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Abstract: Chronic kidney disease (CKD) is one of critical disorders that typically has no symptoms until late stages. Early intervention in
its initial stages can delay this disease progression. Single nucleotide polymorphism (SNP) can be used as a genetic variation that can be
observed with CKD phenotype. Association study of SNP and CKD phenotype needs assistance from a machine learning algorithm that
can process data with many dimensions. In this research, Elastic Net used as a method to associate SNP with phenotype for CKD. Based
on the result, it showed that the Elastic Net method can select 88 significant SNP with a low MAE score that is 0.755 with a good explained
variance (R2) which is 0.999. Also, there are significant SNP that were chosen with Elastic Net method such as Rhd, F2, Collal, Nos3,

F5, Gypc, F8, F10, Bcam, Rbp4, Plg, Thpo, Myh9, Aktl, Fgb, and F7.
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1. Introduction

One of the organs that is quite vital but often neglected by
many people is the kidneys. Kidneys have an essential
function in the human body as a blood filter from metabolic
products so if the health of the kidneys is disturbed and
cannot perform this function properly, the human will likely
experience Chronic Kidney Disease (CKD).

CKD is health problem that globally increased and become
the leading cause of death [1], especially in high-income
countries as WHO report in 2016 [2]. In Indonesia, it is
estimated that almost 70,000 patients have CKD [3]. Kidney
disease treatment in Indonesia ranks second in the largest
financing from BPJS Kesehatan under heart disease [4].
Thus, more up-to-date treatment techniques are required
compared to those currently available to help treat CKD
patients more effectively [5].

Early detection of CKD is essential to increase the
effectiveness of treatments [1]. Precision medicine is a
method of modern treatment that aims to develop prevention
and treatment strategies based on environment, lifestyle,
genetics, and individual phenotype diversity [6]. One of the
strategies in question is to analyse the relationship between
genotype (genetic code) and phenotype (observable
characteristic) from an individual with a particular disease

[71.

Precision medicine can be used by medical personnel to
identify the stage of a patient's CKD by assessing kidney
function. However, the application of direct research to
humans is hindered by Ethics, Legality, and Social
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Implications (ELSI). Humans and mammals have systems
of nearly the same complexity. one example of an animal is
the rat which is the most common research model [8].
Scientists genetically modified mice by manipulating mouse
genomes and gene function so that the rat kidneys can be
used for kidney biology studies. Rat Kkidneys are
morphologically similar to human kidneys [9]. Moreover,
CKD should be detected with the least possible tests and at
low cost. So, the objective of this research is to provide an
effective model to predict the CKD by least number of
predictors.

The most common form of genetic variation found in the
human body is Single Nucleotide Polymorphism (SNP)
[10]. SNP is a difference in the arrangement of single
nucleotide bases in the genome of an individual which
causes genetic variation in a population [11]. In addition,
SNPs can also be used as biomarkers. Some studies have
shown that SNPs in the ACE2 and TMPRSS2 regulatory
sequences can influence mMRNA expression and stability.
SNPs also play a role together with other genes in finding
the metabolism of a drug [12]. Various methods are used to
look for an association between SNP genomes and certain
disease phenotypes because these associations can yield
information on which SNP significantly influences the
phenotype that is being observed [13].

To identify CKD association analysis, it is necessary to
collect SNP data based on the genetic variation of the
patient. Association analysis using SNP data has its own
challenge due to the large dimensions and numbers of small
samples, so it is prone to curse of dimensionality problems
[14]. To process data with many dimensions, it is necessary
to reduce the number of dimensions without losing a lot of
important information. one method is by feature selection or
feature extraction or both [15].
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Previously, several similar studies have been carried out
regarding SNP with phenotypes for type 2 diabetes mellitus
using various methods such as Random Forest [16],
Stepwise Regression [17], Support Vector Regression
(SVR) and Genetic Algorithm (GA) [18], Genetic
Algorithm (GA) and CatBoost [19], Gradient Boosting [20],
and Elastic Net [21]. Stepwise Regression is a model
selection method with a gradual selection feature, however,
the number of predictor variables included in the model
must be selected manually, so that errors in variable
selection can occur. In addition, the Stepwise Regression
method does not always produce the best model with
minimal multicollinearity [22]. The SVR method is a theory
adapted from ma-chine learning theory which is intended to
solve classification problems but is unable to handle data
with a very large number of dimensions [23], [24].

Elastic net has been considered and selected as the preferred
method used in this study because it is a method whose
number of parameters is not limited by the number of
samples as other conventional linear regressions [21]. The
elastic net method adapts Ridge regression in predicting and
Lasso regression in selecting features [25]. Based on the
description above, this study will use the elastic net method
to associate SNPs with CKD phenotypes. So far there has
been no research related to the topic discussed in this study,
s0 it is not known how the results of research with the elastic
net method are. Thus, it is hoped elastic net method can help
to associate SNPs with CKD phenotypes with low Mean
Absolute Error (MAE) values and good coefficients of
determination (R2).

2. Materials and Methods
2.1. Data collection

The candidate gene data for blood albumin amount, which
is needed to get SNP data, was taken through the
https://www.genecards.org/ website by entering the
keyword “blood albumin amount”. The candidate gene data
were then selected based on the relevance score by only
taking the candidate genes that had a relevance score > 25.
Then, the candidate gene data were used to query the SNPs
in the CGD-MDAU1 database which belongs to Yang W et al
[26]. The dataset was obtained from the Mouse Phenome
Database (MPD) through the website address
https://phenome.jax.org/. The phenotype data was derived
from the Yuan3 dataset belonging to Sinke A et al. [27]
which contained the measurements for blood albumin
amount phenotype, which was also accessed through the
MPD website. Blood albumin amount is used as a
phenotype marker because it is one of the CKD phenotypes
[28]. The retrieved SNP data was adjusted to the availability
of the strain data in the phenotype database. There were 31
mouse strains used. All datasets were taken from credible
websites because there were journals for each used dataset
in this study. The Genecards and MPD websites allow users

to download datasets in .csv format so they can use them
right away.

2.1.1. Data pre-processing

Three processes were carried out at the data pre-processing
stage. First, calculate the average of the phenotype values,
which is the blood albumin amount, for each strain. The
calculation of the average value was carried out because it
only needs one representative phenotype value for each
strain. Before calculating the average value of each strain, it
was standardized first using the StandardScaler function
from the Scikit-Learn package. Secondly, fixing the SNP
data by deleting SNPs that contain missing value and
genotype ‘H’ can cause confusion because it can be
interpreted as base A, base G, base C, or base T. Third,
coding the SNP data which represented using binary string
based on [29]. SNPs with the most appearing modes are
called major alleles, while the rest are called minor alleles.
In genotype sequence, allele information is formed by the
variations of {A/A, A/IT, AIC, A/IG ... T/C, T/T}. Based on
the conditions of the genotype variation, the SNP encoding
into a binary string shown to the following:

0: both alleles are homozygous majors
1: both alleles are homozygous minors
2: both alleles are heterozygous

The example of encoding the SNP data according to Ilhan |
et al. can be seen in the following Figure 1. The homozygous
major allele is represented by gray, the homozygous minor
allele is represented by black, and white is for heterozygous
alleles.

SNP1 SNP2 SNP3 SNP4 SNPS SNP1 SNP2 SNP3 SNP4 SNPS

T GG | AC Individu1| 0 o Tl 2

Individu 2| C'G A cic oG GG Tndividu 2 2 2 ] 2 0

o DR cor s o | : | o >

Individu 4| G/( T/T e GG GG Individu 4 2 0 0 0 0

Individu 1 AA

Individu 3 A/A AT

Fig 1. The SNP gene before and after being converted into
a binary string.

2.2. Modeling

By using the Grid Search Cross Validation (GridSearchCV),
a search was carried out in advance for the best
hyperparameters that suit the used model. The most suitable
hyperparameters will be used for model training. While the
Leave One Out Cross Validation (LOOCV) was used for
training and model selection in Figure 2. Then, the method
which was used for the machine learning modeling at this
stage was Elastic Net by using the Scikit-Learn package
which provides a linear model as a module that has an
ElasticNet class. This method can directly select features
that have significant importance values during modeling.
While features that were not significant will be given a
regression coefficient value from the model equation = 0, so
these features were not selected. Set of selected significant
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SNPs that were considered as SNPs that influence the
predetermined phenotypes.

2.2.1. Leave One Out Cross Validation (LOOCV)

Full Dataset

wer [] [ L T [ [ [ [ ]

iz [ ] L [ [ [ [ ]

wars | [ ] [ [ [ ] | |

wan [ [ [ L T [ [ [ ]

|:| Vvalidation set |:| Training set

Fig 2. The illustration of how the LOOCV technique
works

By using the LOOCYV technique, for each training set it is
only one data point that is used as test data, and the
remaining data will be used as training data for all samples
in the data. Therefore, if there are 100 data points, then there
are also 100 models for each data point that is used as the
test data. This is the LOOCYV thing that can overcome the
drawbacks of using data with a small number of samples
because it does not create partitions between the training and
the test data.

2.2.2. Elastic Net method

Elastic Net adapts the feature on Ridge Regression which
can reduce the insignificant feature coefficients to close to
zero, with features on Lasso Regression which can eliminate
insignificant features by making the coefficients equal to
zero, thus making Elastic Net able to predict as well as
perform feature selection well such in equations (1) and (2).

i —Bo— ?:1 xiiB)+ Ay Z?=1(.Bj)2 +
A Z?:l 1B;1 1)

. 11
= <a<
With a 7t1+7tz’0_(x_1

(i = Bo — ?:1 xi;;B)* + A[(1—a) Z?=1(.Bj)2 +
052?:1 1811 (2)

Where a is the combined parameter. If o = 0 then it will be
Ridge Regression function, whereas o = 1 then it will be a
Lasso Regression function. A is a penalty constant with a
default value = 1. If A=0, then the function will be a
completely Ordinary Least Square (OLS). B j is the
regression coefficient (slope), and B 0 is a constant
(intercept). x is the data value (independent variable), and y
is the target value (dependent variable) [30].

2.3. Model testing and evaluation

The testing phase was carried out to predict the quantitative
value of the target variable, namely blood albumin amount
using the best model that has been obtained in the previous
stage when looking for hyperparameters using the LOOCV
technique. Then, for the evaluation stage model, using the
Mean Absolute Error (MAE) and the coefficient of
determination or explained variance (R2). In this study,
MAE measured the level of accuracy from the calculation
results of the Elastic Net method. While R2 testing aimed to
measure how good the regression line is.

2.3.1. Mean Absolute Error (MAE)

If the MAE value is close to zero, then the model is
considered good. The following is the equation used to
calculate the MAE value [31].

MAE =~ 2L, If; — | 3)

n = number of data

fi = the value of the i-prediction results
yi = the true value

2.3.2. Explained Variance (R?)

Modeling with an R2 value close to 1 is considered good
enough, whereas an R2 value close to 0 is considered a bad
regression model [32]. The following is an equation for
calculating the value (R2) [33].

_ 1 Soi-yd?
R2z] -=XiYel 4
2y’ “)

yi = the i-th value

Ve = the estimated value of the regression equation
yr = the average value

2.4. Validation of SNP selection results

The SNP validation stage that has been selected previously
is carried out by mapping the SNP to the gene of origin in
the gene data. Then, based on the previous research, a
literature study was carried out to see if there were studies
that had succeeded in revealing the association between the
genes that had been obtained with the phenotype of blood
albumin amount or CKD in general as a disease. The
literature search used credible article reference sources such
as PubMed (https://pubmed.ncbi.nim.nih.gov/).

3. Result

3.1 Pre-processing data

The used phenotype data was taken from the Yuan3 dataset
with a total of 32 different strains, with each strain available
in 2 genders, female and male accompanied by the average
albumin value for each strain, because this study only took
strains aged 12 months, there was one strain that had no
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average albumin value at all, MOLF/EiJ, bringing the total MRL/MpJ -0.54542
to 31 rat strains. Then standardization was carried out with NOD.B10Sn-H2<b>/J 0.900237
the Scikit-Learn package for these strains so that the NON/ShiLtJ -1.14622
distribution value for each strain has the same average and NZO/HILLtJ 1.425931
standard deviation. Because only one value is needed to NZW/LacJ 0.674939
represent each strain, strains that have more than one value P/J -0.9397
will take the average or median value to serve as a PL/J 1.425931
representative for the _albumin value of each strain. The PWD/PhJ 0.750038
results were presented in Table 1. RINS/ 0.205568
Table 1. Albumin value data for each strain that has been SIL/J -0.32013
standardized SM/J 1.53858
The average albumin values V\?S\{\Igjlg\] 81411;223
Strain which have been .
standardized
1291/SvimJ -0.77072 Whereas for SNP data pre-processing, improvements were
Al 0.656164 made to handle missing values and ‘H’ genotypes which
BALB/cByJ -1.70946 could reduce the accuracy level of the model. To overcome
BTBR T<+>Itpr3<tf>/J -0.188702 this, it is needed to delete rows that still have the genotype
BUB/BnJ -0.977245 value ‘H’ and the missing values. So, from the 114 candidate
C3H/Hel 0.7688128 genes queried, there are only 77 available gene data in the
C57BL/10J -0507874 SNP dataset. The SNP data coding was carried out only by
C57BL/6J 0.186793 changing the homozygous major allele to 0 value and to the
C57BLKS/] 0.074144 1 value for the homozygous minor allele. No data was
C57BR/cdJ 1.031660 changed to 2 because there were no heterozygous alleles.
C57L/J 0787587 Then after the value in the SNP data has been changed, the
CAST/EiJ 5 68575 SNP data was combined with the blood albumin amount
CBAY] 0.280667 value data based on the strain. The results of this data pre-
DBA/2] ~0.48909 processing stage_ ended in a data frame with dimensiqns 29
FVB/NI 075195 (samples of strains) x 580 (579 SNP features as predictors,
: 1 target feature which is blood albumin amount) (Table 2).
KK/HIJ -1.44662
LP/J -0.62052
Table 2. SNP data after coding.
The average
Strain rs31700936 | rs31700937 | rs625693 rs6161115
albumin
1291/SvimJ 0 0 0 0 -0.770722
A/ 0 0 0 0 0.656164
BALB/cByJ 0 0 0 0 -1.709463
\WSB/EIiJ 1 1 0 0 0.149244
C57BLKS/) 0 0 0 0 0.0741451
3.2 Modeling

Hyperparameter search of the Elastic Net model was
performed using the LOOCV-assisted GridSearchCV
function from the Scikit-Learn using the search grid
configuration shown in the following Table 3.

Table 3. Configuration of alpha and 11_ratio for
hyperparameter search.

Alpha 11_ratio
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0; 0.01; 0.02; 0.03; 0.04; 0.05;
0.06; 0.07; 0.08; 0.09; 0.1;
0.11; 0.12; 0.13; 0.14; 0.15;
0.16; 0.17; 0.18; 0.19; 0.2;
0.21; 0.22; 0.23; 0.24; 0.25;
0.26; 0.27; 0.28; 0.29; 0.3;
0.31; 0.32; 0.33; 0.34; 0.35;
0.36; 0.37; 0.38; 0.39; 0.4,
0.41; 0.42; 0.43; 0.44; 0.45;
0.46; 0.47; 0.48; 0.49; 0.5;
0.51; 0.52; 0.53; 0.54; 0.55;
0.56; 0.57; 0.58; 0.59; 0.6;
0.61; 0.62; 0.63; 0.64; 0.65;
0.66; 0.67; 0.68; 0.69; 0.7;
0.71; 0.72; 0.73; 0.74; 0.75;
0.76; 0.77; 0.78; 0.79; 0.8;
0.81; 0.82; 0.83; 0.84; 0.85;
0.86; 0.87; 0.88; 0.89; 0.9;
0.91; 0.92; 0.93; 0.94; 0.95;
0.96; 0.97; 0.98; 0.99

105, 0.0001; 0.001;
0.01; 0.1; 0.0; 1.0;
10.0; 100.0

The hyperparameter of the GridSearchCV search results got
the best alpha value of 0.01 and an I1_ratio of 0.01. The
Elastic Net model with the best hyperparameter succeeded
in selecting 88 significant SNPs from the 579 SNPs that had
been obtained. Determination of the Elastic Net coefficient
obtained from each SNP using a threshold. The selected
SNPs are SNPs with a coefficient value of > 0.05 or < -0.05.
All SNP coefficient values were converted to absolute value
so that what was considered was only the magnitude of the
coefficient value and did not pay attention to the direction
of the coefficient value. The greater the coefficient value,
the more significant the effect of the SNP. The following
table will display the 10 SNPs with the highest significance
(Table 4).

Table 4. Ten SNPs with the highest value of significance.

SNPid |Significant value|
rs32017704 0.149330
rs16814674 0.148558
rs50420333 0.126999
rs36885702 0.126723
rs16815124 0.124799

rs38990326 0.117344
rs29886255 0.115257
rs27558506 0.109833
rs30408777 0.108168
rs13483829 0.103778

3.2.1 Evaluation and testing

The test obtained was to make a comparison between the
predicted value and the actual value of the blood albumin
amount using SNP as the predictor variable. For comparison
can be seen in the following Table 5.

Table 5. The test results contain comparisons.

Strain Actual value Predicted value
129S1/SvimJ -0.770722 -0.752759
Al 0.656164 0.646480
BALB/cByJ -1.709463 -1.693074
WSB/EiJ 0.149244 0.145055
C57BLKS/] 0.074145 0.073743

Then the Elastic Net model in this study was evaluated using
the MAE and R2 metrics. The MAE results show a value of
0.755 which means a low failure rate. While the R2 obtained
was 0.999 or almost close to 1 indicating that the variation
in the value of blood albumin amount can be explained by
the SNP as a predictor that has been selected by the model.

4. Discussion

The Elastic Net model selects SNPs along with the modeling
process. The selected significant SNPs were 88 out of 579
processed SNPs. The 88 SNPs represent 30 candidate genes
out of 77 previously selected candidate genes for querying.
Furthermore, by conducting a literature study, it was found
that as many as 19 out of 30 (63.33%) gene variants
previously obtained, were shown to have associations with
CKD or other kidney diseases as well as phenotype
identifiers for blood albumin amount. While 11 other gene
types have not been found in published literature studies
related to CKD or blood albumin amount phenotypes. A
complete description of the genes and their relation to CKD
can be seen in the following table 6.

Table 6. Validation of SNP selection based on literature study.

Gene type Relation with CKD
F2 /Associated with kidney stone disease in women in Thailand, is one of the
phenotypes of CKD (Rungroj N, Sudtachat N, Nettuwakul C et al. [34])
Collal This gene is associated with renal allograft fibrosis which is one of the
CKD phenotypes (Menom M, Chuang P, Li Z et al. [35])
Viw This gene is a predictor of microalbuminuria, which is one of the CKD
phenotypes (Perrson F, Rossing P, Hovind P et al. [36])
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GIu298Asp polymorphisms 4 b/a and -786>C of Nos3 were shown to
have an association with CKD (Medina A, Zubero E, Jim'enez M et al.

The Cd44 SNP polymorphism is associated with kidney stone disease,
which is one of the symptoms of CKD, taking samples from the Han
Tinghoa population in Northeast Sichuan, China (Ying Q, Liu G, Zhou

SNP gene F10 has been shown to be associated with one of the symptoms

The Lu/Bcam protein plays a role in presenting the accumulation of]
monocytes and macrophages thereby exacerbating kidney injury which
can refer to CKD (Huang J, Filipe A, Rahuel C et al. [40])

RNA sequencing revealed that runx1-runx1tl can cause Clear Cell Renal
Cell Carnicoma (ccRCC) which can lead to kidney cancer (Xiong Z, Yu

Itgb3 plays a role in tubular cell aging which can refer to CKD (Li S,

This gene is found in pregnant women who suffer from hemolytic uremic
syndrome which refers to Acute Kidney Injury (AKI) which if it becomes
severe will become CKD (Bruel A, Kavanagh D, Noris M et al. [43])

/A study was conducted on children who had CKD with excess A intake
and found a high number of Rbp4 genes (Manichavasagar B, McArdle A,

Plasma sFIt-1 levels are inversely correlated with eGFR and are directly
related to heart failure in CKD patients (Di Marco G, Kentrup D, Reuter

Patients who wish to do hemodialysis must first check their levels of Plg,
TC, TG, HDL-C, LDL-C, TC/HDL-C ratio, lipoprotein A, FG, FN, and

Myh9 mutations were detected in boys with hematuria and proteinurial
suggestive of CKD (Matsumoto T, Yanagihara T, Yoshizaki K et al. [47])

/ApoB monitoring can be helpful for prediction of End Stage Renal

Heterogeneous expression of endoglin characterizes advanced kidney
cancer with different tumor microenvironmental states (Momoi Y,

Increasing the number of these genes in CKD patients can worsen kidney
function and lead to increased cardiovascular risk (Korczynska J, Czumaj

Indexed chronic glomerulonephritis patient had the FGB G455A

This gene is thought to help fight CKD (Lin H, Chen Y, Chen Y et al.

Nos3
[37])
Cd44
W et al. [38])
F10
of CKD (Yoshida T, Kato K, Yokoi K et al. [39])
Bcam
Runx1
H, Ding Y et al. [41])
Itgh3
Jiang S, Zhang Q et al. [42])
Cfh
Rbp4
'Yadav P et al. [44])
Fltl
S et al. [45])
Plg
HCT (Tzanatos H, Tseke P, Pipili C et al. [46])
Myh9
ApoB
Disease (ESRD) (Kwon S, Kim D, Oh K et al. [48])
Eng
Nishida J, Miyakuni K et al. [49])
Lep
A, Chmielewski M et al. [50])
Fgb
polymorphism (Kozlovskaia, N L et al. [51])
Aktl
[52])

5. Conclusions

This study succeeded in associating SNP as a predictor
feature with the blood albumin amount phenotype in CKD
using a machine learning method, namely Elastic Net
Regression. The Elastic Net model used produces the best
hyperparameters for alpha of 0.01 and 11 ratio of 0.01. The
evaluation results for the Elastic Net model in this study also
show a low error rate, the MAE is 0.755, and the coefficient
of determination is 0.999. For the selected SNPs, there were

88 SNPs in this study, with 19 of the 30 genes selected
through a literature study. The highest significance value is
SNPid rs32017704 chromosome 5 of 0.149330 which is the
SNP of the Nos3 gene, and it is proven from literature
studies that the Nos3 gene is related to CKD. Followed by
SNPid rs16814674 from the F7 gene, SNPid rs50420333
from the Plg gene, rs36885702 from the Fgb gene, and so
on.
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