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TRADITIONAL HEALTHCARE DATA ANALYTICS

ARTIFICIAL INTELLIGENCE IN PRECISION MEDICINE
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The appropriate utilization of artificial intelligence (Al) and machine learning (ML)
methodologies can yield novel understandings of complex traits, enabling improved
personalized treatments through predictive analysis and deep phenotyping.



Multi/Disease Research @ Ahmed Lab




Cardiovascular disease (CVD)

* Heart Failure (HF) and Atrial Fibrillation (AF) are among
the most common manifestations of CVD and contribute to
about 45% of all CVD deaths. (Dickinson et al., 2014)

* AF is an arrhythmic disorder in the atrium of the

heart, which can cause irregular heart rhythms. (Staerk
etal., 2017)

* HF is a chronic disorder, which weakens heart
muscle and affects the regular function of the heart

impairing its ability to pump enough oxygen-rich
blood. (Kalogirou et al., 2020)

 Due to the complex nature, progression, inherent genetic makeup, and heterogeneity in CVDs,
personalized treatments are critical for CVD patients.

* To improve the deciphering of CVD mechanisms, it will be necessary to systematically investigate
known and identify novel genes that are responsible for the CVD development.

» Studying genetic insight with the application of Artificial Intelligence (Al), Machine Learning (ML),
and state-of-the-art bioinformatics approaches can accelerate the processes of discovering disease
causing variants and decode genetics of complex phenotypes to predict, prevent, and treat CVD.




Bioinformatics & CVD




CVD Study Design

Bioinformatics Analyses:

EHR extraction from EPIC

CVD cohort building

Sample collection

Sample management & tracking
Library preparation

WGS data generation

RNA-seq data generation

WGS data QC and processing
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RNA-seq data QC and processing
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Gene-disease data annotation
11. Variant analysis & validation (WGS)

12. Gene expression analysis (RNA-seq)

Al/ML Analyses:

*  Predict disease with high accuracy
* Novel biomarkers discovery

* Intelligent Gene Score
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CVD Cohort Building & MAV-clis
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Sequence Data Generation

QC Report using PROMS-MED

lllumina NovaSeq 6000-S4

WGS
!

Expression Analysis Variant Analysis




RNA-seq Driven Gene Expression and Gene-Disease Annotation

O RNA-seq has become the most used method for gene
expression analysis

J Gene expression analysis is a widely adopted method to
identify abnormalities in normal function and physiologic
regulation.

» Findable, accessible, interactive, and reusable (FAIR)
bioinformatics platform for RNA-seq-driven variable and
complex gene-disease data annotation and expression
analysis with a dynamic heat map visualization.

» It supports transcriptomic profiling and expression
analyses to identify measure and compare genes and
transcripts in multiple conditions, and in different tissues
and individuals.

GVViZ



GVViZ — RNA-seq data quality checking and processing

Ahmed, Z., et al. (2021). Advancing clinical genomics and precision medicine with GVViZ: FAIR bioinformatics platform for
variable gene-disease annotation, visualization, and expression analysis. Human Genomics. 15(1), 37. PMID: 34174938.
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Existing Gene-Disease Databases
& Bioinformatics Tools.




Clinical - Genomics Database Development!

- Genomics
- Authentic Genes
- Germline SNPs
- Somatic SNPs

- Clinical Genomics
- Gene to Disease

- Germline SNP to Disease
- Somatic SNP to Disease
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URL: https://apps.apple.com/us/app/pas/id1447589546
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Clinical - Genomics Database Development!

Genes approved by the
American College of Medical
Genetics (ACMG )

URL: https://promis.rutgers.edu/pas




GVViZ - Demo and Download Information & Publication

URL: https://www.youtube.com/watch?v=xORroYpk8Nw

C)

GitHub

URL: https://github.com/drzeeshanahmed/GVViZ-Public
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GVViz & Gene-disease annotation & expression analysis for CVDs




Gender-based gene expression analysis

MALE FEMALE

A. HF

B. AF

C. other CVDs



Race-based gene expression analysis

HF AF Other CVDs

A. White
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Differential Gene Expression Analysis

*

Clusters: 1 and 2

In-depth gene expression
analysis and annotation
revealed 4,885 DEGs.



Gene Enrichment and Pathways Analysis

MDS plot showing biological distance Top 20 enriched pathways showing up-regulation and down-regulation in CVD based on their
between case-control samples based on BCV. normalized enrichment scores (NES).

Gene enrichment
Differential gene expression of annotated CVD heatmap of differentially
genes. expressed genes.




Summary: Gene Expression Analysis

* We report RNA-seq driven case-control study to analyze patterns of expression in
genes and differentiating the pathways, which differ between healthy and diseased
patients.

* Ourin-depth gene expression and enrichment analysis of RNA-seq data from patients
with mostly HF and other CVDs on differentially expressed genes and CVD annotated
genes revealed 4,885 differentially expressed genes and regulation of 41 genes
known for HF, 22 genes associated with AF, and 23 genes related to other CVDs.

* 15 DEGs as significantly expressed including four altered genes known (FLNA, CST3,
LGALS3, and HBA1) for HF and CVDs with the enrichment of many pathways. We
found that PF4, PPBP, MYL4, KCNE3, VKORC1, KCNQ1 and CYP4F2 genes are highly
expressed in AF.

* Gender and ethnic group specific analysis showed shared and unique genes between
the genders, and among different races. Subsequent analyses were performed based
on gender. Our analysis identified altered expression pathways of genes with gender
differences in middle-aged to frail CVD patients.
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Variant Analysis & Validation using WGS Data of Same Patients

JWES: a new pipeline for gene-variant discovery, annotation,
prediction, visualization, and genotyping.

URL: https://github.com/drzeeshanahmed/JWES-DB
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Variant Analysis: Mutation % and Count Per Gene

Mutation-percentage of HF Mutation-count per gene
(63%) and other CVD (37%) associated with HF and
genes. other CVDs.



Variant and Prevalence Analysis, and JSD

Jensen-Shannon Divergence (JSD) measurement and variant distribution analysis of genes
associated with heart failure (HF) and other cardiovascular diseases (CVDs). Figure presents

JSD scores of genes associated with HF, and other CVDs.

A) Variant analysis and prevalence of HF genes. B) Variant analysis and prevalence of other CVD
genes. C) Variant analysis and prevalence of FLNA, CST3, LGALS3, and HBA1. D) Variant analysis
and prevalence of CST3, LGALS3, MME, NR3C2, PIK3C2A, TNF, and VCL. E) Variant analysis and
prevalence of ATP2A2, FADD, FLNA, HBA1, LEMD3, SLC2A1, SMUG1, and ZBTB8OS.



Splice Mutation Analysis of Genes




Functional and non-functional mutation analysis

Lollipop plots of NOS3, NPPA, NPPB, NPPC, NPR1,
NR3C2, PIK3C2A, PLN, REN, TNF, UTS2, and VCL.

Lollipop plots of SLC2A1, FGF2, FLNA, HBA1, GJB6,

Lollipop plots of ACE, ADM, ADRB1, ADRB2, AGT, ATP2A2, CD40LG, FGF23, TEK, TAC1, DDX41, FADD,
AGTR1, AMPD1, ANKRD1, AQP2, CORIN, CRP, CST3, ENO2, LEMD3, CD34, TRPVL, GLMN, MB, SMUGL,
EDN1, EDNRA, EPO, HSPB7, IL6, KNG1, LGALS3, PPN, CALDL, KANTR, and ZBTB80S.

MME, MMP2, MYBPC3, MYH6, and MYH?7.

Green color represents Missense Mutations, black represents Truncating Mutations, brown represents Inframe
Mutations, and purple represents Fusion Mutations.



* We performed variant analysis and verified mutations among the annotated genes
for HF, AF, and other CVDs, and identified missense mutations among genes with
altered expression.

* We annotated these mutations to identify functional and nonfunctional mutations in
genes associated with HF, AF, and other CVDs. We detected over a million SNV and
insertion and deletion events.

* We implemented Jensen-Shannon Divergence (JSD) Based Method and identified
HBA1, FADD, ADRB2, NPPB, ADRB1, ADB, and NPPC genes with the greatest variance
based on their JSD scores

* The most common mutation types in HF, AF, and other CVD genes were intronic, 5’
flank, and 3’ flank. Mutations in these genes have been linked to aberrant expression
in CVD and observed having low functional impact among common missense
mutations.

* WAGS allowed us to do in-depth analysis of CVD genes as RNA-seq cannot detect any
of the variants located in noncoding DNA regions.
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Implementing Artificial Intelligence (Al) & Machine Learning (ML)

1. Predict CVD with high accuracy with knowledge-driven approach based
on known genetic evidence establishing association by implementing best fitting
Al/ML algorithms for deep phenotyping and predictive analytics.

2. ldentify new predictive biomarkers using data-driven approach with a
novel nexus of Al/ML algorithms to reveal biological patterns explaining the causal
relationship based on genomic, transcriptomic, and phenotypic data of patients with
CVD.




Which Al/ML approach/algorithm is appropriate ?
0

Al/ML approaches: Comparative
analysis and evaluation.
2022



Predict CVD with high accuracy with Hygieia

Hygieia: Al/ML pipeline for predictive analysis.

Al/ML approaches: Comparative
analysis and evaluation.
2022



Predict CVD with high accuracy

(A) Population distribution based on clinical features; (B) Correlation matrix;
(C) Gene ranking; (D) Feature Swarm Plot; (E) Correlation matrix of genes; (F)
Confusion matrix of genes.




Summary: Predictive Analysis

« We used our open-source Al/ML ready pipeline i.e., Hygieia, which is based on the
Random Forest (RF) for regression analysis and predicting disease without requiring
hyperparameter tuning.

« We trained our model on different cross-sections of the three different matrices based
on HF, AF, and other CVDs.

« We uncovered an interesting correlation between age, gender, race, and diagnosis. During
our analysis, it was observed that age and gender appeared to have a high correlation
in HF and other CVDs while age, and race were highly correlated in AF.

*  We observed the most significant genes associated with HF, AF, and other CVDs based on
the RF feature importance global variable. A score was assigned to each gene, which
represents the feature importance for the model in stratifying CVD patients.

» Visible data clusters were observed for the genes highly correlated, downregulated and
with altered expression in CVD patients compared to healthy individuals. Our model was
able to correctly classify individuals as CVD patients and predict CVD with 95% accuracy.

« We observed and reported overlapping in significant results produced in gene
expression, variant, phenotypic, and predictive analyses, which include genes
associated with HF, AF, and other CVDs.
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Biomarkers discovery

Identify new

predictive biomarkers
using data-driven approach
with a novel nexus of Al/ML

algorithms to reveal biological < Next

A

patterns explaining the causal
relationship based on
genomic, transcriptomic, and
phenotypic data of patients
with CVD.




Biomarkers discovery o .
New Al/ML Pipeline i.e., IntelliGenes

Identify new

predictive biomarkers
using data-driven approach
with a novel nexus of Al/ML
algorithms to reveal biological
patterns explaining the causal

relationship based on b
genomic, transcriptomic, and
phenotypic data of patients A\
with CVD.

v
@




Biomarkers discovery

Identify new

predictive biomarkers
using data-driven approach
with a novel nexus of Al/ML
algorithms to reveal biological
patterns explaining the causal
relationship based on
genomic, transcriptomic, and
phenotypic data of patients
with CVD.

Biomarker discovery using IntelliGenes
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IntelliGenes: Nexus of Al/ML approaches







Gene-Disease Network




Validating List of Biomarkers with EHR

Diagnosis ICD9 ICD10 Gene

Type 2 or unspecified diabetes mellitus with peripheral circulatory disorder [Type 2 Diabetes] 250 E11.51 GPX1

Osteoarthritis [Osteoarthritis] 715 M19.90 GAS5

History of non-Hodgkins lymphoma [Diffuse Large B-cell Lymphoma]** V10 Z85.72 HLA-B

Malignant neoplasm of upper-outer quadrant of right female breast. unspecified estrogen receptor status

(CMS/HCC) [Breast Cancer] 174 C50.411 GAS5 TSTD1 EGLN2 SNHG6 BRK1
Seronegative arthritis [Rheumatoid Arthritis]** 716 M13.80 HLA-DMB GAS5

Mass of upper inner quadrant of right breast [Breast Cancer] 611 N63.12 GAS5 TSTD1 EGLN2 SNHG6 BRK1
Coronary artery disease involving native heart with angina pectoris. unspecified vessel or lesion type

(CMS/HCC) [Coronary Artery Disease] 414 125.119

Special screening for malignant neoplasms. colon [Colorectal Cancer] V76  712.11 EGLN2 SNHG6

Seronegative rheumatoid arthritis (CMS/HCC) [Rheumatoid Arthritis] 714 MO06.00 HLA-DMB GAS5

Family history of ovarian cancer [Ovarian Carcinoma] V16  780.41

Malignant neoplasm of upper lobe. right bronchus or lung (CMS/HCC) [Lung Cancer] 162 C34.11 EGLN2 BRK1 CTA-363E6.6
Other malignant lymphoma of extranodal or solid organ sites [Diffuse Large B-cell Lymphoma]** 202  C85.89 HLA-B

Other diabetic neurological complication associated with other specified diabetes mellitus (CMS/HCC)

[Type 1 Diabetes] 249 E13.49 HLA-DMB HLA-DPA1l

NSTEMI (non-ST elevated myocardial infarction) (CMS/HCC) [Myocardial Infarction] 410 1214 GAS5

Obscure cardiomyopathy of Africa (CMS/HCC) [Cardiomyopathy] 425  142.8 HLA-DMB HLA-B GPX1

Other atherosclerosis of native artery of extremity [Atherosclerosis] 440  170.299 ARPC4

Family history of ischemic heart disease [Coronary Artery Disease] V17  782.49

Wegeners granulomatosis (CMS/HCC) [Granulomatosis with Polyangiitis] 446 M31.30 HLA-DPA1

Mantle cell lymphoma (CMS/HCC) [Diffuse Large B-cell Lymphoma]** 200 C83.10 HLA-B

Viral hepatitis [Chronic Hepatitis B Virus]** 070 B19.9 HLA-DPA1

Hereditary and idiopathic peripheral neuropathy [Neurodevelopmental Disorders]** 356 G60.9 ARPC4

Malignant neoplasm of posterior wall of bladder (CMS/HCC) [Bladder Cancer] 188 C67.4 ARPC4 GPX1

Carcinoma in situ of breast [Breast Cancer] 233 DO05.90 _GASS TSTD1 ~ EGLN2 SNHG6 BRK1
Need for prophylactic vaccination and inoculation against viral hepatitis [Chronic Hepatitis B Virus]** V05 723 HLA-DPA1

Polycystic ovaries [Polycystic Ovary Syndrome] 256  E28.2 GAS5

Malignant neoplasm of colon (CMS/HCC) [Colorectal Cancer] 153  C18.9 EGLN2 SNHG6
Telangiectasia [Hereditary Haemorrhagic Telangiectasia]** 448  178.1 SNHG6

Malignant neoplasm of prostate (CMS/HCC) [Prostate Cancer] 185 (61 EGLN2

Interstitial lung disease (CMS/HCC) [Connective Tissue Disease-Associated Interstitial Lung Disease]** 515 184.9 TSTD1

Chronic periodontitis [Periodontitis] 523 K05.30 GPX1

Secondary malignant neoplasm of lung (CMS/HCC) [Lung Cancer] 197 C78.00 EGLN2 BRK1 CTA-363E6.6
Squamous cell cancer of epiglottis (CMS/HCC) [Oral Squamous Cell Carcinoma] 161 €321 GAS5

Chronic obstructive pulmonary disease. unspecified COPD type (CMS/HCC) [Chronic Obstructive

Pulmonary Disease] 496  J44.9 EGLN2

Chronic myeloid leukemia (CMS/HCC) [Acute Myeloid Leukemia]** 205 (C92.10 TWEF2

Ectopic pregnancy without intrauterine pregnancy [Development of Ectopic Pregnancy] 633  000.90 TSTD1

Old myocardial infarction [Myocardial Infarction] 412 125.2 GAS5



Personalized interventions are deemed vital given the intricate characteristics,
advancement, inherent genetic composition, and diversity of CVD.

* Implemented orthodox bioinformatics analyses of RNA-seq and WGS data.
* Investigated genes, known to be associated with CVDs.

The appropriate utilization of Al and ML methodologies can yield novel understandings of
CVDs, enabling improved personalized treatments through predictive analysis and deep
phenotyping.

» Developed Al/ML approaches to
« predict CVD and identify risk factors
« discover novel biomarkers

The synergistic use of multiple Al algorithms provides more accurate results, draws
insightful conclusions, and precise predictions about real-world problems compared to
single Al algorithm on its own.

With its successful implementation, our newly developed predictive engine can provide a
valuable framework for identifying patients with CVDs based on their biomarker profiles.
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