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Outline

Educational Data Mining
0 A brief idea of the development in the past decades

*The “FATE” of Al and Higher Education
0 An overview of the definition of Al ethics in higher education
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EDM: Motivation

eLive tracking of student performance is important
0 Short terms, intense schedule, a small issue may contribute to a fail

*Availability of the sources
0 More data available online, easier for analytics
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EDM: A Survey

About 260 studies were conducted during the past two
decades

Main Research Questions:
0 (1) Major factors highly affecting student performance prediction
0 (2) Kinds of data mining techniques including prediction and feature
selection algorithms
0 (3) Frequently used data mining tools (less focused today)



EDM: Preliminary

*Prediction of grades, or Pass / Fail?
0 Even can predict grades, pass / fail should be the one to consider
0 Curve grading, P/F rather absolute
0 Purpose of the study - help those who struggle (may not be
disclosed to students)
*Can still use regression models?
0 Regression — The likelihood of Pass / Fail
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EDM: Main Topics
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EDM: Main Topics
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EDM: Datasets

MOOC Dataset: Students’ interactions with learning materials and
activity logs

Hellenic Open University Dataset: Students’ assignment scores
OULAD Dataset: Details of learning resources and sum of clicks
performed by students during their course



EDM: MOOC Datasets
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MOOC Dataset: Students’ interactions with learning materials and

activity logs

tracking log (201508-201608)
Tracking Log (201608-201708)
Dropout Prediction Dataset
User Profile

Course Information

User Profile:
1st column: user_id, the id of user.

2nd column: gender, the gender of user.
3st column: education, user's education level.
4th column: birth, user's birth year.

Course Information:
1st column: id, the id (number) of course, which is used in dropout prediction dataset.

2nd column: course_id, the id (string) of course, which is used in tracking log.

3st column: start, course start time.

4th column: end, course end time.

5th column: course_type, course mode (0O: instructor-paced course, 1: self-paced course).

6th column: category, the category of course.
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EDM: HOUD Datasets

Hellenic Open University Dataset: Students’ assignment scores

In details: 354 graduate and postgraduate students’ records

 Academic performances (grades, assessment scores)

 Demographic records (ages, gender, marital status, jobs,
number of children)
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EDM: OULAD Datasets

OULAD Dataset: Details of learning resources and sum of clicks
performed by students during their course

Student - activities Module Presentation
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sum_click INT code_presentation VARCHAR(45)
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Student - demographics | 1
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¥ code_module VARCHAR(45)
! code_presentation VARCHAR(45)
id_student INT
“lvie v
gender VARCHAR(3)
id_site INT
imd_band VARCHAR(16)
! code_module VARCHAR(45)
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age_band VARCHAR(16)
activi e VARCHAR (45,
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region VARCHAR(45)
disability VARCHAR(3)
final_result VARCHAR(45)

week_to INT
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Decision Tree: a very old model, but already good enough
* Model that most of the studies applied, even dated to recent years

Several research studies applied Decision Tree for students’ performance pre-
diction (Adebayo & Chaubey, 2019; Adhatrao et al., 2013; Akinrotimi et al.,
2018; Asif et al., 2017; Banu & Manjupargavi, 2021; Baradwa; & Pal, 2012;
Bresfelean, 2007; Buenafio-Fernandez et al., 2019; Dey 2020; Figueroa-Cafias &
Sancho-Vinuesa, 2020; Hasan, 2019; Hasan et al., 2019; Hew et al., 2020; Kabra
& Bichkar, 2011; Kabakchieva, 2013; Kovacic, 2010; Liang et al., 2016; Mik-
roskil, 2019; Moseley & Mead, 2008; Nandeshwar & Chaudhari, 2009; Patac-
sil, 2020; Puarungroj et al., 2018; Ramaswami & Bhaskaran, 2010; Sawant et al.,
2019; Vivek Raj & Manivannan, 2020; Yadav & Pal, 2012; Zhang & Wu, 2019b).
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EDM: Decision Tree
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Table 1 Decision tree for students’ performance prediction

Year Dataset Used Feature Selection Students’ Attributes Highest Results Ref
2003 University (BRU) Dataset - Pre-Admission Grades, School Accuracy=87% (Yathongchai, 2003)
(2008-2009) Details, Loan, Dropout Semes-
ter & Cause
2003 UCI Repository Dataset (2003) Association Rules & Genetic Department, Courses Type, Accuracy =80% (Hsu et al., 2003)

2006

2006

2006

2007

2007

2007

2008

2009

Hellenic Open University Dataset
(2006)

University Dataset (2006)

University Dataset (2006)

University Dataset (2003-2005)

University Dataset (2005-2006)

High School Dataset (2007)

Nursing School Dataset (2008)

WVU’s Data Warehouse
(1999-2006)

Algorithm

Gain Ratio

Information Gain

CHAID

Wrapper & Information Gain

Credit Hours & Academic
Performance

Demographics & Academic
Performance

Demographics, Courses, Study
Type, Funding, Instructor’s
Details & Grades

Demographics, Residence,
Financial, Parents’ Income &
Academic Performance

Demographics, Religion, Study
Groups, TOEFL, Funds/Schol-
arships & Admission Scores

Demographics & Assessments’
Data

Pre-Admission Education, Learn-
ing Resources, Research, Job,

Accuracy =92%

Accuracy=38%

Accuracy =93%

Accuracy =94%

Accuracy=97.3%

Accuracy =88%

Scholarships, Parental Support
& Final Degree

Age, Gender, Entry Test Grades,
Branch, Student’s Performance
& Attendance

Demographics, Admission &
Academics Factors

Accuracy =94%

Accuracy = 84%

(Kalles & Pierrakeas, 2006)

(Al-Radaideh et al., 2006)

(Herzog, 2006)

(Nghe et al., 2007)

(Ogor, 2007)

(Bresfelean, 2007)

(Moseley & Mead, 2008)

(Nandeshwar & Chaudhari, 2009)
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EDM: Decision Tree

Table 1 (continued)
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Year Dataset Used Feature Selection Students’ Attributes Highest Results Ref
2014 Secondary Schools Data Gain Ratio & Info Gain Basic Information, Parents’ Accuracy =74% (Osmanbegovi€ et al., 2014)
(2011-2012) Income, Study Duration,
Internet Access, Travel Time to
School etc
2015 College Database (2015) - Scores in Previous Classes, Fam- Accuracy=70% (Anuradha & Velmurugan, 2015)
ily Factors, Living Location &
Attendance
2016 Educational Institute Dataset Fuzzy Set Theory Previous Class Percentage, Accuracy =99% (Upadhyay & Gautam, 2016)

2016

2016

2016

2016

2016

2016

(2016)

University Dataset (2016)

School Database (2013-2015)

King Saud University (2013-
2014)

Kalboard 360 (2016)
Massive Open Online Courses

(MOOC) Dataset (2015)
UCI Repository Dataset (2014)

Entropy and Information Gain

Wrapper & Filter Based Feature
Ranking

Attendance, Sports Interest &
Parents Economic Status

Family Education & Profession,
Campus Environment, Syl-
labus, Course Satisfaction &
Extra-Curricular Activities

Attendance in Classroom, Lab &

Test Scores

College Exam Percentage,
University GPA, GAT Scores,

Courses & Assessments Marks
Demographics, Academic Perfor-

mance & Behavioral Features
Students’ Web Behavior

Personal Information, Study
Time, School & Family

Accuracy=97.5%

Accuracy=97.2%

Accuracy =80%

Accuracy=79%
Accuracy =88%

Accuracy =91.9%

Details, Attendance & Alcohol

Consumption

(Sivakumar et al., 2016)

(Nic et al., 2016)

(Altujjar et al., 2016)

(Amrieh et al., 2016)
(Liang et al., 2016)

(Hamoud, 2016)
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EDM: Decision Tree

Table 1 (continued)
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Year Dataset Used Feature Selection Students’ Attributes Highest Results Ref
2019 University in Pakistan Dataset - Demographic, Social & Aca- F-Measure=0.835 (Aman et al., 2019)
(2019) demic Details
2019 UCI Repository Dataset (2014)  Information Gain & Gain Ratio =~ Demographics, Social Activities, Accuracy=76.7% (Salal et al., 2019)
Health, Attendance & Grades
2020 University Dataset (2018-2019) - Academic Details F-Measure=76%  (Figueroa-Caiias & Sancho-
Vinuesa, 2020)
2020 Chinese University of Hong Gain Ratio Attendance, Assignments, Quiz- Accuracy=92% (Wong & Yip, 2020)
Kong Dataset (2020) zes & Presentation Scores
2020 University Dataset (2020) - Gender, Race, High School & Accuracy =99% (Freitas et al., 2020)
Income
2020 University Dataset (2007-2012) - Health, Family Issues, Examina- Accuracy=95% (Kemper et al., 2020)
tions & Grades
2020 School Dataset (2012-2016) - Registered Courses & Grades Accuracy=70% (Patacsil, 2020)
2020 Kwik Kian Gie School of Busi-  Entropy and Information Gain GPA & Attendance Accuracy=95.85% (Santoso, 2020)
ness Dataset (2020)
2020 LMS Database (2020) - - Accuracy=71% (Banu & Manjupargavi, 2021)
2020 University Dataset (2020) - Personal Information, Family Accuracy=72.44% (Vivek Raj & Manivannan, 2020)

2020

2020

2020

Nigerian Defense Academy
(2020)

UCI Repository (2014)

OULAD (2015)

Wrapper Subset Evaluation

CorrelationAttributeEval

PCA

Education, Business, Years of
Study, Number of Siblings &
Accommodation

Demographic & Academic

Demographic, Attendance,
Social Activities & Academic
Features

Demographic, VLE Clicks and
Assessments’ Scores

Accuracy =69.7%

Accuracy=85.31%

Accuracy=99.1%

(Evwiekpaefe et al., 2014)

(Walia et al., 2020)

(Poudyal et al., 2020)

16




EDM: Decision Tree
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Major Attributes: Academic performance, demographic infos,

behavior features

« Combinations of many different factors - random forest

Year

Dataset Used

Feature Selection

Students’ Attributes Highest Results

Ref

2020
2020

2020

2020
2020

2020

Nigerian university (2020)

King Abdulaziz University
(2017-2019)

Kaggle Repository (2016)

University Dataset (2020)
Schools Dataset (2020)

Filter and Wrapper

Genetic Algorithm

PCA

High Schools Dataset, Cambodia Mutual Information & Chi-

Square

F1-score=79%

LMS Activities & Assessments’ = F-measure =99%

Demographic, Behavioral & F-measure =81.18%

Academic Features
Students & Teacher Interviews

Family, School & Personality Accuracy =99.72%

Family, School & Personality Accuracy =99.98%

(Adekitan & Salau, 2020)
(Alhassan et al., 2020)

(Farissi & Dahlan, 2020)

(Rincén-Flores et al., 2020)

(Sokkhey & Okazaki, 2020a,
2020b, 2020c)

(Sokkhey & Okazaki, 2020a,
2020b, 2020c)

« But the result really ‘Okay’? - Gender, Ethnicity, ... (Ethics concerns)
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« Artificial Neural Network for automated optimization
* Any popular models - you name it, the survey got it
 Performance not outstanding however

Table 3 (continued)

Year Dataset Used Feature Selection Students’ Attributes Highest Results Ref

2020 OULAD (2015) Demographics, VLE Interactions Accuracy =90% (He et al., 2020)
& Academic Performance

2020 Questionnaire (2020) Attendance, Study Hours & AUC =0.86 (Makombe & Lall, 2020)
Marks

2020 OULAD (2015) Sparse Feature Reduction Demographic, VLE Clicks and Accuracy =93% (Waheed et al., 2020)
Assessments’ Scores

2020 OULAD (2015) Learning Behaviors F-measure =80% (Karimi et al., 2020)

2020 Kaggle Dataset (2019) Cluster-based Linear Discrimi- Demographic, Attendance& Accuracy =93% (Sood & Saini, 2020)

nant Analysis (CLDA) Academic Features

2020 OULAD (2015) LSTM Demographic & Learning Accuracy=61% (Li, 2020)
Behavior

2020 Saudi Public University Academic Records Accuracy =79.22% (Mengash, 2020)

(2016-2019)
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EDM: Attributes
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e Even the same attribute may mean different things under

different settings - Attendance situation in traditional / online

classroom

Most popular attributes: (1) Previous performance / mid-term
performance, (2) Attendance rates, (3) Demographic attributes

Table 7 Students’ attributes used for exam performance prediction

Year Dataset Used

Prediction Algorithms Feature Selection

Students’ Attributes Highest Results Ref

2005 Hellenic Open University MS5rules
Dataset (2000-2001)

2010 Hellenic Open University Ensemble (Naive Bayes, -
Dataset (2010) 1-NN & WINNOW
Algorithms)

Association Rules, Clas-
sification & Clustering

R Relief

2012 College of Science and
Technology —Khanyou-
nis (1993-2007)

2013 University Database Adaptive Neuro Fuzzy -
(2013) Inference System

Local Outlier Factor

Demographics & Aca- MAE=1.2 (Kotsiantis & Pintelas,
demic Performance 2005)

Assignments’ Marks Accuracy=78.95% (Kotsiantis et al., 2010)

Basic Information, Enroll- Accuracy=67.50% (Abu Tair & El-Halees,
ment Year, Academic 2012)
Performance & Location

Intelligence, Educational
Interest, Motivation

RMSE=0.256 (Hidayah et al., 2013)
19
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EDM: Discussion

As expected: ANN took the trend.
Will there be a need to apply advanced models (LLM,
Multi-Graph, etc.)?

Data Mining Algorithms (2011-2020)

cu bkl i |||l||

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

B R R R RN
00O O N & OO O

oON B O

wDT " NB mANN mSVM mKNN mRF
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EDM: Discussion

As expected: ANN took the trend.

Will there be a need to apply advanced models (LLM,
Multi-Graph, etc.)?

 Might NOT be the case:

0 Small application settings (traditional classes, different subjects
or even professors count), may be good in online platform though
(thousands of learners for a single course, good for
self-evaluation)

0 The original purpose: Pass or fail, not complex predictions

0 Threshold should be low: any possibility of fail should pay
enough attention!

21
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FATE

Fairness, Accountability, Transparency, and Ethics (FATE) in Artificial
Intelligence (AI) and higher education: A systematic review

Bahar Memarian , Tenzin Doleck

Simon Fraser University, Faculty of Education, Vancouver, British Columbia, Canada

22
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FATE: Motivation

*Al is unavoidable: finds its place anywhere that may require even a touch of logic
and automation

Education structure, however, remains largely unchanged

*How to properly use the new techniques in the traditional settings?

23
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FATE: Motivation

*FATE is holistic enough for explaining Al ethics.
0 Fairness: impartiality and honesty, conforming to established rules, and being
of average and acceptable quality
0 Accountability: quality or state of being accountable (answerable and
explainable)
0 Transparency: the quality or state of being transparent (readily understood,
accessibility of information)
0 Ethics: a set of moral values, principles of conduct, and consciousness of
moral values.
BUT WAIT...Dictionary definition lack a focused lens on Al and higher
education!

24
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FATE: Purpose of Study

What definitions of FATE have been discussed in studies
covering Al and higher educations?

*How is FATE investigated in studies covering Al and
higher education?

25
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FATE: Paper Selection

. . Records removed before
Keyword search in article 8| | Recorcs identifed rom
k- Databases (n =1292) ?uplg;ate records removed
3] _ n=
d ata b a S e % ‘SNC%SP(LI;S_(?SQ 00) Records marked as ineligible
) : _ by automation tools (n = 0)
= Registers (x=0) Records removed for other
) reasons (n =0)
Major screening criteria:review [
. . Records screened. S Reiords excluded**
articles focusing on the role of Al (n~ 1286 (il
or data science in higher : .
» .g Reports sought for retrieval. — | Reports not retrieved.
education. £l | am S s
. . . Reports assessed for eligibility. — RepRorts exclh'xt\i;d: lati
Finally: whether contains RQs @8 Rrsson |- Wngpcpohiion
() v Reason 2: Wrong outcome
g Studies included in review. gle;(lnll)3: Wrong study
S (n=57) . ) design (n=6)
—- Reports of included studies
= (n=33)

Fig. 1. PRISMA chart.
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FATE: Paper Selection

Interesting (but not surprising) finding: 2022 has a sudden surge of
publication. Also: title dominated by “fairness” and “ethic”

Publication Year

141 R14 problem”‘v understand

& perception approach analytics
| [ rt ficial thi decision -

‘/ artl |C|a evolution
10 - e IC mOdel anaIyS|s

/ s gcience 'thea rn a|b|as -

vvvvvv

8t //“‘ évaluatuon ‘t ethical _
| e @dU a |ION°® Gacome
6 "\‘ teach
gt iteracy fairN €S Sdatum
al / b4 ~ machine fair . °
prediction StUdentalgorlthmlc
’ TUZ\‘ /; Intel I Igen Ce accountability
¢’ © autonomous
8015 2016 2017 2018 2019 2020 2021 2022 2023 Hp - PrelomlintEnceiebamas

Fig. 2. Publication year of reviewed studies.
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FATE: Protocol

e Use the input string of search in both SCOPUS and WoS.

e Download the full records of all the papers.
e Upload the full records to Covidence. Extract and chart definitions of FATE terms in each study in Excel.

e Use Covidence to identify duplicate studies and remove them. Classify the definitions as being descriptive or technical. Any defi-
e Review the title and abstract of each article and decide if relevant or nitions that used jargon and advanced mathematical terms were

not (following initial inclusion and exclusion criteria as noted in techmcal. ) ) .
section 2.1) e Summarize each type of Qualitative and Technical definition for

2 g 2 1 h of the FATE t th i d studies.
¢ Download and review the full text of each article and decide if ERCLOLAE SR RIS LR T e eR A i8S

1 clloiwt il lusi N e Extract what key FATE term each reviewed article studied. This was
relevant or not (following secondary inclusion and exclusion criteria obtained by searching and finding the key FATE terms that were

as noted in section 2.1). most referred to in each article and whether a qualitative or quan-
titative study was conducted surrounding that FATE term.

e Classify through quantitative/quant (Likert style survey, empirical
analysis) or qualitative/qual (literature review, reflective analysis, or
open-ended interviews and focus groups) lens.

e Summarize each type of Qualitative and Quantitative Study for each
of the FATE terms across the reviewed studies.

¢ Extract methods and findings of key FATE studies explored in each
reviewed article.

e Extract limitations and future work reported for the key FATE term
explored in each reviewed article.

e Create a synthesis of future recommendations and challenges in the
discussion section based on the full review of each article.

Gather the full demographic records of studies selected for review.
Search for FATE terms as noted in 2.2.
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FATE: Findings

Definitions noted in articles
 Fairness is the most examined term
» Descriptive definitions much preferred

Studies
(n=33)
|

F (n=24) A (n=9) T (n=7) E (n=7)

— D (n=15) |H D®=9) |H D (n=6) [H D (n=6)

-1 T(m=9) |1 T(n=0) |4 T(n=1) |9 T (n=1)
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FATE: Findings

Definitions noted in articles - Fairness
* Descriptive:
0 Key emphasis: surrounding database and algorithmic bias
towards certain group (gender, race)
0 The unfair practices: the system founded on unfair processes and

data
0 Various data mitigation and fairness literacy approaches also

provided

30



FATE: Findings

Definitions noted in articles - Fairness
* Technical:
[0 Often captured during data handling or modeling stages

(statistical)
0 Focuses on implementations: e.g. whether classifiers satisfying

equal opportunity
0 Terms defined in different stages: preexisting bias, technical bias,

emergent bias
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FATE: Findings

Definitions noted in articles - Accountability
* Descriptive:
0 Mainly the set of preventative or mitigation strategies that make
owners, designers, or users of Al algorithms held responsible
0 Upon taking responsibility, clear decision making procedure will be
available (accountability)
0 Humans are the ones to make decisions, not Al

32



FATE: Findings

Definitions noted in articles - Transparency
* Descriptive:

i

High-level: making institutional policies and their motives and
outcomes transparent

Low-level: algorithms used for teaching Al or utilizing Al in higher
education should become transparent to their users

Existing policies can be a template: e.g. Europe’s General Data
Protection Regulation

Difficult when big data involved

33
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FATE: Findings

Definitions noted in articles - Transparency
* Technical:
0 Considered during model design stage: to make black-box models
more transparent
0 Possible solution: Hybrid model combining neural network and a
feature-based model

34
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FATE: Findings

Definitions noted in articles - Ethics

Least noted term - relatively broader and also an umbrella term of the
whole review studies

* Descriptive:

0 As a broader term, it concerns an array of factors: moral
philosophy, use of robotics to human autonomy, computational
approaches

0 In general, benefits should outweigh its risks

0 Benefits and risks should be distributed equally regarding the

previous terms
(Technical rather general and omitted here)
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FATE: Findings
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Selected studies of FATE investigated
« Two types of studies: quantitative (empirical) and qualitative

(literature review, interviews)

 Fairness continues to take the lead, ethics also in this time

— Qual (n=2)
jRE.x --IQuant (n=14)
= — Qual (n=3)
:'q,':i L Ae) -- Quant (n=0)
'-g -_ o _~ Qual (n=0)
2 L Quant (0=2)
- Qual (n=8)
1= —— Quant (n=4)
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FATE: Findings

Highlighted studies - Fairness
« Qualitative:
0 Mashhadi et al, 2022 - survey on six open-source tools for Al in
education
« Quantitative:
0 Shulner-Tal et al, 2023 - how to collect data fairly via an online
between-subject experiment when a simulated Al-based
recruitment decision-support system is used.
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FATE: Findings

Highlighted studies - Accountability
« Qualitative:
0 Beerkens, 2022 - potential and quality assurance best practices
for employing big data in education
0 Bearman et al, 2022 - a literature review to find key three
research foci that need to be addressed: 1. language of Al, 2.
issues of accountability and labo, 3. the implications for teaching
and learning contexts beyond single innovations.
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FATE: Findings

Highlighted studies - Transparency
« Quantitative:
[0 Sosnovsky and Brusilovsky, 2015 - using top-based
personalization for adaptive educational systems to enhance
transparency
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FATE: Findings

Highlighted studies - Ethics
« Qualitative:

0 Tendrio et al, 2023 - a bibliometric review (but still qualitative
literature review) of studies concerning the Al literacy field. Needs
more international collaborations.

« Quantitative:

0 Williams et al, 2020 - experimental ethics-based curricular module

for an undergraduate course on Robot Ethics.
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 Limitation: we only consider studies with contextualized FATE on Al and
higher education contexts, may need to examine FATE on each topic.

« Some studies that briefly touch the FATE terms should also be looked at

« Scarcity of work done on accountability and transparency, too generalized
terms of ethics - more to explore
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