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Global health challenges



Global health challenges

1. Obesity and Chronic diseases

2. Aging

3. Drug resistance, Hospital acquired infections

and medical errors

4. Global warming and pollution

5. Health inequality and healthcare finance

6. Infectious and/or zoonotic diseases and viruses

7. Stress and sleep aponia

8. Relationships and social health
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Future healthcare technologies

1. AI/ML: predictive/prescriptive analytics and digital twin

2. Sensors: Smart wearables, cyborg, satellites, wireless

sensor networks and IoTs

3. 5G/6G: Cloud computing, telemedicine and Mobile

health

4. Robotics (computer vision and natural language

processing)

5. Gene editing, genomics, epigenomics proteomics and

metabolomic

Enabler: Globalization and economic growth



Our healthcare system:

A complex system



Complex Health Systems
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Complex healthcare systems

Holistic approach to healthcare should not 

just consider medicine but also consider

1. Social aspects

2. Political aspects

3. Cultural aspects

4. Community aspects

5. Communication aspects

6. Transportation aspects



Complex healthcare systems

7. Management aspects

8. Supply chain aspects

9. Administration aspects

10.Education aspects

11.Financial aspects

12.Economical aspects

13.Behavioural/ psychological aspects

14.Geological aspects



Smart health



Smart Health

Application of artificial intelligence to make the 

intelligent/right decisions at the right time, right place utilizing 

the right data. It includes:

1. Information collection through Sensors and records: Smart

wearables, cyborg, satellites, wireless sensor networks and IoTs

2. Information sharing and exchange through 5G/6G: Cloud

computing, telemedicine and Mobile health

3. Information processing and decision making: through AI/ML:

predictive/prescriptive analytics and digital twin

4. Smart response/action/control through robotics (computer

vision and natural language processing)
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Artificial Intelligence

https://medium.com/@harish_6956/what-is-machine-learning-deep-learning-

7788604004da

https://medium.com/@harish_6956/what-is-machine-learning-deep-learning-7788604004da


Artificial Intelligence

https://medium.com/@harish_6956/what-is-machine-learning-deep-learning-

7788604004da

https://medium.com/@harish_6956/what-is-machine-learning-deep-learning-7788604004da


Machine Learning
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Machine Learning
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Machine Learning
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Predictive and prescriptive analysis in 

healthcare



Predictive analysis in healthcare

4/20/2022

 Predicting health status, disease risk and response based on 

the information already known.

 Predicting the positive and negative impact of various factors 

including

 Genetic make-up or genomic profile

 Present health status (phenotype)

 Environmental factors (weather, pollution, geography etc)

 Diet and Medicine

 Sleep, stress, life style and activities (including contact tracing)

 Exercise and therapy

 Relationships, social and economical status



Predictive analysis in healthcare

4/20/2022



Prescriptive analysis in healthcare

4/20/2022

Using predictive analysis to generate (personalized) 

prescriptions to minimize disease risk and improve or ensure 

health and wellbeing. Prescriptions might include:

 Controlling environmental factors (weather, pollution, 

geography etc)

 Diets, Medicines

 Sleep, stress, life style changes

 Exercise and therapy

 Medical tests, investigations

 Treatment, surgery, gene editing

 Precautions and monitoring



Predictive analysis in healthcare
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Predictive analysis in healthcare
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Digital twin in healthcare

4/20/2022

Making and keeping your digital copy containing all required 

information about you together with your 3D image/scan. It 

can also contain:

1. Your general information (hight, weight, shape, BMI etc.)

2. Your genomic profile and phenotype

3. Your medical history

4. Your family history (health related)

5. Your diet, activity, travel history

6. Your predictive/prescriptive analysis

You can keep it and share it with your doctors or others by 

selecting the information you want to share.



Digital twin in healthcare
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Digital twin in healthcare
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Future of healthcare: IBM
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Deloitte



Future of healthcare: Deloitte
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Roche



Future of testing: Roche
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Future of healthcare: Google
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Future of healthcare: Google
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GE



Future of healthcare: GE
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Siemens Healthineers



Future of healthcare: Siemens
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Future of healthcare: Alcatel-

Lucent
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Philips



Future of healthcare: Philips
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Future of healthcare: Julius Baer
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Finland



Future of healthcare: Finland
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Anonymity Preserving IoT-Based 

Contact Tracing Model

Funding body:Malta's Research Innovation & 
Development Trust (RIDT) and Alfaisal University, 
Riyadh, Saudi Arabia
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Anonymity Preserving IoT-Based 

Contact Tracing Model

Collaborative partners:

Lalit Garg1, Emeka Chukwu1, Nidal Nasser2, Chinmay 
Chakraborty3, Gaurav Garg4

1University of Malta

2Alfaisal University, Riyadh, Saudi Arabia

3Birla Institute of Technology, Ranchi, India

4ABV-Indian Institute of Information Technology 
and Management, Gwalior, India
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Anonymity Preserving IoT-Based 

Contact Tracing Model

1. Preserves users privacy/anonymity

2. Trace any moving objects including

I. Human

II. Animals

III. Vehicles

3. Based on RFID (Radio Frequency Identification Device)

4. leverages blockchain’s trust-oriented decentralization for 

on-chain data logging and retrieval

4/20/2022



Anonymity Preserving IoT-Based 

Contact Tracing Model

1. Leverages blockchain’s trust-oriented decentralization for 

on-chain data logging and retrieval

2. Allows moving objects to receive or send notifications 

when they are close to 

I. a flagged, probable, or 

II. confirmed diseased case, or 

III. flagged place or object.
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Anonymity Preserving IoT-Based 

Contact Tracing Model

1. Less than one-second deployment and call time for smart 

contracts

2. 25 seconds on Ethereum public blockchain

3. Easy to identify clusters of infection contacts

4. Help deliver a notification for mass isolation while 

preserving individual privacy
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Anonymity Preserving IoT-Based 

Contact Tracing Model

1. It can be used to 

1. Understand better human connectivity, 

2. Model similar other infection spread network, 

3. Develop public policies to control the spread of COVID-19

4. Finding super spreader, hotspots and responsible behaviour.

4/20/2022



Anonymity Preserving IoT-Based 

Contact Tracing Model

Funding body:Malta's Research Innovation & 
Development Trust (RIDT) and Alfaisal University, 
Riyadh, Saudi Arabia
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Anonymity Preserving IoT-Based 

Contact Tracing Model

Funding body:Malta's Research Innovation & 
Development Trust (RIDT) and Alfaisal University, 
Riyadh, Saudi Arabia
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Covid-19: Disease Network

1. Design

2. Monitoring 

3. Tracking

4. Sharing

5. Analysing

6. Learning

7. Predicting

8. Preparing



Covid-19: Patient lifelog sharing

1. Medical history

2. Travel history

3. Activities and behaviour

4. Family history



More info…
 Garg L, Chukwu E, Nidal N, Chakraborty C, Garg G (2020). Anonymity preserving 

IoT-based COVID-19 and other infectious disease contact tracing model. IEEE Access.
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A Masked-image recognition system

Lalit Garg,

Emeka Chukwu



 Developing novel approaches to anonymously
recognizing face masked persons.

1. A hashed value of image and masked-image
combination linked to users for cryptographic image
identification.

2. A Machine Learning model trained with maskless
and masked human image pairs for image
recognition purposes

3. First an online facial image database is used,

4. Several participants are also recruited.

A Masked-image recognition 

system



1. Blockchain model for cost-effective image hash

storage and retrieval

2. Machine learning and AI recommender system for

image recognition

3. User Interface Frontend forms and Backend

prototype test cases, design, and testing

A Masked-image recognition 

system



Healthcare self-service Kiosk

Lalit Garg,

Emeka Chukwu



1. A novel healthcare self-service Kiosk.

2. The kiosk is interfaced to a database, backend, and

Frontend interfaces.

3. The kiosk is used by a client visiting the hospital to

self-centre historical data.

4. The sensors help capture the blood pressure,

temperature, and weight in this initial prototype.

5. Our prototype use a Raspberry pi lightweight

server, connected to all the interfaces

Healthcare self-service Kiosk



Healthcare self-service Kiosk
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Hospital bed occupancy and 

requirements forecasting



Hospital bed occupancy and 

requirements forecasting

Collaborative partners: Nanyang Technological University 

and Tan Tock Seng Hospital, Singapore.

Approach: Markov modelling, reinforcement learning

Data: Tan Tock Seng Hospital, Singapore. 
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Hospital bed requirements forecasting 

using satellite, weather & air quality 

data 

4/20/2022



References
• Garg L, McClean SI, Meenan BJ, Barton M, Fullerton K (2012). Intelligent patient management and resource 

planning for complex, heterogeneous, and stochastic healthcare systems. In press. IEEE Transactions on Systems, 

Man, and Cybernetics--Part A: Systems and Humans 42(6): 1332 – 1345. Impact Factor: 2.093,Journal H-

Index(SJR:1996-2011): 54, SJR(2011):0.085, Scopus SNIP(2011):3.594, Scopus citations: 2, ISI Web of 

Knowledge Citations: 1, scHolar index: 2.

• Garg L, McClean SI, Meenan BJ, Barton M, Fullerton K (2011). An Extended Mixture Distribution Survival Tree 

for Patient Pathway Prognostication. Communications in Statistics: Theory and Methodology. 42(16):2912-2934. 

Impact Factor: 0.351, Journal H-Index(SJR:1996-2011): 24, SJR(2011):0.035, Scopus SNIP(2011):0.550.

• Barton M, McClean SI, Gillespie J, Garg L, Wilson D, Fullerton K (2012). Is it beneficial to increase the provision of 

thrombolysis?- A discrete-event simulation model, QJM: An International Journal of Medicine.105(7),(art. no. 

hcs036):665-673. Impact Factor: 2.146, Journal H-Index(SJR:1993-2011): 71, SJR(2011):0.18, Scopus 

SNIP(2011):0.897, Scopus citations:3, ISI Web of Knowledge Citations: 1,scHolar index: 2.

• Garg L, McClean SI, Meenan BJ, Millard PH (2011). Phase-type survival trees and mixed distribution survival trees 

for clustering patients’ hospital length of stay. INFORMATICA. 22(1): 57-72. Impact Factor: 1.786,Journal H-

Index(SJR:1996-2010): 15, SJR(2011):0.048, Scopus SNIP(2011):1.814, Scopus citations: 8, ISI Web of 

Knowledge Citations: 7, scHolar index: 10.

20/04/2022



References
• McClean SI, Barton M, Garg L, Fullerton K (2011). A Modeling framework that combine Markov models and 

discrete event simulation for stroke patient care. ACM Transactions on Modelling and Computer Simulation 

(TOMACS), 21(4). Impact Factor: 0.684, Journal H-Index(SJR:1991-2009): 26, SJR(2011): 0.043, Scopus 

SNIP(2011):2.053, ISI Web of Knowledge Citations: 2, Scopus citations: 4, scHolar citations: 6.

• Jahangirian M, EldabiT, Garg L, Jun T, Naseer A, Patel B, Stergioulas L, Young TP (2011). A Rapid Review Method 

For Extremely Large Corpora of Literature: Applications to the domains of Modelling, Simulation, and 

Management. International Journal of Information Management (IJIM), 31(3):234-243. Impact Factor: 1.554, 

Journal H-Index(SJR:1986-2010): 32,SJR(2011):0.043, Scopus SNIP(2011):2.517, Scopus citations: 3,ISIWeb of 

Knowledge Citations: 2, scHolar citations: 5.

• Gillespie J, McClean SI Scotney B, Garg L, Barton M, Fullerton K (2011). Costing Hospital Resources for Stroke 

Patients using Phase-type Models. Health Care Management Science. 14(3):279-291. Impact Factor: 0.394, 

SJI(2011): 0.063, Scopus SNIP(2011): 1.169, Journal H-Index(SJR:1998-2009): 23, Scopus citations: 1, scHolar

citations: 3.

• Papadapoulou A, Tsaklidis G, McClean SI, Garg L (2011). On the moments and the distribution of the cost of a semi 

Markov model for healthcare systems. Methodology and Computing in Applied Probability.14(3):717-737. Impact 

Factor: 0.774, Journal H-Index(SJR:2004-2010): 11, SJR(2011):0.040, Scopus SNIP(2011):0.718.

20/04/2022



References
• Garg L, McClean SI, Meenan BJ, Millard PH (2010). A non-homogeneous discrete time Markov model for 

admission scheduling and resource planning in a care system. Health Care Management Science. 13(2):155–169. 

Impact Factor: 0.394, Journal H-Index(SJR:1998-2009): 23, SJI(2011):0.063, Scopus SNIP(2011):1.169, Scopus 

citations: 8, ISI Web of Knowledge Citations: 5,  scHolar citations: 18.

• Garg L., McClean SI, Barton M, Meenan BJ and Fullerton K (2010). The extended mixture distribution survival 

tree based analysis for clustering and patient pathway prognostication in a stroke care unit. International Journal of 

Information Sciences and Application. 2(4): 671-675.

• Garg L, McClean SI, Meenan BJ, Millard PH (2009). Non-homogeneous Markov Models for Sequential Pattern 

Mining of Healthcare Data. IMA journal Management Mathematics. 20(4): 327-344. Journal H-Index(SJR:2001-

2009): 11,SJR(2011):0.033, Scopus SNIP(2011):0.671, Scopus citations: 1, ISI Web of Knowledge Citations: 2, 

scHolar citations: 4.

• Garg L, McClean SI, Barton M (2008). Is Management Science doing Enough to Improve Healthcare?. International 

Journal of Human and Social Sciences 3(2): 99-103. scHolar citations: 4.

• Garg L, McClean SI, Meenan BJ, Millard PH (2009). A phase type survival tree model for clustering patients 

according to their hospital length of stay. Proceedings of the XIII International Conference on Applied Stochastic 

Models and Data Analysis (ASMDA 2009), pp. 497-502, Eds: Leonidas Sakalauskas, Christos Skiadas, Edmundas K. 

Zavadskas, ISBN: 978-9955-28-463-5, Publisher: Vilnius Gediminas Technical University Press. scHolar citations: 3. 

20/04/2022



References
• Barton M, McClean SI, Garg L, Fullerton K (2009). Modelling Stroke Patient Pathways using Survival Analysis and 

Simulation Modelling. Proceedings of the XIII International Conference on Applied Stochastic Models and Data 

Analysis (ASMDA 2009), pp. 370-373, Eds: Leonidas Sakalauskas, Christos Skiadas, Edmundas K. Zavadskas, ISBN: 

978-9955-28-463-5, Publisher: Vilnius GediminasTechnical University Press. scHolarcitations: 4. 

• McClean SI, Garg L, Barton M, Fullerton K, Millard PH (2009). Using Markov Systems to plan Stroke Services. In 

Intelligent Patient Management (Eds. McClean, S.; Millard, P.; El-Darzi, E.; Nugent, C.D.), Book Series: Studies in 

Computational Intelligence, Vol. 189. pp. 241-256. Journal H-Index(SJR:1998-2010): 10, SJI(2011):0.029, Scopus 

SNIP(2011):0.310, Scopus citations: 2, ISI Web of Knowledge Citations: 4, scHolar citations: 3.

• McClean SI, Millard PH, Garg L (2008). Using Markov Models for Decision Support in Management of High 

Occupancy Hospital Care. In Intelligent Techniques and Tools for Novel System Architectures (P. Chountas, I. 

Petrounias, J. Kacprzyk Eds), Springer’s book series Studies in Computational Intelligence (SCI). Vol. 109/2008. 

pp. 187–199. Journal H-Index(SJR:1998-2010): 10, SJI(2011):0.029, Scopus SNIP(2011):0.310.

• McClean SI, Garg L, Meenan BJ, Millard PH. (2007). Non-Homogeneous Markov Models for Performance 

Monitoring in Healthcare. (In C.H. Skiadas, Eds.) Recent Advances In Stochastic Modelling and Data Analysis. 

World Scientific Publishing, pp. 146-153. scHolar citations: 4.

20/04/2022



Missing data handling

Lalit Garg,

Emeka Chukwu



Missing data handling

Lalit Garg,

Emeka Chukwu



Dr Lalit Garg

Web-based tools for Missing data 
handling in medical questionnaires

Funding body: Nanyang Institute of Technology in 
Health & Medicine (NITHM), Singapore, University of 
Malta, Malta

Medical questionnaires
with missing data

CP based collaborative filtering
for missing data imputation

Completed 
medical questionnaires
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Web-based tools for Missing data 
handling in medical questionnaires

Collaborative partners:

Lalit Garg, Justin Dauwels1, Arul Earnest2,3, Leong Khai Pang3

1Nanyang Technological University, Singapore 

2Duke-NUS Graduate Medical School, Singapore

3Tan Tock Seng Hospital (TTSH), Singapore
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CP based missing data imputation method
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CP based missing data imputation method

93
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More info…

Garg L, Dauwels J, Earnest A, Pang L (2013) Tensor based methods for 
handling missing data in quality-of-life questionnaires. IEEE Journal of 
Biomedical and Health Informatics. In press. doi: 
10.1109/JBHI.2013.2288803. URL: 
http://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=6656914&isnumb
er=6363502 

Asif MT, Srinivasan K, Garg L, Dauwels J, Jaillet P (2013) Low-dimensional 
Models for Missing Data Imputation in Road Networks, ICASSP 2013, 
accepted. http://web.mit.edu/jaillet/www/general/missingdata_final.pdf.

http://lalitgarg.weebly.com/missingdatahandlingproject.html
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More info…

Dauwels J, Garg L, Earnest A, Pang LK (2012). Tensor Factorizations for 
Missing Data Imputation in Medical Questionnaires, The 37th International 
Conference on Acoustics, Speech, and Signal Processing (ICASSP), Kyoto, 
Japan, March 25 - 30, 2012.

Dauwels J, Garg L, Earnest A, Pang LK (2011). Handling Missing Data in 
Medical Questionnaires Using Tensor Decompositions. The Eighth 
International Conference on Information, Communications, and Signal 
Processing (ICICS 2011). Singapore 13-16 December, 2011.

http://lalitgarg.weebly.com/missingdatahandlingproject.html
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MDSS for managing acute upper 

gastrointestinal bleeding

  

Medical expert 
 
 
 
 
 
 
 
 

 
 

 

Feedback 

Patient 
 
 
 
 
 
 
 
 
 
 
 
 

Dynamic 
Patient Data 

 

 

 

 

 

 

 

 

Symptoms & 
investigation 

results 

Medical 
history 

(Comorbidity) 
Treatment 
response 

Knowledge 
base 

 

 

 

 

 

 

 

 

Guidelines &  
clinical 

prediction 
rules 

Case base  
(previous 

cases) 

Inference 
engine 

 

 

 

 

 

 

 

 

Rule 
based ES 

Case 
based ES 

Learning 
system 

Clinical 
calculator 

Risk  

 

 

 

 

 

 

 

 

Severity 
score 

Re-bleed 
score 

Confidence 
interval 

Post-test 
probability 

 

Diagnostic 
tests 

Treatment 

Diagnosis 

Escalation/ de-
escalation 



Dr Lalit Garg

MDSS for managing acute upper 
gastrointestinal bleeding

Collaborative partners: Nanyang Technological 
University and Tan Tock Seng Hospital, Singapore.

Data: Tan Tock Seng Hospital, Singapore. 

Approach: Pattern analysis and matching, Machine 
learning, rule based systems.
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HIV-disease progression modelling
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HIV-disease progression modelling

Patient 
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HIV-disease progression modelling

Collaborative partners: University of Ulster, UK and 
University of Cagliari, Italy.

Approach: Phase type survival tree analysis, survival 
analysis, Markov process model, Bayesian Analysis

Data: Istituto Superiore di Sanità, Roma, Italy
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HIV-disease progression modelling

More info:

Garg, L., Masala G., McClean S.I., Micocci M., Cannas G. (2012). Using phase 
type distributions for modelling HIV disease progression, Computer-Based 
Medical Systems (CBMS), 2012 25th International Symposium on, 20-22 June 
2012. doi: 10.1109/CBMS.2012.6266408.

Garg L, McClean SI, Meenan BJ, Millard PH (2011). Phase-type survival trees 
and mixed distribution survival trees for clustering patients’ hospital length of 
stay. INFORMATICA. 22(1): 57-72.
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Smart Sensor for EEG Acquisition and 

Epileptic Seizure Detection and 

prediction

Spectral 
Energy 

Calculation 
(SVM) Or
Empirical 

mode 
decomposition 

(EMD)

Feature 
Extraction
SVM/ELM

/ 
probabilistic

clustering

Seizure 
detection 

and 
prediction
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Smart Sensor for EEG Acquisition 
and Epileptic Seizure Detection

Collaborative partners: Nanyang Technological
University, Singapore and Massachusetts General
Hospital, MIT, USA.

Approach: Singular Vector Machine, Extreme learning
machine, probabilistic clustering, Empirical mode
decomposition.

Funding Body: MNN-RIDT

Data: Massachusetts General Hospital, MIT, USA.

4/20/2022
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Smart Sensor for EEG Acquisition 
and Epileptic Seizure Detection

More info:

Ali H. Shoeb, John V. Guttag: Application of Machine
Learning To Epileptic Seizure Detection. ICML 2010:
975-982.
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EEG and fMRl integration based 
models of brain disorders

Electroencephalogram (EEG)

Pros: Fast Temporal Response

Cons: Poor Spatial Resolution 

(CPP and 2-D)

functional Magnetic Resonance Imaging(fMRI)

Pros: Good Spatial Resolution (3D)

Cons: Slow BOLD transient response

3D fMRI 
Image of 

Brain

4/20/2022
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EEG and fMRl integration based 
models of brain disorders

3D fMRI 
Image of 

Brain

Localization for various signals on 
BOLD Activity Brain Maps 

(corresponding to the EEG signals 
from individual channels) 

Defining  the Model for Various 
Mental Disorders and 

Degenerations 

Analyse and Modify for various 
Mental Disorders and 

Degenerations 

Combined EEG-fMRI Analysis

4/20/2022
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EEG and fMRl integration based 
models of brain disorders

Collaborative partners:  Intelligent Systems 
Research Centre,  University of Ulster,  UK,  
Nanyang Technological University, Singapore 

Funding: Northern Ireland Department for 
Education and Learning 

Approach: Probabilistic clustering, cluster 
analysis, functional analysis, convolution, SVM, 
ELM, factor analysis, latent class model (LCM)

4/20/2022
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EEG and fMRl integration based 
models of brain disorders

More info:

Garg G, Prasad G, Garg L, Coyle D (2011). Gaussian Mixture 
Models for Brain Activation Detection from fMRI Data, International 
Journal of Bioelectromagnetism. 13(4):255-260.

Garg G, Girijesh P, Damien C (2013). Gaussian Mixture Model-
based noise reduction in resting state fMRI data. Journal of 
neuroscience methods. 215(1):71-77.

4/20/2022

http://ijbem.k.hosei.ac.jp/2006-/volume13/number4/2011_v13_no4_255-260_Garg_Banff.pdf
http://ijbem.k.hosei.ac.jp/2006-/volume13/number4/index.htm
http://www.sciencedirect.com/science/article/pii/S0165027013000897
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Predicting Neurological Disorder via 
Social Media
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Predicting Neurological Disorder via 
Social Media

4/20/2022

Collaborative partners:  Jiwaji University Gwalior

Approach: CES-D screening test, Social media 
analytics, Major Depressive Disorder (MDD) 
classifier, Probabilistic clustering, cluster analysis, 
functional analysis, convolution, SVM, ELM, factor 
analysis, latent class model (LCM)
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