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Global health challenges

1. Obesity and Chronic diseases
Aging

Drug resistance, Hospital acquired infections
and medical errors

Global warming and pollution

Health inequality and healthcare finance
Infectious and/or zoonotic diseases and viruses
Stress and sleep aponia

Relationships and social health
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Future healthcare technologies
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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
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Our healthcare system:
A complex system
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Complex Health Systems
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Complex healthcare systems

Holistic approach to healthcare should not
just consider medicine but also consider

Social aspects

Political aspects
Cultural aspects
Community aspects
Communication aspects
Transportation aspects
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Complex healthcare systems

/. Management aspects

8. Supply chain aspects

9. Administration aspects
10.Education aspects

11.Financial aspects

12.Economical aspects
13.Behavioural/ psychological aspects

%4.Geological aspects S
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Smart health
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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 Al/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
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Artificial Intelligence

Artificial Intelligence

Machine Learning

Deep Learning

A subset of Al that
includes abstruse
statisticaltechniques
thatenable machines
to improve at tasks
with experience. The
category includes
deep learning

Any technique that
enables computers
to mimic human
intelligence, using
logic, if-then rules,
decision trees, and
machine learning
(including deep
learning)
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https://medium.com/@harish_6956/what-is-machine-learning-deep-learning-7788604004da

Artificial Intelligence

Artificial Intelligence

Machine Learning

Deep Learning

Computers making
decisions where decision
criteria do not have to be
defined or guided.

Computers making
decisions without
being explicitly
programmed.

Computers making
decisions with logic
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Machine Learning

Introduction to Learns
Machine Learning

Ordinary With Al Machine
System Learning

| I | Improves

https://data-flair.training/blogs/machine-learning-tutorial/
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Machine Learning

QL
How does
Machine Learning
Work?
Input — Analyze_’ Find —» Prediction _’Stores the
Data Data Patterns Feedback
1 .
.| ] PPN

https://data-flair.training/blogs/machine-learning-tutorial/
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Machine Learning

Machine learns
‘ from training data

Supervised
Machine
Learning

Types of |
Machine
Learning

Reinforcement Unsupe ‘
Learning ning _g
Machine learns No training data
onits own is required

https://data-flair.training/blogs/machine-learning-tutorial/
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Supervised
Learning

— Fraud detection

— Email Spam Detection
— Diagnostics

— Image Classification

Risk Assessment
Score Prediction

Types of
- Machine Learning

Unsupervised
Learning

— Text Mining
— Face Recognition

— Big Data Visualization
— Image Recognition

— Biology
— City Planning
— Targetted Marketing

Reinforcement
Learning
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Predictive and prescriptive analysis in

healthcare
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Predictive analysis in healthcare

® 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
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Predictive analysis in healthcare
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Prescriptive analysis in healthcare

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
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Predictive analysis in healthcare

VideoScribe
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Predictive analysis in healthcare

i

pwc

% 4/20/2022 L-Universita
ediTec ta' Ma Ita



Digital twin in healthcare
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Digital twin in healthcare
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Digital twin in healthcare

Making and keeping your digital copy containing all required

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

can also contain:

1.
2.
3.
4.
5.
6.

Your general information (hight, weight, shape, BMI etc.)
Your genomic profile and phenotype

Your medical history

Your family history (health related)

Your diet, activity, travel history

Your predictive /prescriptive analysis

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

@% selecting the infor%g&ig)zg you want to share. LR icrpaiv
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Digital twin in healthcare
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Digital twin in healthcare
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Digital twin in healthcare
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Future of healthcare
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Future of healthcare
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Future of healthcare: IBM
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Deloitte

& L-Universita
e ta' Malta



Future of healthcare: Deloitte
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Future of testing: Roche
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Future of healthcare: Google

Google Health
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Future of healthcare: Google
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Future of healthcare: Google

Google
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Future of healthcare: GE
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Siemens Healthineers
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Future of healthcare: Siemens
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Alcatel-Lucent
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Future of healthcare: Alcatel-
Lucent

Alcatel-Lucent
Enterprise
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Future of healthcare: Philips
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Julius Baer

& L-Universita
e ta' Malta



Future of healthcare: Julius Baer
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Finland
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Future of healthcare: Finland
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Anonymity Preserving loT-Based
Contact Tracing Model
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Anonymity Preserving loT-Based COVID-19 and
Other Infectious Disease Contact Tracing Model
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E ABSTRACLT Automated digital contact tracing is effective and efficient, and one of the non-pharmaceutical
complementary approaches to mitigate and manage epidemics like Coronavirus disease 2019 (COVID-19).
Despite the advantages of digital contact tracing, it is not widely used in the western world, including the US
and Europe, due to strict privacy regulations and patient rights. We categorized the current approaches for
contact tracing, namely: mobile service-provider-application, mobile network operators’ call detail, citizen-
application, and [oT-based. Current measures for infection control and tracing do not include animals and
moving objects like cars despite evidence that these moving objects can be infection carriers. In this article.
we designed and presented a novel privacy anonymous loT model. We presented an RFID proof-of-concept
for this model. Our model leverages blockchain's trust-oriented decentralization for on-chain data logging
and retrieval. Our model solution will allow moving objects to receive or send notifications when they are
close to a flagged. probable, or confirmed diseased case, or flagged place or object. We implemented and
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Anonymity Preserving loT-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 loT-Based
Contact Tracing Model
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Anonymity Preserving loT-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 L-Universita
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Anonymity Preserving loT-Based
Contact Tracing Model

I. 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.  atlagged, probable, or
II.  confirmed diseased case, or

1. ﬂagged place or object.
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Anonymity Preserving loT-Based
Contact Tracing Model

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

contracts
2. 25 seconds on Ethereum public blockchain
3. Easyto identify clusters of infection contacts

4. Help deliver a notification for mass isolation while

preserving individual privacy

% 4/20/2022 L-Universita
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Anonymity Preserving loT-Based
Contact Tracing Model

1. It can be used to
1. Understand better human connectivity,
Model similar other infection spread network,

Develop public policies to control the spread of COVID-19

el S

Finding super spreader, hotspots and responsible behaviour.
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Anonymity Preserving loT-Based
Contact Tracing Model
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Anonymity Preserving loT-Based
Contact Tracing Model
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Covid-19: Disease Network

1. Design
Monitoring
Tracking
Sharing

Learning

2

3

4

5. Analysing
6

7. Predicting
8

Preparing
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Covid-19: Patient lifelog sharing

1. Medical history
Travel history

Activities and behaviour

>~ b

Family history
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More 1nfo...

* Garg L, Chukwu E, Nidal N, Chakraborty C, Garg G (2020). Anonymity preserving
[oT-based COVID-19 and other infectious disease contact tracing model. IEEE Access.
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A masked-image recognition system
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A Masked-image recognition system

Lalit Garg,
Emeka Chukwu

-Université
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A Masked-image recognition
system

o 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.
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A Masked-image recognition
system

1. Blockchain model for cost-effective image hash

storage and retrieval

2. Machine learning and Al recommender system for
Image recognition

3. User Interface Frontend forms and Backend

prototype test cases, design, and testing
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Healthcare self-service Kiosk

Lalit Garg,
Emeka Chukwu
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Healthcare self-service Kiosk

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
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Healthcare self-service Kiosk
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Hospital bed occupancy and
requirements forecasting

Markov models/
Simulations
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Intelligent Patient Management and Resource
Planning for Complex, Heterogeneous, and
Stochastic Healthcare Systems

Lalit Garg, Member, IEEE, Sally 1. McClean, Maria Barton, Brian J. Meenan, and Ken Fullerton

Abstraci—EfTective resource requirement forecasting is neces-
sary to reduce the escalating cost of care by ensuring optimum
utilization and availability of scarce health resources. Patient hos-
pital length of stay (LOS) and thus resource requirements depend
on many factors including covariates representing patient charac-
teristics such as age, gender, and diagnosis. We therefore propose
the use of such covariates for better hospital capacity planning.
Likewise, estimation of the patient’s expecied destination after
discharge will help in allocating scarce community resources. Also,
probable discharge destination may well affect a patient’s LOS in
hospital. For instance, it might be required to delay the discharge
of a patient so0 as to make appropriate care provision in the
community. A nomber of deterministic models such as ratio-hased
methods have failed to address inherent variability in complex
health processes. To address such complexity, various stochastic
maodels have therefore been proposed. However, such models fail to
consider inherent heterogeneity in patient behavior. Therefore, we
here use a phase-type survival tree for groups of patients that are
homogeneons with respect to LOS distribution, on the basis of co-
variates such as time of admission, gender, and disease diagnosed:
these homogeneous groups of patients can then model patient
flow through a care system following stochastic pathways that are
characterized by the covariates. Our phase-tvpe model is then

provide a stochastic approach to capacity planning across complex
heterogeneous care systems. The approach is illustrated using a
five vear retrospective data of patients admitted to the stroke unit
of the Belfast City Hospital.

Index Terms—Capacity planning, cost, decision-making, fore-
casting, health information management, medical information sys-
tems, operations research, optimal control, prognostics and health
management, stochastic systems.

[. INTRODUCTION

FFECTIVE resource requirement forecasting is neces-
Eﬁ:].l"_'r' to minimize the escalating cost of care by en-
suring optimum utilization and availability of scarce health
resources [1]. Patient hospital length of stay (LOS) and thus
resource requirements depend on many factors including co-
variates representing patient characteristics such as age, gender,
and diagnosis [2]. It is therefore necessary to consider the effect
of such covariates for better capacity planning. Information
about the patient demography helps in making better allocation
of scarce resources. Predicting different treatment outcome,
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A non-homogeneous discrete time Markov model
for admission scheduling and resource planning in a cost
or capacity constrained healthcare system

Lalit Garg - Sally McClean - Brian Meenan -
Peter Millard

Received: 5 March 2009 / Accepted: 23 October 2009
) Springer Science+Business Media, LLC 2009

Abstract Healthcare resource planners need to develop
policies that ensure optimal allocation of scarce healthcare
resources. This goal can be achieved by forecasting daily
resource requirements for a given admission policy. If re-
sources are limited, admission should be scheduled according
to the resource availability. Such resource availability or
demand can change with time. We here model patient flow
through the care system as a discrete ime Markov chamn. In
order to have a more realistic representation, a non-
homogeneous model 1s developed which incorporates time-
dependent covanates, namely a patient’s present age and the

i e, o Wl oo Mo L . TIL L oL L T o L L L e

using a historical dataset from the genatric department of a
London hospital.

Keywords Resource management - Admission scheduling -
Non-homogeneous Markov model - Stochastic optimal control
1 Introduction

Admission scheduling [1, 2] and resource planning [3] are
fundamental problems which require complex strategies to
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Phase-Type Survival Trees and Mixed Distribution
Survival Trees for Clustering Patients’ Hospital
Length of Stay

Lalit GARG!, Sally McCLEAN!, Brian J. MEENAN!,
Peter MILLARD?
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Abstract. Clinical investigators, health professionals and managers are often interested in devel-
oping criteria for clustering patients into clinically meaningful groups according to their expected
length of stay. In this paper. we propose two novel types of survival trees; phase-tyvpe survival trees
and mixed distribution survival trees, which extend previous work on exponential survival trees.
The trees are nsed to cluster the patients with respect to length of stay where partitioning is based
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Non-homogeneous Markov models for sequential pattern mining of
healtheare data

LALIT GARGT AND SALLY McCLEANT

School of Computing and Information Engineering, University of Ulster,
Coleraine, Co. Londonderry, BT52 184, UK

BrRIAN MEENANG

School of Engineering, University of Ulster, Jordanstown Campus,
Newtownabbey, Co. Antrim, BT37 0B, UK

AND
PETER MILLARDY|

St. George s Hospital Medical School, 12 Cornwall Road, Cheam,
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Sequential pattern mining has been a popular data mining technique for extracting useful information
from large databases and has successfully been used for numerous industrial and commercial problems.
This paper presents a new mathematical modelling application to healtheare, providing important infor-
mation to health service managers and policy makers to help them identify sequential patterns which
require attention for efficiently managing scarce healthcare resources and developing effective healthcare
management policies. In healthcare, these sequential patterns are analogous to the patient pathways. We
present a non-homogeneous Markov model for identifying not only patient pathways which have high
nrobability but aleo for identifvine pathwavs which incur hich cost or tme. In order 1o have a more
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Hospital bed occupancy and
requirements forecasting

eCollaborative 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
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Tensor-Based Methods for Handling Missing Data
in Quality-of-Life Questionnaires

Lalit Garg, Member, IEEE, Justin Dauwels, Senior Member, IEEE, Arul Earnest, and Khai Pang Leong

Abstract—A common problem with self-report guality-of-life
guestionnaires is missing data. Despite enormons care and effort to
prevent it, some level of missing data is common and unavoidahble.
Missing data can have a detrimental impact on the data anal-
ysis. In this paper, a novel approach to imputing missing data
in guality-of-life questionnaires is proposed, based on matrix and
tensor decompositions. In order to illustrate and assess those meth-
ods, two datasets are considered: The first dataset contains the re-
sponses of 100 patients to a systemic lupus erythematosus-specific
guality-of-life questionnaire; the other contains the responses of
43 patients to a rhino-conjunctivitis guality-of-life guestionnaire.
The two datasets contain almost no missing data, and for testing
purposes, data entries are removed at random to have missing
completely at random data. Several proportions of missing val-
wes are considered, and for each, the imputation error is assessed
through k-fold cross validation. We also evaluate different impu-
tation methods for missing at random and missing not at ran-
domdata. The numerical results demonstrate that the proposed
tensor factorization-hased methods outperform standard methods
in terms of root mean square error with at least 4% improvement.,
while the bias and variance are similar.

Index Terms—Health information management, medical infor-
mation svstems, missing data imputation, quality-of-life guestion-
naires, tensor decomposition.

treatment options for the patient [1]. However, a common prob-
lem with such guestionnaires is missing data [1].

The best possible method to deal with missing data is to avoid
the problem with careful planning and data collection [1], [2].
However, despite enormous care and effort to prevent it, some
level of missing data is common and unavoidable [1]-[3]. Such
missing data can have a detrimental impact on statistical anal-
ysis based on the questionnaires responses, including biased
parameter estimates and inflated standard errors [1], [2]. More-
over, most standard data analysis technigues are developed for
complete data, and they cannot directly be used with missing
data [1]. A variety of methods have been suggested for imputing
missing values in data [1], [4]. However, most of these methods
fail to fully exploit correlations in the data, and lead to unreliable
imputation of the missing values [5]. More research is desper-
ately needed to assess and improve the reliability of missing
data handling methods [1].

In this paper, we propose novel approaches for handling miss-
ing data more effectively, specifically, matrix and tensor de-
composition methods. We assess and illustrate these techniques
by means of two datasets. The first contains the responses of
100 patients to a systemic lupus erythematosus-specific quality-
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CP based missing data imputation method

Third follow-on

SN Q1 02 Q3 Q4 Q5 Q6 Q7 Q8
Patient 1 Nan 1 1 4 4 4 Nan 4
Patient 2 & Nan 5 T Nan r 5] 6 4
Second follow-on 2 1
SN Q1 @ a3 @ Qs 0 a7 Q8 4 1
Patient 1 2 2 2 2 Nan 2 Nan 2 2 3
Patient 2 4 6 Nan 6 2 6 5 5 ] 4
First follow-on 2 1 : 5
SN Q1 Q2 0 Q1 Q5 Qs Q7 Q8 Q9 4 ] =
Patient 1 Nan 1 1 1 1 1 1 1 1 2 3| 3 :
Patient 2 3 5 1 5 2 6 5  Nan 3 > sl 2 3
Patient 3 1 1 1 1  Nan 2 2 2 1 3 2 3 3
Patient 4 1 Nan 1 1 1 1 1 4 if 3 a1l 3 5
Patient 5 2 1 1 1 1 3 2 2 3f 3 ] 1
Patient 6 3 4 2 5 4 7 4 5 af 2 1 3 i
Patient 7 1 1 Nan 1 1 1 Nan 3 2 3 3 L L
Patient 8 7 7 3 7 7 7 3 3 4 3 3 : 3
Patient 9 1 1 1 1 1 1 2 3 3 2 2
Patient 10 6 7 6 7 6 7 1 2 1 4 4
Patient 11 1 1 1 1 1 1 3 3 3f 1 1
Patient 12 Nan 1 1 1 1 3 3 3 33 3
Patient 13 1 4 1 3 1 3 2 2 2
Patient 14 4 Nan 1 4 1 4 3 Nan 4
Patient 15 1 1 1 Nan 1 5 1 1 1
Patient 16 1 3 1 1 Nan 3 3 3 3
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CP based missing data imputation method
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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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Using phase type distributions for modelling HIV disease progression

Lalit Garg Giovanni Masala’ , Sally I. McClean', Marco Micocei” , Gluseppina Cannas
‘School of C omputing and Informatzon Engineering, University of Ulster Coleraine, UK
’Faculty of Economics, University of Cagliari, Cagliari, Italy
garg-l@email ulster.ac.uk, si.mcclean@ulster.ac.uk, gh.masala@unica.it

Abstract

Disease progression models are useful tools for
gaining a systems’ understanding of the transitions to
disease states, and characterizing the relationship
between disease progress and factors affecting it such
as patients’ profile, treatment and the HIV diagnosis
stage. Patients are classified into four states (based on
CD4+ T-lymphocyte count) and all the transitions are
allowed. Examinations to identify disease progression
of the patient are carried out routinely throughout the
follow-up period. Therefore, the times spent at the
various HIV infection stages are interval censored or
right censored. This makes difficult to use simple
statistical methods such as regression to model the
disease progression and its relationship with the
diagnosis stage. We present a novel, more intuitive and
realistic apnroach based on nhase tvne distributions to

Organization (WHO) proposed a simplified model
which classifies HIV infection (or the progression of
HIV disease) as a four stage bidirectional process [2].

The mmmunological status of an HIV infected
patient can not only progress sequentially from the first
stage (i.e., stage 1) to the final stage (i.c., stage 4) but
also regress or jump from a stage to any other stage.
Examinations to identify disease progression and to
determine the CD4 count of the patient are carried out
routinely throughout the follow-up period. Therefore
the times spent at the vanious HIV infection stages (HI
stages) are interval censored [3] or right censored. This
makes difficult to use simple statistical methods such
as regression to model the disease progression and its
relationship with the diagnosis stage. Markov models
[4], hidden Markov models [5], and semi-Markov
models [6] have been popular choices to model HIV
disease progression.



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 Sanita, Roma, Italy
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HIV-disease progression modelling

More info:

Garg, L., Masala G., McClean S.1., 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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Effective Data Acquisition for Machine
Learning Algorithm in EEG Signal
Processing

Jumes Bonello, Lalit Garg, Gaoaray Garg and Elimear Elisha Audu

Abstract The aim of thig paper is to demonstrate that small datazet can be wsed in
maching leamming for sefvure monitaring and detection using smarm arganization of
multichannel FFEG sensor data. This reduces training time and improves compus
tational performance in lerms of space and tme complexities on hardware imples
memnlations. The propased approach has been tested and walidated using CHB=MIT
dateset contziming EEG recordings of 24 clinically verified seizure and nonmseizune
podialmc paticnts. The prodsctability is discessed in forms of the latency and the
required length of data for the proposed approach over the slatesolethesart method m
the lield of EEG=based seizure prediclion.
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1  Intreduction

The traditional process of manually deciphering information and analysis of clec-
meencephalography (BEG) data for medical diagnosiz ia practically challenping and
technically demanding to experts. With the emergence of maching leaming and
their applications in classification, nonlinesr approximation and patiem recognition,

I Bonelle [0 - L. Garg

University of Maha, Maida, Mals

eomizl; Funesbonelo® @ gl com

L. Cieag

e-ngil: kit gesy @ um.sdumi

L. Giag - BE Amdu

University of Liverpoal, Liverpool, UK
eqnail: clieear andu®onling. liverpoal acul
L., Ligg

University of Ulsier, Magee Cumpus, Leadonderry, UK
eqngil: garg-pifemetlelaer azuk

© Sprmger Notore Sograpede Pre Lid, 2018 13
B, Paar e @ (eds.), Sof Computing: Thiceries and Appiic
Adlvances s Inllipent Syies asd Computing 584,
httpestdod oo/ 10 10070 TE- 98 - [-5680-4_23




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.
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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 fMRI integration based
models of brain disorders

~..—Electroencephalogram (EEG)

1Pros: Fast Temporal Response

Cons: Poor Spatial Resolution
(CPP and 2-D)

'

3D fMRI

functional Magnetic Resonance Imaging(fMRI)
% Pros: Good Spatial Resolution (3D)
Cons: Slow BOLD transient response
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EEG and fMRI integration based
models of brain disorders
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EEG and fMRI 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: Probabillistic clustering, cluster
analysis, functional analysis, convolution, SVM,
ELM, factor analysis, latent class model (LCM)
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EEG and fMRI integration based
models of brain disorders

More info:

Garg G, Prasad G, Garg L, Coyle D (2011).

. 13(4):255-260.

Garg G, Girijesh P, Damien C (2013).
. Journal of
neuroscience methods. 215(1):71-77.
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Predicting Neurological Disorder via
Social Media
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Having anxiety and
depression...
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Predicting Neurological Disorder via
Social Media

Collaborative partners: Jiwaji University Gwalior
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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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