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Design and presenting an intelligent model for predicting
SNP-based hypertension

L_ngJKD‘)J.Gﬁf{J:W‘JJ\L&‘

BY - ERGHE W v.ifjf.: ‘e sloaly st
0315 S (cdgs ;S5 1,5l sliul

Lgajﬁydl.cu\:m:ﬁa&}b




B O




' ;:.o-';{:';oﬂ;:

w )9 S P)

*”* 0

R )
iy Sobel 5,559, omilo g Sl 0318 (S J S
4 \
olwdl pgi) . | i a4y (51,2
| Sl y8 0,509 J Guos (g S0l
GWAS \‘ SNP).) (o sly=!
Sob o
| S50l 0,5, - il e
Ol J
MSA 2 (S0 (S
) PRS
/
A bl (P e LS PRI <
S 636 ilw Jow
f ) < )
) o o8 .
. 09> Gy Jowe b)) .
OMBI3 059> \ w0 SNP oLl
_/
S/
]
T, . . A S A 15l
639195 9 90 wole )bl PEIETY S Iajl“;;“ o3
!




A7

Introduction

e
-




X & & o
(g (g 3)
Rafiei and Amjadi, 2013 Oleys CaaS s éb} Ols s> S0 @
. s e =z 5 - .
oLl g Golew Oloys 5 esil o J:&M’ sals,in ®
Strachan and Read, 2018 o sy b
- . . 4 = . . .
s I Gl ol il S0k e S M @
HO, et al., 2019 . .
(529 é«ﬂﬁ ®
Gl g B
PRS- WP NGV P
C)LAJJ LS.’.‘JK u

s el .




Okl Pad 5
DNA ts®
AAACCGGT (s als s JIg®
Loy S g lidog S m
il L g S5 s SIS 5 5L

S oS 4z,

allelel AAGCGCCCCITGICCTTCCCTGGAAGT

; T e
allele2 AAGCGCCCCITGGCCTTCCCTGGAAGT GU‘ 92 “—JW O
T/T T/G G/G
Homozygous Heterozygous Homozygous

Restante. 2018 Caliskan, Erol and Oz, 2020




S0 73 § Oa0 )
GEenotype :s 405 05 ®

SN i &S M s Sl 8
Phenotype :s 55+, ®

S S oL L odalive bl Slus guast ®

+0+0=Q

Ziegler et al., 2012




A7

GWAS pgi3 08 yus” bl 5l axfliae

G50 5 B om bLIl (S adsl gl S5, @

INheritance osl sls ,s &yl g ®

Genetic linkage Se 5 ¢S5 Slallas
Risch & Merikangas, 1996 shols L slag )l Lj-{:d) s ®
Sald 5 40 @U‘ el Olallles @

G F e ™

s S5k I Slsl 3 05

ol o tlos glie 1005 215 8

p-value aul=. o> Chi squared ¢ 4. ;T =

Restante. 2018

EZ T




PP b 9 S5 e o 2k Je
DNA (5 218" 5 s s 13T 3@

LaoT OLs Jlb o o 5 Seiis lacsslen 03 S50 O ©
Solow S (8l 15 3,3 S 05 53 At Ol 3o @

559, L RNA DNA dUs 55 cals ¢, 505141 ©

4.3\?.&?:-3‘}3(5}‘;?.&@




Soft Computing (2022) 26:3863-3870
https://doi.org/10.1007/500500-022-06790-w

OPTIMIZATION d.)

Check for
updates

Developing new genetic algorithm based on integer programming
for multiple sequence alignment

S. Ali Lajevardy’ - Mehrdad Kargari'

Accepted: 11 January 2022/ Published online: 7 March 2022
© The Author(s), under exclusive licence to Springer-Verlag GmbH Germany, part of Springer Nature 2022

Abstract

Molecular biology advances in the past few decades have contributed to the rapid increase in genome sequencing of
various organisms; sequence alignment is usually considered the first step in understanding a sequence’s molecular
function. Understanding such a function 1s made possible by aligning an unknown sequence with known sequences based
on evolution. An optimal alignment adjusts two or more sequences in a way that it could compare the maximum number of
identical or similar residues. The two sequence alignments types are Pairwise Sequence Alignment (PSA) and Muluple
Sequence Alignment (M5A). The MSA enjoys a higher advantage than PSA since it predicts the similarity in a family of
similar sequences, providing more biological data. Moreover, while the dynamic programming (DP) technique 1s used in
PSA to provide the optimal method, it will lead to more complexity 1f used in MSA. So, the MSA mainly uses heunstic and
approximation methods. Such methods include progressive alignment, iterative alignment, Hidden Markov Model (HMM),
and Metaheuristic algorithms. This paper presents a genetic algorithm and chromosome design to solve a mathematical
model for MSA. This model uses a basis for an optimal solution in different ways, and an X-mediated matrix with binary
elements 1s used to model the sequence. Then, the model 1s implemented using the Genetic Algorithm method on the web,
and the final results indicate the success of GA for the MSA approach.
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Hypertension Risk Prediction Based on SNPs by Machine Learning
Models

S. Ali Lajevardi', Mehrdad Kargari'-', Maryam S. Daneshpour” and Mahdi Akbarzadeh”

'Faculty of Industrial and Systems Engineering, Tarbiat Modares University, Tehran, Iran; “Cellular and Molecular
Research Center, Research Institute for Endocrine Sciences, Shahid Beheshei University of Medical Sciences, Tehran,
Iran

Abstract: Background: Hypertension 15 one of the most significant underlying ailments of cardiovas-
cular disease; hence, methods that can accurately reveal the risk of hypertension at an early age are es-
sential. Also, one of the most critical personal health objectives 15 o improve disease prediction accura-
cy by examining geneilc varanis.

Objective: Therefore, vanous climcal and genetically based methods are used to predict the disease;
however, the critical 1ssue with these methods 15 the high number of input vanables as penetic markers

ARTICLE HISTORY

:mr:'-lj*lur:y i:':'l 2002 with small samples. One approach that can be used to solve this problem is machine learning.

Vi UL | X

Aoepied: Septrcher 19, 2007 Methads: This study was conducted on the participants’ genetic markers in the 20-vear research of car-
XM diometabolic genetics in Tehran (TCGS). Various machine learning methods were used, including line-

T 2074/ T3 TARGIA ] TROA22 I PG 3A2D . 5 s .
' o ar regression, newral network, random forest, decision tree, and support vector machine. The top ten ge-

netic markers were identified using importance-based ranking methods, including information gain,
gain ratio, Gini index, ¥°, relief, and FCBF.

Results: A model based on a neural network with AUC of 89% was presented. This model has an accu-
racy and an f-measure of 0.89, which shows the quality. The final results indicate the success of the ma-
chine learning approach.

Conclusion: Study shows machine learning approach helps predict the risk of hyperiension at a young
age and finds significant SMPs that atfect HTN.

Keywords: Hypertension risk, machine learmning, SNP markers, TCGS, cardiovascular disease, genetic markers.
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Rt 0.507 0.507 0.505 0.507 0.507
Logistic Oy 0.808 0.743 0.743 0.743 0.743
Regression S g o 0.808 0.743 0.743 0.744 0.743
055 0318 § (y (i 0.811 0.853 0.819 0.817 0.853
S 0.507 0.507 0.505 0.507 0.507
O 0.806 0.741 0.74 0.742 0.741
RIVOWES 0.81 0.741 0.741 0.743 0.741
o555 091> g G el 0.610 0.852 0.844 0.838 0.852
S 0.5 0.503 0.498 0.503 0.503
Oy 0.397 0.303 0.303 0.303 0.303
Sz g (o 0.549 0.53 0.498 0.54 0.53
B e 0.565 0.810 0.780 0.759 0.810
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* 600K s prese
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0.804|0.726| 0.81 | 0.885| 0.817 | 0.542 | 0.83 | 0.866| 0.71 | 0.877 AUC
0.883|0.747(0.884| 0.801/ 0.771 | 0.884 | 0.861 | 0.88 | 0.74 | 0.901 CA
0.8380.639|0.834| 0.889| 0.768 | 0.829 | 0.832 | 0.878 | 0.65 | 0.896 F1 =
0.839| 0.6 |0.841|0.887 0.767 | 0.781 | 0.834 | 0.876 | 0.65 | 0.893 Precision
0.883|0.747/0.884] 0.891] 0.771 | 0.884 | 0.861 | 0.88 | 0.74 | 0.901 Recall
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TCGS GWAS
MAF |Ref|Alt TRAIT POS |Gene RISK ALLELE |P-VALUE

rs6506537 | 1 36.79 [C [Hypertension 18p11.32 [NR rs6506537-T | 4.00E-09
rs10021303 | 2| 38.53/G |A [Hypertension 4gq22.3 [NR rs10021303-A | 7.00E-06
rs380914 3 44.07C [T

Cardiovascular disease in hypertension
rs3768939 | 4/ 29.6/G |A |(calcium channel blocker interaction) [2q37.2 |[CENTG2 [rs3768939-A | 9.00E-07

Systolic blood pressure response to
rs4150161 | 5| 19.71T |C |hydrochlorothiazide in hypertension 16q24.1 [TAF1C  |rs4150161-T 1.00E-06
rs31864 6| 35.05/A |G [Hypertension 5933.3 |EBF1 rs31864-A 3.00E-06
151925458 | 7| 17.34/G [T |Alzheimer's disease in hypertension 6p22.3 [NRSN1 |rs1925458-7 1.00E-06
rsQ9i316 8 48.38/C [T [Hypertension 14923 |ADH7  [rs991316-T 5.00E-06
151799945 | 9 11.15/C |G [Hypertension 6p22.2 |HFE 151799945-G | 2.00E-10

Diastolic blood pressure night-to-day
rs12509878 [10{ 44.60[T |G [ratio in hypertension 4g22.3 [IncRNA [rs12509878-C | 6.00E-06
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Discussion and conclusion
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