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Introduction

Background

* |n medical education domain, Case-Based Learning (CBL) is known to be
an effective learning approach for medical students at undergraduate level
education as well as for professional development [1-3].

— CBLis a shared learning approach in which small-groups of medical students
are involved in discussion to identify and solve the patient’s problem [1].

* |n CBL practice, | o |
— the clinical case is a key component in learning activities, Which . L5 TR I R, S T S Sl
includes basic, social, and clinical studies of the patient [1]. It = === - tee co oy end o ng o him, he s used 1o cire
provides a foundation to understand the situation of a disease. = S T s St s S T s e 3 B B

21511:; to him, he is

An example of a clinical case
» To interact with the patients

» To deal with a variety of cases during his/her clinical practical life
*»* Better learning can play an important role in actual practice

% Human can not
» perform fast reasoning
» accomplish complex computation

% Better decision decision
making

Medical Students

For better learning s Structured knowledge

can be:
.b v' Queried
o .‘ v' Analyzed
Domain Knowledge v" Visualized
(i.e. Structured Declarative Knowledge)

Declarative knowledge is a type of knowledge,
which tells us facts: what things are. d;{x
¢ “Blood disease is a symptom of diabetes”

04/05/2018 3 @ﬁ‘%ié‘;ﬁ%}'fﬁ“f



Introduction

Background and Motivation

Domain

+» Text Mining is the process of deriving high-quality information

Knowledge Construction

© Text Preprocessing

U

© Text Transformation

QO Feature Selection

U

© Terms Extraction

U

@ Relations Extraction

U

@ Model Construction

—>

Domain Knowledge

from an unstructured text [4]. It involves the application of
techniques from information retrieval, natural language
processing, information extraction, and data mining.

+* For constructing domain knowledge,

— Feature selection is an important and critical step in text

mining [5].

n Large number of features selection methods available

n Each method has capabilities and limitations

Feature Selection
Methods [6]

Wrapper Methods

Embedded Methods

+ Performs simple and
fast computation

+ Not dependent on the
classification algorithm

= Decreases classification
performance

+»» Examples: Information
Gain, Chi-Squared,
ReliefF etc.

i’Methodology

ol

+ Conducts a subset search
with an optimal algorithm

+ Better classification

accuracy
= Higher risk of over fitting

= High computational cost

+» Examples: Sequential
Forward or Backward
Selection, Genetic
Algorithm etc.

m Comprehensive
evaluation of feature set

Ensemble feature
selection

+ Requires less
computation than
wrapper method

= Specific to a learning
machine

+» Examples: Information
Gain + Genetic
Algorithm etc.

B Not dependent on the

classification algorithm

u Better accuracy

KYUNG HEE
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B Advantages
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Introduction

Problem Statement

For an automated CBL, a reliable structured knowledge construction is a challenging task [7]. The
key challenge in this regard is to select the relevant features for the following reasons:

— The irrelevant input features induces greater computational cost [6, 8].

— Finding an optimal cut-off value to select important features is problematic [9].

— Innovate students’ learning by transforming the unstructured text into structured knowledge
with the support of an efficient feature selection methodology.

1. To design and develop an efficient feature selection methodology to filter out the irrelevant
input features for structured knowledge construction process.

2. To innovate the case-based learning approach for better clinical proficiency.

1. How to compute the ranks of features without any individual statistical biases of state-of-the-
art feature ranking methods? [10] (e.g., information gain is biased towards choosing feature
with large number of value. Similarly, chi square, symmetric uncertainty, and gain ratio are
sensitive to sample size.

2. How to provide an empirical method to specify a minimum threshold value for retaining
important features? [11]

3. How to design the case-based learning approach to make it interactive and effective? [12] «———

&Sy KyuNG e 04/05/2018 5  SRINMANIAY
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Introduction

Research Taxonomy [13, 14]

— Unsupervised Methods
+* Ranking approach is

+* The filter methods [15-17]: considered an attractive

(i) are generally much faster and approach due to its ] Graph-based
have less computational costs simplicity, scalability,

than wrapper and embedded and good empirical

methods, success [14, 18].
(i) are better suited to high

dimensional datasets.

— Distance-based

Feature Ranking —

Feature Extraction — Filter Approach — Kernel-based

Feature Subset Evaluation

+¢ Statistical measures provides good
Feature Selection Wrapper Approach —{  Statistical Measures performance in various domains [19].

Dimensionality Reduction

_ _ ¢ Information theoretic measures such

L1 Embedded Approach Feat”rglgzg:ﬁ;gf UINE | L1 Information Theoretic as entropy are good measures to
quantify the uncertainty of features
and provides good performance in
various domains [13, 19].

Figure: Dimensionality reduction and different categories of feature ranking methods.

Vg b KYUNG HEE 04/05/2018 6 @ ‘Tjﬂ‘fﬁﬁﬁ o
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Related work

Related Wor

K

Reference

Features

Limitations

[20] Onan and Korukoglu, A feature selection
model based on genetic rank aggregation for text
sentiment classification, 2017.

* Presented an ensemble approach for feature selection, which aggregates
the several individual feature lists obtained by the different feature
selection methods such as Information gain, Gain ratio, Chi-squared,
Pearson Correlation, ReliefF.

¢ Used Naive Bayes and kNN classifiers

* Genetic algorithm (GA) was used for producing an aggregate
ranked list, which is relatively more expensive technique than a
weighted aggregate technique.

* Experiments were primarily performed a binary-class problem.
Hence, it is not clear how would the proposed method will deal
with more complex datasets?

* Presented an ensemble-based multi-filter feature selection method that

* A fixed threshold value i.e. 1/3 of a feature set, was defined a priori

medical problem-based learning system, 2009.

S [11] Osanaiye et al., Ensemble-based multi-filter
B | feature selection method for DDoS detection in combines the output of Information gain, Gain ratio, Chi-squared and irrespective of the characteristics of the dataset.
% cloud computing, 2016. ReliefF to select important features.
(7]
g [10] Sarkar et al., Robust feature selection * Proposed a technique that aggregates the Information gain, Chi-Square, * This technique is not comprehensive enough to provide a final
% | technique using rank aggregation, 2014. and Symmetric Uncertainty feature selection methods to develop an subset of features. Hence, a domain expert would still needed to
L optimal solution. make an educated guess regarding the final subset.

[13] Sadeghi and Beigy, A new ensemble method ¢ Proposed a heterogeneous ensemble-based algorithm for feature ranking * This method requires user to specify a 6 value.

for feature ranking in text mining, 2013. using Information gain, Relief, and DRB-FS features ranking methods. * Moreover, user is given an additional task of defining the notion of

¢ Adopted borda method for features voting relevancy and redundancy of a feature.
¢ Determined the threshold using genetic algorithm. * The proposed wrapper-based method is tightly coupled with the
performance evaluation of a single classifier i.e. SVM, hence losing
the generality of the method.

[21] University of Texas Medical Branch UTMB, * Provides facility to develop case(s) * This approach does not provide domain knowledge support for CBL
_E’ Design a case (DAC), 2017. ¢ Delivers virtual patient encounters to students on any health related topic practice
g * Support of anywhere accessible
()]
.;' [22] The University of New Mexico, Extension for * Provides services for remote patient care e Lacks of an interactive case authoring and its formulation support
% community healthcare outcomes (ECHO), 2016. ¢ Conducts virtual clinics using multi-point videoconferencing * Lacks of domain knowledge support for CBL practice
0
é [23] Chen et al., Applications of a time sequence * Developed a web-based learning system that followed the development * Lacks of feedback support
& | mechanism in the simulation cases of a web-based of the real-world clinical situation * Lacks of domain knowledge support for CBL practice

N84
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Proposed methodology

ldea Diagram

Limitations

[10, 11, 13, 20] Existing
methodologies
-- used relatively more

expensive techniques to select
the features OR

-- required an educated guess
to specify a minimum
threshold value for retaining
important features

[21, 22, 23] Existing CBL
approaches are designed:

-- without describing the
procedures that how clinical
cases are developed OR

-- without an interactive case
authoring and a case
formulation support OR

-- without domain knowledge
support

b KYUNG HEE
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Aot =

Knowledge Construction

Medical Students

© Text Preprocessing Domain Knowledge Solutions
@ Concept Net Construction Dormain Knowledee s o 1a. Proposed a flexible a
(O Text Transformation & — ¢Pproach for incorporating
( h state-of-the-art univariate
. - ~filter measures for feature
/© Feature Selection ;IU ranking.
—> — 1b. Proposed an efficient
© Terms Extraction approach for selecting a
@ cut-off value for the
\ . L ) threshold in order to select
@ Relations Extraction a subset of features.
|\ J
@ Model Construction
( -l Introduced an effective CBL ]
approach using real-world
> clinical case creation and

case formulation
techniques

Graphical User Interface

Medical
Teacher

v

<—>. > Clinical Case Base

Clinical Case Creation

Case-Based Learning System

04/05/2018
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Proposed methodology

(Solution-1a & 1b)

Proposed Univariate Ensemble-based Feature Selection (UEFS) Methodology

M, Ranks M, Ran
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S 0.007384 11 firank
S 0.001361 i} F2rank >
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Compute Features Rank

Compute Scaled Features
Rank

Compute Features Priority

it % | Domain

Problem

Solution- 1a
(UFS)

s N
Highlight of the idea
* Find the more appropriate features of a dataset
* Do the features’ ranking process with a proposed Unified Features
Scoring (UFS) algorithm
» Select the features using a proposed Threshold Value Selection (TVS)
algorithm
J
Awverage Predictive Accuracy Vs Features Retained ~

Assumptions
1.

Filter measures provide
ranks in terms of numeric
values

Our selected datasets with
varied complexities
represent a general case
(Relatively balance dataset).

A

Solution-1b
(TVS)

 Filtered
Dataset

f, f, f,

L YT )
f@% KYUNG HEE

UNT¥ERSITY
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Proposed methodology

Detailed Workflow — (Solutions-1a & 1b)

I Solution-1a Solution-1b

|

| | Unified Features Scoring Threshold Value Selection

I e A e N [ A

C te Feat icti

: Compute Features Rank ompt;{aenkia ures CompAu;cceuI:;(zslllctlve

Input EEEE | |7 < ; < J
=111/ 17| | Compute Scaled Features Compute Average

Dataset =1 Sort Features o

| Rank Predictive Accuracy

I \L J \_ J \L J

L[ F ) [ 1 identify Threshold |

ompute Features . enti resho
| P . Retain Features Y
Priority Value

I \L J \. J

I —

| 1 fyrank o e _ & Cut-off point

| 2 fiank | HO== | Ranked list -

3 1 rank EEE = \y of features

I 4 fn rank f2, f41 f]_,

: » Select Features

|

) fn-4§/ Filtered

'L dataset

Figure: The detail workflow of the proposed Univariate Ensemble-based Feature Selection (UEFS) methodology

e Inthe proposed UuEFS methodology, We contribute two components

1. Unified features scoring (UFS): a comprehensive and flexible
filter-based ensemble technique

2. Threshold value selection (TVS): data characteristics guided
threshold value selection

Different to existing approaches:

* UFS neutralizes the biasness of the state-of-the-art features ranking

measures.

* TVS provides an empirical method of specifying a minimum threshold
value to retain important features for decision making process.

UNT¥ERSITY
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Proposed methodology

Proposed Unified Features Scoring (UFS) Algorithm — (Solution-1a)

Input: Dataset

Algorithm 2: Sealing the Computed Ranks (C])

output: Ra n ked Featu res Set Data: 'f: Inpul computed ranks (ranks)
Result: SH— Scaled Ranks

1. Compute the number of features e e
. . . . 3 for ¥ neO fAltrs € CR do
2.  Compute the feature ranks using n number of univariate filter-based measures 3| i ranks > largest then
argest 4— rankg
3.  Compute the scaled ranks for all computed ranks using the Algorithm-2 o | i rank: < smaliest then
A 8 | smallest + rank;
4. Compute the combined sum of all computed ranks 5 o
10 ()]
5.  For each feature, add computed scaled ranks (from step-3) 11 ond ,
min +— smallest ;
. . : largest ;
6.  Sort the ranks in ascending order 14 ST+ (ron - min)/ (maz — min) ;
15 return SR : scaled ranks
7. Compute the score, weight, and priority of each feature
- N

Filter Algorithm
input: D(Fy, Fy, ..., F,_1) I atraining data set with N features

. So /! a subset from which to start the search
i Why Filter Method? [6] ) /I a stopping criterion

%  This method performs simple and fast computation. output:  Spey /I an optimal subset
J

— . 01 begi
% It does not depend on the classification algorithm. o S Spest = Sor-

03 Yhest = eval(Sy, D, M); I/ evaluate Sy by an independent measure M
04 do begin

Reason for considering Filter-based method:

K/

7/

+» Set of all features = Selecting the best subset = Learning Algorithm =» Performance

03 S = generate(D); I/ generate a subset for evaluation
06 v = eval(S, D, M); I/ evaluate the current subset S by M
. . . 07 if (y is better than Yhest)
e Why Univariate Filter Measures? [20] 08 Toest = V-
+ Have been widely utilized owing to their simplicity and relatively high performance. ?g end untif%%ﬂiszref;hed)_
11 return Sp..; -
\_ 12 end: )

. ?g b K%HHE.EEE Magbool Ali et al. A data-driven knowledge acquisition system: An end-to-end knowledge engineering process for generating production rules, IEEE Access, vol. 6, pp. 15587-15607, 2018. 04/05/2018 11 ﬁ gigﬁig'{g of



Proposed methodology

Proof of Concept for UFS algorithm — (Solution-1a)

Combined Ranks (i.e. add all computed scaled ranks for each attribute)

B Sommie R ) ) \ — CR., = (IGSR, + CSSR, + GRSR, + SUSR, + SSR)
caled Ranks;
E:> (Information Gain) | E:> Sz Pl E> LScaIe Ranks‘Gl E> (IGSR) TR=3Y",CR,
Compute Ranks ~ - ~ = [Compute Total Rank]ﬂ
caled Ranks
E:>\ (Chi-Square) | E:) Features Rankscs E>\S°ale Rankscs | E> (CSSR) (R)
o o | ﬁ‘ FWi.i,= CRI/TR
] | N[ Compute Ranks | |:> E:>' ‘E> Scaled Ranksen ::> |:> Combined Ranks [:> Compute Features Weights
= E:> (Gain Ratio) __|1/| [Features Rankse|Ly | Scale Rankses) (GRSR) (CR...) (FWo1.)
Dataset C te Rank ) ( ) J y N D
E> (Symmc;rtr;il;I(aUnil;rfainty) E> Features Rankss, |:> Scale Rankss, |:> Scal;anURS’aRr;ksSU [Compute Features Scores |::>[Compute Features Priorities]
) g h g (FS|:1in) J (FP|:1in)
) , * FS...=CR/5 FP . - FS *FW
Compute Ranks |:> |:> |:> Scaled Rankss i=1:n i i=1n i i
—E:> (Significance) ) SEEIES [RE s { Scale Rankss ) (SSR)
— . . -—= —
Scaled Rank = (value—min)/(max—min) Features E E
Scorecard =1

Reason for considering following Univariate Measures for Features’ Ranking Process:

* Information Gain: One of the popular measure used for feature selection, which informs features contribution in enhancing information about the
target class [24].

CHI Squared: Statistical measure that determines the association between feature and its class [24]

Gain Ratio: One of disparity measures that enhances the Information Gain [24]

Symmetrical Uncertainty: Performed well for highly imbalanced features set [25]

Significance: Probabilistic measure that assess the feature’s worth [26]

UNIVERSITY of

4 & % KYUNG HEE Magbool Ali et al. A data-driven knowledge acquisition system: An end-to-end knowledge engineering process for generating production rules, IEEE Access, vol. 6, pp. 15587-15607, 2018. 04/05/20 18 12 % TASMANIA
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Proposed methodology

Selected Filter Measures for the UFS algorithm — (Solution-1a)

Information Gain (1G): [24] Gain Ratio (GR): [24]
* |G is an information theoretic measure, which is computed by following ¢ GR utilizes the split information value that is given as follows:
equation: v 1D, j‘
¢ InformationGain(A) = Info(D) - InfoA(D) , where *  SplitInfoa(D) = Z |D| |D| , where

* InformationGain(A) is the information gain of feature A, which is an
independent attribute.

* Info(D) is the entropy of the entire dataset.

* InfoA(D) is the conditional entropy of feature A over D.

e Splitinfo represents the structure of part|t|ons
* Finally, GR is defined as follows:
+* GainRatio(A) = InformationGain(A) / Splitinfo(A)

e N N
Symmetrical Uncertainty (SU): [25] CHI Squared (CS): [24]
e SU is an information theoretic measure to assess the rating of constructed * CS helps to measure the independence of feature from its class. It is
lutions. It d by the followi tion: defined as: ‘
solutions. Itis a expresse2 ?G;(?Bowmg equation © e N & (AD — BE)? .
& sU4,B) = 2GAB) e © ) S B B+ D) (A4 B)x B+ D)’
H(A)+ H(B)’
. . . . CHImn.m (t) = 1ax; (CHI(t C‘i))
* IG(A[B) represgnts the information gain computed by independent feature « A, B, E and D represent the frequencies of occurrence of both t and C, t
A and class attribute B. without C, C; without t, and neither C; nor t respectively. While N

e H(A) and H(B) represent the entropies of feature A and B.
N

) represents the total number of features. )

Significance (S): [26]
* The significance of an attribute A, is denoted by o(A;), which is computed by following equation:

<> o(A;) = AE(Ai) + CE(A:) , Where AE(A,) represents the cumulative effect of all possible attribute to class association of an attribute A, while

*

2 CE(A,) represents the association between the attribute A, and various class decisions.
& ABE(A) = (1/*‘-" Y 0| 1.0, where k represents the different values of attribute A.. Similarly CE + (4;) = (1/m) * ( Z Ay )
r=1,2,....k , where m represents the number of classes, while +(A,) depicts the j=1,2,.

the class-to attribute association for the attribute A,

b KYUNG HEE

UNT¥ERSITY
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Proposed methodology

Proposed Threshold Value Selection (TVS) Algorithm — (Solution-1b)

Input: Datasets

Output: Predictive accuracy graph to reveal the cut-off value

1.
2.

\\\\\\\\\\\\

Consider n number of benchmark datasets having varying complexities
For each dataset:

a) Compute the feature ranks using Ranker Search mechanism.

b) Based on the computed ranks, sort all features in an ascending order

Partition each dataset into different chunks (filtered dataset) from
100% to 5% features retained

partitioning

Identify the cut-off value from plotted graph

Why Ranker Search mechanism?

* |tis considered an optimal solution to score
the features [27].

Why 10-fold Cross Validation?

e Most commonly used approach for model
validation [28, 29].

Feed each filtered dataset to m number of classifiers having varying characteristics ( where m << n)
Using 10-fold cross validation approach, record predictive accuracies of these classifiers to each chunk of dataset

Compute average predictive accuracy of all classifiers as well as datasets against each chunk of dataset partitioning
Plot all computed average predictive accuracies against each chunk of dataset partitioning

Main intuitions of this algorithm are:

¢ To reduce the dataset

* To identify an appropriate chunk value that will provide reasonable predictive accuracy

* To specify those attributes which are deemed important for the domain construction

04/05/2018 14  SEINEANIAY



Proposed methodology

Proof of Concept for TVS algorithm — (Solution-1b)

OD1: Cylinder-bands
OD2: Diabetes
OD3: Letter

OD4: Saonar

OD5: Waveform
OD6: Vehicle

OD7: Glass

OD8: Arrhythmia F:

Info-Gain
Filter Measure

ompute Attributes’ Ranks

MR1, MRZ,

,MR7, MR8 (

Abbreviations:

+ OD — Original Dataset

+ MR — Measured Ranks

+ SR — Sorted Ranks

+ FR — Features Retained

+ FD — Filtered Dataset

+ C — Classifier

« CA — Classification Accuracy

Sort Attributes in

]SR‘I, SRZ, ... , SR7, SR8

FR1: 100%
FR2: 95%

Percentage of
Features Retained

JJl J FR3: 90%

FR18: 10%
FR19: 5%

(

Original Dataset

mechanism

—

,L using Ranker search

Average Predictive
Accuracy Graph

' l Identify the threshold

a0D=8 C=5

Z Z CAon.cy / 40

0D=1C=1

>| Ascending order based
L on their Ranks J

C1: Naive Bayes

C2:J48
C3: kNN
Classifier C4: JRip

C5: SVM

, CA39, CA40 ( Compute Predictive ] FD1, FD2, .., FD18, FD19

P

L Retain Features

Accuracy using 10

Filtered Dataset

value from average Com
alue pute Average
' . ' B predictive accuracy trend ( Predictive Accuracy ],Cm’ CAZ,
N. - ‘. < againsteach Filtered [~
Dataset

++ Considered eight benchmark UCI datasets of varying
complexities (no. of classes)

Cylinder-bands (2)

Diabetes (2)

Letter (2)

Sonar (2)

Waveform (3)

Vehicle (4)

Glass (6)

Arrhythmia (13)

PN A WNR

“\{‘f' 9y KYUNG HEE

UNT¥ERSITY

L Cross-fold Validation J

+¢ Considered five well-known classifiers having varying
characteristics (classifier family/category)

Naive Bayes (Bayes)

148 (Trees)

kNN (Lazy)

JRiP (Rules)

SVM (Functions)

uhwN e

04/05/2018

FD1: 100%
FD2: 95%
FD3: 90%

FD18: 10%
FD19: 5%
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Proposed methodology

Proof of Concept for TVS algorithm — (Solution-1b)

Predictive accuracy (in %age)

UNT¥ERSITY

KYUNG HEE

04/05/2018
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o

Cylinder-Bands Diabetes Letter Sonar Waveform Vehide Glass Arrhythmia
% £ Average
age o -
Features Naive Naive Naive Naive Naive Naive Naive Naive l:edmtwe
Retained Bayes | J48 | kNN | JRip | svm | Bayes | 148 | kNN | JRip | Svm | Bayes | 148 | kNN | JRip | svm |Bayes| 148 | kNN | JRip | Svm | Bayes | 148 | kNN | JRip | Svm | Bayes | 148 |KkNN| JRip | Svm |Bayes| 148 |kNN [JRip | Svm Bayes | Ja8 kNN JRip | svm ccuracy
100 72.22 | 57.78 | 74.44 | 65.19 | 81.67 | 76.3 | 73.83 | 70.18 | 76.04 | 77.34 | 97.3 | 99.49 | 99.88 | 99.3 | 97.17 |67.79| 71.15 | 86.54 | 73.08 | 75.96 | 80 75.08 | 7362 | 79.2 | 86.68 | 44.8 | 72.46 |69.86| 68.56 | 74.35 | 48.6 | 66.82 |70.56|68.69] 56.07 | 6239 |64.38| 5288 | 708 | 70.13 73.71
95 7241 | 57.78 | 74.81 | 67.41 | 82.04 | 76.56 | 73.96 | 65.76 | 73.57 | 77.47 | 96.99 | 99.35 | 99.83 | 99.23 | 97.08 |68.27| 70.19 | 85.1 | 73.56 | 78.37 | 80.04 | 75.28 | 73.4 | 79.88 | 86.58 | 44.68 | 73.17 [69.27| 64.66 | 72.34 | 50.47| 67.29 | 77.1 |66.36| 51.87 | 63.05 | 6527 | 5265 | 69.69 | 70.35 73.58
20 7241 | 5778 | 75 66.85 | 82.04 | 76.56 | 73.96 | 65.76 | 73.57 | 77.47 | 96.78 | 99.06 | 99.64 | 99.01 | 96.93 | 68.75| 70.67 | 85.1 | 75 77.88 | 79.98 | 755 | 74.08 | 79.54 | 86.78 | 44.33 | 73.17 [69.39] 67.26 | 71.28 | 50.47| 67.29 | 77.1 |66.36] 51.87 | 6195 | 63.5 | 51.77 | 6858 | 69.91 73.51
85 7241 | 57.78 | 75.93 | 66.3 | 8259 | 76.17 | 73.57 | 65.76 | 73.96 | 76.69 | 96.62 | 99.06 | 99.55 | 99.03 | 96.93 |68.27| 74.04 | 86.06 | 74.04 | 77.88 | 80 75.86 | 7464 | 79.7 | 86.76 | 45.27 | 73.17 |70.57| 65.84 | 71.51 |47.66| 70.09 | 77.1 |62.15| 51.87 | 60.8¢ |61.95| 5133 | 70.13 | 7035 73.49
80 7259 | 57.78 | 76.11 | 66.3 | 82.96 | 76.17 | 73.57 | 65.76 | 73.96 | 76.69 | 96.61 | 98.91 | 99.44 | 98.89 | 96.95 | 71.15| 76.44 | 85.58 | 72.12 | 79.81 | 79.98 | 76.16 | 74.72 | 80.38 | 86.76 | 44.44 | 71.75 |72.46] 69.15 | 71.75 | 47.66| 70.09 | 77.1 |62.15| 51.87 604 |6438| 5177 | 69.91 | 71.02 73.79
75 71.67 | 57.78 | 76.48 | 66.85 | 82.22 | 76.17 | 73.57 | 65.76 | 73.96 | 76.69 | 96.61 | 98.91 | 99.44 | 98.89 | 96.95 | 71.63 | 76.44 | 84.62 | 73.56 | 79.33 | 79.96 | 76.22 | 75.32 | 79.7 | 86.7 | 43.85 | 71.63 |73.29| 67.73 | 71.28 |46.26| 72.9 |73.36|60.28| 51.87 | 5951 | 6482 | 5111 | 6881 | 708 73.57
70 713 | 57.78 | 76.11 | 68.15 | 80.37 | 74.87 | 72.4 | 67.45 | 71.88 | 74.48 | 96.89 | 98.64 | 99.04 | 98.45 | 96.94 | 71.15| 74.04 | 83.65 | 71.15 | 75 79.96 | 75.98 | 75.22 | 79.1 | 86.74 | 45.04 | 71.28 |72.34| 68.68 | 70.57 | 46.26| 72.9 |73.36|60.28| 51.87 | 61.28 | 6327 | 5022 | 69.47 | 72.12 73.14
65 71.85 | 56.67 | 77.04 | 67.78 | 79.81 | 74.87 | 72.4 | 67.45 | 71.88 | 74.48 | 96.36 | 98.3 | 98.7 | 98 95.94 | 71.15| 74.04 | 82.69 | 74.04 | 77.4 | 80 76.02 | 76.28 | 79.26 | 86.92 | 44.56 | 69.86 |71.63| 66.9 | 70.21 |47.66| 715 | 72.9 |62.62| 51.4 61.95 | 6195 4934 | 68.81 | 7146 73.05
60 72.04 | 56.67 | 77.04 | 70.19 | 80 74.87 | 7253 | 66.93 | 72.4 | 74.48 | 96.38 | 97.88 | 97.99 | 97.89 | 95.94 |68.75| 71.15 | 82.69 | 77.88 | 75.48 | 80.08 | 76.36 | 77.38 | 79.48 | 86.9 | 448 | 70.21 |72.81] 67.02 | 69.5 |47.66| 715 |72.9 |62.62| 51.4 59.96 | 6195 | 50.22 | 67.26 | 70.13 72.98
55 69.81 | 56.67 | 77.04 | 64.26 | 80.19 | 74.87 | 72.53 | 66.93 | 72.4 | 74.48 | 94.75 | 97.59 | 97.16 | 97.37 | 95.94 |65.38| 72.12 | 79.81 | 76.44 | 73.08 | 80.1 | 763 | 77.5 | 79.62 | 86.8 | 46.45 | 70.69 |71.75| 65.13 | 68.32 | 50.93| 74.3 |74.77|64.49| 514 59.73 | 6327 | 50.22 | 7058 | e€8.14 72.73
50 70 56.67 | 76.3 | 66.85 | 80.74 | 74.87 | 72.53 | 66.93 | 72.4 | 74.48 | 94.75 | 97.59 | 97.16 | 97.37 | 95.94 | 65.38] 71.63 | 84.13 | 74.52 | 74.04 | 80.06 | 76.36 | 78.08 | 80.02 | 86.86 | 46.45 | 70.69 |71.75] 65.13 | 68.32 | 50.93| 74.3 |74.77|64.49] 51.4 5973 | 63.27 | 49.56 | 65.49 | 69.47 72.79
-_— S S
45 70 56.67 | 77.41 | 65.19 | 79.81 | 75.13 | 72.53 | 67.84 | 72.79 | 75.39 | 95.94 | 96.89 | 96.1 | 96.68 | 95.94 |67.31| 72.12 | 81.25 | 75 73.56 | 80.36 | 76.96 | 78.7 | 80.06 | 86.8 | 48.23 | 71.99 |71.04| 67.73 | 67.73 |50.93| 74.3 |74.77|64.49| 51.4 60.62 | 6372 | 49.78 | 69.47 | 68.58_R-73.03
40 70.19 | 56.67 | 78.89 | 65.93 | 80 75.13 | 7253 | 67.84 | 72.79 | 75.39 | 95.94 | 95.93 | 94.96 | 96 95.94 |67.79] 75.96 | 79.33 | 726 | 726 | 80.2 | 77.06 | 77.82 | 79.16 | 86 48.58 | 71.75 |70.57| 67.85 | 66.67 | 46.73| 66.36 | 72.9 |67.76| 46.73 61.5 | 62.61 %—eﬁf 69.25 72.46
35 69.44 | 56.67 | 81.48 | 61.85 | 76.48 | 74.61 | 72.53 | 67.84 | 72.4 | 75.26 | 95.94 | 95.94 | 95.87 | 95.95 | 95.94 | 64.9 | 76.92 | 78.37 | 71.63 | 75 80.16 | 74.78 | 75.56 | 78 84.12 | 50.24 | 70.21 |67.85) 67.38 | 54.96 | 46.73| 66.36 | 72.9 [67.76] 4673 | 621246738 | 4779 | 6314 | 68.36 71.74
30 69.63 | 56.67 | 80.93 | 56.3 | 76.48 | 74.61 | 72.53 | 67.84 | 72.4 | 753 dicti ined I3.46 63.55 [57.01]6029=%551 | 59.07 | 61.5 | 4535 | 6593 | 63.94 69.27
25 70.19 | 56.67 | 80 5741 | 78.7 | 7461 | 7253 | 67.84 | 72.4 | 75.3 Average Predictive Accuracy Vs Features Retaine 6375 [57.01]60.28] 3551 | 5920 |61.95| 2403 | 6593 | 63.27 68.37
20 70.19 | 56.67 | 80 61.11 | 78.7 | 67.19 | 67.84 | 67.32 | 67.19 | 65. 80 5.98| 54.67 | 47.2 | 52.8| 35.51 615 |61.95| 4624 | 66.15 | 63.27 65.46
15 70 56.67 | 80.56 | 60 77.96 | 67.19 | 67.84 | 67.32 | 67.19 | 658 — I5.98 54.67 | 47.2|52.8| 3551 | 63.05 | 615 | 5265 | 65.04 | 61.73 63.27
o
10 74.63 | 57.78 | 74.26 | 60.37 | 77.96 | 651 | 651 | 65.1 | 65.1 | 65. i 75 P5.51] 3551 [35.51]35.51] 3551 | 6305 | 542 | s221 | 6504 | 615 58.72
5 61.48 | 57.78 | 54.81 | 57.78 | 76.85 | 651 | 651 | 65.1 | 65.1 | 65. g 5.51| 35.51 |35.51|35.51| 3551 | 60.18 | 49.34 | 47.12 61.5 61.5 53.91
ol
3 70
9
<L
o
2 65
-
+»+ Total 800 experiments £ 60
o
o
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o
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Experiment & results

Datasets & Experimental Setup — (Solution-1a & Solution-1b)

Selected Textual datasets characteristics Selected Non-Textual dataset characteristics
Textual Dataset No. of No. of |No. of Distinct Descriotion Non-Textual No. of No. of | No. of Distinct Descrintion
Documents | Features Classes P Dataset Instances| Features Classes P
¢ Isa 10% subset of 20NewsGroups dataset, . ¢ Contains the process delay information of engraving printing for
MiniNewsGroups 800 27419 4 ¢ Consider four equal sized categories - computer, politics, Cylinder-bands >40 40 2 decision tree induction
society and sport . « Consists of diagnostic measurements of patients
- . - Diabetes 768 9 2 . - - .
. * |s a subset of 4Universities dataset and consists of web pages, ¢ Consider two categories - has diabetes (YES) and not diabetes (NO)
Course-Cotrain 1051 13919 2 . -
* Consider two categories of pages - course and non-course Lett 20000 17 5 « Consists of black-and-white character image features
¢ Consists of e-mail documents, etter ¢ |dentify English capital alphabet letter (from A to Z)
Trec05p-1 62499 12578 2 . -
¢ Consider two categories of emails - spam and ham « Contains signals information
. e Consists of e-mail documents, Sonar 208 61 2 ¢ Consider two bounced off categories of signals, namely “bounced off
SpamAssassin 3000 9351 2 . —_— . " “ A ”
¢ Consider two categories of emails - spam and ham a metal cylinder” and “bounced off a roughly cylindrical rock
Waveform 5000 a 3 . Ez:;av:lr;svzswaves classes, which are produced by integrating 2 of 3
Steps performed to preprocess the textual documents for applying the state-of-the-art
and proposed algorithms: Vehicle 846 19 4 ¢ Consists of silhouette features & consider four categories of vehicle
« Step-1: Remove the structural content of the documents such as HTML or XML tags, sender Glass 214 10 6 * Consists of oxide content & consider six categories of glass
and receiver fields in an e-mail document, links and etc. « Consists of ECG records & consider thirteen categories of group
o Step-2: Eliminate the pictures and e-mail attachments from the documents. Arrhythmia 452 280 13 ¢ Consider two prediction categories of cardiac arrhythmia - presence
. of cardiac arrhythmia (YES) and absence of cardiac arrhythmia (NO)
e Step-3: Tokenize the documents.
» Step-4: Remove the non-informative terms like stop-words from the contents. . .
e Step-5: Perform the terms stemming task. Evaluation metric: TP
* Step-7: Eliminate the low length terms whose length are less than or equal to 2. * Predictive performance: Precision, Recall, F-Measure % Precision = TP+ FP
e Step-8: Finally, generate the feature vectors representing document instances by computing (Uneven class distribution), and Accuracy (Symmetric
the term frequency—inverse document frequency (tf-idf) weights. dataset, where FP and FN are equal) [13]. 2 Recall = TP
» Processing speed: s (second) TP + FN
Classifier | Function | Kernel Type | Epsilon | Tolerance | Exponent | Random Seed + Validation: 10-fold cross-validation technique [28, 29] o F 2 * (Recall * Precision)
#* F-Mmeasure = .
SVM SMO | Polynomial |1.0E-12| 0.001 1 1 (Recall + Precision )
Predicted Class
o A TP + TN
ifi i ? Class = Yes Class = No ** Accuracy =
Why SVM classifier for evaluation process? — - : y TP + FP + FN + TN
* The performance of SVM classifier is better as compared to other state-of-the-art classifiers Class Class =Yes | True Positive (TP) | False Negative (FN)
such as KNN and Naive Bayes [13]. Class=No | False Positive (FP) | True Negative (TN)

Y xyune uee 04/05/2018 17 SRFINWANIAY



Experiment & results

Results & Discussion — (Solution-1a & 1b)

Method Comparison on Average F-measure
OIG ORelief ODRB-FS @GR-x2 @ uEFS
0.9 -
Figure: Comparisons of average 08 4 - - ] Findings:
F-measure of the uEFS with v 07
other state-of-the-art methods | 2 0.6 | % Achieved on average ~7% increase in
[13, 39, 40, 41] g 05 o F-measure as compared to baseline
L 0.4 - H approach
0.3 - H
0.2 T . []
Course-Cotrain Trec05p-1 MiniNewsGroups SpamAssassin
Textual Datasets
Method Comparison on Average F-measure
| ‘:‘ Info. Gain I:l Gain Ratio El Chi Squared |:| Symmetrical Uncert. I:’ Significance . UuEFS |
0.81 - 0.755 0.97 - 0.805
Figure: Comparisons of average 0851 — R 075 0% 1 o8
F-measure of the uEFS with 1 [ ] ﬂ o |_‘ H H H ’_‘ %1 o
0.795 4 0.74 0.94 + 0.79
other state-of-the-art filter S | o I_‘ 0735 4 03 [ ] ﬁ ] |_| ] ogms -1 [ I T
measures E Cylinder-bands Diabetes Letter Sonar
E 0.87 4 0.7 06 4 0.7
oses{ [ |[ | ] 065 0.5 4 0.68
= H piml 2 3 [ mm
0.86 0.5 + /i 04 — 06 +
Waveform Vehicle Glass Arrhythmia
Non-Textual Datasets

N, -
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Experiment & results

Results & Discussion — (Solution-1a & 1b)

Method Comparison on Predictive Accuracy
D Info. Gain I:] Gain Ratio l:l Chi Squared |:| Symmetrical Uncert. I:‘ Significance . uEFS
82 76.5 97 80.5 -
81 76 96.5 80 -
80 75.5 96 79.5 1 Findings:
= |79 75 95.5 79 -
‘as —‘ —’ H ’7 ’7 ’7 |_| |_| > . ~ER0/ H
> |78+ 745 + 95 + 78.5 1 «* Achieved on average 5% increase in
% Cylinder-bands Diabetes Letter Sonar ..
5 predlctlve accuracy as compared to
S| & 70 60 73 - .
< | g5 state- of-the-art filter methods
- 65 55 72.5 -
: |_| |_| H l
60 50 72 -
86.4
aaill S WeaNEE o RREIT
86 + 50 + [] 40 + 71
Waveform Vehicle Glass Arrhythmia
Non-Textual Datasets
Method Comparison on Predictive Accuracy Method Comparison on Predictive Accuracy
OOneR ORelieff BUEFS OIG CRelief CIDRB-FS EGRy2 B uEFS
100 -
Him - 90 A
g 90 - ——— £ g0 B
g 80 g 70
g 70 1 g3 60
; <L 50 A
o
2 601 £ 40 -
3 T 30 -
£ 50 - ]
40 ﬂ a 20 |
Cylinder-bands Diabetes Letter Sonar Waveform Vehicle Glass Arrhythmia Course-Cotrain TrecO5p-1 MiniNewsGroups SpamAssassin
Non-Textual Datasets Textual Datasets
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Figures: Comparisons of predictive accuracy (in %age) of the uEFS with other state-of-the-art filter methods
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Experiment & results

Results & Discussion — (Solutions-1a & 1b)

Table: Comparisons of predictive accuracy (%) with state-of-the-art filter measures

Dataset Gair; Ratio e rjncert. Significance uEFS p {Sig.(2-tailed)} p {Sig.(1-tailed)}
Cylinder-bands | 80.56 | 80.19 79.81 80.37 80.19 81.11 0.002
Diabetes 7591 [ 75.91 75.91 75.91 75.89 76.04 0.000"
Letter 95.94 | 96.08 95.94 96.08 95.94 96.97 0.000"
Sonar 78.85 78.86 78.85 78.86 78.85 80.29 0.000"
Waveform 86.88 86.88 86.86 86.88 86.86 86.9 0.005 0.010
Vehicle 61.7 63.24 65.48 63.12 54.02 65.84 0.093
Glass 57.94 | 58.41 58.88 58.88 48.13 58.41 0.400
Arrhythmia 71.9 72.35 71.68 71.9 71.9 72.79 0.002
One-Sample T-Test: State-of-the-art Proposed
o . += Filter-based Methodologyu
% Performed against each dataset 3 Measures’ Mean EFS
+»+ Considered the uEFS value as a test value and feature selection measures’ values as sample E Mean 75.970 77.294]
data. (7} Variance 164.664 144.659
> For example, in case of Cylinder-bands dataset, 81.11 (value generated by the ukFs) is %_ Observations 8 8
considered a test value, while 80.56, 80.19, 79.81, 80.37, 80.19 (values generated by 1S Pearson Correlation 0.996
Info. Gain, Gain Ratio, Chi Squared, Symmetrical Uncert., Significance ) are used as 63 Hypothesized Mean Difference 0
sample data. b df 7
+*» The mean feature selection measures score for Cylinder-band dataset (M = 80.22, SD = 0.28) = t Stat -2.739
was lower than the normal uEFS score of 81.11, a statistically significant mean difference of e P(Ti=t) one-tail 0.014
0.89, 95% CI [0.54 to 1.23], t(4) = -7.141, p = .002. RAliitwestal] 9.029
Findings:
+* It can be observed from the results of One-Sample T-test and Paired-Samples T-test that most of the significance (i.e. p) values are less than 0.05 (i.e. p <
.05), which indicates that our proposed uEFS methodology results are statistically significantly different from state-of-the-art methods results.
¢ Variance value of the proposed methodology is decreased (indicates =» data points tend to be very close to the mean and more homogeneous).
“» @Note: * This actually means that p < 0.0005. It does not mean that the significance level is actually zero.
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Experiment & results

Realization of Domain Knowledge Construction
| textpreprocessing__JHll Text Transformation | | |

Unstructured
Data Source

f 6,1, f, 6t

Dataset |:> @ UEFS |:> ED Concepts E> . |::> Unpleasant person feels |::>
Preparation 1 Extraction . somesthesia.

1
: *  Symptom

]
1
1
1
1
1 1 1 1 1
H . 1 H H . H H 1 1 1 1
Domains: I Tf)kenlzatlon. Chop the given textinto | fp symptom | fertility| ..... specimen | i| symptom | feeling| blood]| ..... disease ! i * Unpleasant_person feels I Lame.
¢ Diabetes I pieces, called tokens. | oo, I s Feeling | somesthesia. X _
« Lung Cancer | Fiteration: Remove the non-informative | |9-009| 0002 ] 0.002 | ... 0013 fi = 0.000 10.009} ..... 0.008 I+ Blood : T G [(San )~ [(Semema]
I terms (such as the, in, a, an, with, etc.). 1 | 0.0 | 0.009 [ 00 |... 00 |1 0009 10001f 00 |... 00 |« uUnpleasant 1 * Unpleasant_person has [ J Vo
i Tagging: Assign each token with a parts- i 00| 0007 | 00 |... 0.0 E 0.007 [0.003f 00 |... 0.0 E * Person i negative_stimulus. i el
| of-speech tag, such as noun, verb,etc. | [ 00 [ 0024 | 00 [... 00 |J|-20924 [0001f 00 {... 0.004 f « Negative |« Blood_disease is a symptom. | [fmmaen] e
I Normalization: Identify the root/stem of ' [5 524 0.007 | 0.006 0.0 i| 0.007 |0.001]0.024{..... 0.0 |1 ¢ Hurt I I
| : ! o. ) 006 | ..... . | | : | | _
. aword. i.e. the words connected, '« Genorate the feature vectors | .+ disease X No of Relations = 1550 X ks prs Domain Knowledge
I connecting is stemmed to “connect”. ! . . ! ! ! !
| I representing document instances i 1 | |
——————————— | el e e e B e e e T B el e e LT e el e e e e i e
- . I I . i
No. of documents: | Tool used: Rapid Miner Studio i Technique used: Term Frequency — 1 Technique used: Proposed Process: Nouns, Verbs, Adjectives, 1 Technique used: Lexical Chaining Language used: Attempto
o foation- : ; | | R . | ) :
19 :.okem.zatnosn. Enghs: I:okemz(ir | Inverse Document Frequency (TF-IDF) | Univariate Ensemble Feature and Adverbs Identification Thesaurus used: Princeton's :zptrolleddEr;gclgl\}.(ACE)
. H : t H
ST
: adl I Why TF-IDF? I Step-1: Unified Features Scoring P . ificati
= ization: 1 . L 1 rocess: Hypernyms Identification 2
.Ig] Normalization: Porters Stemmer |« TF-IDF provides a good heuristic for | (UFs) Why Penn Treebank? Why ACE? [38]

Keep original tokens: True * Alogic-based knowledge
representation language

¢ Uses the syntax of a subset of
English

* Provides automatic and
unambiguous translation of

text into first-order logic

I determining likely candidate keywords !
| [34]. :
1 ¢ It is one of the best-known and most |
commonly used keyword extraction '
algorithms currently in use [35] when ai
document corpus is available.

e Treebank provides distinct coding
for all classes of words having
distinct grammatical behavior [36].

Step-2: Filtering features using
Threshold Value Selection (TVS)

Multiple meanings per word policy:,
Take all meanings per token
Multiple synset words: Take only
first synset word

Validation: Domain Expert

1
1
1
1
1
1
1
l
Why Lexical Chains? :
¢ A well known technique for text |
connectivity [37] that locate termq'
and their sequence in accurate |
manner [34]. :

1

V KYUNG HEE Magbool Ali et al., A methodology for acquiring declarative structured knowledge from unstructured knowledge resources, International Conference on Machine Learning and 04/05/2018 21 ﬁ UNIVERSITY of
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Proposed methodology

Proposed Case-Based Learning (CBL) Approach — (Solution-2)

Traditional CBL Approach : Proposed CBL Approach

Case-Based Learning System
4 ) —

<:| Domain
K

nowledge
v

¥—

JC

> <

ey

> Case Formulation

L
Medical
Student »2'1—5<

Graphical —W
P |:> Formulated | ——

Case Base

User
Interface \ y

Medical Teacher

oM

Patient Medical
Teacher

CBL Class

Clinical
Case Base

Clinical Case Creation |:>

1
1
1
1
1
1
! CBL Class
1
1
1
1
1
1

Highlight of the proposed idea

* Enables the medical teacher to create real-world CBL cases for their students, review the students’ solutions, and to give feedback and
opinions to their students.

* Facilitates the medical students to do the CBL rehearsal before attending actual CBL class.

.{ by KYUNG HEE Magbool Ali et al., IoTFLiP: loT-based Flip Learning Platform for Medical Education, Digital Communications and Networks, vol. 3, pp.188-194, 2017. 04/05/2018 22 % UNIVERSITY of

UNIVERSITY Magbool Ali et al., iCBLS: An interactive case-based learning system for medical education, International journal of medical informatics, vol. 109, pp. 55-69, 2018. TASMANIA



Proposed methodology

Proposed Clinical Case Creation and Formulation Techniques — (Solution-2)

1. Magbool Ali et al., An loT-based learning methodology for medical students’ education, Korean
Intellectual Property Office, Registration No.(Date) 1018088360000 (2017.12.07).

2. Magbool Ali et al., An loT-based CBL Methodology to Create Real-world Clinical Cases for
Medical Education, In ICTC 2017, pp.1037-1040, IEEE, 2017.

3. Magbool Ali et al., An Interactive Case-Based Flip Learning Tool for Medical Education, In ICOST

2015, pp.355-360, 2015. PLEASE SIGH TN - ® CASE-BASED FLIP LEARNING TOOL
4. Magbool Ali et al., iCBLS: An interactive case-based learning system for medical education. ¢ 15' . Psomemnahoa s e N
International journal of medical informatics, vol. 109, pp. 55-69, 2018. T @ 408 evtonay cae-bas eaing sevices o vl e Using ca se FO rmulation:

i 10cl you wil be able 12 praciice of rewl-wavid case before
T santing the actusl CBL cleat.

) . . .
Y i oon * Formulating a clinical case involves
8? le éT) C%D —0— é? P T A constructing appropriate interpretations
Patients’ Vital Si 3 - i e S T : ,
ot earsigne g ?; g ? ST | == | about a patient’s problem to create a

Temperature Pressure  Glucose \*ﬁ significant medical story within the context
l l l of his or her life [30].

A4 _Il
Vital Signs Dataset ®| Vital Signs Database MM | Patient Database |®' “ 4
® Graphical User Interface
3
@ @ @ @ 3E § § Algorithm 2: Case Formulation(D = CC[Ref.Algorithm 1))
Jeekly Graph G jon--- -~ |ﬁ a ﬁ @ @m—l | % -2 Y a Data: D = CC: Input dataset (clinical case)
l l l l l 5 -E n 3, o Result: CF— Case Formulation
1 i z 5 8 o 1 if Verify(D) then
By | Average E m [
“““’G"““"MG“’PH’"@ 1] raad 11 rcall m £ g‘ L N:|e g o 2 /% For creating the medical charts, add the components of medical charts
— —_— —_— — - - w w
ﬁ .ﬁ)g : 3 o e.g. presenting complaints, previous medications for D cases */1
Automatic Case _ @h @ ﬁ ﬁ E e MCC « addMedicalChartComponent(D): D = mcey,mecy.mees, ..., mecy ;
Generation g— oy = for V¥ mce,, € D do
= g' o /* Add cobservations e.g. felt fatigue, breathlessness of each chart
System Generated @ e = e g. component Mmooy /1
Clinical Case I oo 6 Obs < addObservations(mccy) ;
@ < 7 end
‘ - = o et Sntorsion o s
Graphs Analysis and = g /#* Case formulation includes information of medical charts component and
Case Refinement g observations T
Medical Teacher y E Q 9 CF + caseFormulation(MCC, Obs) :
e o) 10 return CF : case formulation
Refined Clinical Case - @ 1 else
a 12 | Error(message);
13 end

Clinical Cases Dataset- -~~~ ----=---==--mmoomoommonns | Clinical Case Base | @

&5y KLUNG HEE 04/05/2018 23 SRRYNEMANIAY
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Experiment & results

Realization of the Clinical Case Creation approach — (Solution-2)

prmm - ——— -

' 1 mn:su’ﬁ:sl‘&i
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Experiment & results
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Evaluation Setup — (Solution-2)

Evaluation

Heterogeneous environments
Surveys
Interview
Focus groups

* For holistic understanding, the proposed system is evaluated in heterogeneous
environments by involving multiple stakeholders and using multiple methods such
as (1) quantitative methods (e.g. surveys) and (2) qualitative methods (e.g.
interviews and focus groups) under the umbrella of the CIPP
(context/input/process/product) model.

Literature review
Consulting expert

Reason for choosing CIPP model:

Establish the evaluation questions
Collect the data
* Participant interviews

* Discussion-based learning in a small-group, like CBL, is considered to be a complex
system [31] due to having multiple interaction of students and exchanging information
with each other [32, 33].

* For evaluation of complex systems, the CIPP model is most widely used and is
considered as a powerful approach [32].

¢ Judgements of the system
* Assessment of achieved targets

Evaluation Setup Figure: CIPP elements and tasks performed [32].

Evaluation Criteria Environment-l (Users Interaction Evaluation) Environment-Il (Learning Effectiveness Evaluation)

Primary hypothesis Flexible and easytolearn System appropriateness with respect to students’ learning

Minimum memory load and efficiency (minimum actions
required)

System capability, Operation learning, Screen flow, Interface | Appropriate for group learning, Appropriate for solo learning, Useful for improving clinical
consistency, Interface interaction, Minimal action, Memorization skills, Performing tasks straightforward

Secondary hypothesis System suitability with respect to students’ level and user friendly system

Variables

Options and weightages set for each question | Excellent (10), Good (8), Above Average (6), Aver- age (4), Poor (2) | Five options from 1 to 5 representing poor to excellent and quantified in multiple of 20

Survey method Google docs (Online), 1-on-1 Google docs (Online), 1-on-1, small groups atthe hospital

Number of users 209 (different years students and professionals)

YT )
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Experiment & results

Results & Discussion — (Users Interaction Evaluation) — (Solution-2)

Summarized response with respect to categories results

Evaluation Criteria

Sub-categories

Categories Response

80

iCBLS Interaction Evaluation - Response Comparison Chart

Response
Categories Sub-categories (out of 10) (Average) (%)
System Capability System reliability 7.3555 78148 | 78.15
Designed for all levels of users 8.0740
(U it b Learning to operate the system 7.2963 72037 72.04
Reasonable Data grouping for easy 71111
learning ’
Sereen Flow Reading characters on the screen 6.9629 70555 70.56
Organization of information 7.1481
Consistency across the label format 71111
Interface Consistency | and location ’ 6.6851 66.85
Consistent symbols for graphic data 6.2592
standard
Interface Interaction |1 oo data entry design 8.0000 81481 | 8148
Zooming for display expansion 8.2962
Wizard-based information manage- 6.7407
Minimal Action ment ’ 6.0185 60.19
Provision of default values 5.2962
Memorization Highlighted selected information 4.8148 4.8148 48.15
Findings:

* Interaction of the system through the interface was generally valued by the

users

» Users were quite satisfied with the system capabilities, operating learning,
screen flow, and interface interaction, which were greater than 70%.
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system Operation Screen Flow Interface Interface Minimal Action  Memorization
Capabilities Leaming Consistency interaction
Evaluation Criteria
Findings:

* The confidence on the system capabilities and the interface
interaction was measured as about 70% from all users.

* Approximately 50% of users considered the interface consistency,
screen flow and operation learning aspect as an appealing factor.

Magbool Ali et al., iCBLS: An interactive case-based learning system for medical education. International journal of medical informatics, vol. 109, pp. 55-69, 2018.
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Experiment & results

Results & Discussion — (Learning Effectiveness Evaluation) — (Solution-2)

Analysis Chart of Interactive CBL System

Appropriate for Solo Learning 72.8

Appropriate for Group Learning ; 76.4

Useful for Improving Clinical Skills 74.6

Performing Tasks Straightforward L

68 12 70 7l 72 73 74 73 76 77

/

~

Findings:

* Users were quite satisfied with the system appropriateness for
group as well as solo learning, system usefulness with respect to
enhancing clinical skills, and user friendliness of the system, which
were greater than 70%.

* The system was also evaluated to check suitability and
appropriateness for different course-year levels of medical
students. The system achieved votes for year-levels 2 or 3 that
showed confidence on system suitability for these students, which
is the stage where students begin to do placements at hospitals.

W KYUNG HEE

UNT¥ERSITY

User Satisfaction (% ) \_
System effectiveness summary chart
Open-ended Survey Question for Learning Effectiveness Evaluation Findings:
# | Open-ended Survey Questions e System encouraged the students to F)e active learners,
} = > — - s and to use logic to think and learn with real-world cases

1 What did you like most about the computer-based tutorial preparation module? « Key phrases from answers were ‘self-learning’,

2 | What did you like least about the computer-based tutorial preparation module? ‘independent thinking’, ‘gaining more professional

3 | Are there any areas where you think the Case-Based Learning tutorial program can improve? knowledge’, ‘distance learning’, ‘senior level education’,
‘tutor engagement’, and ‘improvement of feedback
interface’.
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Conclusion

Conclusion

This thesis contributes to

1. An efficient and comprehensive ensemble-based feature selection methodology

— Proposed a flexible approach (UFS) for incorporating state-of-the-art univariate filter measures for
feature ranking

— Proposed an efficient approach (TVS) for selecting a cut-off value for the threshold in order to select
a subset of features

— Performed extensive experimentation for the proof-of-concept for the aforementioned techniques.
* Achieved on average ~“7% increase in F-measure as compared to baseline approach
e Achieved on average ~5% increase in Predictive Accuracy as compared to state-of-the-art methods.

2. An interactive and effective Case-Based Learning (CBL) approach for medical education
— Introduce a real-world clinical case creation and case formulation techniques
— The proposed CBL approach achieves a success rate of more than 70% for students’ interaction,
group learning, solo learning, and improving clinical skills.

Uniqueness

A comprehensive and flexible feature selection methodology based on an ensemble of
univariate filter measures.

e An effective CBL approach using real-world clinical case creation and case formulation support.

? ;‘, KYUNG HEE 1. Magbool Ali et al., A data-driven knowledge acquisition system: An end-to-end knowledge engineering process for generating production rules, IEEE Access, vol. 6, 2018.
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Conclusion

Future Work

Applications

uEFS methodology contributes in feature selection, which is the key step in most of decision support system

e Data-driven knowledge acquisition system?
e Case-based learning system?
* Clinical decision support system

Limitation

e Only univariate filter measures are considered in the proposed methodology
* This methodology does not evaluate the suitability of a measure, a precision
* On average, the proposed methodology takes 0.37 sec more time than state-of-the-art filter measures

Future work

e Extend the methodology for incorporating multi-variate measures
* Investigate the application of fuzzy-logic for determining the cut-off threshold value
e Extend the CBL towards QA-based learning environment

IMagbool Ali et al., A data-driven knowledge acquisition system: An end-to-end knowledge engineering process for generating production rules, IEEE Access, vol. 6, pp. 15587-15607, 2018.

2Magbool Ali et al., iCBLS: An interactive case-based learning system for medical education. International journal of medical informatics, vol. 109, pp. 55-69, 2018.
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Publications
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+ 51 (01) Publication
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e Co-author (04)
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e Co-author (01)

— Conferences (14)

W= ** Paper in progress

A

m SCIE Journal (01)
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comprehensive ensemble-based feature selection

methodology to select informative features from

an input dataset”. PLOS ONE. Under review, 2018.

e International (06)
e Domestic (03)
e Co-author (05)
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