GIP, GLP1, PYY, TNF, IL6, Omentin, sLeptinR,

Vaspin, Pentraxin, Galectin, FGF23, FGF21, Chemerin, Leptin

ADIPORI, GHRL, GHSR, GPX1, GSR, IL10, IL10RA, IL1B, ILIR2,
IL6, IL6R, LEPR, TLR2, TLR4, TNF, TNFRSF1B

Gene expression

HDL C, HDL P, HDL TG, HDL Z, IDL_C, IDL_TG,

Large HDL P, Large LDL P, Large VLDL P, LDL C, LDL P,
LDL P HDL P,LDL TG, LDL Z, Medium HDL P,

Medium LDL P, Medium VLDL P, Non HDL P, Small HDL P,
Small LDL P, Small VLDL P, Total P HDL P, VLDL C,
VLDL P, VLDL TG, VLDL Z

Liposcale

An interesting note about the variables in table is that variables TNF, IL6, IL-
10, Pentraxin, Galectin and their receptors TNFRSF1B, IL6R and IL1I0RA have been
linked, in most evidence, with chronic low-grade inflammation for PCOS patients in the
fasting state.®

Referring to the samples, there are 53 patients in the database. For each patient, there
is information about their sex and whether they have PCOS or not (women, women
with PCOS and men) and whether they are obese or not. However, in this report,only
the information about sex and PCOS is used, since adding the obesity variable as well
as the sex and disease variable leads to groups of patients with very few members.

In the database, there are some missing values. If a time series of one variable for
one patient was at least one missing value, that time series for that specific patient is
dropped and not taken into account for the analysis.

A summary of the clinical experiment is provided in figure (1.1

1.2.1 Circulating variables

The circulating group of variables consists of a set of metabolic markers with known func-
tions in nutrient metabolism, energy homeostasis and inflammation including biochem-
ical measurements such as glucose, insulin and cholesterol; pro-inflammatory molecules
such as IL-6 and TNF-alpha, cytokines (small secreted proteins released by cells with a
communication role between cells) and adipokines (substances secreted by adipocites).
Multi-analyte profiling was performed in serum samples on the Luminex Magpix sys-
tem (Luminex Technologies, Austin, USA) and data were analyzed with the Milliplex
Analyst software version 5.1 (EDM Millipore Corporation, Massachusetts, USA).
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Lipoproteins particle number and size

Figure 1.1: Clinical experiment scheme

Glucose. The main simple sugar which is an important
energy source in living organisms and is a component of
many carbohydrates.

Cholesterol. The most common type of steroid found in
all the cells in the body. The body needs some choles-
terol to make hormones, vitamin D, and substances that
help digest foods# Cholesterol is also necessary to the
normal permeability and function of the membranes that
surround cells.

Insulin. Hormone produced in the pancreas by the islets
of Langerhans, which regulates the amount of glucose in
the blood. The lack of insulin causes a form of diabetes.

Low-density lipoprotein. Lipoprotein of blood plasma
which is composed of a moderate proportion of protein
with little triglyceride and a high proportion of choles-
terol. It is sometimes called "bad" cholesterol because
a high LDL level leads to the buildup of plaque in the
arteries.

High-density lipoprotein. Lipoprotein of blood plasma
which is composed by a combination of a high proportion
of protein with little triglyceride and cholesterol. HDL
transport cholesterol from the tissues of the body to the
liver, so the cholesterol can be eliminated in the bile.
HDL cholesterol is considered the "good" cholesterol.

Triglycerides. Esters formed from glycerol and three
fatty acid groups. The main constituents of natural fats
and oils in the body.
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Fibroblast growth factor 23, which works as a phosphate-
regulating hormone.”

Fibroblast growth factor 21. Secreted endocrine factor
with metabolic regulation functions such as stimulation
of the uptake in adipose tissue.®

Thiobarbituric Acid Reactive Substance. The TBARS
assay (thiobarbituric acid reactive substance assay) is
used to measure lipid peroxidation in cell and tissue ex-
tracts, and biological fluids.”

Tumor necrosis factor alpha. Multifunctional proinflam-
matory cytokine involved in the regulation of a wide
spectrum of biological processes including cell prolifer-
ation, differentiation, apoptosis, lipid metabolism, and
coagulation 1!

Interleukin 6. This is a soluble mediator with a pleiotropic
(multiple) effect on inflammation, immune response, and
hematopoiesis. 1L-6 promptly and transiently produced
in response to infections and tissue injuries, contributes
to host defense through the stimulation of acute phase
responses, hematopoiesis, and immune reactions.

Adipokine secreted by adipocytes which regulates fatty
acid catabolism and glucose levels®

Lipocalin-2. Member of the carrier proteins superfam-
ily. Lipocalins transport small hydrophobic molecules
(e.g., steroids, bilins, retinoids and lipids) and are as-
sociated with immune response, pheromone transport,
prostaglandin synthesis, retinoid binding and cancer cell
interactions 14

Adiokine secreted by fat cells that improves beta cell
function in diabetes.

Adipokine that inhibits TNF-alpha-induced endothelial
cell COX2 expression and induces endothelial nitric ox-
ide synthase 3

An adipokine secreted by adipose tissues with a promi-
nent action on the hypothalamus in the brain. Leptin
regulates the long-term food intake and energy expendi-
ture 14

Soluble leptin receptor.

Adipokine associated with metabolic, inflammatory, and
atherosclerotic diseases™®
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Vaspin Adipokine member of the serine protease family. Vaspin
augments the plasma insulin level leading to improved
glucose metabolism 1©

Pentraxin Pentraxin-3. Multifunctional protein with complex reg-
ulatory roles in inflammation and extracellular matrix
organization and remodeling 17

Galectin Galectin-3 is a member of a family of galactosidase-
binding proteins. Galectin-3 is a potential biomarker
of myocardial fibrosis in patients with heart failure.'2

PAI Plasminogen activator inhibitor-1. Regulator of the fib-
rinolytic system that act by binding to and inhibiting
free plasminogen activator 12

GIP Gastric inhibitory polypeptide. Gut hormone secreted
by the mucosa of the small intestine with a role in control
of gastric and intestinal secretion and insulin release 2

GLP1 Glucagon-like peptide 1. Gut hormone that stimulates
the release of insulin from pancreatic beta cells in con-
junction with carbohydrates that are absorbed from the
gut.

PYY Pancreatic peptide YY. Hormone produced by the L
cells of the gut. It results in decreased vagal stimula-
tion to the gastrointestinal tract.!4

1.2.2 Gene expression variables

Gene expression is the process by which the genetic code-the nucleotide sequence-of a
gene is used to direct protein synthesis and produce the structures of the cell 18 All
variables in the following description refer to gene expression levels of peripheral blood
leukocytes using quantitative real-time PCR experiments (qPCR) to evaluate the ex-
pression of the genes.

Inflammation variables

IL10 Interleukin 10. Anti-inflammatory cytokine that plays a
central role in limiting host immune response to pathogens,
thereby preventing damage to the host and maintaining

normal tissue homeostasis.1?
IL10RA IL10 receptor subunit alpha.
IL1B Interleukin 1 beta gene.
IL1R2 Interleukin 1 receptor type 2. The protein encoded by

this gene binds interleukin alpha (IL1A), interleukin beta
(IL1B), and interleukin 1 receptor, type I(ILIR1/IL1RA),
and acts as a decoy receptor that inhibits the activity of
its ligands.®

IL6 As previously described.
IL6R Interleukin 6 receptor.
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Toll-like receptor 2. Member of the TLR protein family
that plays a role in the immune system 1V

Toll-like receptor 4. Member of the TLR, protein family
that plays a role in the immune system 1V

As previously described.

Member of the TNF-receptor superfamily 1V

Adiponectin receptor 1. This gene encodes a protein
which acts as a receptor for adiponectin®

Ghrelin. Protein with a role in appetite stimulation and
in energy homeostasis.

Growth hormone secretagogue receptor. The encoded
protein may play a role in energy homeostasis and reg-
ulation of body weight.®

Glutathione peroxidase 1, encodes proteins that protect
cells against oxidative damage.®

Glutathione-disulfide reductase, encodes a central en-
zyme of cellular antioxidant defense.®

Leptin receptor. Receptor involved in the regulation of
body weight 10

1.2.3 Liposcale variables

The liposcale test is an advanced lipoprotein analysis based on Nuclear Magnetic Res-
onance (NMR) spectroscopy that directly measures lipid content, number and size of
lipoprotein particles“Y Lipoproteins are soluble complexes of proteins and lipids.

Concentration
HDL_C
LDL_C
VLDL_C
IDL_C
HDL_TG
LDL_TG
VLDL_TG
IDL_TG

Particle number
HDL P
LDL P

High density lipoprotein cholesterol level

Low density lipoprotein cholesterol level

Very low density lipoprotein cholesterol level
Intermediate density lipoprotein cholesterol levels
High density lipoprotein triglycerides level

Low density lipoprotein triglycerides level

Very low density lipoprotein triglycerides level

Intermediate density lipoprotein triglycerides level

Number of high density lipoprotein particles

Number of low density lipoprotein particles
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VLDL_P

Small HDL_ P
Small_LDL_P
Small VLDL_P

Medium_HDL_ P

Medium_LDL_ P

Medium_ VLDL_ P

Large. HDL_P
Large_ LDL_ P
Large_ VLDL_P

Particle size
HDL_Z
LDL_Z
VLDL_Z

Ratios
LDL P HDL P

Total P HDL P
Non_ HDL P

Number of very low density lipoprotein particles
Number of small-sized high density lipoprotein particles
Levels of small-sized low density lipoprotein particles

Number of small-sized very low density lipoprotein par-
ticles

Number of medium-sized high density lipoprotein parti-
cles

Number of medium-sized low density lipoprotein parti-
cles

Number of medium-sized very low density lipoprotein
particles

Number of large-sized high density lipoprotein particles
Number of large-sized low density lipoprotein particles

Number of large-sized very low density lipoprotein par-
ticles

High density lipoprotein average particle size
Low density lipoprotein average particle size

Very low density lipoprotein average particle size

Ratio of number of low density lipoprotein particles and
high density lipoprotein particles

Total number of high density lipoprotein particles

Total number of non-high density lipoprotein particles






Chapter 2

State of the art

Machine learning is a branch of artificial intelligence. It is the study of computer algo-
rithms that improve automatically and through experience. Al is divided into supervised
learning and unsupervised learning. Supervised learning consists of classification and
regression algorithms. Unsupervised learning, on the other hand, can mean clustering
or association algorithms. Supervised learning’s goal is mapping functions whose inputs
and outputs are available, whereas in unsupervised learning there are only inputs. Both
methods will be used in this report.

In this state of the art review, the study of these kinds of database with the area under
the curve, the use of K-means, principal component analysis, Naive Bayes and K nearest
neighbors classifiers in clinical databases will be described, based on some of the most
relevant clinical publications related to these topics.

2.1 Area under the curve

Up to now, the approach for analyzing response and patterns in time series similar to
the ones in this database has been performed by calculating the area under the curve of
each time series, obtained by subtracting the basal measurement, normalizing by time
load and applying logarithmic transformation. The area under the curve is actually
the integral, so it can take either positive or negative values. Methods such as the
Kolmogorove Smirnov method, univariate general linear models, Mauchly’s test, the
Greenhouse-Geisser correction factor, the least significance test for comparisons, and
the Pearson’s correlation analysis were used in order to assess relationships between
variables

For example, inflammatory variables such as TNF, IL6, IL-10, Pentraxin, Galectin and
their receptors TNFRSF1B, IL6R and IL10RA (all present in this project’s database)
were analyzed when macronutrients were ingested by groups of subjects (divided by sex,
exactly like in the present database) and obesity.” No effect of group of subject and
obesity was found on Pentraxin, Galectin or IL6, TNF, IL10 and IL10RA. However,
there were some relevant results on IL6R expression, which was increased in obese men
and PCOS patients compared with their non-obese counterparts. Similarly, TNFRSF1B
expression showed an interaction between group of subjects and obesity, consisting of
obese men and women with PCOS showing increased levels when compared with their
nonobese counterparts. These results imply, in part, that the clinical variables IL6R
and TNFRSF1B in obese and PCOS patients are considered to have a relevant trend
when compared to the rest of the groups.
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In this report, the area under the curve is not the parameter that is analyzed. The
goal is to analyze the trend in each time series, and the area under the curve has two
problems in this regard:

o Misinformation when the values change sign in the same curve.
¢ Different curves can have the same area but different trends.

Therefore, it is believed that results obtained in the present document will differ other
studies. The previous bullet points are proved in figure 2.1] for gene expression variable
SOL_ GL measured in two women with PCOS, with respect to their initial measurement.
This figure shows two curves which have approximately the same integral (-1320 and -
1566 respectively), while having visibly different trends in the last part of the time series.
In one patient, also, the values sign in the final part of the series, and the integral does
not give an accurate value of the area since some of it is canceled out.

2.5

0.0 A

—2.541

—5.0 A

g/dl]

—7.5 1

SOL GL[m

—10.0 A

—12.5 A1

—15.0 A

0 50 100 150 200 250
time [min]

Figure 2.1: SOL_GL in two PCOS women from the database

Also, instead of statistics, machine learning algorithms have been applied, since they are
the state of the art technology for data mining and finding patters, and they are being
used in clinical fields.

2.2 K-means usage in clinical databases

Two examples for which K-means was used in clinical databases and that are related to
this report is pattern clustering and patient diagnosis.

In some studies,*! the relationship of different gene expression variables with normal-
cancer tissue metastasis, distant metastasis and lymph-node metastasis in colorectal
cancer is analyzed. K-means was used for this purpose, in order to identify which genes
have correlation with each type of metastasis.

Discriminant analysis and K-means clustering are used to predict preeclampsia. Char-
acteristics such as serum total cholesterol (TC), high density lipoprotein (HDL-C), low
density lipoprotein (LDL-C) and triglycerides (TG) were measured in two groups of
women at different stages: women with preeclampsia and healthy pregnant women.

10
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The data at different stages is analyzed separately and not as a time series. The clinical
markers for better accuracy prediction of preeclampsia among those parameters were
identified, and then validated with K-means clustering 42

K-means is also used in the realm of breast cancer®¥24 K-means clustering is performed
to categorize breast cancer patients based on certain gene-expression attributes, and to
identify genes that are more related with the prognosis of breast cancer?d The data
to be analyzed is provided as tuples. K-means is also used to extract patterns from
kinetic curves of malignant breast tumors?* The kinetic curves given by the method
of dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI). The clinical
standard protocol is to apply a three-time-points (3TP) method to analyze patterns in
these kinetic curves. Kinetic curves for each tumor are time dependent. In the 3TP
method, two parameters are calculated from each curve: percentage enhancement (PE)
and signal enhancement ratio (SER), and curves are classified into one of 6 categories. K-
means was then used to compute the optimal number of categories, and the paper shows
that using K-means and the corresponding cluster validation provides better results.

K-means can be used for digitalization of electrocardiogram (ECG) data that are still
kept in paper in some regions?® The rate at which K-means provides the correct group-
ing given the features is shown to reach 99%.

2.3 Principal component analysis usage in clinical databases

Principal component analysis (PCA) was used in clinically in the fields of data dimen-
sionality reduction, medical image processing and feature extraction.

Principal component analysis is sometimes described as a methodology to reduce the
amount of irrelevant data and redundant information in medical fields?® The dimen-
sionality reduction provided by PCAs is combined in this paper with the method of
effective density clustering, a combination that is said to provide excellent performance
and help doctors make diagnoses.

In an additional study, a dataset of more than 14000 Korean patients, with results,
clinical opinions, age, sex and groups of 15 different diseases, is treated with deep neural
networks by previously applying principal component analysis2” It is said in this paper
that in deep neural networks there is a very high number of input and output neurons,
which cause a very complex network structure that may produce overfitting. PCA is
applied to the input features, in order to reduce the number of parameters to be trained
by the neural network without much information loss.

In reference to medical imaging, PCA was used, for example, in Magnetic Resonance
Imaging (MRI) technology. MRI technology demands improved resolution for accurate
analysis and treatment monitoring. However, data is often affected by random noise. A
new algorithm combining PCA decomposition and Wiener filtering has been developed,
in order to improve upon this problem 2

Also, the use of fMRI (functional MRI) is the state of the art tool for early Alzheimer’s
disease diagnosis. However, in underdeveloped countries, fMRI is unavailable so MRI
is still used. A method of feature extraction has been developed based on discrete 3D
wavelet transform followed by PCA, so that the feature space is transformed into a
smaller feature space with linearly uncorrelated variables in MRI data from healthy
subjects.2?

PCA decomposition has also been used to extract the most relevant features in a car-
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2.4. NAIVE BAYES CLASSIFICATION USAGE IN CLINICAL DATABASES

diotocography (CTG) database containing data about the fetal state.”Y Features like
the beats per minute, number of fetal movements per second, and number of uterine
contractions per second are included in the PCA analysis. The PCA results are then
combined with Adaptive Boosting and Support Vector Machine (SVM) in order to ob-
tain a classifier for predicting the fetal state via CTG data.

2.4 Naive Bayes classification usage in clinical databases

Topics in which Naive Bayes has been used in clinical areas are the diagnosis of diseases
and pattern classification.

It is important to note that classification tools are often presented in research papers
as support tools and not as diagnosis tools. A classifier can provide help to doctors in
diagnostic procedures with a certain percentage of accuracy, but for now should not be
used as an isolated tool for diagnoses. For example, a Naive Bayes classifier combined
with a privacy preserving tool (cryptography-related) was used to produce diagnoses
of the patients’ risk with high accuracy, while preserving other patients’ privacy in
the diagnosis phase. The tool is presented as a clinical support system.2!' A similar
diagnostic support tool for rare forms of the Dengue disease is provided. Both Bayes
and SVM methods are used, after selecting the most important features for the disease. 22

Apart from diagnosis, Naive Bayes-based tools can also be used for disease management,
as is the case in chronic renal failure, where some attributes for a group of patients are
measured per minute, and different classification techniques are compared, including
Naive Bayes 2

Naive Bayes classification is also used in clinical approaches as a support tool to admin-
ister certain tests to patients, meaning that it can also be a pre-diagnosis tool.** Naive
Bayes was used to see which patients should undergo a polysomnography, a standard
test to diagnose obstructive sleep apnea, based on some demographic and clinical data
for each patient.

Naive Bayes can also be applied to time series, over long periods of time, for potential
coronary heart disease patients. The most common patterns from a database of patients
are extracted with a set of techniques called temporal abstraction, and a model based
on Naive Bayes classifier is presented.=?

2.5 K nearest neighbors usage in clinical databases

The purposes of the K nearest neighbors classifier in the clinical field are sometimes
similar to what is done with the Bayes classifier. For example, a disease recommender
system was developed in one study, which means a K nearest neighbors multilabel
classification algorithm.®® There is also a mono-label method for distinguishing non-
epileptic and epileptic patients. This is done by analyzing time series the power spectra
magnitudes of electroencephalogram waveforms.>”

K nearest neighbors is also useful for other purposes; the scope seems to be wider than
the Naive Bayes algorithm. For example, it has been used not only as a diagnosis support
tool but also to estimate missing values. A weighted K nearest neighbors algorithm was
used to fill in missing data from laboratory measurements in intensive care unit (ICU)
patients, by using similar data from other fields 3

12



Chapter 3

Methods

3.1 K-means

K-means is an unsupervised learning algorithm®?2%” The inputs to K-means are series
of data and the number of m centroids that are desired as a result. The output is m
centroids and labels for each data point; each label is the centroid to which that data
point is assigned. The algorithm consists of the following steps:

1. Algorithm initialization. m centroids are initialized either from selecting them
randomly from the data or randomly generated. These centroids are [f1...44;... ftm)].

2. Once the algorithm has been initialized, iteration is performed over the following
steps until convergence:

(a) Data assignment, where each data point is assigned to the nearest centroid, by
obtaining the minimum of the squared Euclidean distance. For each z; data
point, a label ¢; is assigned after computing the equation for each centroid j:

¢; = argmin [|z; — (3.1)

The previous equation means that ¢; is the centroid that would minimize the
equation ||z; — p;]?.
(b) Centroid update, where centroids are recomputed. New centroids are ob-

tained by taking the mean of all data points assigned to each centroid in the
previous step. The following equation reflects this step:

ji = i e = ]} i
sy e =g}
The 1{c¢; = j} part of the previous equation means that only the centroids
assigned to each specific cluster are taken into account in calculations.

(3.2)

The previous algorithm is usually referred to as expectation-maximization algorithm.
The expectation part would be the data assignment step, where points are assigned to
the nearest cluster centers, and the maximization part means setting the new cluster
centers to the mean.

3.2 Trend features vector

The trend features vector was initially chosen to be the following, for variables with
three and five time measurements respectively:

13



3.2. TREND FEATURES VECTOR

U= [ml,mg] (33)

U = [m1,ma, m3, My (3.4)

m1 means slope of the line joining initial point and second measurement, mo means
slope of the line joining the second and final or third measurement, etc.

However, the previous approach was discarded. The reason was that in the second step
of K-means algorithm, the new centroids are computed by taking the mean of all data
points assigned to each centroid. Taking the mean can cancel out features, for example,
time series that have opposite signs mo would have the information about the slope of
that part of the time series canceled out. Therefore, another approach was followed.

The trend features vector is now the following for variables which have three time mea-
surements is the following:

v = [sign(my), sign(ma), |m1| + |ma2] (3.5)

Both the sign and the slope value is important when analyzing patterns of behavior,
and this is why they have been chosen for the features vector. By separating the sign
from each part of the time series from the absolute value of the information about the
slopes, the latter information is ensured not to be lost.

For variables with 5 time measurements, data have been smoothed with a logarithm and
adjusted to a third degree polynomial. The features vector is:

T = [sign(my), sign(my), sign(ms), sign(ma), |p1| + |p2|] (3.6)

In the previous equation, p; and ps are the linear and quadratic coefficients of the fitted
polynomial. Only the two first coefficients have been chosen in order to avoid higher
distortion. It also implies less distortion than adding the slopes of each part of the
curve (since it implies adding four terms), while retaining information about trend in
the whole curve. Changing p; and ps coefficients shows that the linear tendency and the
quadratic trend of the curve increases or decreases, so they do give information about
the whole series’ pattern, as is shown in an arbitrary polynomial in figures [3.1] and
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Figure 3.1: Change in linear coefficient in an arbitrary third degree polynomial
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Figure 3.2: Change in quadratic coefficient in an arbitrary third degree polynomial

In some analyses in this document, the previous vectors are going to be normalized,
but not in others. For example, in the K-means analysis that is going to be performed
for each variable, in order to analyze distances between clusters with a unified distance
for all variables, it is necessary to normalize each variable’s trend vector. However, in
classification algorithms, which will be described later in more detail, one feature will
be taken for each clinical variable. This feature is the norm of the feature’s vector, and
in this case it cannot be normalized, since, if normalized, all features would have the
same value and the algorithms would be useless.
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3.3. CLUSTER ANALYSIS

3.3 Cluster analysis

The proximity between two clusters, is measured as the distance between centroids. The
similarity among clusters will be measured as a function of the distance between their
centroids 4!

The distance that has been chosen to evaluate the distance between centroids is the
Euclidean distance. There are other distances available for cluster analysis, like the
standard Euclidean distance or the Mahalanobis distance, but the Euclidean distance
has been chosen because it is easier to visualize in plotted data.

3.4 Principal component analysis

Principal component analysis (PCA) is a linear transformation method, that uses or-
thogonal transformation to convert a set of observations with correlated values into a
set consisting of linearly uncorrelated variables. It is a technique used for dimensionality
reduction in large datasets, with the aim of not losing too much information.

For the PCA to work properly, the data needs to be scaled so that each feature has unit
variance.

The steps followed by the PCA algorithm are the following:2

e The covariance or correlation matrix are obtained from the data are computed,
and eigenvectors and eigenvalues are obtained. Another approach is to perform
singular vector decomposition.

e The number of features for the subspace is chosen. This is done by calculating the
explained variance ratio, which is the ratio between the variance of one principal
component and the total variance. Note that the total variance can be greater
than one, and this is why ratios are calculated.

e Choose the eigenvectors that correspond to the largest eigenvalues. The number
of eigenvectors that have to be chosen are as many as the number of features that
are wanted in the new feature space.

e The projection matrix is built from the selected eigenvectors, and the original
dataset is transformed with this matrix.

e The result is that the first principal component carries the highest variance for the
dataset.

3.5 Gaussian Naive Bayes classifier

The Naive Bayes classifier is briefly described in this section®¥#4 The output values of
any classifier are discrete, if they were continuous, the alternative supervised learning
method to use would be regression.

The Bayes theorem is the following. It includes conditional probabilities (P(A|B) is the
probability of A given B):

P(X]|c)P(c)

P(EIX) = =5

(3.7)
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For the problem of classification with Bayes theorem, the goal is to find the value of
the label ¢ that maximizes P(c|X). It is assumed that c is the label for each sample or
observation, and X is the vector of n features for each sample: X = {z1,x9, ...z, }:

P(X|c)P
¢ = argmax P(c|X) =arg max (P|(C)X)(C) (3.8)
Dropping the denominator from the previous equation:
¢ = argmax P(X|c)P(c) = argmax P({z1,x2, ...z} |¢)P(c) (3.9)
ceC ceC

The Naive assumption is the each feature of X is independent of the others given an
output or label. This assumption is rarely true, but it is useful because it allows us to
make predictions on huge feature spaces, such as the one dealt with in this document.
The following equation includes the Naive assumption:

¢ = argmax P(z1]c) - P(x2|c) - ...P(zp|c) = argrgleac)gxg( P(z|c) (3.10)

The Gaussian assumption means that since the features are real-valued and continuous,
it is assumed that each of the probability distributions in the previous equation are
normal distributions (Gaussian).

3.6 K nearest neighbors classifier

The K nearest neighbors classifier is another classifier for training labeled data and
testing unlabeled data#®' The features that are input to this classifier should be on the
same scale, and the number of nearest neighbors K should be set at the start. Choosing
K is often data dependent, and often a K either too small or too big is not ideal.

This classification procedure is non-parametric, which the data is not assumed to be
distributed in any way. For instance, a Gaussian distribution would not have to be
assumed for the data if it is not.

The procedure is also instance-based, so it does not explicitly learn a model. Only when
a query is made will the algorithm use the training instances to give an answer.

Given an observation x, a distance metric d and a number of nearest neighbors K, the
algorithm performs the following steps:

1. The algorithm goes through the data computing the distance d between the new
observation x and each training sample. The algorithm then chooses the K training
points closest to x, forming set A. For this reason the number of nearest neighbors
should best be set to an even number, in order to avoid ties.

2. The algorithm estimates the conditional probability for each class, and the input
gets assigned to the class ¢ with the largest probability. This is expressed as the
fraction of points of set A with that given class label:

1
¢ = argmax P(c|z) argrgengig {ci=c} (3.11)

17
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3.7 Software

The software used for the analysis in this report is Python 3.7. The library that is used
for the machine learning parts of this project is scikit-learn, which currently has the
following capabilities: classification, regression, clustering, dimensionality reduction,
model selection and preprocessing4® Note that the default metric for the K nearest
neighbors algorithm, which is going to be used later in this document, in scikit-learn, is
the Minkowski distance.
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Chapter 4

Results

4.1 Variables with defined pattern in PCOS class

For each clinical variable of the database, patients have been clustered into 3 groups
with the K-means algorithm. The clustering has been performed either in 3D or 5D,
given the normalized trend features vector defined in previous sections. The vector has
been normalized since the same criterion for Euclidean distance is going to be used for
comparing centroids in all clinical variables.

[Sign(ml)v Sign(mQ)v |m1| + ‘mQH
sign(ma), sign(ms), [m1] + [ma]|2

[sign(my), sign(mz), sign(ms), sign(my), |p1| + |p2l]
sign(ma), sign(msz), sign(ms), sign(ma), [p1| + [p2/]ll2

Vorts =1

In the previous equations, [? is the Euclidean norm.

The resulting centroids from K-means have been compared with the centroids of the
true groups (women, women with PCOS and men) for these same features.

To determine the variables that have a defined pattern of behavior for PCOS patients,
and whose features are different from those of women and men, the following conditions
have to be checked:

o The true PCOS centroid has to be closer than d = 0.3 (Euclidean) from any
K-means centroid. A distance of 0.3 has been selected since output percentage
of variables with a defined pattern is considered extensive enough. A Euclidean
distance of 0.1 provided 4 out of 201 variables with a defined pattern (about 0.5%),
a distance of 0.2 provided a percentage of 2%, and a distance of 0.3 gave out a
percentage of 5.5% variables with defined patterns in the sex groups.

o The true healthy women and men centroids are further than d = 0.3 (Euclidean)
from that same (K-means) centroid selected in the previous bullet point.

If a clinical variable passes the two mentioned conditions, it is appended to the list of
clinical variables that have a homogeneous pattern for women with PCOS. The procedure
can be also applied to the women and men classes to define another two lists, or to any
other group.
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4.1. VARIABLES WITH DEFINED PATTERN IN PCOS CLASS

The final results are that variables SOP__GLP1 and circulating SOP__IL6 have a defined
pattern for PCOS, and that this pattern is different from that of healthy women and

men.

Centroids positions for K-means clusters and actual database centroids are shown in
figures [4.1 and [.3] as well as data points assigned to each K-means cluster by color.
The original time series data is shown in figures [£.2] and [£.4] In the plots, it is somehow
visible that the majority of PCOS have a more unified trend than women and men
subjects. However, a mathematical algorithm is necessary to verify trend homogeneity,
since patterns are not that clearly told apart at first sight.

Other studies were checked in order to validate these results’ coherence. IL-6 are of-
ten elevated in patients with polycystic ovary syndrome” An increase in inflamma-
tory markers may be an early indicator of the risk of developing insulin resistance and
atherosclerosis, and may become a useful prognostic and therapeutic tool for monitoring
patients with PCOS48 This pattern in IL-6 during protein ingestion was not found in
previous studies with the same database but applying statistical analysis.”

GLP-1 levels in response to standardized meal tolerance test were significantly reduced
in women with PCOS compared to controls*? The effect of protein ingestion in GLP-1
secretion has not yet been described. Disturbance in gut hormones secretion dynamics
might contribute to the risk of impaired glucose tolerance and type 2 diabetes in PCOS.

SOP_GLP. e K-means clusters
K-means centroids
Women centroid
PCOS women centroid
Men centroid

abs(m1)+abs(m2)

Si 0.2 )
9n(my)”" 04 06  —0.75

Figure 4.1: K-means algorithm results and group centroids for SOP_ GLP1
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4.2. BEYOND PCOS: VARIABLES WITH DEFINED PATTERNS IN WOMEN
AND MEN CLASSES, AND DEFINED BY MACRONUTRIENT INGESTION
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Figure 4.4: Data as a function of time for women, women with PCOS and men, SOP__1L6

4.2 Beyond PCOS: variables with defined patterns in women
and men classes, and defined by macronutrient inges-
tion

Additional results are the group of variables with a defined pattern for women and men,
as it has been done with PCOS women.

The same method can also be applied to variables of the glucose, lipids and protein
loads classes, if we reformulate the database from sex groups to macronutrients groups.
This way, the database would now have 53 x 3 samples and 67 clinical variables. The
macronutrient that has been ingested by each sample is therefore not previously known,
and has to be mapped by K-means.

A summary of the results is shown in table Note that no variables with a defined
trend have been identified for lipid load.

Table 4.1: Variables with a defined pattern per group
Group | Clinical variables
Women | SOP_ Pentraxin, SOG__GIP, SOL_IDL_TG, SOP_ GIP
PCOS | SOP_GLP1, SOP_IL6
SOL_IL6, SOP__Galectin, SOP_FGF21, SOG_VLDL_P,
SOG_Small VLDL P
SOG TBARs, TG, VLDL_ TG, Pentraxin
SOL -
SOP GIP

Men

Although only 2 differences in patterns have been found in PCOS patients (SOP__GLP-1
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and SOP_IL-6), a greater number of clinical variables have been found with differential
patterns in women and men class and in the glucose and protein ingestion (15 more
variables).

Sexual dimorphism patterns where observed in the pattern of 5 variables (SOL_IL6,
SOP__Galectin, SOP_FGF21, SOG_VLDL_P, SOG_Small VLDL_P) with different
patterns in men than in PCOS women and control women. Men and women have many
differing biological and physiological characteristics. Thus, it is no surprise that the
control of metabolic processes and the mechanisms underlying metabolic-related diseases
have sex-specific components. The study of sexual dimorphism is very topical?%2H2
This analysis may serve as a guide for the targeted search of clinically relevant markers
for sexual dimorphism and its association with metabolic dysfunction in larger series.

Glucose ingestion induced a defined pattern of TBARs, TG, VLDL_TG and Pentraxin
levels that was not observed after the lipid and protein ingestion. These observations
have been previously described®3

In adition, protein ingestion induced a defined pattern of GIP levels that was not ob-
served after the lipid and glucose ingestion. These observations have been previously
described in glucose and lipid ingestion but not with protein ingestion®** These results
suggest that the postprandial response to protein ingestion differs from that of glucose
and lipids, and that distinct mechanisms may be responsible of these changes.

A particularly visually clear example of defined patterns is shown in SOG__GIP for the
women group. The trend features for the women group are similar among these subjects,
and clearly different from PCOS and men subjects. The same plots as in the previous
section are shown below, in figures and For the rest of the variables shown
in table the rationale is the same, and the corresponding plots are shown in the

Appendix.

SOP_GIP K-means clusters
K-means centroids
Women centroid
PCOS centroid

Men centroid

0.6

0.4

abs(m1)+abs(m2)

0.2

0.0

'4—0.2 0.0
Slgn(ml)

0.2 _ :
0.4 0.6 0.6

Figure 4.5: K-means algorithm results and group centroids for SOP_ GIP
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4.3. PRINCIPAL COMPONENT ANALYSIS FOR WOMEN, WOMEN WITH
PCOS AND MEN SUBJECTS
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Figure 4.6: Data as a function of time for women, women with PCOS and men,
SOP_GIP

4.3 Principal component analysis for women, women with
PCOS and men subjects

A principal components analysis has been performed, for women, women with PCOS
and men classes separately.

The studied features in this case are the norm of the features vector. This time, the
vector is not normalized, as it was in the K-means analysis. The following equations
show the feature that is assigned to each clinical variable:

Featuresys = |[sign(my), sign(ms), lmi] + mall|: (4.3)

featuresps = ||[sign(ma), sign(ma), sign(ms), sign(ma), |p1| + [p2]|l;2 (4.4)

11 principal components have been selected, since with this number of components the
explained variance ratio is covered by more than 80% in the each of the three groups.
Figures [4.7] [1.8|and [£.9]show the cumulative explained variance ratio as a function of the
number of principal components. As there figures show, the explained variance increases
as a function of the number of principal components.
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4.4. PCOS DIAGNOSIS WITH CLASSIFIERS
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Figure 4.9: Explained variance ratio number of principal components for PCA analysis
in men class

The variables that are more relevant to each of the 11 principal components for each
class are shown in table [£2

It is observed that these variables are not consistent with those obtained in the K-means
analysis (table. The only variable that coincides Withis SOG__GIP in the women
group, and since it is only one clinical variable, the results are considered to be generally
dissimilar.

This does not mean that the PCA results are not valid. The reason is that a different
features vector is looked at to the one in the previous K-means analysis (not normalized).
Also, the principal components algorithm performs an analysis on the clinical variables
and their features as a whole, and not per individual clinical variable.

Table 4.2: Most relevant variables in each principal component
Group | Clinical variables
SOL_LDL_P_HDL_P, SOG_ Lipocalin, SOL_ Large LDL_ P,
Women | SOG_Small HDL_P, SOP_ GL, SOG_COL, SOP_LDL_TG,
SOG__Chemerin, SOG__GIP, SOP_FGF21, SOP_ sLeptinR
SOG_HDL_Z, SOL_IL1R2, SOP_Medium_ LDL_P,
PCOS | SOP_Large LDL_P, SOG_LDL_Z, SOP_FGF23, SOP_ Pentraxin,
SOL_VLDL_7Z, SOP_TLR4, SOL_Small_LDL_P, SOP_TLR2
SOG_LDL_P_HDL_ P, SOG_TNF_ge, SOP_LDL_C,
Men SOG_ Omentin, SOG_FGF23, SOG_GHRL, SOL_TBARs,
SOP_IL6, SOL_TNFRSF1B, SOP_ Adiponectin, SOL_ LEPR

4.4 PCOS diagnosis with classifiers

A good result for classification among women, women with PCOS and men groups has
been obtained with the Gaussian Naive Bayes classifier. The same features as the ones
in equations [4.3] and [£.4] are input to the classifier.
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The training set consists of 70% of the data, while the rest of the samples make up the
test set. A fixed random state has been taken so that the training set is always the
same.

The accuracy of the Bayes classifier, in this case, is 100%. The code gives out the
following results, where the test set vector is made up of 0 (women class), 1 (women
with PCOS class) and 2 (men class). A new patient is also classified. This new patient
is a very slight variation of a men class sample, and it is observed that the Bayes
classification method likely predicts the class correctly:

Test set results
[t111010211011120]
Classifier performance: 100.00%
New patient results

[2]

4.5 Negative results

In reference to PCOS diagnosis with classifiers, another classifier has been tried, K
nearest neighbors, for the same features that were used in the Gaussian Naive Bayes
one previously (4.3 and , and the same training and test sets.

The obtained performance for this classifier is 53.33%, which is not considered a good
result. Therefore, this classifier cannot be used for PCOS diagnosis, at least when using
the features described in this chapter or the variables from this database. The code
output when using the K nearest neighbors classifier is the following;:

Test set results
[1002002010100 20]
Classifier performance: 53.33J
New patient results

[1]
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Chapter 5

Conclusions

This project has contributed to the study of patterns of behavior in metabolic disorder.
It contributes more than performing an analysis based on the area under the curve, since
there is less information loss. In addition, using machine learning techniques such as
PCA and classification algorithms allows for taking into account all clinical variables at
the same time. The difference between this and a statistical analysis is that the latter
requires more analysis time; each clinical variable and group of subjects has to be looked
at individually.

The technique used in this document has been proved to be a validated knowledge
technique the etiology of metabolic disorders. The results obtained by the K-means
cluster analysis have mostly been contrasted with observations in external works. For
example, SOP_IL6 reactions in women with PCOS have been observed to be higher,
as well as SOP__GLP1 levels have been shown to be lower when compared to control
women and men, just as other research publications state, even if trends for IL-6 and
GLP-1 after protein ingestion have not yet been described. The features used to describe
the patterns of behavior in these time series were also internally validated in this report.
The fact that the Gaussian Naive Bayes classifier gives a 100% accuracy rate is proof
that new patients can be classified based on the chosen features.

Future developments of this project would be validating the chosen features with more
classifiers, in order to obtain a majority of classification algorithms with high accuracy.
Also, the low number of samples (53 patients) in this study posed a clear problem
especially in classification algorithms, where the test set is somewhat small. It would
be convenient to repeat the analysis with more subjects, so that the results are more
reliable, and to potentially obtain more results.

The results obtained in this study can be used in the future to perform more focused
studies, for example, instead of looking at all clinical variables, variables like SOP__IL6
and SOP__ GLP1 among others can be studied more thoroughly, and subjected to new
questions.
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Appendix

Additional results from K-means analysis

Variables with defined pattern in women class
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Figure 5.1: K-means algorithm results and group centroids for SOG__GIP
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Figure 5.5: K-means algorithm results and group centroids for SOP_ Pentraxin
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Figure 5.6: Data as a function of time for all patients, SOP_ Pentraxin
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Figure 5.7: K-means algorithm results and group centroids for SOP_ FGF21
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Figure 5.8: Data as a function of time for all patients, SOP_ FGF21
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Figure 5.10: Data as a function of time for all patients, SOP_ Galectin
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Figure 5.12: Data as a function of time for all patients, SOG_Small_VLDL_P
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Figure 5.15: K-means algorithm results and group centroids for SOG_VLDL_ P
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Figure 5.16: Data as a function of time for all patients, SOG_VLDL_P
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Figure 5.17: K-means algorithm results and group centroids for TBARs
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Figure 5.19: K-means algorithm results and group centroids for TG
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Figure 5.24: Data as a function of time for samples, Pentraxin
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Code

The Python code used for this project are annexed in this section, as well as the output
of the code in the following section.

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import xlwt

from scipy.spatial.distance import seuclidean, mahalanobis

from mpl_toolkits.mplot3d import \
Axes3D # Though Azes3D mot directly being used, it is required for 3D projection to
— work

from sklearn.cluster import KMeans

from sklearn.model_selection import train_test_split

from sklearn.naive_bayes import GaussianNB

from sklearn import metrics

from sklearn.preprocessing import StandardScaler

from sklearn.neighbors import KNeighborsClassifier

from sklearn.decomposition import PCA

S —— Define global variables

# Choose type of group division

groups_type = 'sex
# groups_type = 'macronutrients’

# Number of clusters in the data (independent of the number of groups that there are in
— the database)
num_clusters = 3 # number of classes

# Choose whether you want xls output and plot output
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output_xls = 0
output_plot = 0

# Choose type of distance for centroid analysis

distance = 'euclidean'
max_dist = 0.3

def main():

# - Read zls and convert to dataframe
xls = pd.ExcelFile('../BD tiempos TFM Maria_2.xlsx')

# - Save units of each clinical wvariable to dictionary
x1s3 = pd.ExcelFile('../Unidades_variables.xlsx')

df_units = x1s3.parse(xls3.sheet_names[0])

units_collection = pd.Series(df_units.Unit.values,

index=df _units.Variablel).to_dict() # Convert certain

— columns of dataframe to dictionary

# - Join circulating, gene expression and liposcale databases
# - Join circulating, gene expression and liposcale databases

df_mol = pd.read_excel(xls, 'Moléculas')
df _ge = pd.read_excel(xls, 'Gene expression')
df_lipo = pd.read_excel(xls, 'Liposcale')

df_mol = df_mol.drop('Number', 1)
df_ge = df_ge.drop('Number', 1)

df _lipo = df_lipo.drop('Number', 1)
df_mol = df_mol.drop('Sample', 1)
df_ge = df_ge.drop('Sample', 1)

df _lipo = df_lipo.drop('Sample', 1)
df_mol = df_mol.drop('Obese', 1)
df_ge = df_ge.drop('Obese', 1)

df _lipo = df_lipo.drop('Obese', 1)

df = pd.concat([df_mol, df_ge.iloc[:, 1:], df_lipo.iloc[:, 1:]], axis=1)

# - Reformulate the database if the focus is on macronutrients

if groups_type == 'macronutrients':
# Macronutrient reformulation
df = df_reformulation(df)

# - Divide dataframe into groups
group0, groupl, group2, labelO, labell, label2, = groups_division(df)

# - Select clinical_vars for desired number measurements
clinical_vars = clinical_vars_selection(group0)

7 S — Process groups into dictionaries

group0O_collection = group_processing(clinical_vars, groupO, labelO + '_',

< units_collection)

groupl_collection = group_processing(clinical_vars, groupl, labell + '_',

< units_collection)

group2_collection = group_processing(clinical_vars, group2, label2 + '_',

< units_collection)

# - Find wvariables that define each group

listl_b, list2_b, list3_b = behavior_analysis(groupO_collection, groupl_collection,

— group2_collection, labelO,
labell, label2)
print ('Behavior')
print(listl_b)
print (list2_b)
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print (list3_b)

# Principal components analysts
if groups_type !'= 'macronutrients':

df = features_dataframe(xls)

df0 = df.loc[df['GROUP'] == 0]

df1 = df .loc[df ['GROUP'] == 1]

df2 = df .loc[df['GROUP'] == 2]

pca_analysis(df0, labelO)
pca_analysis(dfl, labell)
pca_analysis(df2, label2)

# - Classify a new patient using 2 different classifiers
if groups_type != 'macronutrients':
x1s2 = pd.ExcelFile('../BD tiempos TFM Maria_2_NUEVO_PACIENTE.xlsx') # database

— with

new patient

bayes_classifier(xls, x1s2) # Results with Bayes classifier
knn_classifier(xls, x1s2) # Results with Knn classifier

# - Additional postprocessing: other plots
plot_all(clinical_vars, groupO, groupl, group2, labelO, labell, label2,
< units_collection)

def groups_division(df):
# o Divide input dataframe into groups

if groups_type == 'sex':

# GROUP 0 is women
# GROUP 1 is PCOS women
# GROUP 2 is men

group0
group0 =

df .loc[df ['GROUP'] == 0]
groupO.iloc[:, 1:] # select only the columns with clinical variables

— information

groupl = df.loc[df['GROUP'] == 1]
groupl = groupl.iloc[:, 1:]
group2 = df.loc[df['GROUP'] == 2]
group2 = group2.iloc[:, 1:]
# Choose labels for plots
label0 = 'Women'
labell = 'PCOS'
label2 = 'Men'

elif groups_type == 'macronutrients':

# GROUP O 2s glucose
# GROUP 1 is lipids
# GROUP 2 ©s proteins

group0 =
group0 =

df .loc[df['GROUP'] == 0]
group0.iloc[:, 1:1 # select only the columns with clinical variables

— 4nformation

groupl =
groupl =

group2 =
group2 =

# Choose
labelO =

df .loc[df ['GROUP'] == 1]
groupl.iloc[:, 1:]

df .loc[df ['GROUP'] == 2]
group2.iloc[:, 1:]

labels for plots
'S0G!'
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def

def

labell 'SOL!
label2 = 'SOP'

return groupO, groupl, group2, labelO, labell, label2

df _reformulation(df):
# - Reformulation of macronutrients dataframe
df_previous = df.iloc[:, 0:1]

df .filter (like='S0G_")

df . filter(
like='SOL_') # SOL part of the dataframe has a bigger shape, different data
— points and more data points in some vartiables

df_p = df.filter(like='SO0P_")

df _g
df_1

# Delete some columns for SOL part (5pts reduced to 3pts in some variables to be
— able to analyze the 3 macronutrients together)
df_1 = df_1.drop('SOL_COL_60', 1)

df_1 = df_1.drop('SOL_COL_180', 1)

df_1 = df_1.drop('SOL_HDL_60', 1)

df_1 = df_1.drop('SOL_HDL_180', 1)

df_1 = df_1.drop('SOL_LDL_60', 1)

df_1 = df_1.drop('SOL_LDL_180', 1)

df_1 = df_1.drop('SOL_TG_60', 1)

df_1 = df_1.drop('SOL_TG_180', 1)

df _1 = df_1.div(2)

df _g.columns = df_g.columns.str.replace('S0G_"', '')

df_1.columns = df_1.columns.str.replace('SOL_', '')
df_1.columns = df_1.columns.str.replace('_60', '_30')
df_1.columns = df_l.columns.str.replace('_120', '_60')
df _1.columns = df_1.columns.str.replace('_180', '_90')
df_1.columns = df_l.columns.str.replace('_240', '_120")

df _p.columns = df_p.columns.str.replace('SOP_', '')

df_g = pd.concat([df_previous, df_g], axis=1) # Concatenate two dataframes
— horizontally

df_1 = pd.concat([df_previous, df_1], axis=1)

df_p = pd.concat([df_previous, df_p], axis=1)

df_g['GROUP']
df _1['GROUP']
df_p['GROUP']

]
N = O

df = pd.concat([df_g, df_1, df_p]l, axis=0)

return df

clinical_vars_selection(df):

# - Select clinical variables from dataframe

header = df.columns.values.tolist() # get dataframe header as list
clinical_vars = df.columns.values.tolist() # get dataframe header as list

for i in range(len(clinical_vars)):
# eliminar minutos del titulo

clinical_vars[i] = clinical_vars[i] .replace('240', '')
clinical_vars[i] = clinical_vars[i].replace('180', '')
clinical_vars[i] = clinical_vars[i] .replace('120', '')
clinical_vars[i] = clinical_vars[i] .replace('90', '')
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203 clinical_vars[i] = clinical_vars[i].replace('60', '')

204 clinical_vars[i] = clinical_vars[i].replace('30', ''")
205 clinical_vars[i] = clinical_vars[i] .replace('_0', '_')
206 clinical_vars[i] = clinical_vars[i].replace('.1',
207 "') # .1 occurrence with Omentin
— (not visible in original zlsz)
208 aux_str = clinical_vars[i]
209 clinical_vars[i] = aux_str[:-1] # remove last character from string (it's an
— underscore)
210
211 header = clinical_vars.copy() # since 4f we copy a list, we don't actually have two
— lists but the same reference
212 clinical_vars = set(clinical_vars) # unique values from list, by converting list to
— set. Not ordered alphabetically
213 clinical_vars = list(clinical_vars) # convert the set back to a list.
214 clinical_vars = sorted(clinical_vars) # sort list alphabetically
215
216 clinical_vars_3 = [] # initialize empty list
217 clinical_vars_5 = []
218
219 for i in range(len(clinical_vars)):
220 n=20
221 for s in header:
222 if clinical_vars[i] == s:
223 n +=1
224 if n ==
225 clinical_vars_3.append(clinical_vars[i])
226 elif n ==
227 clinical_vars_5.append(clinical_vars[i])
228
229 if output_xls ==
230 wb = xlwt.Workbook()
231 ws = wb.add_sheet('Sheet 1')
232 for i in range(len(clinical_vars_3)):
233 ws.write(i, O, clinical_vars_3[i])
234 wb.save('./' + groups_type + '/xls/' + '3pts.xls')
235
236 wb = xlwt.Workbook()
237 ws = wb.add_sheet('Sheet 1')
238 for i in range(len(clinical_vars_5)):
239 ws.write(i, O, clinical_vars_5[i])
240 wb.save('./' + groups_type + '/xls/' + 'bpts.xls')
241
242 clinical_vars = clinical_vars_3 + clinical_vars_5
243
244 return clinical_vars
245
246
247 def group_processing(clinical_vars, df, title, units_collection):
248 # - Convert dataframe into dictionary
249 df = df.replace(r'#;NULO!', np.nan) # Treat lost walues with NalN (which is type
— float)
250
251 df = df.apply(pd.to_numeric) # convert dataframe to numeric (because some numbers
— are imported as strings)
252
253 dataframe_collection = {} # initialize a dictionary of dataframes. Necessary
— because depending on NalN wvalues,
254 # not all dataframes will have the same number of rows for all clinical_wvars.
255
256 for i in range(len(clinical_vars)):
257
258 df0 = df .filter(regex='""' + clinical_vars[
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def

i] + '_' + '\d') # reg ez starting with clinical_vars[i] and ending with an

— integer
df0 = df0.dropna()
time = get_time(df0, clinical_vars[i]) # time (mins)
dataframe_collection[clinical_vars[i]l] = df0 # dictionary
data_array = df0.values # df0 is converted to a numpy array

# Plots
if output_plot ==
m, n = data_array.shape
fig = plt.figure()
for j in range(0, m):
plt.plot(time, data_array[j, :nl, 'o--')
plt.xlabel('time [min]')
auxl = clinical_vars[i]

if groups_type == 'sex':
plt.ylabel(clinical_vars[i] + ' ' + '[' + units_collection[aux1[4:]] +
ST

elif groups_type == 'macronutrients':
plt.ylabel(clinical_vars[i] + ' ' + '[' + units_collection[auxl] + ']"')

plt.grid(axis='both')
plt.title(title)
plt.savefig(

'./' + groups_type + '/plots/' + 'data/' + title + clinical_vars[i] +

— '.eps', format='eps')
plt.savefig(

'./' + groups_type + '/plots/' + 'data/' + title + clinical_vars[i] +

< '.png', format='png')
plt.close()

return dataframe_collection
plot_all(clinical_vars, groupO, groupl, group2, labelO, labell, label2,

units_collection):
# - Convert dataframe into dictionary

group0 = groupO.replace(r'#;NULO!', np.nan) # Treat lost values with Nall (which is

— type float)

group0 = group0.apply(pd.to_numeric) # convert dataframe to numeric (because some

< numbers are timported as strings)

groupl = groupl.replace(r'#;NULO!', np.nan) # Treat lost values with Nall (which %s

— type float)

groupl = groupl.apply(pd.to_numeric) # convert dataframe to numeric (because some

— numbers are imported as strings)

group2 = group2.replace(r'#;NULO!', np.nan) # Treat lost wvalues with Nal (which s

— type float)

group2 = group2.apply(pd.to_numeric) # convert dataframe to numeric (because some

< numbers are tmported as strings)
for i in range(len(clinical_vars)):

df0 = groupO.filter(regex='""' + clinical_vars[

i] + '_' + '\d') # reg ex starting with clinical_vars[i] and ending with an

— integer
df0 = df0.dropna()
time = get_time(df0, clinical_vars[i]) # time (mins)
data_array_0 = dfO.values # df0 is converted to a numpy array
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df1 = groupl.filter(regex='""' + clinical_vars[
i] + '_' + '\d') # reg ex starting with clinical_vars[i] and ending with an
— integer

df1 = df1l.dropna()

data_array_1 = dfl.values

df2 = group2.filter(regex='""' + clinical_vars[
i] + '_' + '\d') # reg ex starting with clinical_vars[i] and ending with an
— integer

df2 = df2.dropna()

data_array_2 = df2.values

# Plot all groups in same graph
if output_plot ==
fig = plt.figure()
m0, n = data_array_0.shape
for j in range(0, m0):
if § ==
plt.plot(time, data_array_O[j, :n], 'bo--', label=labelO)
else:
plt.plot(time, data_array_O[j, :nl, 'bo--')
ml, n = data_array_1.shape
for j in range(0, ml):
if § ==
plt.plot(time, data_array_1[j, :n], 'ro--', label=labell)
else:
plt.plot(time, data_array_1[j, :nl, 'ro--')
m2, n = data_array_2.shape
for j in range(0, m2):
if § ==
plt.plot(time, data_array_2[j, :nl, 'ko--', label=label2)
else:
plt.plot(time, data_array_2[j, :nl, 'ko--')
plt.xlabel('time [min]')
auxl = clinical_vars[i]

if groups_type == 'sex':
plt.ylabel(clinical_vars[i] + ' ' + '[' + units_collection[aux1[4:]] +
- 1"

elif groups_type == 'macronutrients':
plt.ylabel(clinical_vars[i] + ' ' + '[' + units_collection[aux1] + ']")

plt.grid(axis="both')

plt.legend()

plt.savefig(
'./' + groups_type + '/plots/' + 'data/' + 'All_' + clinical_vars[i] +
< '.eps', format='eps')

plt.savefig(
'./' + groups_type + '/plots/' + 'data/' + 'All_' + clinical_vars[i] +
— '.png', format='png')

plt.close()

def get_time(df0, key):
# Get time (mins) from column header of dataframe
df1_header = df0.columns.values.tolist() # get dataframe header as list
time = np.zeros([len(dfi_header)]) # initialize
for j in range(len(dfl_header)):
aux_str = dfl_header[j]
aux_str = aux_str[len(key + '_'):]
time[j] = int(aux_str) # Convert string to integer

return time

58



APPENDIX

368

369 def preliminary_analysis(groupO_collection, groupl_collection, group2_collection):
370 # - Analysis of groups exactly as they are in database (known outputs)
371 listl = []

372 list2 = []

373 list3 = []

374

375 for key in groupO_collection.keys():

376

377 df0 = groupO_collection[key]

378 df1 = groupl_collection[key]

379 df2 = group2_collection[key]

380 time = get_time(df0, key) # time (mins)

381

382 data_group0O = trend_features(df0, time)

383 data_groupl = trend_features(dfl, time)

384 data_group2 = trend_features(df2, time)

385

386 kmeans = KMeans(n_clusters=1)

387 kmeans.fit(data_group0)

388 centers_orig = kmeans.cluster_centers_

389

390 kmeans = KMeans(n_clusters=1)

391 kmeans.fit(data_groupl)

392 centers_orig = np.vstack([centers_orig, kmeans.cluster_centers_])
393

394 kmeans = KMeans(n_clusters=1)

395 kmeans.fit(data_group2)

396 centers_orig = np.vstack([centers_orig, kmeans.cluster_centers_])
397

398 u0 = centers_origl[0, :].T

399 ul = centers_orig[l, :].T

400 u2 = centers_orig[2, :].T

401

402 # Preliminary analysis for specific behavior of women
403

404 dl = np.linalg.norm(ul - u2)

405 kmeans = KMeans(n_clusters=1)

406 kmeans.fit(np.vstack([ul, u2]))

407 center_ulu2 = kmeans.cluster_centers_

408 d2 = np.linalg.norm(center_ulu2 - u0)

409 if d2 > (5 * di):

410 listl.append(key)

411

412 # Preliminary analysis for specific behavior of PCOS women
413

414 dl = np.linalg.norm(u0 - u2)

415 kmeans = KMeans(n_clusters=1)

416 kmeans.fit(np.vstack([u0, u2]))

417 center_uOu2 = kmeans.cluster_centers_

418 d2 = np.linalg.norm(center_uOu2 - ul)

419 if d2 > (6 * di):

420 list2.append(key)

421

422 # Preliminary analysis for spectific behavior of men
423

424 dl = np.linalg.norm(u0 - ul)

425 kmeans = KMeans(n_clusters=1)

426 kmeans.fit (np.vstack([u0, ull))

427 center_ulOul = kmeans.cluster_centers_

428 d2 = np.linalg.norm(center_uOul - u2)

429 if d2 > (5 * di):

430 list3.append(key)
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def behavior_analysis(groupO_collection, groupl_collection, group2_collection, labelO,

—

return listl, list2, list3

labell, label2):

# - Get wvariables that define each group based on their original centroids
— and K-means centroids

listl = []

list2 = []

list3 = []

for key in groupO_collection.keys():

df0 = groupO_collection[key]
df1 = groupl_collection[key]
df2 = group2_collection[key]
time = get_time(df0, key) # time (mins)

data_group0 = trend_features(df0, time)
data_groupl = trend_features(dfl, time)
data_group2 = trend_features(df2, time)

kmeans = KMeans(n_clusters=1)
kmeans.fit(data_group0)
centers_orig = kmeans.cluster_centers_

kmeans = KMeans(n_clusters=1)
kmeans.fit(data_groupl)
centers_orig = np.vstack([centers_orig, kmeans.cluster_centers_])

kmeans = KMeans(n_clusters=1)
kmeans.fit(data_group2)
centers_orig = np.vstack([centers_orig, kmeans.cluster_centers_])

u0 = centers_orig[o0,
ul = centers_origl1,
u2 = centers_origl[2,

_
H o

# Determine k-means centroids

X = np.concatenate((data_groupO, data_groupl, data_group2))

centers, y_kmeans = kmeans_clustering(X)

# Behavior analysis comparing original centroids with k-means centroids
dist_group0 = np.zeros([num_clusters])

dist_groupl = np.zeros([num_clusters])
dist_group2 = np.zeros([num_clusters])

for i in np.arange(0, num_clusters):
v = centers[i, :]

if distance == 'euclidean':
# Euclidean distance
dist_group0[i] = np.linalg.norm(u0 - v)
dist_groupl[i] = np.linalg.norm(ul - v)
dist_group2[i] = np.linalg.norm(u2 - v)
elif distance == 'seuclidean':
# Normalized Euclidean distance
Ul = np.vstack((u0, v))

60



492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515

516
517

518
519

520
521
522
523
524

525
526
527
528

529

530
531

532
533

534
535

536
537
538
539
540
541
542
543
544

APPENDIX

var_Ul = np.var(U1.T, axis=1)

U2 = np.vstack((ul, v))
var_U2 = np.var(U2.T, axis=1)

dist_groupl[i] = seuclidean(ul, v, var_U2)

U3 = np.vstack((u2, v))
var_U3 = np.var(U3.T, axis=1)

dist_group2[i] = seuclidean(u2, v, var_U3)

elif distance == 'mahalanobis':

# singular matriz problems—-—-> do not use

Ul = np.vstack((u0, v))
cov_uvl = np.cov(U1.T)
icov_uvl = np.linalg.inv(cov_uvl)

# component wariances
dist_group0[i] = seuclidean(u0, v, var_Ul)

dist_groupO[i] = mahalanobis(u0, v, icov_uvl)

U2 = np.vstack((ul, v))
cov_uv2 = np.cov(U2.T)
icov_uv2 = np.linalg.inv(cov_uv2)

dist_groupl[i] = mahalanobis(ul, v, icov_uv2)

U3 = np.vstack((u2, v))
cov_uv3 = np.cov(U3.T)
icov_uv3 = np.linalg.inv(cov_uv3)

dist_group2[i] = mahalanobis(u2, v, icov_uv3)

if dist_groupO[i] <= max_dist and dist_groupl[i] > max_dist and

— dist_group2[i] > max_dist:
listl.append(key)

elif dist_groupO[i] > max_dist and dist_groupl[i] <= max_dist and

— dist_group2[i] > max_dist:
list2.append(key)

elif dist_groupO[i] > max_dist and dist_groupl[i] > max_dist and

— dist_group2[i] <= max_dist:
list3.append(key)

# Plot clusters and centrotids

if output_plot == 1 and np.shape(centers) [1] == 3:

—

points clusters are 6D
fig = plt.figure()
ax = fig.add_subplot(111l, projection='3d')

# only plot with 3 points, &5

ax.scatter(X[:, 0], X[:, 11, X[:, 2], c=y_kmeans, s=25, cmap='viridis',

< label='K-means clusters')

ax.scatter(centers[:, 0], centers[:, 1], centers[:, 2], c='black',6 s=100,

— alpha=0.5,
label='K-means centroids')

ax.scatter(centers_orig[0, 0], centers_orig[0, 1], centers_orig[0, 2],

— c¢='blue', s=100, alpha=0.5,
label=label0 + ' centroid')

ax.scatter(centers_orig[1l, 0], centers_orig[l, 1], centers_orig[i, 2],

— c¢='red', s=100, alpha=0.5,
label=labell + ' centroid')

ax.scatter(centers_orig[2, 0], centers_orig[2, 1], centers_orig[2, 2],

— c='green', s=100, alpha=0.5,
label=label2 + ' centroid')

ax.set_xlabel('sign(ml)"')
ax.set_ylabel('sign(m2)')
ax.set_zlabel('abs(ml)+abs(m2)"')

plt.title(key)
plt.legend()
plt.grid(axis="'both')
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def

def

plt

—

.savefig('./' + groups_type + '/plots/' + 'clustering/' + key + '.eps',

plt.

—

plt.
plt.
plt.

format="'eps')

savefig('./' + groups_type + '/plots/' + 'clustering/' + key + '.png',
format="'png')

cla()

clf ()

close()

return set(listl), set(list2), set(list3)

kmeans_clustering(x):

# - Perform K-means clustering for n_clusters on data series
kmeans = KMeans(n_clusters=num_clusters)

kmeans.fit (x)

y_kmeans = kmeans.predict(x)

centers = kmeans.cluster_centers_

return centers, y_kmeans

trend_features(df, time):
# o Get features for each time series
if len(time) ==

data_df = df.values # df <s converted to a numpy array

m, n = data_df.shape
trend_data = np.zeros(
[m, 31) # 3 wvariables are added to the measurements of each patient

for j in range(0, m):

ml
m2

(data_df[j, 1] - data_df[j, 0]) / (time[1] - time[0])
(data_df[j, 2] - data_df[j, 11) / (time[2] - time[1])

trend_datalj, 0] = np.sign(ml)

trend_datalj, 1]
trend_datalj, 2]

# Normalize results vector.

—

norm
if data_df[j, 0] == data_df[j, 1] and data_df[j, 0] == data_df[j, 2]:

np.sign(m2)
abs(ml) + abs(m2)

reaction, i1f 1s written
= np.linalg.norm(trend_datalj, :]1)

trend_datalj, :] = [0, 0, 0]

else:

trend_datalj, :] = np.divide(trend_datalj, :], norm)

elif len(time) ==

data_df

= np.logl0(df.values) # df is converted to a numpy array

m, n = data_df.shape
trend_data = np.zeros(

[m,
6]

)

# 6 variables are added to the measurements of each patient

for j in range(0, m):

ml
m2
m3
mé

(data_df[j, 1] - data_df([j, 0]) / (time[1] - time[0])
(data_df[j, 2] - data_df[j, 11) / (time[2] - time[1])
(data_df[j, 3] - data_df[j, 2]1) / (time[3] - time[2])
(data_df[j, 4] - data_df[j, 3]1) / (time[4] - time[3])

Warning: there are some cases where there is mno
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def

trend_datalj, 0] = np.sign(ml)
if data_df[j, 1] == data_df[j, 0]:
trend_datalj, 0] = 0

trend_datalj, 1] = np.sign(m2)
if data_df[j, 2] == data_df[j, 1]:
trend_datalj, 1] = 0

trend_datalj, 2] = np.sign(m3)
if data_df[j, 3] == data_df[j, 2]:
trend_datalj, 2] = 0

trend_datalj, 3] = np.sign(m4)
if data_df[j, 4] == data_df[j, 31:
trend_datalj, 3] = 0

p = np.polyfit(time, data_df[j, O:nl, 3) # polyfit 3rd degree. Highest
— power first
trend_datalj, 4]
trend_datalj, 5]

abs(pl[1]) # quadratic coefficient
abs(p[2]) # linear coefficient

# Normalize results wvector
norm = np.linalg.norm(trend_datalj, :1)
trend_datalj, :] = np.divide(trend_datalj, :], norm)

return trend_data

pca_analysis(df, labelO):

# - Praincipal components analysis

df .columns = df.columns.str.replace('_norm', '')
X df .drop('GROUP', 1)

y = df ['GROUP']

names = list(X.columns.values)

# Scale the data so that each feature has unit wvariance
sc = StandardScaler()
X_scaled = sc.fit_transform(X)

# PCA transform and select number of components that ezplain most of the wvariance
— (>80 of the wariance)

pca = PCA(n_components=11) # cant be higher than 47 (number of patients)
pca.fit(X_scaled)

X_pca = pca.transform(X_scaled) # features size is now n_components

listl = []

list2 = []

for i in np.arange(0, 11):
components = pca.components_
index_max = np.argmax(abs(components[i, :]))
listl.append(names[index_max])
list2.append(components[i, index_max])

print('Result from PCA analysis')
print (list1)

if output_plot ==
# Plot exzplained wvariance
pca = PCA(n_components=13) # cant be higher than 47 (number of patients)
pca.fit(X_scaled)
plt.figure()
plt.plot(np.cumsum(pca.explained_variance_ratio_), 'k--o0')
plt.xlabel ('Number of Components')
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def

def

plt.ylabel('Explained variance ratio') # for each component
plt.title(label0)
plt.grid()
plt.savefig(

'./' + groups_type + '/plots/' + 'pcas/' + labelO + '.eps', format='eps')
plt.savefig(

'./' + groups_type + '/plots/' + 'pcas/' + labelO + '.png', format='png')

bayes_classifier(xls, x1s2):

# - Train and test a Gaussian Naive Bayes classifier with our data for sex
— groups

df = features_dataframe(xls)

# Perform classtfication

# Split dataset in training and test datasets
X_train, X_test = train_test_split(df, test_size=0.3, random_state=0) # 70/
— training and 307 test

# Instantiate the classifier
gnb = GaussianNB()

# Train classtifier
gnbl = gnb.fit(X_train.values, X_train['GROUP']) # Train the classifier with all
— clinical variables

# Predict the response for test dataset
y_test = X_test['GROUP'].values
y_pred = gnbl.predict(X_test)

# See how many results are right in percentage
accuracy = metrics.accuracy_score(y_test, y_pred) * 100

print('Test set results')
print (y_pred)
print('Classifier performance: {:05.2f}),'.format(accuracy))

X_new = features_dataframe(xls2)

print('New patient results')
y = gnbl.predict(X_new)

print (y)

knn_classifier(xls, x1s2):

# - Train and test a K nearest neighbors classifier with our data for sex
— groups

df = features_dataframe(xls)

# Perform classification

# Split dataset in training and test datasets

X = df.iloc[:, 1:].values

y = df['GROUP']

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3,
random_state=0) # 70/ training
< and 30) test

# Scale the wvariables

scaler = StandardScaler()
scaler.fit(X_train)
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724 X_train = scaler.transform(X_train)

725 X_test = scaler.transform(X_test)

726

727 # Instantiate the classifier

728 knnil = KNeighborsClassifier(n_neighbors=5)

729

730 # Train classifier

731 knnl.fit(X_train, y_train)

732

733 # Predict the response for test dataset

734 y_pred = knnl.predict(X_test)

735

736 # See how many results are right in percentage

737 accuracy = metrics.accuracy_score(y_test, y_pred) * 100

738

739 print('Test set results')

740 print (y_pred)

741 print('Classifier performance: {:05.2f}),'.format(accuracy))

742

743 df2 = features_dataframe(x1s2)

744

745 # Scale the wariables

746 X_new = scaler.transform(df2.values[:, 1:])

747

748 print('New patient results')

749 y = knnl.predict (X_new)

750

751 print (y)

752

753

754 def trend_features_2(df, time):

755 # - Get features for each time series

756 if len(time) ==

757

758 data_df = df.values # df 7s converted to a numpy array

759

760 m, n = data_df.shape

761 trend_data = np.zeros(

762 [m, 11) # 1 wvariable is added to the measurements of each patient

763

764 for j in range(0, m):

765 ml = (data_df[j, 1] - data_df[j, 0]) / (time[1] - time[0])

766 m2 = (data_df[j, 2] - data_df[j, 1]1) / (time[2] - time[1])

767

768 trend_datalj, 0] = np.linalg.norm(

769 np.array([np.sign(m1), np.sign(m2), abs(ml) + abs(m2)1)) # norm of the
— features wvector

770

771 elif len(time) ==

772 data_df = np.loglO(df.values) # df is converted to a numpy array

773

774 m, n = data_df.shape

775 trend_data = np.zeros(

776 [m,

777 11) # 1 wvariable is added to the measurements of each patient

778

779 for j in range(0, m):

780 ml = (data_df[j, 1] - data_df[j, 0]1) / (time[1] - time[0])

781 m2 = (data_df[j, 2] - data_df[j, 1]) / (time[2] - time[1])

782 m3 = (data_df[j, 3] - data_df[j, 2]) / (time[3] - time[2])

783 md = (data_df[j, 4] - data_df[j, 3]) / (time[4] - time[3])

784
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def

p = np.polyfit(time, data_df[j, O:nl, 3) # polyfit 3rd degree. Highest
— power first

trend_datalj, 0] = np.linalg.norm(
np.array([np.sign(m1), np.sign(m2), np.sign(m3), np.sign(md),
abs(pl[1]) + abs(pl[2]1)]1)) # norm of the features wvector

return trend_data

features_dataframe(xls):

# - Get features for each clinical variable as a dataframe
df_mol = pd.read_excel(xls, 'Moléculas')

df _ge = pd.read_excel(xls, 'Gene expression')

df_lipo = pd.read_excel(xls, 'Liposcale')

df _mol = df_mol.drop('Number', 1)
df_ge = df_ge.drop('Number', 1)
df_lipo = df_lipo.drop('Number', 1)
df_mol = df_mol.drop('Sample', 1)
df_ge = df_ge.drop('Sample', 1)

df _lipo = df_lipo.drop('Sample', 1)
df_mol = df_mol.drop('Obese', 1)
df_ge = df_ge.drop('Obese', 1)

df _lipo = df_lipo.drop('Obese', 1)

df

pd.concat([df_mol, df_ge.iloc[:, 1:], df_lipo.iloc[:, 1:1], axis=1)

df = df.replace(r'#;NULO!', np.nan) # Treat lost values with Nal (which is type
— float)

df = df.apply(pd.to_numeric) # Convert dataframe to numeric (because some numbers
— are imported as strings)

df _group = df ['GROUP']
df_previous = df_group

# Clintcal vartables list
clinical_vars = clinical_vars_selection(df)

for i in range(len(clinical_vars)):
df0 = df .filter(regex='""' + clinical_vars[
il + '_' + '\d') # reg ex starting with clinical_vars[i] and ending with an
— integer

df0 = df0.dropna()

time = get_time(df0, clinical_vars[i]) # time (mins)
features = trend_features_2(df0, time)

# Dataframe of features for each clinical variable
if len(time) ==

df _caract = pd.DataFrame(data=features,

columns=[clinical_vars[i] + '_norm'])
df_previous = pd.concat([df_previous, df_caract], axis=1)
df_final = df_previous

elif len(time) ==

df_caract = pd.DataFrame(data=features,

66



844
845
846
847
848
849
850
851
852
853
854
855

[ A

N

10

11
12
13
14
15
16
17
18
19
20

APPENDIX

columns=[clinical_vars[i] + '_norm'])
df _previous = pd.concat([df_previous, df_caract], axis=1)

# Perform a dropna because not all patients have all measurements

df _final = df_previous
df_final = df_final.dropna()

return df_final

Code output

Behavior

{'SOP_Pentraxin', 'SOP_GIP', 'SOL_IDL_TG', 'SOG_GIP'}

{'SOP_IL6', 'SOP_GLP1'}

{'S0G_Small_VLDL_P', 'SOP_Galectin', 'SOG_VLDL_P', 'SOP_FGF21'

Result from PCA analysis

['SOL_LDL_P_HDL_P', 'S0G_Lipocalin', 'SOL_Large_ LDL_P',

— 'S0G_COL', 'SOP_LDL_TG', 'SOG_Chemerin',
Result from PCA analysis

['SOG_HDL_Z', 'SOL_IL1iR2', 'SOP_Medium_LDL_P',

, 'SOL_IL6'}

'S0G_Small_HDL_P',

'SOP_GL',

'SOG_GIP', 'SOP_FGF21', 'SOP_sLeptinR']

'SOP_Large_LDL_P',

'SOG_LDL_Z"',

< 'SOP_FGF23', 'SOP_Pentraxin', 'SOL_VLDL_Z', 'SOP_TLR4', 'SOL_Small_LDL P',

< 'SOP_TLR2']
Result from PCA analysis

['SOG_LDL_P_HDL_P', 'SOG_TNF_ge', 'SOP_LDL_C', 'SOG_Omentin',

— 'SOL_TBARs', 'SOP_IL6', 'SOL_TNFRSF1B',
Test set results
[111010211011120]

Classifier performance: 100.00%

New patient results

[2]

Test set results
[100200201010020]

Classifier performance: 53.33

New patient results

(1]

'SOP_Adiponectin',

'SO0G_FGF23',
'SOL_LEPR']

'SOG_GHRL',
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