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DATA INTEGRATION ANALYZE

• High quality

• Multi-dimensional

• Adequate Sample Size

• Secure interphase for 
storage and analysis

• Develop problem 
statements

• Use deep domain 
knowledge to derive 
meaningful insights

REAL WORLD 
IMPACT

• Discovery database and 
hypothesis playground

• Field/Disease specific 
use cases

• Cross-
Population/cohort 

• Disease Risk 
Prediction and 
Surveillance

• Clinical application

• Evidence based 
intervention

Data to Real World Impact: Our End-to-End Approach
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Trusted partner in the ecosystem with multiple collaborations with key stakeholders

Programme for Research in Epidemic 
Preparedness and Response
Data core - 9 hospitals 

BII REDCap data capture centre

Barnaby 
Young

Kelvin 
Tan Research Cohorts

Hospitals International  collaborations

Funding Agencies



DATA Purpose: Addressing National health challenges

Early life development Function and Performance (Adults) Healthy longevity
Prevention                                                                      to                                           Treatment

MEMOSA, SG10K Health, 
SG90, SCHS, DaHA

GUSTO, S-PRESTO, NiPPeR GUSTO, S-PRESTO, NiPPeR, iDAD_SG, TEAMS Study, 
ATTRaCT, PRISM, HELIOS, SERI, TTSH, MEC, PREPARE

Clinical Data Multi-Omics Data
Metabolic Health Cardiovascular 

Disease

Mental Wellness Immune Health

Genetics (GWAS & Polygenic Risk Scores)
Epigenetics  (EWAS & EpiClocks)

Transcriptomics (Coding & noncoding)
Lipidomics

Metabolomics
Microbiome

>80 publications

3 patents and  Industry licenses



Clinical & Genomic Database Query = Clinical Impact

Clinical SQL Database

Genomic DB Query

Clinic Visits, Phenotype,
Family History

Prescription, Diagnosis

Blood Tests, metabolomics

WGS

dbSNP

Fast Querying

Subject
Gene
Chr:Pos

External DBs

AI & Analysis-
ready format

Clinical Filters Dashboard Stats & 
Pattern recognitions

Genetic Counsellor App

Use case 1



Multi-platform Engagement and Data Integration for a Unified National GoalUse case 2

Inter-individual variation in Infection Severity

A*STAR ID LABS

Penny Chan
Vachiranee Limviphuvad



10K 100K IM

Nature Genetics 2023 Feb;55(2):178-186

iScience. 2023 Mar 31;26(4):106546

Nat Commun. 2022 Nov 5;13(1):6694
Cell 2019 Oct 17;179(3):736-749.e15

Use case 3 Clinical and Multi-omics Data Integration to Study Biological Aging in Asians

Transcriptional signature  of Frailty: Nat Commun. 2019 Dec 
20;10(1):5808
Abnormal Mitochondrial activity in Muscle wasting.  J Cachexia 
Sarcopenia Muscle. 2023 May 4
Aging in Womb: BMC Med 2022 Jan 25;20(1)

Patent

Trans-ethnic and ethnicity specific variants 
associated with ageing and healthspan • EpiAge of Asian pediatric and 

adult sub-populations

Epigenetic Clocks for 
Measuring Healthy Aging

Chronological vs 
Epigenetic age for 
metabolic health

Age acceleration GWAS

Linear regression model using AgeAccel

NS = not sig 
+ : p < 0.05
++ : p < 0.01
+++ : p < 0.001

Epiclock

Telomere Length

Asian SNPs

• Biological age markers 
associated with clinical 
phenotypes

Aging in Asians

Ageing
Genetics

Clinically 
actionable 

variants

Cross-ref known 
databases

EpiClock
Genes

Telomere-
associated 
genes

• Functional annotations, 
gene ontology pathways 
+ enrichments

• Ethnic, sex differences 
within SG10K

• Ethnic, sex differences 
beyond SG10K

SG10K-Health Sentinel Study on Aging 

Consortium



QTL 
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Integrative Multi-Omics database (iMOMdb)

imomdb.karnanilab.com/imomdb

Genomics
Epigenomics
Transcriptomics

iMOMdb

1. Browse, search, visualize, download data

2. Multi-omics platforms: genotype, DNA methylation, RNA 

transcription

3. Ethnicity QTL, meGene, eGene annotations

7

Integrative Multi-Omics database (iMOMdb)

Genomics
Epigenomics
Transcriptomics

iMOMdb

Ethnicity-specific 
hotspot genes

Ethnicity

� 28.0% of all SNPs 
FST > 0.05

� 30,350 genes

� 15.9% of all CpGs
FDR < 0.05

� 14,149 genes

� 27.8% of all RNAs 
FDR <0.05

� 4,433 genes� 2,561 genes with at 
least 1 SNP + CpG + RNA 
sig. assoc with ethnicity

Hong, Tan, Lim, Huang and Karnani 
et al. Human Mol Genet 2022
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Integrative Multi-Omics database (iMOMdb)

¾Ethnicity QTL hotspot top GSEA 

• Antenatal maternal plasma 
(N=752)

• Maternal-facing placenta 
(N=1042)

Lipidomics (LC-MS/MS)

� 83.3% of lipids 
detected sig. 
assoc. with 
ethnicity

� 74.5% of lipids 
detected sig. 
assoc. with 
ethnicity
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Integrative Multi-Omics database (iMOMdb)

¾Ethnicity QTL hotspots
¾ 395 genes

meGene eGeneEthnicity-specific 
hotspot gene
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Integrative Multi-Omics database (iMOMdb)

¾Ethnicity QTL hotspot top GSEA 

• Antenatal maternal plasma 
(N=752)

• Maternal-facing placenta 
(N=1042)

Lipidomics (LC-MS/MS)

� 83.3% of lipids 
detected sig. 
assoc. with 
ethnicity

� 74.5% of lipids 
detected sig. 
assoc. with 
ethnicity

Plasma lipidome
 (validation) 

Integrated Multi-Omics Database (iMOM_db) of Asian Pregnant WomenUse case 4



UK NICE guidelines showed poor 
predictability in Singaporean women 
[AUC:0.60 (95% CI 0.51, 0.70)]. The non-
invasive predictive model comprising of 4 
non-invasive factors: mean arterial blood 
pressure in first trimester, age, ethnicity 
and previous history of GDM, greatly 
outperformed [AUC:0.82 (95% CI 0.71, 
0.93)] the UK NICE guidelines.

Machine Learning Derived Prenatal Predictive Risk Model to 
Guide Intervention and Prevent the Progression of Gestational 
Diabetes Mellitus to Type 2 Diabetes. [Accepted for publication in 
JMIR Diabetes on 22 March 2022]
Kumar M, Ang LT, Ho C, Soh SE, Tan KH, Chan JK, Godfrey KM, Chan SY, 
Chong YS, Eriksson JG, Feng M, Karnani N
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Automated Machine Learning (AutoML)-Derived
Preconception Predictive Risk Model to Guide Early
Intervention for Gestational Diabetes Mellitus
Mukkesh Kumar 1,2,3 , Li Ting Ang 1,2, Hang Png 1,2, Maisie Ng 1,2, Karen Tan 1 , See Ling Loy 4,5,
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Abstract: The increasing prevalence of gestational diabetes mellitus (GDM) is contributing to the
rising global burden of type 2 diabetes (T2D) and intergenerational cycle of chronic metabolic
disorders. Primary lifestyle interventions to manage GDM, including second trimester dietary and
exercise guidance, have met with limited success due to late implementation, poor adherence and
generic guidelines. In this study, we aimed to build a preconception-based GDM predictor to enable
early intervention. We also assessed the associations of top predictors with GDM and adverse
birth outcomes. Our evolutionary algorithm-based automated machine learning (AutoML) model
was implemented with data from 222 Asian multi-ethnic women in a preconception cohort study,
Singapore Preconception Study of Long-Term Maternal and Child Outcomes (S-PRESTO). A stacked
ensemble model with a gradient boosting classifier and linear support vector machine classifier
(stochastic gradient descent training) was derived using genetic programming, achieving an excellent
AUC of 0.93 based on four features (glycated hemoglobin A1c (HbA1c), mean arterial blood pressure,
fasting insulin, triglycerides/HDL ratio). The results of multivariate logistic regression model showed
that each 1 mmol/mol increase in preconception HbA1c was positively associated with increased
risks of GDM (p = 0.001, odds ratio (95% CI) 1.34 (1.13–1.60)) and preterm birth (p = 0.011, odds ratio
1.63 (1.12–2.38)). Optimal control of preconception HbA1c may aid in preventing GDM and reducing
the incidence of preterm birth. Our trained predictor has been deployed as a web application that
can be easily employed in GDM intervention programs, prior to conception.

Int. J. Environ. Res. Public Health 2022, 19, 6792. https://doi.org/10.3390/ijerph19116792 https://www.mdpi.com/journal/ijerph

Diabetes  Risk Prediction Modeling

GDM to T2D Risk analysis Preconception Predictive Risk 
Modelling for GDM

Use case 5 Mukkesh Kumar
PhD Thesis

50% GDM cases routinely missed in SG



Federated Data Learning - Overcoming Data Sharing Obstacles

ARES CONFIDENTIAL

Data A Data B

Federated 
Learning

X

HE

.
Homomorphic Encryption (HE)
Enables computation of encrypted information without need for decryption

Benefits:
q Increased data security owing to HE
q Reduced regulatory hurdle for local and 

international cohort data integration

Example – The Cardiometabolic Health Initiative
Polygenic Risk Score calculation
Two local cohorts (PRISM & ATTRaCT) and >3000 
subjects

Federated Learning



The Science Mavericks
Developing an LSTM Model for 
Predicting Nutritional Deficiency 
Diseases with Medication 
Administration Records

Kang Qi

@ SICS

Jia Xu Kelly Ong

Gong Min Felicia Tin
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