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Title An Approach to Select a Group of Associated SNP with Genetic Traits
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University King Mongkut’s Institute of Technology Ladkrabang
Abstract

Single-nucleotide polymorphisms (SNPs) are important genetic variables that are very popular in Genome-wide
association study at the present time. They are often used in studies related to genetic disorders. A distinctive trait
of SNPs is that there are a lot.of them since they are variables originated from various positions in a DNA sequence.
Unfortunately, the number of samples-investigated are usually far-fewerthan the number of SNPs and so an over-
fitting often occurs when one-wants-to-construct a predictive model-for classifying-a sample into a case or a control.
This study investigated a'dataset'on beta-thalassemia; a common genetic-disorder widely found in Thai population.
The data in the set are divided into two groups: severe and mild groups. The aims of the study were to develop
and evaluate methods for-screening and ranking SNPs related to this disorder. The sereening methods tested were
Chi-squared test (XQ), Information Gain, and Gradient,Boosting (GB). The SNPs/that were screened in and selected
were then used toconstruct a predictive model for classifying a-sample to be either a severe or mild case. The model
construction methods tested were Support Vector Machine (SVM); GB,.and Naive Bayes. Several combinations of
a screening method-and a model construction method were evaluated, and the evaluation results show that the best

combination was X2-SVM whichusedithe number of selected SNPs of 10.

Keywords: SNP, GWAS, Feature Selection, High-Dimensional Reduction, Machine Learning
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ABSTRACT

Single-nucleotide polymorphisms (SNPs) are important genetic
variables that are very popular in Genome-wide association study:
at the present time. They are often used in'studies related to genetic
disorders. A distinctive trait of SNPs is that there are-a lot of them
since they are variables originated from various positions.in a DNA
sequence. Unfortunately, the number of samples investigated are
usually far fewer than the number of SNPs and so an over-fitting
often occurs when one wants to construct a predictive model for
classifying a sample into a case or a control. This study investigated
a dataset on beta-thalassemia; a common genetic disorder widely
found in Thai population. The datain the set are divided into two
groups: severe and mild groups. The aims of the study were.to de-
velop and evaluate methods for screening and ranking SNPs related
to this disorder. The screening methods tested were Chi-squared
test (%), Information Gain;and Gradient Boosting (GB). The SNPs
that were screened in and selected were then used to construct a
predictive model for classifying a sample to be either a severe or
mild case. The model construction methods tested were Support
Vector Machine (SVM), GB,‘and Naive Bayes. Several combinations
of a screening method and a'model construction method were eval-
uated, and the evaluation results show that the best combination
was y2-SVM which used the number of selected SNPs of 10.
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1 INTRODUCTION

In the bioinformatics field, the most commonly used variables for
genetic studies are single nucleotide polymorphisms (SNPs). A SNP
is.a variation of human DNA sequence that makes every human
imdividual different from other individuals. If a SNP that is respon-
sible for a certain-disease or aresponse to a drug can be identified,
it is possible to prevent that disease or adverse response. The basic
goal is to be able to classify each unknown sample to be either a
case or a control.

There are a very large number of SNPs but a much smaller num-
ber of sample groups. For example, in a study on a SNPs that are
related to rheumatoid arthritis, the number of to-be-identified SNPs
were 545,080 (868 Cases and 1,194 Controls) [23]. In a study on a
SNPs that are related to multiple sclerosis, the number of investi-
gated SNPs were 325,807 (931 Cases and 2,431 Controls) [5], while a
study on a SNPs that are related to Parkinson’s disease, the number
oflinvestigated SNPs were 408,803 (271 Cases and 270 Controls) [21].
For all of these studies, the problem of High Dimension, Low Sam-
ple Size (HDLSS) were encountered. This problem has been seen
frequently in the fields of chemoinformatics and microarray anal-
ysis where only a few hundred samples are available [6, 14, 15].
In the field of computer science, a high chance of having an over-
fitting problem occurs when a'model is constructed from a group
of data that is HDLSS. An over-fitting problem is a problem that a
constructed-model makes accurate predictions when operating on
a training dataset-but inaccurate predictions when operating on a
test dataset. Most good predictive models have been constructed
from a dataset that contained a smaller number of variables than
the number of sample data in the set [18].

Therefore, for our purpose of identifying the best SNPs related
to a disease, a reduction of the number of variables (SNPs) was
most important not only in order for the model to make accurate
predictions but also in order for it to give faster predictions (to
use less computation time). Moreover, there are pieces of evidence
that most intended-to-be-identified SNPs were not related to the
investigated disease. For all of these reasons, screening for the most
significant SNPs is the most important task for obtaining Genome-
wide Association Study (GWAS) Data [12].

The reduction of the size of features or the number of variables
can be done in two major ways: (1) feature selection which is a
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selection of variables that are closely related to an issue among the
population; good variables make direct analysis easy and the rela-
tionships between the manifestation of the issue and the variables
can also be easily explained. and (2) Dimension Reduction which
is a reduction of the number of variables by projecting all of the
data onto another space with smaller dimensions but still retaining
useful information; however, this method cannot be used to directly
find the relationships between the manifestation of the issue and
the variables. Therefore, to find the best SNPs that are closely re-
lated to a disease, we could use feature selection methods. Feature
selection methods can be of three types: (1) Filter method which
finds the relationship between each variable and the outcomes and
uses the relationship to filter the variables; this method does not
use much computational time; several filter methods are such as
Chi-squared test [2], Information Gain [8], and ReliefF [11]; (2)
Wrapper method which randomly selects several sets of variables
and finds the best set of variables that are the most closely related
to the outcomes; this method generally gives a better result than
the filter method, but a model constructed by using the optimum
set of variables found has a high chance of running into-an over-
fitting problem; moreover, it uses more computational time than
any other methods; several of the best methods of this type are
such as randomisation [9; 19], Genetic Algorithm [16], and Parti-
cle Swarm Optimisation [22]; and (3) Embedded method which is
a model construction method that selects features automatically;
the constructed model comes with the calculated weight for each
variable that indicates the significance of that variable; this method
uses less computational timethan the wrapper method and also has
less chance of getting an over-fitting problem.-Most recent studies
have used this method because it is more effective than the rest;
methods of this type are such as Decision Tree [16] and Random
Forest [10, 12].

The disease of interest in this study was beta-thalassemia. Widely
found in Thailand, it is a genetic disorder that stems from a disorder
of the synthesis of the beta chain of hemoglobin. One pércent of
Thailand’s population (600,000 Thai people).suffer from this disease
and 40 % of the population (24 ‘million Thai people) carry this
disease [4]. Severity of this disease is.classified into two-levels:
severe and mild. A particular level can'be predicted by the values.of
six kinds of variables: hemoglobin level, the age when the patient
first made a blood transfusion, the need for blood transfusion, the
size of the spleen, the age when the disease started to manifest its
symptoms, and the level of body growth [17].

In this study, we attempted to find the SNPs that are related to
the level of severity of this disease. We investigated the SNPs.data of
sample groups of Thai population [13] by using machine learning.
Our main aims were to find the best technique for selection of the
SNPs that are most closely related to the level of severity of beta-
thalassemia, to select a limited number of SNPs and to use them
to construct an effective model for classifying the level of severity
of the disease; its classification performance was evaluated against
several baseline methods.

2 METHODOLOGY

This section describes all algorithms and performance measures
used in this work.
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2.1 Algorithm

2.1.1 Chi-squared Test (y?). It is an approach to test the inde-
pendence of two variables. It works well on categorical data [7].
Assuming that x is a considered SNP for all sample, x = {0, 1,2}
and y is a target, y={Case, Control}. Hence, y* can be calculated by
the observed frequencies (Nj;) and expected frequencies (E;;).

C L s - P
=20 —(N”EU_E”), 1

i=1 j=1
where C and L are the numbers of categories in both variables.

2.1.2  Information Gain (IG). It is a conventional filter technique
that assigned weight to each variable. This can be done by finding
a relationship between x and y with entropy. The higher the en-
tropy, the higher the degree of association. Entropy, H(x), can be
calculated by

Hix) = = Y WP (xy) - log, P(xi), @)
i=1

where n is'a number of category in x. Then entropy of the data that
is considered with target class can be calculated by,

H(xlg)= =) Pyp)_ Plxiliplog,(P(xilyy).  (3)
: £

]=1 i=
Therefore, we can calculate an information gain by
IG(XY) = H(x) =H(x[y). (4)

2.1.3 | Gradient Boosting.-Gradient boosting (GB) is a machine
learning technique that uses an ensemble model, a decision tree,
and a boosting method to construct a collection of weak predictors.
GB works by sequentially and iteratively adjusting the parameter
values of the model to minimise a loss function. It can be used to
classify or select features related to the outcome. The importance of
a few selected top-ranked variables is determined by the frequency
of'occurrences of those variables.that are split in the process of
decision tree construction. Every-variable has a variable importance
associated with it. The variable importance of each variable is the
average value of the variable importances of all decision trees in
alliterations [1].

2:1.4  Naive Bayes (NB). NB'isa technique that uses probability
concepts in its'classifying method. It has become popular in bioin-
formatics research because it can be used efficiently with data that
has a large number of dimensions. Especially well with a dataset
with features that are categorical. The outcome of the application
of this technique is called a posterior probability [20], which can
be calculated by the following equation,

P(x1,%2,...,xnly) = HP(iny), (5
i=1

where n is a number of feature.

2.1.5 Support Vector Machine (SYM). SVM is a classification tech-
nique that partitions data into two classes by a constructed hyper-
plane. This technique can project the data in the space of certain
dimensions onto another space of a higher number of dimensions
by using a kernel function, which enables it to classify non-linear
data. SVM attempts to construct support vectors that determine the
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Table 1: Confusion Matrix

Target Values
Positive Negative
Positive True Positive | False Positive
Predicted (TP) (FP)
Values Negative False Negative | True Negative
(FN) (TN)

boundary of each class and then a hyperplane that can separate the
two boundaries farthest apart or to obtain the highest margin [3].

2.2 Performance Measure

2.2.1 Accuracy. In this study, accuracy is-a metric for evaluation
of the data classification results. It was defined as the ratio.of the
number of correct predictions to the total number of predictions as
shown in (6), which can be any real number between 0-and 1-and
the higher the ratio is, the higher the prediction performance is.

#CorrectClassification

(6)

Accuracy =
#Samples

2.2.2  Fi-score. It is another metric for evaluation of the data clas-
sification results. It is calculated from the values of ‘precision’ and
‘recall’ which makes it more effectivein differentiating classifica-
tion performances. Precision and recall are relations between the
number of correct predictions and the number of incorrect predic-
tions for each class. Each of them assumes a value in the confusion
matrix shown in Table 1. Fl-score values are between 0 and 1,the
higher the score is, the higher the prediction performance is: The
F1-score is calculated by the following equation,

Precision* Recall

5% Precision + Recall’ @
where
\\ ' 7P
Precision = TP+ FP’ @®)
Recall. "= ——l )
TP + FN

3 EXPERIMENTAL FRAMEWORK

3.1 Dataset

This research investigates on the SNP data of 618 Thai.population
who are carriers and diagnosed with beta-thalassemia: The dataset
consists of two classes that are the severity of this disease-383 of
case (severe) and 235 of control (mild). The number of SNPs used
in this dataset is 564,831. Any SNPs that contain more than 1 % of
missing values are removed. Those with less than 1 % of missing
values are substituted by mode. After the processes, we still have
618 population samples but the number of SNP is 451,856.

3.2 Experimental Design

The experiments in this study consist of two main parts: (1) primary
screening of the SNPs by ranking all of the SNPs according to their
relations to the level of severity of the disease and screening in a
number of the most significant SNPs according to the ranks and (2)

using these selected SNPs to construct a model for predicting the
level of severity of the disease.

3.2.1 Ranking and screening in the SNPs that were related to the
level of severity of the disease. An issue with this dataset was that
the number of SNPs included in it was very large, much larger than
the number of samples, so the chance that a constructed model from
these SNPs would encounter an over-fitting problem was very high.
Therefore, it was necessary to screening in only a small number of
the most significant variables for model construction. In this study,
we used a filter method and an embedded method, but not a wrap-
per method, as our primary screening methods because they could
screen a large number of SNPs fast. Therefore, the following tech-
niques wereused: Filter method-y? and IG; Wrapper method-GB.
These techniques produced a significance value for each variable.
The SNPs were then ranked according to these significance values,
and the first 250 SNPs of the highest ranks were taken for use in
the subsequentpart of this experiment.

3.2.2) Using selected SNPs to construct a model. Two hundred and
fifty of the most significant SNPs for our purpose that were screened
in the previous step was used to construct a classification model for
indicating the level of severity of the disease. In order to achieve
a highly accurate predictive model, the model was constructed
with an individual SNP that was the most significant first then
the second most significant SNP was added to the model then
the third was added in the same way until all of the selected 250
SNPs were included. The algorithms that were used to construct
the models were the following: (1) SVM, (2) NB, and (3) GB. For
each model, the optimum values for all of the parameters in the
model were determined by m-fold crossvalidation and grid search.
Besides these two techniques, in particular for the SVM model
construction, a linear kernel was used and only one necessary
parameter, C, needed adjustment; C is a parameter for adjusting
the sizeof the margin of the hyperplane. The trial values of C were
[107%;1073, 1072, 1071, 10°, 10", 102, 103, 10*]. On the other hand,
NB and GB did not have any necessary parameters to be adjusted
in particular like the one in SVM. NB and SVM are implemented
in Python with scikit-learn machine learning library and GB is
implemented with XGBoost library.

These classification model construction techniques-SVM, NB,
and GB-need proper input, ranked input of SNPs that can be ob-
tained from ranking algorithms. The ranking algorithms that we
used were y? and TG while GB also did as a ranking algorithm
for feature selection. The finer details of all of these techniques
and algorithms have been presented in section 2. The combina-
tions of a ranking algorithm and a classification model construction
technique that we tested are the following: (1) y%+GB, (2) y?+NB,
(3) ¥>+SVM, (4) IG+GB, (5) IG+NB, (6) IG+SVM, (7) GB+SVM, (8)
GB+NB. Their classification performances were evaluated against
three conventional classification methods without feature selection
techniques—that we considered as our performance baseline.

All of these algorithms, techniques, and methods were configured
and evaluated in the same way, i.e., with a five-fold cross validation
technique. The SNPs dataset was partitioned into five subsets of
exact or nearly the same size: each subset contained around 123-124
samples. Five rounds of validation runs were conducted using five
different combinations of four training subsets and one test subset
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in a round robin manner. The metrics that we used for classification
performance were accuracy and F1-score.

To complete the objective of finding optimum parameters for the
best model, cross-validation runs were still conducted further, but
this time it was a four-fold cross-validation according to the con-
ventional procedural steps of a cross-validation approach. Hence,
this time the entire dataset was partitioned into 4 smaller subsets.
set, and every dataset was used as a training dataset and, in its
turn, also used as a test dataset in the exact same way as the first
round of validation. In other words, four-fold cross-validation were
run using a different combination of training and test datasets and
the outcomes were recorded. Then, the optimum combination of
parameter values that yielded the best mean F1-score wasused to
construct the final model with all of the training datasets which
was then tested with the corresponding test dataset.

4 RESULTS & DISCUSSION

Our experimental results, F1-scores, accuracy, precision and recall
values achieved by various tested methods, are shown in Table 2.
These values for runs on training and test-datasets as well as the
number of SNPs used in each method are also presented in the table:
It can be seen that in the run that used all SNPs in the dataset to
train the model, the prediction results were outstanding: F1-score
and accuracy values were 1, meaning that all of the predictions
were correct. However, when the model was used with the test
dataset, its prediction performance was very low: Fl-score was
almost 0. This was because the model encountered an over-fitting
problem. The models constructed by every method had this problem
except the one constructed by GB which achieved a better F1-score
of 0.3637. GB achieved the better score because it automatically
incorporated weights to features, butit still had some over-fitting
problem anyway although not as severe as all of the rest of the
methods. The best performance was from the y*+SVM method
that achieved an F1-score of 0.4873 with only 10 SNPs, followed by
x%+GB and GB+SVM that achieved F1-scores of 0.4797 and 0.4220
while using 23 and 10 SNPs, respectively. Moreover; y2+SVM could
achieve the best recall at 0.4992. Of note is that-all of these methods
performed better than the baseline method,.GB, that used all SNPs
in the dataset.

In the case that any models gave only one prediction value such
as ‘severe’ for all of the samples, the accuracy value and F1-score
would be 0.6190 and 0, respectively. It can be seen.in the Table 2 that
six methods yielded better results than the randomisation baseline
method: )(2 +NB, GB, )(2+GB, NB, X2+SVM, and IG+NBin this order.
X¥%+NB not only yielded the best accuracy value but it was also the
only method that produced a model that performed equally well
with both the training dataset and test dataset in terms of both
F1-score and accuracy value, by using only 5 SNPs. It is noted that
¥%+NB yielded the the second best precision at 0.6502 but very
poor in recall at 0.2313.

Figure 1 shows a boxplot of mean F-1 scores achieved by various
methods from five runs. In terms of F-1 score, the tested methods
can be ranked as follows: )(2 +SVM, Xz +GB, GB+SVM, GB, Xz +NB,
IG+GB, IG+SVM, NB, SVM, IG+NB, GB+NB, and Randomisation,
whereas in terms of accuracy value, they are ranked as: y2a+NB,
GB, y*+GB, NB, y%+SVM, IG+NB, Randomisation, SVM, GB+NB,
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GB+SVM, IG+SVM, and IG+GB, as shown in Figure 2. It can be seen
that the best method for screening SNPs was y? since the model
constructed from it was invariably in the top five models in terms of
both F1-score an accuracy value. Furthermore, the mean F1-scores
achieved by every method, shown in Table 3, also indicate that,
achieving an Fl-score of 0.4346, y? screened SNPs better IG and
GB that achieved F1-scores of 0.2218 and 0.2110, respectively.

In addition, for comparing the models that yielded the best F1-
scores and Accuracy values— y2+SVM, y2+NB, and GB-we show
their confusion matrices in Figure 3. It can be seen that y?+NB
and GB yielded a lot of ‘1’ results because the samples’ data had
more ‘cases’ than ‘controls’, hence all ‘1s’ predictions would yield
a good-accuracy without needing to predict any samples to be a
‘control™at.all. Therefore, the number of false-positive predictions
were very high but the numbers of true-negative and false-negative
predictions were much lower than those yielded by a method that
achieved avery high F1-score such as )(Z—SVM. Therefore, for eval-
uvation of the performances of the models on this dataset, it is not
advisable to use only accuracy value because the numbers of ‘cases’
and'‘controls’ in the set were very different, i.e., the dataset was
an imbalanced dataset. With this kind of dataset, any models that
give a single prediction of a ‘case’ will give a high accuracy value
even when it cannot correctly predict the other alternative at all.
Consequently, in this case, using F1-score can help reflect the true
nature of this kind of prediction better than accuracy value alone
can. In this experiment, the top two methods that yielded the high-
est accuracy values were y*+NB-and:GB, but in terms of F1-score,
they ranked the 5th and the 4th, respectively, while y%-SVM and
x%-GB yielded comparable accuracy values but achieved the high-
est F1-scores, much higher than those achieved by the former two
methods. Comparing between the two best methods for this task,
¥%-SVM and y?-GB, both of which select 10 SNPs from this dataset,
Y%-SVM is clearly-better than y?-GB. This is because F1-score, pre-
cision and recall values of ¥?-SVM are higher than those obtained
by x?-GB.

5 “CONCLUSION

This paper proposes an approach to screening and selecting the best
SNPs related to beta-thalassaemia, which is a necessary step for
constructing a good predictive model for the level of severity of the
disease because the SNP dataset for this disease is very large but the
number of samples is very small. Our attempt was to find a small
numberof the most significant SNPs related to this disease that can
be used to construct the most effective predictive model. Our ex-
periments show that y2, which is a popular method for selection of
variables that are categorical and a basic method for SNP selection,
was the most effective method for SNP selection from this dataset
of SNPs and beta-thalassaemia in Thai population. In particular, it
was more effective than GB, an embedded method which is a very
popular at the present time. The selected SNPs screened by y? were
used in the construction of predictive models by SVM, which was
shown to perform the best. An expected future study should be to
analyse these SNPs in terms of their biological properties in order
to pinpoint their true relations to y?-thalassaemia.
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Table 2: Prediction results of various tested models on the training and test data sets; the parameters of the models were
already optimised and the numbers of SNPs used in the models were the ones that yielded the highest F1-score.

Algorithm | #Feature Training Set Test Set

F1-score | Accuracy | Precison | Recall | Fl-score | Accuracy | Precison | Recall
Random All 0 0.6190 0 0 0 0.6190 0 0
GB All 1 1 1 1 0.3637 0.6554 0.6738 0.29
NB All 1 1 1 1 0.0254 0.6256 0.2 0.0038
SVM All 1 1 1 1 0.0074 0.6182 0.3667 0.0179
)(2+GB 10 0.7047 0.8021 0.7918 0.6529 | 0.4797 0.6375 0.5182 0.4535
X2+NB 5 0.3329 0.6614 0.6648 0.2224 | 0.3368 0.6603 0.6502 0.2313
)(2+SVM 10 0.7066 0.7989 0.8025 0.6357 | 0.4873 0.6230 0.5398 0.4992
1IG+GB 9 0.8578 0.8981 0.8931 0.8075+(..0.3340 0.5276 0.363 0.3122
IG+NB 245 0.0325 0.6235 0.2 0.0085{=0 0.6198 0 0
IG+SVM 17 0.9735 0.9871 0.9931 0.9457 | 0.3316 0.5470 0.3804 0.2979
GB+NB 2 0.0325 0.6235 0.1389 0.0128| 0 0.6166 0 0
GB+SVM 23 0.9973 0.9980. 0:9921 0:9960| 04220 0.5922 0.39662 0.3622

< ==— ¥ 7 YRS
¢ o4 i ;
T T I T T T T T T T T T
X2+SVM Xx2+GB GB+SVM GB X2+NB IG+GB IG+8WM NB SVM IG+NB GB+NB Random
‘Algorithms

Figure 1: F1-scores from every test dataset achieved by the best models in which the number of SNPs were optimised; the best
ranks are from left to right.

Table 3: Comparison of average F1-score-averaged across all
classifiers for each feature selection technique.

Feature Selection GB M;Igel SYM Average F1
X 0.4797 | 0.3368 | 0.4873 0.4346
IG 0.3340 0 0.3316 0.2218
GB - 0 0.4220 0.2110
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