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The Determination of Distinctive Single
Nucleotide Polymorphism Sets for the
Diagnosis of Behcget's Disease

Yunus Emre Isik', Yasin Gérmez', Zafer Aydin?, and Burcu Bakir-Gungor?

Abstract— Behget's Disease (BD) is a multi-system inflammatory disorder in which the etiology remains unclear. The most
probable hypothesis is that genetic tendency and environmental factors play roles in the development of BD. In order to find the
essential reasons, genetic changes on thousands of genes should be analyzed. Besides, there is a need for extra analysis to
find out which genetic factor affects the disease. Machine learning approaches have high potential for extracting the knowledge
from genomics and selecting the representative Single Nucleotide Polymorphisms (SNPs) as the most effective features for the
clinical diagnosis process. In this study, we have attempted to identify representative SNPs using feature selection methods,
incorporating biological information and aimed to develop a machine-learning model for diagnosing Behget's disease. By
combining biological information and machine learning classifiers, up to 99.64% accuracy of disease prediction is achieved
using only 13,611 out of 311,459 SNPs. In addition, we revealed the SNPs that are most distinctive by performing repeated

feature selection in cross-validation experiments.

Index Terms—Behget’s disease (BD), feature selection, machine learning, disease prediction, most informative SNPs

1 INTRODUCTION

Behget's disease (BD), which is characterized by recur-
rent attacks, is one of the multi-system inflammatory
diseases. BD is first described by Hulusi Behget in 1937. It
usually arises at ages between twenty to forty, and is
rarely seen above the age of 50. Even though this disease
appears worldwide, it is more prevalent throughout an-
cient Silk road, spanning from East Asia to the Middle
East and the Mediterranean. Turkey has the highest prev-
alence rate of BD in the world with 420 cases per 100,000
persons. The prevalence rates of BD in Iran, Saudi Arabia,
Iraq, Italy, Israel, China, Japan, and Egypt follow Turkey,
respectively [1].

Due to the wide-range of symptoms, the confirmation
of diagnosis can be difficult for BD. There is no gold-
standard test to diagnose BD. Several tests such as blood
and urine, skin biopsy, and pathergy may be neccessary
to make a final decision. For these reasons, it is one of the
diseases that are difficult to diagnose [2].

The symptoms of BD might vary from person to per-
son, however, mouth, skin, genitals and eyes are com-
monly influenced by BD. It is reported that joints, tongue,
vascular system, digestive system, and the brain can also
be affected [3]. Like other auto-immune and auto inflam-
matory syndromes, the exact etiology of BD remains to be
elucidated. However, the most probable hypothesis is
that the viral and bacterial inflammatory reactions trig-
gered by environmental effects and the genetic tendency
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plays important roles in the development of BD [4]. The
most common genetic variations that may lead to disease
are Single Nucleotide Polymorphisms (SNPs), which are
single base-pair or nucleotide changes that occur almost
once in every 1,000 nucleotides on average throughout
the DNA sequence [5]. A SNP may not be harmful, but if
it is located at the regulatory or coding region of a gene,
they can change mRNA transcription stability and the
type of amino acid during translation. Therefore, such
genetic variations ultimately may change the function of
the synthesized protein and can potentially cause disease.

Thanks to the technological developments in the field
of genetics, researchers can perform case-control studies
with manageable costs. Genome-wide association studies
(GWAYS) is a frequently used, powerful and efficient ap-
proach to reveal common genetic risk factors of diseases
through measuring and comparing the frequencies of
DNA sequence variations (SNPs) within the cases vs.
controls. Using the information on genetic variations and
risk factors, post analysis of GWAS enables the diagnosis
of diseases and prediction of disease risk [6].

Several genome wide association studies on BD show
that the SNPs located on HLA-B51 and HLA-B genes
have the strongest association with BD [7]. Besides, recent
GWA studies confirmed that STAT4, IL10, IL23R [8],
CCL2 [9], NAALADL2, YIPF7 [10] genes include signifi-
cant susceptibility factors for BD. Such post GWAS analy-
sis methods help to integrate individual's genetic profiles
into the models to predict the disease status in a robust
manner [11].

In order to find the essential reasons of complex dis-
eases such as BD where both genetic and environmental
factors play a role and predict the disease state the genetic
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changes on thousands of genes should be collectively
analyzed. Machine-learning models can be useful in that
respect allowing the automation of the diagnosis process.
Recent developments in artificial intelligence and ma-
chine learning enable the implementation of computa-
tional models which use related inputs (SNPs) and out-
puts (phenotypes, affected or healthy) for an effective
disease detection [12]. These machine learning models
aim to maximize the prediction power at the level of in-
dividuals and try to provide individualized disease risk
predictions based on genetic profiles of individuals [13].
Machine learning models can also help finding the most
important genes that contribute to disease state. This can
be achieved using feature selection algorithms, which
search the space of features using combinatorial optimiza-
tion algorithms to find the best feature subset.

Several studies are conducted on the disease detection
using machine-learning models. Manor and Segal pro-
posed a bootstrapping approach called BootRank with
majority voting, which re-samples the data multiple times
to improve the diagnosis of Type 1 Diabates. They tested
this method on WTCCC dataset and obtained 0.90 AUC
score by outperforming logistic regression (LR), support
vector machines (SVM) and Random Forest (RF) [14].
Maciukiewicz et al. proposed an SVM model to predict
response and remission to anti-depressant drugs pre-
scribed for major depressive disorder (MDD) and fore-
casted treatment response with 52% accuracy by using
SNPs obtained by GWAS analysis [15]. Recio and Forni
compared Bayesian regression, boosting, RF to analyze
discrete traits in a genome-wide prediction study on sim-
ulated animal SNPs dataset. In their study, RF gave the
best performance of 0.67 AUROC score [16].

In these related studies, all of the SNPs that are geno-
typed in GWAS are used. However, it is known that only
a subset of SNPs have an effect on the complex disease
traits. Besides that, as the number of SNPs get high, the
problem becomes computationally impractical. One ap-
proach to overcome these drawbacks is to find the most
relevant SNPs using statistical and biological methods.
Anekboon et. al. proposed an approach which utilize
genetic algorithm to select a subset of relevant SNPs and
BoostMode-SVM to improve their prediction accuracy.
They tested their approach on Thalassemia and Crohn’s
disease, in which the numbers of SNPs are decreased
from 853 to 6 and from 103 to 8 respectively. Then Boost-
ed-SVM, Cart and Optimized Random Forest (ORF) algo-
rithms were applied on the reduced data. Results shows
that the proposed approach outperformed other methods
with 71.57% accuracy for Thalassemia and 71.06% accura-
cy for Crohn’s disease [17]. Wei et al. performed risk pre-
diction for Crohn's Disease (CD) and Ulcerative Colitis
(UC), which are subcategories of inflammatory bowel
disease by using 17,379 CD cases, 13,453 UC cases and
22,442 healthy controls. GWAS analysis is performed and
SNPs are filtered using p-values < 107*. Finally penal-
ized logistic regression (LR with L1 norm regularization)
is applied over SNPs. Results show that the LR model
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achieved 0.86 and 0.83 AUC scores for CD and UC, re-
spectively [18]. Similarly, Kooperberg et al. compared
linear regression, Lasso and Elastic Net methods on
Crohn’s disease and point out that Lasso resulted in best
AUC score of 0.637 [19]. Lopez et al. built a decision-
support system for type 2 diabetes risk prediction using
SNPs and clinical information of patients. The number of
SNPs is decreased to 96 using k-nearest neighbor (k-NN)
as the classifier in a wrapper method for feature selection.
Then Random Forest, Logistic Regression and SVM are
employed on 3 different type of datasets: raw data, clini-
cal data and feature selected data. As a result, RF yielded
a 0.89 AUC score and is selected as the best classifier [20].
Montanez et al. applied different machine learning ap-
proaches to predict obesity using SNPs and clinic infor-
mation of participant samples as features. They also de-
creased the number of SNPs to 13 using feature selection
methods. Then various machine learning approaches are
employed on the dataset and SVM obtained the best AUC
score of 0.905 [21]. Shigemizu et al. investigated the effect
of genetic and clinical factors to build a risk prediction
model for type 2 diabetes for Japanese individuals. The
most significant SNPs are detected using Cochran-
Armitage trend test, asymptotic Bayes factor (ABF), and
sure independence screening methods. Then ridge regres-
sion, elastic net, and lasso models were tested by adding
clinical factors and 1-by-1 top-ranked SNPs. The best
results were obtained with a 0.8057 AUC using the Lasso
method, which included the top-9 SNPs and clinical fac-
tors as features [22].

All these studies show that using patient’s SNP infor-
mation to predict and diagnose disease risk can play a
significant role in precision medicine or to develop a di-
agnostic tool. However, to the best of our knowledge
there is no study that develops a decision system for au-
tomatic diagnosis of BD using SNP information as inputs
and machine learning methods as the classifiers. In this
study, we have attempted to identify representative SNP
subset and to develop a decision support model for de-
tecting Behget's disease. To obtain the most useful genetic
identifiers, we determined distinctive SNPs using feature
selection methods. Then, we employed these features
(SNPs) as input variables in machine learning models,
which are trained for deciding whether the samples are
healthy or unhealthy. Furthermore, we proposed a meth-
od called Domain Knowledge based Subset Selection
(DKSS), which utilizes information from the identified
disease associated gene sub-networks to select representa-
tive SNPs. Comparing various feature selection methods,
we showed that finding the right subset of SNPs plays an
important role to predict the disease state accurately.

2 MATERIALS AND METHODS

2.1 Problem Definition

Given a set (S) of n SNPs genotyped in m samples
(case/control subjects) S = {sy, sy, ..., S, }, where n equals
to the number of SNPs genotyped in a GWAS study of
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Fig. 1. Our flowchart to predict Behget's Disease

Behget’s Disease, the goal is to find a subset of S, which
includes the most relevant SNPs and to predict whether a
sample has disease or not using the selected SNPs. The
simplest way to solve this problem is to follow a brute
force approach on all SNPs and evaluate all possible SNP
subsets. Unfortunately, the number of SNPs in a GWAS is
around a million or on the order of a few hundred thou-
sands, which makes this approach computationally ex-
pensive. One solution to overcome this problem is to
carry out feature selection methods over all available
SNPs and to obtain a near-optimal subset in a reasonable
running time.

Our main goal is to decrease the number of SNPs as
much as possible, while keeping the accuracy of Behget's
disease prediction on an acceptable scale. Therefore, fol-
lowing the feature selection process, we need an algo-
rithm, which takes the optimal SNP subset as the input
and makes a decision on whether the tested person is
affected from the disease or not. In this regard, we uti-
lized several state-of-the-art machine learning algorithms.
The flow of our disease prediction system is summarized
in Figure 1.

2.2 Dataset

The GWAS dataset of Behcet’s Disease consists of 1215
affected and 1278 unaffected (control) samples from Turk-
ish population [7]. Human CNV370-Duo v1.0 and Human
CNV370-Quad v3.0 chips had been used to type DNA
samples. Thereafter, following strict quality control
standards, SNPs were refiltered using the call rate (>95%),
minor allele frequency (>1%) and Hardy-Weinberg equi-
librium (> 0.00001) criterias, and finally 311,459 SNPs
were obtained. For each SNP, the dataset included a gen-
otypic p-value, which indicates the significance of a SNP
for the disease. These genotypic p-values are calculated
via comparing the genotypic frequencies of SNPs among
cases and controls. A chi-square test was performed to
obtain the p-values in GWAS analysis of BD.

2.3 Data Preprocessing

Data preprocessing is one of the most important steps
of knowledge extraction [23]. In the raw form of our data
set, each SNP reading can take one of the following four
values, i.e.,, "A_A’, ‘B_B’, 'A_B’, or ‘?_?". These represent
the type of variant, i.e.,, homozygous reference, homozy-
gous variant, heterezygous or unknown, respectively. In
addition, due to bit read errors, some SNPs may not be
matched to any zygosity. These unread SNPs are also
specified as *?_?’, denoting unknown (i.e. missing values).

In the data set that is obtained after p-value filtering
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(i.e. by FSPV method explained in Section 2.4.1), the
number of samples is 2,493, the number of SNPs is 18,479,
number of A_A values is 14,082,566 (30.569%), number of
B_B’s is 15,924,781 (34.568%), number of A_B’s is
16,016,797 (34.768%), and number of ?_?'s is 44,003
(0.0955%). Note that the ratio of ?_?’s is quite low. In the
data set obtained after Info Gain feature selection method,
there are 19,864,000 SNPs (2493 samples and 8,000 SNPs)
and 21,119 of them are missing. This gives a ratio of 0.1%
for the missing values, which is also low.

In this work, class values of case and control are con-
verted to 1 and 0, respectively. Each of the non-numeric
SNP readings are converted to numeric values such that
‘A_A’is mapped to 0, "A_B"to 1, "B_B" to 2, and ‘?_?"to 3.
The mapping of ?_?" to 3 does not cause any problems
for prediction models due to the scarcity and randomness
of these missing values. To demonstrate this, we include
Supplementary Figures E-F. Supplementary Figure E
contains a bar chart about the number of samples that
contain the number of missing SNPs in a given range.
Although there are a few samples that have more than
200 missing SNPs, the majority of samples have lower
than 25 missing SNPs. In addition to the ratio of SNPs
with missing values we also analyzed how they are dis-
tributed. Supplementary Figure F shows a heatmap of
samples versus SNPs (for the set of 18,479 SNPs), in
which the yellow dots represent missing values. Similar-
ly, Supplementary Figure H contains a heatmap for Info
Gain feature selection method. Based on these two fig-
ures, except for a handful of SNPs and data samples, the
distribution of missing values is random (i.e. there is no
preference for particular SNPs for containing missing
values). Supplementary Figure G illustrates the number
of samples with missing values with respect to individual
SNPs. In this figure, the number of SNPs that do not con-
tain any missing values is 8,666. Based on these observa-
tions, the distribution of missing values is random and
the missing values do not have a noticeable effect on pre-
diction results.

2.4 Feature Selection (FS) Methods

Feature selection (FS) methods are widely used to re-
move irrelevant and redundant features. Hence they help
to reduce the number of dimensions and may improve
the accuracy of prediction. In this paper, we apply a two-
step feature selection strategy. In the first step, we select
features by filtering SNPs with respect to their p-values
applying a p-value threshold (i.e. eliminating those SNPs
that have p-values higher than the threshold). In the sec-
ond step, we attempt to reduce the feature set further
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using a second feature selection method, which is either a
machine learning based approach that performs combina-
torial optimization or a biologically driven method that
uses sub-network information.

2.4.1 Feature Selection by p-value information of SNPs
(FSPV)

Genotypic p-values (GWAS p-value) represents the
significance of odds ratio about putative disease associat-
ed variant (a measure to assess whether it could happen
due to random chance) [24]. In GWA studies, although
the traditional stringent p-value cutoff is 5 1078, it is
reported in the literature that the p-value lower than 0.05
indicates a mild relation between a SNP and the disease
[25]. Consequently, the genotypic p-value threshold was
selected as 0.05 and the number of SNPs decreased to
18,479. As a result of this filtering procedure, the dataset
included 2493 samples and 18,479 features, which is used
to test our models. The distribution of the genotypic p-
values of SNPs genotyped in Behget's Disease GWAS
study is shown in Table 1, in which the sum of the second
column gives 18,479.

2.4.2 Feature Selection by Machine Learning and Biolog-
ical Sub-Network Information

This section explains the feature selection methods that
are employed in the second feature selection step. Ma-
chine learning based FS methods can be grouped into
three main categories: filtering, wrapping and embed-
ding. Filtering approaches assign a score to each feature
and rank them to find the optimal feature subset by eval-
uating each feature or feature subset using different
measures such as information, similarity, or correlation.
Then, these ranked features with scores lower than the
threshold are eliminated. In our experiments, we em-
ployed CEFS [26], ReliefF [27], Fisher score [28], trace ratio
[29], f-score [30], t-score [31], gini index [32], information
gain [33], gain ratio [34], robust feature selection (RFS)
[35] and, chi-square [36] filtering methods.

Wrapper methods employ a learning algorithm and
build classifiers each time when a feature subset has to be
evaluated. Then, the features are selected depending on
the prediction performance. For this reason, wrapper
based feature selection methods are classifier-dependent.
In this paper, we used a wrapper feature selection meth-
od that uses logistic regression as the classifier.

Embedding FS methods perform variable selection in
the process of training and they are usually specific to the
learning algorithm. Tree-based and Lasso models are
most known embedding methods. Tree methods compute
impurity-based feature importance to discard irrevelant
features. On the other hand, Lasso uses penalty with the
L1 norm to find features with non-zero coefficients.
Among Embedding FS methods, we used Lasso (with
logistic regression as the classifier) and Extra Tree classi-
fier based feature selection method [37].

Note that our original feature values are categories
which are converted to integer values. Gain ratio, infor-
mation gain, chi-square, and gini index methods require
the features to be discrete. Therefore, these methods treat
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the features as discrete-valued (i.e. integer values are
treated as categories by these algorithms). Among the
remaining methods, Fisher score, RFS, Fscore, ReliefF, t-
score, trace ratio, CFS, and embedding methods can han-

TABLE 1
DISTRIBUTION OF THE P-VALUES OF SNPS
IN BD GWAS
Range of P-value | Number of SNPs

107% —107% |2
1078 —107% |2
1070 —107% |2
1072 —107% |5
1072 —107® |3
10715 — 10710 | 34
10710 —10~> | 170
10~ —107* | 142
107* — 1073 | 506
102 —107% | 3526
1072 — 107! | 14087

dle numeric valued features. Therefore, these methods
treat integer values as real valued numbers.

FS methods are usually accompanied by a search algo-
rithm which is used to sample the features subsets. Best
First Search [38], Genetic Algorithm [39], and Greedy [40]
are the search methods that are employed in this work for
CFS attribute subset evaluator. For the remaining filtering
methods, the features are ranked by the evaluator and
then top 8000 features are selected because the DKSS
method (explained below) on average selected 8000 fea-

+

Classifier

Calculate Accuracy

SNPs Select the SNPs
on a combination of BD  using selected SINPs
' associated sub-networks I
Repeat

v
Most Informative SNPs
(provide highest accuracy)

Fig. 2. Steps of Domain Knowledge based Subset Selection

tures. The search algorithms used in wrapper method are
BestFirst and Greedy. The embeding methods imple-
mented in this study do not use a search algorithm but
apply a threshold to feature importance weights (i.e. se-
lect features with weight greater than the threshold).
Besides these well-known methods, we propose anoth-
er method called Domain Knowledge based Subset Selec-
tion (DKSS), which utilizes information from disease
associated sub-networks to select SNPs. Biological net-
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work is a graphical representation of genes, proteins or
other biological molecules that include physical / func-
tional interactions and help to understand cellular pro-
cesses and disease mechanisms [41]. An active sub-
network is the connected subgraph of a biological net-
work that has high total significance of genotypic p-
values computed from disease-predisposing SNPs. The
genes which are located in an active sub-network and
their interactions can help to understand the mechanisms
of disease development. Thus, active sub-networks might
be utilized to predict disease. The idea behind DKSS is
that a SNP is selected if the gene, which is related to that
SNP, is included in active sub-network of BD. The first
step of DKSS is to define the minimum and the maximum
number of sub-networks that are going to be selected.
Then, the active sub-networks are randomly picked from
the sub-network pool and the SNPs related to the genes
that are located on the picked sub-network are selected.
Using a base algorithm, the classification score of samples
with selected SNPs is calculated. This process is repeated
100 times, where the number of trials can be specified as a
parameter, and the SNPs that give the highest classifica-
tion score are held as the final set of SNPs as seen in Fig-
ure 2. This way, the biological information contained in
active subnetworks of BD, their associated proteins, genes
and SNPs is integrated with the statistical methods. In
this work, we used the active sub-networks that are iden-
tified in [42] for Behget's Disease.

2.5 Classification Methods

Classification methods can employ a set of SNPs as in-
put features and disease phenotype(s) as output to train
models that predict disease status given inputs [43]. In
this work, we employed Logistic Regression, Support
Vector Machine, Random Forest, k Nearest Neighbors
[44], Voting Ensemble [45] and XGBoost [46] as the classi-
fication methods where random forest, voting ensemble
and XGBoost are the ensemble methods, which aggregate
multiple learners to obtain a combined model that may
outperform its base learners [47].

3 EXPERIMENTS AND RESULTS

3.1 Software

WEKA software is used [48] for implementing CFS,
gain ratio, and information gain as attribute evaluators
and best-first, genetic, greedy as search methods. The
wrapper feature selection method is also implemented by
WEKA’s WrapperSubsetEvaluator class. The embedding
methods (i.e. Lasso and Extra Trees classifier) are imple-
mented using the SelectFromModel class of Python’s
scikit-learn library. For the remaining feature selection
methods mentioned in Section 2.4.2, Python’s Scikit-
Feature library is employed [49]. Implementation of clas-
sification models are performed using Python’s scikit-
learn library [50].

3.2 Cross Validation and Repeated Hold-out

Training and testing a model on the same data causes
bias in which the model learns distinctive parameters
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from the repeating samples and obtain high classification
score. However, when models are used to predict yet-
unseen data they may fail to estimate the output class
accurately, which is known as “overfitting”. To avoid this
situation and to obtain a meaningful estimate of the pre-
diction accuracy, k fold cross-validation can be used.
Cross validation is a simple and efficient approach widely
used by machine learning community and provides unbi-
ased performance evaluation [51].

In our experiments, first, a 10-fold cross validation is
performed. For this purpose, our dataset is shuffled ran-
domly and then split into 10 different subsets. One fold is
saved as test set for the final models, and the rest is used
as the train set. The steps of the cross-validation experi-
ment are summarized in Figure 3. The FSPV method (i.e.
first feature selection step) is applied to features directly
before cross-validation (i.e. before data set is split into
train and test sets). Feature selection methods in second
feature selection step are applied separately for each train
set of the cross-validation experiment. Then from each
train set, 20% of the samples are chosen randomly in or-
der to generate a validation set and 40% are saved as
training set for optimizing the hyper-parameters of the
models.

classifie
Test
Data ; ~ s
Validatien S
Train Feature Data i
] = i wp TrA1in wep
’ Data Selection| Train feas
fold 1 Data Opt. papamater £oid 1 \
DATA opt. :
\ Train f
Train Feature Data Opt Train
- Data n’Selection.I> 258 OP%- mp - Data =
Validation
Test Data Parameter Test
Data
Data opt.. 34
fold 10 fold 10 ¢lassifie

Fig. 3. Cross Validation and Optimization Steps

As a result, four different sets are obtained for each fold:
train set, test set, optimization train set and optimization
test set (i.e. validation set) as seen in Figure 3. Selecting a
subset of train set is done to speed up the hyper-
parameter optimization step. Once the best hyper-
parameters are found, models are trained using the opti-
mums on train set and evaluated on test set for each fold
of cross-validation.

In addition to cross-validation, we also performed a
repeated hold-out experiment by randomly selecting 20%
of the dataset as test set and saving the remaining data as
train set. This process is repeated a total of six times and
average as well as standard deviation of the accuracy
values are obtained for various feature selection and clas-
sification methods. Similar to cross-validation, feature
selection is performed on train sets. The hyper-
parameters of the models are optimized by performing a
10-fold cross-validation on train sets. The results of re-
peated hold-out experiments can be found in Supplemen-
tary Table C. These results are similar to those obtained in
cross-validaton experiments reported in Tables 3-9.

ermission. See http://www.ieeeorﬁ/gublicationsﬁstandardsL/ngl_lblications/ri hts/index.html for more

TESI). Downloaded on April
rmation.

,2022 at 12:35:51 UTC from IE

Xplore. Restrictions appl



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/TCBB.2021.3053429, IEEE/ACM Transactions on Computational Biology and Bioinformatics

6 IEEE TRANSACTIONS ON COMPUTATIONAL BIOLOGY AND BIOINFORMATICS, MANUSCRIPT ID

TABLE 3

TABLE 2 LoGISTIC REGRESSION RESULTS

AVERAGE NUMBER OF SELECTED FEATURES OF
10-FoLD CROSS-VALIDATION

Train Test

LR ACC AUC AUPRC " .
Time Time

LR Extra CFS CFS CFS  Wrapper DKSS

Others | .sso DT Bestfirst Greedy Genetic Greedy CFs 64.58% 70.83% 68.47% 64.306 0.090

8000 19836 7760.1 199 2014 39267 27 7999 BestFirst
o CFS 96.87% 99.19% 98.94% 186.925 1.305

3.3 Hyper-Parameter Optimization g;getlc
Obtaining high prediction performance from machine Greedy 65.10% 70.75% 68.19% 73.354 0.091

learning methods depends crucially on proper tuning of Chi Square 8841% 9583% 9578% 236.401 2.406

the hyper—parameters. In this work a separate opFimiza— DKSS 96.91% 99.30% 99.10% 279953 2689
tion is performed for each fold of of cross-validation us- Extra DT 0743% 99.46% 99.39% 274086 2540

ing the optimization train set and the validation set. For

: . L . . F Score 76.66% 82.30% 80.74% 145.748 1.092
this purpose, a given prediction model is trained on op- )
timization train set for each hyper-parameter configura- ’S:’cs:rir 76.41% 83.19% 81.67% 149.273 1.034
tion and predictions are computed on validation set. Fi- FSPV 99.56% 99.99% 99.98% 554026 5770

nally, the particular hyper-parameter setting that gives
the best accuracy on validation set is selected as the opti-
mum. This approach is similar to nested cross-validation -
and reduces bias as much as possible because the optimi- ~ [Mformation qgg 479, 9963% 99.62% 396.885 4.123
zations are performed within training sets without using Gain

Gain Ratio 97.67% 9951% 99.46% 361.083 2.752
Ginilndex 84.72% 91.75% 91.06% 327.397 2.802

any samples from test sets. LR Lasso 76.54% 8167% 79.90% 103278 0.445
There are different approaches for sampling the pa- Rellery 97'27?’ 99'43?’ 99'38? 236.141 1.739
rameter configurations during hyper-parameter optimiza- RFS 9382% JGielNd7-25% 137.530 0.865
tion. In this study, we used Bayesian optimization as the T Score 76.90% 82.62% 81,26% 195870 1.234
search algorithm. Bayesian optimization is a type of non- Trace Ratio 76.34% 83.02% 80.90% 154.848 1.053
linear optimization procedure where the parameter value Wrapper 64.58% 6927% 67.41% 66.283 0.056
to explore in each step is decided based on the analysis of Greedy
a distribution over a function such as a Gaussian process
or other surrogate models [52]. Unlike the grid search, it TABLE 4
uses hyper-parameters in the previous step to find the SUPPORT VECTOR MACHINES RESULTS
hyper-paremater set in the next step.
Compared to other techniques, it typically requires lower SVM ACC AUC AUPRC Jrain  Test
number of iterations to find the optimum parameters. The Time _ Time
regularization parameter (i.e. C) of SVM and LR is opti- CFS 64.62% 71.48% 69.62% 83.238 0.949
mized by sampling values from 2(-2% to 225, the number R o irst
of trees parameter of random forest is optimized by sam- g’e:getic 96.83% 99.59% 99.55% 187.877 3.786
pling values from 10 to 800, the number of neighbors CFS
parameter of k-NN is optimized by using the same pa- Greedy 65.58% 71.80% 70.90% 84269 1114
rameter interval as random forest. Parameters of XGBoost Chi Square 8877% 9581% 9573% 173.679 4.820
are also tuned using the Bayesian optimization technique. DKSS 06.83% 99.54% 99.50% 316.216 7.614
In this work, learning rate (eta), depth of tree Extra DT 97.39% 99.71% 99.69% 305412 9.777
(max_depth), number of estimators and gamma regulari- F Score 76.74% 84.81% 84.12% 328.877 11.771
zation parametelj of XGBoost are tun?d. Furthermore, the Fisher 78.62% 84.33% B83.57% 203585 11333
number of iterations and early stopping values are set to Score
3000 and 50, respectively. Due to the high number of FSPV 99.56% 99.99% 99.99% 556.862 21.810
features, linear models are more suitable for our data. Gain Ratio 97.95% 99.75% 99.73% 357.367 12.082
Therefore, we preferred linear booster for XGBoost. GiniIndex 85.24% 9221% 92.06% 264.927 8.238
3.4 Number of Features Selected g;?r:mation 9787% 9973% 99.70% 293447 9244
Correlation-based Feature Subset Selection (CFS) LRLasso  76.25% 84.52% 83.82% 209474 7.839
method selects features automatically using correlation ReliefF 97.35% 99.63% 99.59% 316.088 10.145
information and therefore does not allow specifying the RFS 93.70% 99.06% 99.04% 295.368 10.834
number of features that are going to be selected as a hy- T Score 77.06% 84.62% 83.80% 289.787 10.110

per-parameter. For the rest of the methods, this parameter Trace Ratio 76.50% 84.60% 83.74% 331.891 11.504
can be set as input. The proposed DKSS method chooses Wrapper 64.78% 6951% 67.57% 64.931 0.314
the SNPs from the selected sub-networks and on average Greedy

8,000 SNPs are selected across the 10 folds of cross-
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TABLE 5 TABLE 7
RANDOM FOREST RESULTS XGBo0OST RESULTS
Train Test Train Test
RF ACC AUC AUPRC Time Time XGB ACC AUC AUPRC Time Time
ggsstFirst 66.19% 72.18% 69.87% 242.851 2.054 gs sstF’,rst 63.95% 70.89% 69.26% 126.594  0.431
g’:etic 7421% 82.99% 81.86% 997.010 12.234 g’;ﬁe fic 9544% 98.37% 98.18% 185490  0.463
gfesedy 66.87% 7259% 70.18% 258.676 2.144 gf(fedy 64.82% 70.52% 6887% 455752 2.208
Chi Square 69.60% 76.93% 75.76% 1443386 16.277 ChiSquare 92.31% 97.00% 97.05% 876.370  7.832
DKSS 7369% 82.20% 81.96% 1407.542 19.635 DKSS 96.15% 98.81% 98.79% 1487.282 13.540
ExtraDT  71.36% 80.56% 79.46% 1432.645 16.974 ExtraDT  96.32% 98.86% 98.84% 759.222 8.781
F Score 67.55% 73.72% 72.90% 1491.833 15.910 F Score 74.30% 81.67% 80.83% 941.374 10.675
g'csg‘:’ 66.95% 73.37% 71.35% 1308.551 15.021 ‘;f;’r‘zf 7387% 79.86% 78.76% 949.713 13.009
FSPV 74.85% 84.49% 83.90% 2266.199 30.690 FSPV 99.12% 99.92% 99.92% 1716.624 13.000
Gain Ratio 73.32% 82.55% 81.60% 1556.403 21.644 Gain Ratio 96.64% 99.24% 99.10% 700.043 3.513
GiniIndex 68.71% 76.33% 74.52% 1546.853 21.355 Gini Index 82.28% 88.92% 88.08% 828.508 11.133
’C’;';‘i’;'"a"b" 7561% 82.35% 81.39% 2193.064 32.227 ’g;%’"a"b" 96.32% 98.78% 98.68% 821.819 10.293
LR Lasso 68.55% 7451% 73.06% 622.732 6.572 LR Lasso 7437% 83.24% 83.36% 317.972 2.031
ReliefF 71.12% 80.12% 79.43% 1574.588 15.852 ReliefF 95.66% 99.09% 99.14% 849.870 7.929
RFS 73.16% 80.84% 80.94% 1609.311 23.488 RFS 91.40% 97.11% 97.00% 944679 6.570
T Score 67.87% 73.36% 7161% 1460.893 16.150 T Score 7496% 81.12% 80.61% 738.165 13.171
Trace Ratio ©67.23% 73.23% 71.20% 1580.726 20.729 Trace Ratio 75.60% 81.02% 80.24% 1097.323 9.731
'("Yr’:gg;’ 62.66% 65.70% 63.43% 205979 1.070 g’r’:gg;’ 64.66% 69.32% 67.34% 215749 0.144
I\-jrlﬁ‘BRLE 6 validation (feature selection methods are applied sepa-
K- E rately on each training set of cross-validation experiment
. as explained in Section 3.2). To be able to make a fair
KNN ACC  AUC AUPRC 1':::2 .:i'::; comparison between DKSS and the FS methods that allow
entering the number of features as input (i.e. those ex-
ggsstFirst 65.95% 71.56% 69.73% 72971  0.257 cluding the CFS method), the first 8,000 features are se-
CFS . . . lected as the best representative subset of SNPs. After
Genetic 8568% 9443% 0352% 546888 5.003 feature selection step, data is processed by machine learn-
CFs 65.22% 7122% 6916% 80582  0.259 ing algorithms. Table 2 lists the averages of the number of
Greedy features selected on train sets of 10-fold cross-validation

Chi Square 76.33% 86.78% 84.89% 1147.815 10.976 for each feature selection method. In this table, the “Oth-
DKSS 86.88% 96.77% 96.56% 988.006 9.567 er” category includes FS methods that rank the features
Extra DT 87.44% 95.17% 94.69% 991.586  9.487 according to a metric. These include Fisher score, Fscore,
F Score 66.26% 76.52% 74.53% 1114.953 10.767 gini index, information gain, chi-square, relief, T-score,
Fisher 68.03% 78.45% 7599% 1015376 10.037 RFS, and trace ratio. Detailed numbers of features select-

Score L .
FSPV 903.26% 99.14% 99.06% 2189197 21.522 ed by each method is given in Supplementary A for each
’ ’ fold of cross-validation.

Gain Ratio 82.91% 9291% 90.65% 1161.505 11.394

g g 0, 0, 0,
Gini Index  72.00% 83.32% 80.78% 1111.711 10.712 3.5 Diagnostic Prediction Accuracy of Classifiers

Ig;?’:mat:on 93.22% 9342% 91.88% 2013.611 20.061 The following performance metrics are used to evalu-
LR Lasso  T74.69% 82.22% 80.45% 268.013 2.295 ate the success of the classificaton methods: the overall
ReliefF 88.49% 9517% 94.60% 1105.847 11.182 accuracy (Acc), area under the ROC curve (AUC), and
RFS 88.81% 97.02% 96.82% 1082.181 11.125 area under the precision and recall curve (AUPRC). For
T Score 66.26% 77.05% 74.70% 1033.935 10.274 these metrics, the averages across the 10 folds of cross-
Trace Ratio 68.15% 78.90% 77.52% 1134.333 11.150 validation are computed. Besides, training and test times

Wi of final models are computed by neglecting the data read
Tapper  6358% 67.13% 64.72% 68499  0.092 -
G,eedy times.
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TABLE 8
ENSEMBLE VOTING RESULTS
100.00%
20.00% VOTING Acc AUC AUPRC Jrain Test
Time Time
80.00% CFS 64.70% 71.34% 69.36% NA  NA
BestFirst
70.00% CFS
; 96.83% 99.52% 99.37% NA NA
- Genetic
g oo g’: ese o 6550% 7159% 7023% NA  NA
5 y
8 50.00% Chi Square 88.45% 95.88% 95.81% NA NA
< . DKSS 96.87% 99.47% 99.37% NA NA
P Extra DT 97.59% 99.63% 99.60% NA  NA
0.00% F Score 76.29% 83.96% 82.86% NA  NA
Fisher 7653% 84.25% 8345% NA  NA
20.00% Score
FSPV 99.56% 99.99% 99.99% NA NA
10.00% Gain Ratio 97.83% 9967% 9963% NA  NA
0.00% Ginilndex 84.52% 9224% 9185% NA  NA
0 2000 4000 6000 8000 10000 12000 14000 16000 18000 20000 Information g7 950, 9974% 99.72%  NA NA
Number of Features Gain
LR Lasso 7669% 83.16% 8149% NA NA
Fig. 4. Accuracy of logistic regression with respect to number of ReliefF 97.27% 99.63% 99.61% NA NA
features selected by p-value based feature selection method RFS 04.34% 98.70% 98.68% NA NA
Tables 3-8 show the diagnostic prediction accuracies of T Score 76.94% 8393% 82.77% NA NA
logistic regression, support vector machines, random Trace Ratio 76.49% 84.41% 83.65% NA NA
forest, k-Nearest neighbor, XGBoost, and voting ensemble Wrapper
PP 64.74% 69.41% 67.52% NA  NA

algorithms, respectively as well as the train and test times Greedy
of the models reported in seconds. Default values are

used for the parameters of the algorithms except for the

parameters mentioned in section 3.3, which are opti- TABLE 9

mized. Linear kernel is employed for SVM. “FSPV” row STANDARD DEVIATIONS OF 10-FOLD ACCURACIES
of tables represents dataset that has 18,479 features when

featu.res are selected.using p—vallue informa.tion only at Method LR SVM  KNN RF XGB
’;he first fiatu.re selef[:;cllog step (without applying a second CFS BestFirst 2.430% 2.802% 2532% 2.07% 2.007%
eature selection method). CFS Genetic  1.044% 1.222% 1697% 253% 2.491%

When results are compared, it’s seen that more than
99% of the samples are predicted correctly, i.e. as healthy -
or affected by LR, SVM, voting ensemble and XGBoost. Chi Square

CFS Greedy 2.215% 1.964% 2.911% 2.50% 1.753%
1.255% 1.401% 2.854% 2.55% 15.444%

Voting ensemble method has two different approaches DKsS 0.896% 0.702% 2.084% 1.864% 0.821%
for combining the predictions made by the base learners: Extra DT 0.988% 1.155% 1.951% 263% 1.238%
hard voting and soft voting. Hard voting decides the class F Score 1.753% 1.633% 2675% 2.01% 2.281%
by taking the majority of the classes predicted by the base Fisher Score 1.423% 1.013% 2.397% 2.53% 3.925%
learners. On the other hand, soft voting computes the FSPV 0.333% 0.334% 1.765% 1.74% 0.561%

average of prediction probability scores for each class Gain Ratio 0913% 0.773% 3.165% 2.33% 0.989%
obtained by the base learners. To reduce the misclassifica- Gini Index 2031% 1.845% 2443% 207% 2 173%
tion rate of the ensemble, we used the soft voting ap- Information

proach and combined LR and SVM methods only (as base Gain 0950% 0826% 1910% 250% 1.338%
learners) because RE and k-NN methods obtained lower LR Lasso 2315% 1617% 2496% 223% 1.913%
accuracy S(ftores, Wh11)Ch C.ct)uldbile.lv.e declreased tﬁe ovo:—il:‘all ReliefF 1055% 1135% 1588% 238% 1.164%
accuracy of voting. Despite obtaining close results, voting 0 0 . o o
ensemble approach did not perform better than LR and RFS 1'142;/0 1392? 2'282:0 2'020/0 1992:”
SVM methods alone. The other ensemble method, T Score 1'445:6 1'3950& 1'732:6 2'3TD/° 2'1360/°
XGBoost, obtained comparable scores among all the Trace Ratio  1691% 1.695% 1.950% 212% 2.448%
methods compared. Wrapper 1312% 1460% 2028% 273% 1.447%

Among feature selection methods FSPV alone per- Greedy

formed the best reaching 99.56% accuracy and 99.99% AUC and AUPRC scores. When the results of feature
selection methods at the second feature selection step are
compared, decision tree based methods (Extra DT, Infor-
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Fig. 5. Most representative SNPs that are identified by feature selec-
tion methods. Their genotypic p-values are shown in boxes. Numbers
on the slices of the pie chart represent occurrence rates.

N 0.03446642

0.039263744

mation gain, Gain Ratio) take the lead. They are followed
by DKSS, Genetic search based CFS and RFS methods
respectively. As a consequence of selecting less number of
SNPs, methods that use Best First/Greedy Search based
CFS and Wrapper obtained the lowest prediction accura-
cies.

The fact that the best prediction accuracy is obtained

by FSPV as compared to FSPV followed by a second fea-
ture selection method may indicate that all of the 18,479
SNPs have a contribution to disease prediction. To test
this hypothesis, we performed the following experiment.
We ranked features by p-value and performed a forward
feature selection strategy (by increasing the number of
features by 1 at each step) in the first feature selection
step and did not perform the second feature selection
step. We evaluated the accuracy of these feature subsets
using logistic regression. Figure 4 shows the disease de-
tection accuracy (obtained as the average of the accuracies
in 10-fold cross-validation) with respect to the number of
features selected. Based on this figure, the maximum
accuracy of 99.64% is obtained when the number of fea-
tures is equal to 13,611. This accuracy is also obtained for
some of the higher number of features. This shows that it
is not mandatory to use all of the 18,479 features to get the
best classification accuracy and FS methods that employ
CFS as the subset evaluator and embedding methods are
conservative in terms of the number of features selected.
For the ranker-based methods, the number of features
was set to 8000 to perform a fair comparison with the
DKSS method, which uses biological sub-network infor-
mation. If the number of features selected by ranker-
based methods are allowed to be any other value it may
be possible to find a feature subset that contains a lower
number of features. We leave exploring the feature space
further as future work. In this paper, the FS methods used
in the second feature selection step (though not giving the
best accuracies) allowed us to find which SNPs are fre-
quently selected by performing cross-validation experi-
ments (i.e. which SNPs are important).
Table 9 shows the standart deviations of 10-fold test accu-
racies. It can be stated that a 2% variance is observed in
test accuracies as a result of deviations in train sets of
cross-validation.
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3.6 Which SNPs are more Important

Besides information about prediction score, we ana-
lyzed the most represented SNPs. The occurrence rate of a
given SNP is computed as follows. Firstly, the top 25
SNPs that ranked as highly related by each of the best
four feature selection methods are determined for each
fold. This produces 40 lists in total, where each list in-
cludes 25 SNPs. To find the most represented SNPs, we
used extra decision tree, gain ratio, information gain and
reliefF as the best feature selection methods. Secondly, the
number of times that the given SNP appears in top 25 lists
of 10-fold cross-validation and for the best four feature
selection methods is identified. The occurrence rate is
computed as the number of times the SNP appears in top
25 lists divided by 40. For instance, if a given SNP ap-
pears in all of the top 25 lists, then the occurrence rate
becomes 1 and if it never appears in those lists then the
rate becomes 0. Figure 5 shows the occurrence rate and
the genotypic p-values of the top 15 SNPs selected by the
most successful four feature selection methods. Numbers
on the slices of the pie chart represent occurrence rates.
Detailed information about top SNPs is given in supple-
mentary B.

We applied further analysis over these top 15 most
represented SNPs. As a result, we have observed that 7 of
the top 15 SNPs are associated with 6 different genes
using SPOT tool, which is also used in [42] to map the
SNPs to genes and then to find associated active sub-
networks [53]. These genes are HLA-B (rs1058026), HCP5
(rs1131896, rs2848713), KIRREL3 (rs522686), LAMP5-AS1
(rs16995979), MICA (rs2256028) and SCD5 (rs6535384).
Note that, HLA-B genes were also found to have a strong
association with BD in literature [7]. We also checked for
the associated pathways and GO terms with these genes.
They are not associated with KEGG biological pathways,
but associated with antigen processing and presentation,
defense response, regulation of immune response GO
Biological Process terms; integral component of mem-
brane, cell surface GO Cellular Component terms and
antigen binding GO Molecular Function terms.. 7 variants
(rs1058026, 1s522686, rs6535384, rs1131896, rs2256028,
rs9266399, rs2848713) are located in intronic regions.
159266399, rs6933050, rs4713460, are located in 5 up-
stream regions of DHFRP2, FGFR3P1, ZDHHC20P2 genes
respectively, according to UCSC annotation [54].

4 DiScusSIONS AND CONCLUSIONS

Precision medicine is a rapidly advancing field that pro-
vides personalized treatments and preventive interven-
tions to the patients. Especially it may be very helpful for
patients who are affected from auto-immune diseases. In
order to realize that, each patient should be handled and
analyzed individually. In this regard, using patients’
SNPs to predict disease risk could be essential. But, scan-
ning all SNPs manually to diagnose disease is very time
consuming and is not practical. Furthermore, the diagno-
sis of some diseases such as Behget’'s disease could be
difficult, since their clinical signs or symptoms can also be
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seen in other diseases. Therefore, there is a need for an
advanced system that facilitates the diagnosis process.

In this study, we attempt to generate a classification
model for Behget's disease that predicts the disease status
of a given sample using the genotyped SNP information.
In our experiments, the models that use features selected
by p-value information only classified almost all affected
samples correctly with 99% AUC score and it can be stat-
ed clearly that genotypic p-value information has high
capacity to indicate disease-causing SNPs.

In addition to extracting the SNPs that are selected by
p-values and those that are found by the second feature
selection step, we also analyzed the coefficients of SNPs
for logistic regression with L2 norm penalty and number
of SNP features that are used by random forest model. In
logistic regression all SNPs had non-zero ceofficients. The
number of SNP features employed in random forest
models are given in Supplementary Table D for each
feature selection method and for each fold of cross-
validation. Based on this analysis the logistic regression
and random forest models use all the features available
(i.e. those obtained after feature selection step). This
shows all SNPs that are input to prediction models con-
tribute to the decision for diagnosing the BD.

In our study, dimension reduction methods such as
PCA or Autoencoder are not experimented to decrease
the number of SNPs. Because, these methods use linear or
non-linear combination of features to reduce the dimen-
sionality of the feature space. Therefore, the features that
appear in new-low dimensional space do not refer to
SNPs, but indefinite combination of SNPs. However, the
information of which SNPs are effective or explanatory to
diagnose the disease is lost. Additionally, performing
dimension reduction needs all features to be processed.
However, one of the goals of our study is to keep accura-
cy as sufficiently high, while obtaining efficiency in terms
of computational cost by processing much fewer number
of SNPs. For all these reasons, dimension reduction
methods are not included in this study.

As a future work, we are planning to apply the meth-
ods developed in this work to other disease detection
problems that use GWAS or gene expression data.
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