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_ Research involves investigation of a
phenomenon that leads to knowledg

generation.

Research

Innovation

Improvement



The research process
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FIGURE 2.2 The research process

This type of research is
Source: Ranjit Kumar (2011), Research Methodology: a step-by-step guide for beginners. Chapter 3. u Sual Iy _



Data Driven Research Process

— Follows CRoss-Industry Standard Process for Data Mining

— Itis a standard framework develop to help to carry out DM projects.
— |t was developed by a consortium of companies mainly in Europe.

— Itinvolves 6 phases/steps.

* Business Understanding s BN

Uﬂﬂﬂ"?-“'“ding-*- understanding

N\

Data
preparation

* Data Understanding

Monitoring
Daployment

AN

* Data Preparation
* Modeling

e Evaluation

Evaluation

* Deployment



Data Driven Research
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Data Professor

Data Science, Machine Learning, Bioinformatics, Research and
Teaching are my passion. The Data Professor YouTube...

www.youtube.com

Connect with Me on Social Network

YouTube: http://youtube.com/dataprofessor/
Website: http://dataprofessor.org/ (Under construction)

LinkedIn: https://www.linkedin.com/company/dataprofessor/
Twitter: https://twitter.com/thedataprof/

FaceBook: http://facebook.com/dataprofessor/

GitHub: https://github.com/dataprofessor/

Instagram: https://www.instagram.com/data.professor/

Associate Professor
Dr Chanin Nantasenamat
Mabhidol University
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Data Science Research Applications

Dynamic pricing

Upselling Predicting flight delay
Cross selling '

a Disease prediction
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How can we
make it happen?

Data Analytics PRESCRIPTIVE

What will ANALYTICS
happen?

PREDICTIVE

_Why did ANALYTICS
it happen?

DIAGNOSTIC

VWhat | s YTI
happened? SR ICS

== |

Reporting Data Evaluating Recommend
summary Visualization  gayerg the best
statistics to get prediction/  prediction
based on insights machine model.
your data. from your learning

data. models.

Statistical

analysis



DATA ANALYTICS TOOLS- data analysis is faster and easier
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Data Visualization of
Violent Crime in Malaysia
-Namelya Anuar
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Data Visualization

Tableau dashboard

“#| Tableau - MapCrime
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Opportunities for
Research Publications
and Innovation:

Focus on:

Predictive Analytics
( or Supervised
Learning)




DATA MINING PROCESS

Step 1:
Identify the Problem

& goal of Data Mining Step 5:
| Evaluation of results

Step 2:
Data Understanding Step 4:
(Selection of Data Mining
Variables) lﬁﬁ
Step 3: , o
Data Preparation Supervolsed Assouatpn
(Data Integration, data | siibit Analysis
cleaning, data v Logistic
rs'mput.tlon) Regression v' K-means Apriori
¥ = v Decision v Fuzzy C- algorithm
w\ f Tree
\ SN v ANN means
T T v SUM

Inno

Step 6:
Deployment

©

Predictive
Model Apps

vation

Publications

weew.nature comiscientificreports

scientific reports

PEN . Prediction of dengue outbreak
in Selangor Malaysia using machine
learning techniques

Ubydul Haque"

wind speed,




Challenges in Research & Innovatlon for Academla

JUNIVERSITI TEKNOLOGI MARA

Researchers University
> Work with experts in > Good leadership
the area (mentor- (visionary, exemplary,
Research Skl||S mentee) etc)
o FUNDINC , ¥ 4 > Upskill - acquire > S;crat(_eglc 8rLesearch
@ — = i~ programming, data P anlnlng _
o o ST g analytics, writing Implementation
" - g skills > Recognition
> Establish > Rewards
collaborations > Provide funding
» Committed team (especially young




Data Source

Air Quality in your hands

Covid-19 data

for Credit Card Offers! ~
Credit card charges

© {Fmalaysia

Garuda Indonesia

Airline reservations

facebook y Telco customer data

o TR
. Lozada

Online purchase data Tax returns 19




Online public data for Research/Projects

NewTeo | B3 FSKM | M fosu | B§ Mal | () Mice: | i Coat] |G OOV | © 47

4 Googt | B Thet: (B2 Techn | E2 Teche | M Thest | G fscee | G dates (M MyC Quix 4 0 - 0 X

€5 (s e Newo | 3§ 550V | M os: | J Ml | () Micc | oat! |5 (011 | © (DY | (o Gooo | BB Tre | D Tee | ED Tech | M Thes | G sce: | G o | M ayC | QU0 kFix 4 0 - 0

. C # datasets 2
Donate a Data Set Confact €7 C i laggecomdatses é ¥ o

4 0 oy @ 1o Kaggie Q Search Signin
Repostery @ Wel J v

Machine Learning Repository

1L Systems

ViewALL Data Sefs @ Home

Q@ Competitions Datasets

(Check out the beta version of the new UCT Machine Learning Repository we are currently testing! Contact us if you have any issues, questions, or concerns ere to fry out the new site.
ﬂ Datasets Explore, analyze, and share quality data. Learn more about data types,
Welcome to the UC Irvine Machine Learning Repository! ” creating, and collaborating.
ode

We curently maintain 588 data sels s a service to the machine leaming community. You may view all data sets through our searchable interface. For a general overview of the Reposiory, please visit our About page. For information about ciing data
sels in publications, please read our citafion policy. If you wish fo donate & data set, please consult our donafion policy. For any ather questions, feel free to contact the

the Repasitory librarians. N )
B Discussions el

e

o P - Covaton

Latest News: Newest Data Sefs: Most Popular Data Sets (hits since 2007):
v Moe Q Search datasts = Filters
09-24-2018: Welcome to the new Repository admins Dheeru Dua and Efi Karra = B
Taniskidoul 04-21-2021: Synchronous Machine Data Set 4102614: l Ins
04-04-2013: Welcome to the new Repository admins Kevin Bache and Moshe . : s ; .
Lichman! Datasets  Tasks  CompuferScence  Educaion  Classificaion ~ ComputerVision ~ NLP  Data Visualization
03-01-2010: Note from donr regerding Neffix data 04-20-2021: Wikipedia Math Essentals 207910: Adut
10-16-2009: Two new data sefs have been added
09-14-2009: Several data sels have been added - _«,
03:24-2008: New data sefs have been added! 04-20-2021: Wikoeda et Essentels rogsre: s 4 Wine » Trendiﬂg Datasets See Al
06-25-2007: Two new data sefs have been added: UJI Pen Characters, MAGIC =
Gamma Telescope = b
0247-2021: Hungarian Chickenpox Cases 1602039: Wine Quality
Featured Data Set: Robot Execution Failures =
1209-2020: Myocardial infarction complications 1584274: | Q) | Hearl Disease
_ Task: Classficaiion I
& Shapepptx A | B DANPLEPOWR pptx A esuise A B s Al Showal X

We use cookies on Kaggle to deliver our services, analyze web traffic, and improve your experience on the site. By using Kaggle, you agree to our use of cookies.

https://archive.ics.uci.edu/ml/index.php https://www.kaggle.com/datasets
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Simulate your own data using R to test your method

Generate Simulated Dataset for |
Linear Model inR e

. . . . library(1lmtest)
When the real dataset is hard to find, simulate it. _ _
library(tseries)
. Raden Aurelius Andhika Viadinugroho Jun18 - 6 min read m [1 v library(ggfortify)
set.seed(1234)
Motivation
In these recent years, research about Machine Learning (ML) has increased ##Linear Regression

#Generate the independent wvariable and the error
®1l=rnorm{10e,5,9)

¥2=rnormi{18a,208,ad)

error=rnorm{188,8,16)

#Generate the dependent wvariable (b2=15@, bl=-4, b2=2.5)

along with the increased computation capability. As a result, there is much
development in some of the ML models — if not inventing a new model —

that performs better than the traditional model.

One of the main problems that the researchers usually encountered when y1=150- (4*x1)+(2.5*x2)+error

trying to implement the proposed model is the lack of the proper real-world #ereate the model

dataset that follows the model’s assumptions. Or in the other case, the real- mi=Im(yl-x1+x2)
summary (ml)

world dataset exists, but the dataset itself is very expensive and hard to
autoplot{ml)

collect.

https://towardsdatascience.com/generate-simulated-dataset-for-linear-model-in-r-469a5e2f4c2e 21



Understanding —ges understanding

\

Monitoring

. Deployment

Evaluation

CRISP-DM Process

Stage 3 : Data Preparation

* Variable selection (feature selection)

* Data Imputation for missing values

° Data transformation

*  Creating new variable(s)

Stage 4 : Data Modeling

Logistic and Multinomial
Regression, Decision Tree,
ANN, SVM, Naive Bayes,
Random Forest, k-NN

Continuous or
categorical

Linear Regression,

Continuous or

Continuous Regression Tree, k-NN, ANN, .
categorical
SVR
Multivariate Time Series Continuous or
Models categorical data

Time series data Continuous

22




Types of data

Inputs

Income  Savings

A

Loans

Binary Target

Risk status

llll—llll
-ANEEEEEEN J
T AIINIEEEEN

(High risk,

Low risk)

Cases <

AN EEEER ¢
- EANIEEEEEE

\ HEENN

Year

State
2007 johor

2008 |johor

2009 johor
2010 johor
2011 johor
2012 johor
2013 johor
2014 johor
2015 johor
2016 johor
2007 kedah
2008 kedah
2009 kedah
2010 kedah

Youth
625.2
629.1
629.8
628.4
632.1
635.7
634.9
653.4

662
671.7
349.7
354.8
360.8
367.7

gdp

18753
20162
18878
22035
24350
25442
26308
28089
29558
31952
12160
13023
12481
14034

unemployment

2
2.2
3.2
2.4
2.5
3.1
2.8
2.6
3.1
3.6
3.3
3.8
4.2
2.8

crime

5390
5965
8374
5229
4428
3842
3239
2933
2413
2820
1661
1742
1859
1714

i 2IN11 Ladah 27Q & 1CCL2 25 12285
o & cent ofl center_size = &h attphys_id = Jh patient_id & gender <& dob & treatment ofl week & conwulsions
er_id
1 07057 Small COMX 1FSL Male 05/26/1990 Anticonvulsant Pre-treatm 2
M 2 07057 Small COMX 1FSL Male 05/26/1990 Anticonvulsant Week 1 6
PESH Putﬂ-h 3 07057 Small COMX 1FSL Male 05/26/1990 Anticonvulsant Week 2 4
- a 07057 Small COMX 1FSL Male 05/26/1990 Anticonvulsant Week 3 4
b 5 07057 Small COMX 1FSL Male 05/26/1990 Anticonvulsant Week 4 6
] 6 07057 Small COMX 1FSL Male 05/26/1990 Anticonvulsant Week § 3
— 7 07057 Small COMX 30Qu Female 06/07/1977 Placebo Pre-treatm 4
= 8 07057 Small COMX 30Qu Female 06/07/1977 Placebo Week 1 7
9 07057 Small COMX 30Qu Female 06/07/1977 Placebo Week 2 5
[ o 10 07057 Small COMX 30Qu Female 06/07/1977 Placebo Week 3 7
E ] 1 07057 Small COMX 3oQu Female 06/07/1977 Placebo Week 4 6
12 07057 Small COMX 30Qu Female 06/07/1977 Placebo Week § 6
= — 13 07057 Small COMX 3974 Mal 03/02/1972 Anticonvulsant | Pre-treatm 5
14 07057 Small COMX 3974 Mal 03/02/1972 Anticonvulsant Week 1 8
- s , 15 07057 Small COMX 3974 Male 03/02/1972 Anticonvulsant Week 2 5
o— EX p e r I I I I e n ta at' 16 07057 Small COMX 3974 Male 03/02/1972 Anticonvulsant Week 3 4
17 07057 Small COMX 3974 Male 03/02/1972 Anticonvulsant Week 4 5
| | I | | | 18 07057 Small COMX 3974 Male 03/02/1972 Anticonvulsant Week 5 3
20153 2014 2015 2018 217 2018 Tre at m e nt a n d 19 07057 Small COMX 4EVE Female 01/18/1964 Anticonvulsant| Pra-treatm 2
20 07057 Small COMX 4EVE Female 01/18/1964 Anticonvulsant Week 1 1
"l"'ear 21 07057 Small COMX 4EVE Femal 01/18/1964 Week 2 1
22 07057 Small COMX 4EVE Femal 01/18/1964 Week 3 2
. . P I ace b O g ro u p 23 07057 Small COMX 4EVE Femal 01/18/1964 Week 4 2
T 24 07057 Small COMX 4EVE Femal 01/18/1964 Week & 1
I l I Ie Se r I eS a a 25 07057 Small COMX 98PC Femal 10/15/1986 Placebo Pre-treatm 1
26 07057 Small COMX 98PC Femal 10/15/1986 Placebo Week 1 3

23



Cross-sectional data

Selection of model depends on your target (dependent variable)

Here, Expenditure is a categorical variable

Here, Expenditure is a continuous variable Expenditure

> R == B
S , o
Q d' R = (8)
Gender E 8 P $ $ 2 T
° : [H[oocgt
Income C
83 S vopEL Y , o
ncome C o T M -
il M (o) E I
- =% a4l A
s 1/
S Y-depande Age — — T Y-dependent/
foligeexcysr [I.og_[sﬂc regression model is written as: | St A
independent | Multiple regression model is written as: ] P, "
R e Y= A+ BX, + AaXy By = e B e
Y is continuous v is Binanyi{0:0)
Multi-class classification problem
. Income
* Multinomial Logistic Regression Q 07, P
* Ordinal Logistic Regression g R o
e G
* Decision Trees Sl [E) U
E‘ I T
* ANN - |
e SVM ‘ Education $ MODEL g
* Bayes’ Network @ﬂ fo) 'I\En
B Q’ R
A N s
e \ Age Y-dependent/
:, i target variable

Y is multi-class (1,2,3) 2




Predictive Analytics for Cross-sectional data
(Supervised Learning)

Machine Learning classifier (b) Machine Learning Classifier
(for categorical target, Y) (for continuous target, Y)

v’ Decision tree v’ Regression tree
v' Random forest v' Random forest

v’ Logistic Regression v’ Linear Regression

v’ Artificial Neural Network v’ Artificial Neural Network

v’ Support Vector Machine v' Support Vector Regression
v" k-NN v" k-NN
v’ Bayes Network
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Cross-sectional data
Y is continuous

Common method
Multiple Regression

Alternative model
Lasso*
Adaptive Lasso*
Elastic net *
Ridge regression™

Regression Tree
Random Forest
K-NN

Support Vector Regression (SVR)

Table 1 Popular Penalized Regression Methods

Method Penalty

14350 1l

Adapthe LASSO | )7 (! B 1B ) <t

Elasicnet | 17, [ §j [<nend L7, 47 <t

*Introduced penalty to prevent
pverfitting and improve model
performance

Y is binary (0,1)

Common method
Logistic Regression

Alternative model
Lasso*
Adaptive Lasso*
Elastic net*
Ridge*

Decision Tree
Random Forest
K-NN
Support Vector Machine (SVM)
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LOGISTIC REGRESSION MODEL

Example: Prediction of Churn: Y=1 (Churn) or O(Active)

P(event) =
( ) .

Bo+BiX1+ 8, X +.4 B Xy

4 eﬂo+,31X1+,32X2 +ot B X

The binary logistic model is:

'

Prob(event)

1- Prob(event)

where P(event) = Prob(Y =1)

j:ﬂo "‘,lel"‘ﬂzxz "‘---"‘,kak

Confusion matrix

Actual Predicted Predicted
Y Age IncomeCat Usage P(Y=1) P(Y=0) Class
Al 1 35 1 300 0.85 0.15 1
James 1 45 2 200 0.25 0.75 0
Siti 0 30 1 150 0.65 0.4 1
Mary 0 25 3 350 0.9 0.1 1
Salmah 0 28 1 100 0.14 0.86 0

Predicted

Actual 1 0|Total
1 1 1 2
0 1 3
Total 2 5

Acc 40

Sen 50

Spec 33.33

Precision 50




pi
‘Decision Tree Structure

applstatus=s

42 2532 147
SFY.EZ2F Z2O0
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Decision trees algorithms

B
CART C5 CHAID

construct decision construct dECISIl_:m
tree for tree for categorical

categorical & ) and contfinuocus
= categorical .
continuous target target variable.

variable Split algorithm (Chi-
Uses Gini measure Square test)

for classification designed for
tree. categorical inputs so

continuous inputs
must be discretized.

Performs only
binary split

» Performs multi-way
Sellli




3
Muonnayer Perceptron-the most widely

used type of Neural Network model

Hidden Layers

. Output Layer
-
.

Hidden Unit

Each hidden unit outputs a
Source: Applied Ao B T nonllqear_functl_on _of a linear
SAS Enterprise Miner combination of its input.




ource: Applied
Analytics Using SAS
Enterprise Miner

INC

COMBINATION
+ AGE+ INC

COMBINATION
+ AGE+ INC

ACTIVATION

(B;+ B AGE+ B:INC)
=A

ACTIVATION

(B, + BLAGE+ B INC)
=B

ACTIVATION

(B,+ B AGE+ BoINC)
=C

COMBINATION
+ A+ B+ C

An output
activation
function is
used to
transform the
output into a
suitable scale
for the
expected value
of the target.




Input layer Hidden layer Outiput layer

Source: Applied Analytics Using
SAS Enterprise Miner




n Support Vector Machines

Data mining algorithms that can perform linear or non-linear classification

Nonlinear separation boundary

g

O

(O Ciass1,y=+1

O O
~ O

"-\\O A

~

Points misclassified by

S / linear separation bound-
~\

ary are textured
ciass 2, y =-1 ﬂ

N *1

>
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SVM(Support Vector Machine)

The mathematical function used for the transformation is known as the kernel function. SVM in
[BM® SPSS® Modeler supports the following kernel types:

B Linear

B Polynomial K(x,y)=(x-y+1)"

m Radial basis functic K (x.y) = e I=¥I%/2e%)

B Sigmoid K(x,y) = tanh(kx -y — d)

A linear kernel function is recommended when linear separation of the data is straightforward.
In other cases, one of the other functions should be used. You will need to experiment with the
different functions to obtain the best model in each case, as they each use different algorithms

and parameters.



Random Forest

Random Forest Simplified

Instance

el e S
KRR AROR KRR

Tree-1 Tree-2 Tree-n
Class-A C lalss-B % laTs-B

[ Ma:i_orfi ty-Voting }

Final-Class

Random Forest node (ibm.com)

1.11. Ensemble methods — scikit-learn 0.24.1 documentation (scikit-learn.orq)



https://www.ibm.com/support/knowledgecenter/en/SS3RA7_sub/modeler_mainhelp_client_ddita/clementine/python_nodes_rf.html
https://scikit-learn.org/stable/modules/ensemble.html#forest

L Naive Bayes Classifier

A probabilistic framework for solving classification

problems

Conditional Probability:

condition

Bayes theorem:

PY |X ) =

— P(X7) =

Proof:

P(Y | X)=

P(X|Y)P(Y)

P(X)

P(X.Y)
P(X)
P(X.Y)
PY)

P(X|Y)P(Y)
P(X)
P(X YY)
P(Y)
P(X)
P(X YY)
TP

PY|X)=

P(Y)
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Research ldeas Imbalanced data

Techniques in Handling IMD

Missclasification
cost of each class

2| Algorithm

O o o i Pl

R A A A S HT TS

RPN,

v

Bagging, Boosting, SVM
kernel modification,
Decision Tree Hellinger
Distance, Nearest
Neighbor classification
Fuzzy-rough set, k-NN

Combining

Undersampling and
Oversampling

emoooreeroeee e
2 Undersampling

T

=
=

1 Oversam -@

™

i

=
=
2 s ot

Q 0

Random Oversampling (R0S),
Synthetic Minority Oversampling
) Technique (SMOTE), Density-Based CJJ O
SMOTE, Mahalanobis Distance} |
based oversampling

Random Undersampling
(RUS), Tomek Link (TL),
Neighborhood Celaning Rule
(NCL), Undersampling
Based on Clustering
(SBC)

for Imbalanced Data
Using Nature Inspired
Algorithm

|
|
I
i
Optimizing Classification E
i
:
i
1
1
1

Nurul Syahida Abu Bakar
CS953 (2018829714)

O-—====—="=0=—~—=——="0" """

Journal of Hydrology 598 (2021) 126382

Contents lists available at ScienceDirect ?
JouRrNaL or
H

YDROLOBY

Journal of Hydrology

ELSEVIER journal homepage: www.elsevier.com/locate/jhydrol
Research papers )
XGBoost-based method for flash flood risk assessment )

Meihong Ma’, Gang Zhao” , Bingshun He", Qing Li, Haoyue Dong”, Shenggang Wang
Zhongliang Wang "

" School of Geographic and Envirormentl Sciences, Tiarin Normal Ushersity, Tiaryin 300387, China
" School of Geographical Scences, Universiy of Bristol, Bristol BSS 185, UK

* Chia bttt of Water Resources and Hydrapower Researeh, Befing 100038, China

© ferospace Information Research Indtut, Chinese Academy of Sciences, Befjing 100101, China
 Tianjin Key Laboratory of Aquatic Science and Technology, Tianjin Chengjian University, China

ARTICLEINFO ABSTRACT

‘This manuseript was handled by, Editor-in- Flash flood risk assessment, a widely applied technology in preventing catastrophic flash flood disasters, has

Chict become the current research hotspot. However, most existing machine learning methods for assessing flash flood

sk rely on a single classifier, which is suitable for processing small sets of sample data, but the resulting pre-
Kepwuts diction accuracy and generalization ability are insufficient. Meanwhile, machine learning methods that integrate
;lii;h:::?mw multiple classifiers are thus far unknown. Extreme Gradient Boosting (XGBoost) is an excellent algorithm for

ensemble learning methods which has achieved remarkable results in many fields. It not only optimizes the
algorithm but also automatically applies the CPU's multi-threading to perform parallel calculations, thus greatly
improving the model training speed and prediction accuracy. Therefore, this article introduces the XGBoost
model for the assessment of flash flood risk, and then combines the two input strategies and the Least squares
support vector machine (LSSVM) model to verify its optimal effect, thus proposing the XGBoast-based method for
flash flood risk assessment. Subsequently, an attribution analysis was implemented to assess the possible errors of
this approach; and finally, a county-level flash flood risk map for Yunnan Province, China, was generated based
on the proposed method. The results demonstrate that: (1) XGBoost performs well with an accuracy of 0.84 in
the testing period, and it five indices (precision, recall, accuracy, kappa, and F-score) are all higher than those of
LSSVM. (2) The XGBoost-based approach provided the reliable flash flood risk maps, which were validated by
another flash flood inventory, although some errors may be attributed to eritical environmental factors and
statistical disaster location accuracy. (3) The high-risk counties (including higherisk and highest-risk) accounted

TS PR S SV NI SR IRPPU [ S SRS PO TR R S

AGBoost
Yunnan

37




'EFFICIENT MACHINE LEARNING DATA IMPUTATION
METHOD FOR HEALTHCARE PREDICTIVE ANALYTICS

NURUL AZIFAH BINTI MOHD PAUZI

2019656214
(PhD Statistics)
N
Aydilek & Arslan (2012) Al-Milli & Almobaideen (2019) Sanjar et al. (2020)
A novel hybrid approach to estimating Hybrid Neural Network to Impute Missing data imputation for geolocation-
missing values in databases using K- Missing Data for loT Applications based price prediction using KNN-MCF
nearest neighbors and method
Methods Methods Methods
- Neural Networks with K-Nearest with Genetic (NN-GA) -
Neighbors (NN-KNN) Algorithm -
- Neural Networks with Genetic - KNN Imputation

Algorithm (NN-GA)

Findings . Findings Findings
Hybrid ~ NN-KNN  provides  better NN-GA is able to impute missing data KNN-MCF performed better compared to
imputation accuracy compared to hybrid with  high  classification  accuracy the mean and KNN Imputation
NN-GA compared to the results without data

imputation




MACHINE LEARNING AND PENALIZED REGRESSION

i At MODELS FOR HIGH DIMENSIONAL DATA ANALYSIS
ON MULTI OMICS BLOOD-BASED BIOMARKERS FOR
E}s;zzlé:lcllg;gt ALZHEIMER’S DISEASE
Markers —
................. Conelaton
Structure VYV

. EEER
Correlating the ’ SUPPORT VECTOR RANDOM FOREST
1Y (]

Uncorrelated
Markers MACHINE

Synthetic Correlated
Da‘ise‘ & K-NEAREST NEIGHBOUR - NAIVE BAYES

500
Repetitions

Training Data set Splitting Data set » Testing Data set
RIDGE LOGISTIC
v \ 2 LASSO LOGISTIC SR
Applying ML > Pg?g;‘;“aﬁge @ REGRESSION
Algorithms

Y

Storing Results IEWJ ELASTIC NET LOGISTIC
REGRESSION

SVM| RF |kNN| NB

lasso | ridge [elastic
LR | LR [netLR

Is
Termination
Condition
Satisfied

Averaging the Simulation Study

Performance

Measure Co_SV:
Prof. Dato’ Dr Abu Bakar Abdul Majeed

Dr Yuslina Zalaria

commomor | Faculty of Pharmacy, UiTM Shah Alam
e

No




Spatial Modelling

* Bayesian Hierarchical Modeling with Marcov Chain Monte Carlo (MCMC)

* Application in dengue disease - to predict dengue cases and examine influential covariates
associated with the risk of dengue outbreak.

* How can Spatio-temporal Bayesian model of Generalized Linear Mixed Model
improve prediction? - Over space and time the introduction of spatial random effects
with Conditional Autoregressive Structure (CAR) of Bayesian framework into the linear
predictor allows the variability of the heterogeneity factors to be captured in the previous
trend of the dengue counts to be derived in the posterior predictions. — i.e: In dengue
disease, develop a disease spatial map, accurate prediction and identify if any association
between dengue prevalence, temperature, rainfall and humidity at finer scale.

e Statistical packages for implementing such Bayesian models using MCMC include WindBugs,
CrimeStat and many packages available via R programming language.

2017 2017

Nik Nur Fatin

| GLMM_Fitted
CS953- PhD(Statistics) ‘ . E E
2016334351 Dr Wan Fairos Wan Yaacob - Hoh

UilTM Cawangan Kelantan Actual Spatial-temporal Bayesian GLMM
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MARA T Consultancy

IP & Commercialization

.) Research Research
| Management & Excellence
Monitoring
| . BITCOM B Vision
ReNeU FUNCTION g To be the leading Technology Transfer Centre in Malaysia

ringing fos Fo Lt that creates impact to society through successful
commercialization of UiTM innovations

Serves as a platform
for researchers and | | t
lead in bridging | | s

university  research
towards excellence.
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Mission

To accelerate the translation of important discoveries arising
from UiTM research and innovation activities into business
opportunities for the benefit of the university, the country
and the global community
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Timbalan Naib Canselor

GERAN NASIONAL

. < (ReNeU & RMC)
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-

Professor Dato’ Dr Abu Bakar Abdul Majeed Professor Dr Nooritawati Md Tahir
Pengarah RMC, UiTM Pengarah ReNeu, UiTM




GERAN KEMENTERIAN PENGAJIAN TINGGI (KPT)
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Geran Penyelidikan Fundamental (FRGS -RACER)
Geran Penyelidikan Fundamental (FRGS)

Dana Pembudayaan Penyelidikan (RAGS)

Geran Penyelidikan Pembangunan Prototaip (PRGS)
Geran Penyelidikan Transdisiplinari (TRGS)

Geran Penyelidikan Jangka Panjang (LRGS)
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GERAN KEMENTERIAN PENGAJIAN TINGGI (KPT)

» Geran Penyelidikan Research Acculturation Collaborative Effort (RACE)
» Malaysia Laboratories For Academia-business Collaboration (MyLaB)

» Geran Penyelidikan Sukan Kementerian Pengajian Tinggi

» Geran Konsortium Kecemerlangan Penyelidikan (KKP)

o m KEMENTERIAN JABATAN W R
A% PENDIDIKAN  (J = | |Penobikan é UNIVERSITI
o : A MALAYSIA J PT | TINGGI > E[%IgXOLOGI




R&D&C&I FUNDING FRAMEWORK RMKE-12

BOTTOM-UP Individw Persatuan/  Start-up/ IHL/ Start-up/ Start-up/
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Tunggal/Perkongsian  Komuniti/GRY Agensi STI GRI/ Agensi STI

Liabiliti Terhad Agensi STI (Termasuk Bukan

@ Warganegara)

=x

= 12-18bulan 24 bulan 36 bulan 36 bulan

Start-up/ IHL/ GRV Politeknik/Kolej Komuniti
Agensi STI
(Termasuk Bukan Warganegara)

W S P
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36 bulan




MOSTI REDE&CA&] STAGES AND FUNDING FACILITIES FRAMEWORK
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GERAN UNIVERSITI

Geran Penyelidikan LESTARI
Geran Penyelidikan LETARI SDGTriangle @UITM
Geran Inisiatif Penyeliaan (GIP)

Geran Penyelidikan Global Research Reputation (GRR)

vV v v Vv VvV

Geran Penyelidikan Strategic Research Partnership (SRP)




GERAN UNIVERSITI

» Geran Penyelidikan Penyelidik Muda Berbakat (YTRG)
» GERAN PENYELIDIKAN MyRA

i) Geran Penyelidikan MyRA

ii) Geran Penyelidikan MyRA Sains Sosial

i) Geran Penyelidikan MyRA Lepasan PhD

iv) Geran Penyelidikan MyRA Road to HICoE
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Paina Sauce

PAINA- PINEAPPLE CHIL

The development of PAINA was carrled out by Dr. Azizah
Othman, Dr. Fadhilah Jailani, and Dr. Siti Roha Ab. Mutalib from
the Department of Food Science and Technology, Faculty of
Applied Sciences since 2017.

PAINA was developed to offer healthy and multi-purpose
condiments to the consumer. The recipe using PAINA as the
main ingredient was successfully created by Assoc. Prof Dr.
Mohd Hafiz Mohd Hanafiah, Noradzhar Baba, and Hamizad
Abdul Hadi from Faculty of Hotel and Tourism Management.

RNl
The incorporation of pineapple puree in the PAINA sauce /479 /W
creates a more unique taste and aroma in many cuisines.

prrcom PP
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UNIZZOL presents a small
pocket-sized format, sofe
formulation hand sanitizer
with the option of fresh
lingering scent of Bouquet
or sleek, unscented spray
pack. It's a perfect mix for
the vibrant, tun and always
on-the-go people with
clean hands!

Unizzol Hand sanitizer

‘N

HAND ' AND
IZER UITIZER

HAND

SANITIZER SA":\J‘?HZDER

.

This project is a collaborative effort between Faculyef Chemical
Engineering and BITCOM amid the CoVID-19 pandemic; supporting
UiTM's Corporate Social Responsibility Project. This unique formulation
of this hand sanitizer is developed by FKK meets the WHO recommendation.
For household and offices or classrooms use, S00ml volume of UNIZZOL
hand sanitizer spray botties are also made available.

LN 1?‘

ol ‘.



Dr Azri's Perfume

UNIVERSITI
TEKNOLOGI

<> MARA
PRODUCT OF UITM

COPYRIGHT NOT. NO: CRLY00023422

l’llLMlU M &CEN TS-AFFORDABLE-LONG LASTING



Una Coffee

UnaCoffee adalah produk hasil penyelidikan
pensyarah Sains dan Teknologi Makanan, Fakulti

Sains Gunaan, UiITM Shah Alam di bawah
kelolaan syarikat start-up Fav Food Industries.
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BODEGRIBLE

RM Polypack Sdn Bhd

Manufacturing and trading all kinds of polymer and green products.

l \
CEO: PM TS DR. RAHMAH MOHAMED ‘ ‘ F

: BiOBAC /
2 BIOSTRAWS/ e e P

DEGRADABLE
BOTLES

Hasli penyelidikan PM Dr Rahmah



Genotyping kit

Hasil penyelidikan iPROMISE, di ketuai oleh
Prof Dato Mohd Zaki Salleh




/ BACK 1Y .WM

; [
il ‘e
IS eo7,
\mm e A
‘“1— KA ‘
| 0 &9 ) 4
L < .
| Bko
.,-7. — Y S
5 ST
T 5
.




Malaysia Covid-19
Updates dashboard . [T TAT, o O
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Tajuk Projek Enhancing Future Food Security Through Sustainable Aquaponics System in Rural
Environment
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Big Data opportunities: Smart Farming (')cetic
An intelligent healthcare system for predicting and preventing
dengue virus infection @
Sandeep Kumar Sood," Vaishali Sood.Z Isha Mahajan,Z and Mﬁs

smart sensing &
monitoring
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Abstract Goto: ¥

=)
Dengue is a mosquito-borne pandemic viral infection, which transmits to humans from Female Aedes )I
albopictis or Aedes agypti mosquitoes. It progressively deteriorates the health of infected individuals and loud-based event
poses a high threat of human morbidity and mortality. This paper proposes an intelligent healtheare system #c G
which identifies, monitors, and alerts dengue virus (DeV) infected individuals and other stakeholders in
real-time and control the DeV infection outbreak using cloud computing, internet of things and fog -
computing paradigms. The proposed system uses Naive Bayesian Network (NBN) for diagnosing the
possibly DeV infected individuals and generating real-time alerts for suggesting and alerting the concerned Smart control smact analysis
stakeholders for taking on-time necessary actions at the fog subsystem. The proposed system also uses \_/ & plamnicg
Social Network Analysis at the cloud subsystem, to provide Global Positioning Systems (GPS)-based
global risk assessment of the DeV infection on Google Maps (Google-based web map service) and control J o R 2; cr)itzlst‘usrig Data and

DeV infection outbreak. The analysis of the experimental results acknowledges the efficiency of the NBN-

based DeV infection diagnosis, alert generation, and GPS-based risk assessment functionality, of the | wwwcetic be

proposed system, via various statistical measures and experimental approaches.

Keywords: Dengue virus, Cloud computing, Fog computing, Internet of things (IoT). Naive Bayesian https://www.whizIabs.com/blog/relationship-between-iot-big-data—cloud-computing/76
network (NBN), Global positioning system (GPS), Social network analysis (SNA)



Push-Pull and Key Success Factors

Push factors
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v’ Leadership:
Top-Down

v’ Organizational

environment
v' University
research
ecosystem

Pull factors

)

Key Success
Factors

v' Good leadership
v' Good project
management
v Good reward

system/practices
v’ Talent
Development
v’ Smart partnership




» New generation of researchers with inter-
and trans-disciplinary skills.

> Data-intensive research- support
upskilling of lecturers.

> New incentives and measures for
evaluating and rewarding both individual
and collective contributions to research

» Good ecosystem for well co-ordinated
research strategies, incentives, and
monitoring to ensure successful outputs.
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