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Abstract: With the rapid advances in Information Technology (IT), the focus on engaging computing
students to gain practical experience in the IT industry before graduation is becoming increasingly
complex without incorporating pedagogical strategies of success in curricula. The goal is to enable
computing major students to gain in-depth knowledge and practical understanding of the IT working
environment before graduating through essential industry-driven practical skills based on interna-
tional standards and best practices. Unfortunately, tracking and analyzing students’ practical skills
performance during their IT field training programs, which are conducted primarily off-campus at
various public and private organizations, before, during, and after the training period, is a daunting
task for both the college instructors and the industry trainers. To overcome these challenges, this pa-
per introduces a Sustainable University Field Training (SUNFIT) framework, which is a pedagogical
approach towards mining the educational data using machine learning to integrate and measure the
field training programs against the internationally recognized accreditation standards such as Accred-
itation Board for Engineering and Technology (ABET). The study employs machine learning models
aimed at continuously measuring and monitoring international ABET accreditation requirements on
computing major courses’ academic data, elucidating student performance across various semesters,
integrating best practices, and producing an evidence-based rationale approach for evaluating weak
learning outcomes (LOs) with minimal manual intervention, as well as preventing faculty-specific
portfolio errors. The proposed approach could be easily developed by academics, researchers, or
even students, and for a variety of purposes, including enhancing poor student outcomes (SOs). In
addition, various data mining and machine learning approaches have been investigated over field
training assessment data for successful prediction in subsequent cycles. The results are promising,
with Naïve Bayes obtaining the highest accuracy of 90.54% followed by J48 and PART algorithms at
87.83%.

Keywords: machine learning; computing programs; data management; higher education; curriculum
development; practical training; communication skills; best practices; accreditation

1. Introduction

With the exponential increase in the number of public and private universities offering
different computing programs, it is becoming an important factor and a long-term dream
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worldwide to recognize universities as world leaders in delivering computing major stu-
dents with excellent communication skills in higher education [1]. Moreover, a university
degree is often measured based on the output of a university or college’s young graduates
over the years who have successfully taken on different market positions post-graduation.
Problem solving in the real world is at the core of many theories and models in higher
education [2]. Hence, the development of outstanding students with real-life IT experience
has become the primary focus of the vision and mission of computing colleges around
the globe. To achieve this goal, field training programs providing students with practical
experience outside the classroom are becoming part of the core courses.

The Accreditation Board for Engineering and Technology (ABET) is an accrediting
body recognized worldwide as a global leader, ensuring quality and innovations are well
established and maintained in the fields of applied science, computer engineering, and
information technology education [3]. To maintain educational standards at the highest
levels, as highlighted by [4], colleges and departments with computing programs world-
wide have recently begun to embrace ABET international accreditation along with national
accreditation standards such as the National Commission for Academic Accreditation
and Assessment [5], as well as departmental policies aimed at fulfilling the department’s
mission statement and the overall vision of the university. Unfortunately, the immensity of
setting proper evaluation criteria and guidelines of best practices and cooperation among
faculties, students, as well as industry staff without Information and Communication
Technology (ICT) platforms is a daunting and time-consuming process [6,7]. In some of the
core CS courses, for instance, “system analysis and design”, apart from technical concepts,
graduating students also need to be evaluated on soft skills including verbal and written
communication skills to ensure that students are professionally and ethically developed
as necessary for their lifelong careers, based on accreditation ontologies [8] and Blooms
knowledge Taxonomy frameworks [9]. Identifying gaps between teaching practices at the
faculty levels and improving student critical communication skills could ensure that the
curriculum is delivered efficiently, accurately evaluated through rubrics, and continuously
improved in line with the education standards and best practices [10]. Students do not
achieve higher-order thinking skills and competency skills to the expected level in a tradi-
tional classroom setup for all learners, thus it is essential to motivate students with new
pedagogy techniques and thereby improve learners’ performance [11]. As highlighted
in [12], there is little evidence now of a breakthrough in the application of ‘modern’ Artifi-
cial Intelligence (AI) specifically towards teaching and learning, in higher education, except
for perhaps learning analytics. However, the mining process of student assessment data
structures is a significant task, with the aim to acquire crucial fact-finding information that
is not otherwise available, or that would require time-consuming and expensive manual
procedures [13].

This paper formally introduces the research problem on the implementation of an
educational data-mining framework using machine learning on how to collect, analyze,
measure, and continuously improve students’ industry-driven skills through assessment
data based on ABET accreditation requirements and best practices. In this regard, most
of the studies in the literature are limited to or mainly focused on the best practices in
the education programs at a bigger level such as processes of assessment, evaluation, and
continuous improvement (as given in the subsequent section “related work”). However,
how these processes can be improved to ensure sustainability by ensuring the integrity
of educational data is the main missing element, especially in computing program field
training. This is where the proposed SUNFIT bridges this gap by providing the essence
of data mining and machine learning in the best practices for field training in computing
programs for sustainability. The scope of this research is limited to computing undergradu-
ate and postgraduate program capstone courses such as final year “graduation project”,
and semi-capstone courses such as “cooperative field training”, where skills are critically
assessed as part of curricula inside the classrooms (by academic staff) and outside the class-
rooms (by industry staff). This research is particularly aimed to fulfill ABET accreditation
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requirements of soft skills for computing students primarily in developing countries where
English is the standard mode of academic teaching for non-English speaking students.
Preparatory courses (normally the first 2 years of a 4-year undergraduate computing pro-
gram before undertaking majors), technical courses (such as programming, networking,
and mathematical courses), as well as theory-based and elective courses (such as business
courses) with no practical assessment are considered outside the scope of this research.
Further, the study investigates various data mining and machine learning algorithms on
the duly-collected data for field training through various assessments to determine the
best algorithm for prediction accuracy of the rubrics data. This is to highlight the best
sustainable practices in the overall accreditation process through prediction assessments,
rubrics, and key areas of improvement.

The rest of the paper is organized as follows: Section 2 presents the related work in
literature. Section 3 sheds light on the proposed framework for field training. Section 4
presents the proposed educational data mining and machine framework, experimental
results, and discussion, while Section 5 concludes the paper.

2. Related Work

Ref. [14] proposed machine learning algorithms using Weka data mining software
to measure and monitor students’ academic progress. The proposed study is primarily
aimed at identifying weaker students and notifying instructors. However, the research fails
to identify how to measure the criteria-based evaluation and how to integrate practical
industry experience along with academic studies. The research also does not consider sets
of courses that students undertake during each academic year, which are an important
factor in students’ gradual progress. Ref. [15] proposed a data mining-based approach on
ABET criteria to discover relationships between program educational objectives (PEOs)
and SOs in engineering programs. The study employed the Apriori algorithm to extract
association rules and for decision making. Unfortunately, the study does not consider
the core of ABET, i.e., the continuous improvement strategy. In addition, the study only
considers at the SOs level and does not consider deep learning at the rubrics level, which is
critical in measuring students’ performance in different skill sets.

Ref. [16] proposed the integration of the agile Scrum Framework and Cooperative
Learning guidance in response to the needs of ABET accreditation into one of the com-
puter information systems (CIS) semi-capstone courses “systems analysis and design”
to encourage collaboration, communication, and problem-solving skills while learning
system analysis and method concepts. The research proposed two approaches, including
“overlapped” and “delayed” methodology including theory-based applied learning best
practices, context-based learning, modernized teaching methods, project-based learning
in teams, and providing students with formative feedback. The research-recommended
improved advice for CIS students could provide them with the ability to obtain input
regarding their preliminary analysis before moving on to design and implementation
aspects. Nevertheless, the methodology does not address how agile scrum framework im-
plementation could affect the learning experience for CIS students both inside and outside
the classroom. In addition, the analysis of data from the students’ appraisal against best
practices and metrics of performance has not even been discussed.

Ref. [11] proposed a model that incorporates Visual, Auditory, Read, and Kinesthetic
(VARK) learning styles in a flipped classroom to improve students’ higher order thinking
skills. The research work was focused on developing a framework to successfully leverage
the ABET learning outcomes and competencies in a systematic way when designing, deliv-
ering, or revising an undergraduate and postgraduate syllabus. The approach involved
using Information and Communication Technology (ICT) cloud computing tools for edu-
cation. The research recommended measuring competency skills such as communication
skills using Mind-Mapping activity to determine higher-order thinking skills using the
flipped classrooms. The outcomes of this research through the flipped classroom strategy
enhanced student performance and proved to be a positive learning strategy for engineer-
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ing courses. Fuzzy logic was used to analyze the performance of learners using MATLAB.
However, it would have been interesting to see how in-class and out-class components
could be experimented based on students’ cognitive levels as suggested by [9].

Ref. [17] proposed a Course and Student Management System (CSMS) to address the
course assessment matrix and help achieve department objectives on ABET requirements
including teamwork, ethics, lifelong learning, oral, and communication skills. The research
focused on facilitating means to assess courses based on course learning outcomes, student
evaluation, and student tracking to fulfill ABET criteria. The research also aimed at helping
faculties in identifying courses and student outcomes that need attention. However, the
proposed CSMS was not a panacea towards the identification of students’ performance
data on communication skills and other practical skills without ABET assessment and
improvement indicators. A deeper educational data mining is needed to analyze the
breadth and depth of various forms of assessments and the evaluation of results for course
continuous improvement process. Ref. [18] proposed Problem Based Learning (PBL) as
a best methodology for students learning one of the CIS semi-capstone courses “system
analysis and design”, which has diverse areas of concepts from project management skills
to communication, design, and implementation expertise. The research recommended
that PBL could enhance learning soft skills including communication and teamwork and
could be retained as part of lifelong learning. The outcomes of the research included
students’ positive feedback on changing five lectures to PBL-based classes and suggested
incorporating PBL as a way forward and as part of fulfilling ABET criteria. The research
recommended giving proper training to faculty members to use PBL effectively and transfer
knowledge in their core courses. However, the proposed model does not involve any course
measurement data collection strategy, which is critical for ABET for evidence. In addition,
the PBL approach alone could be challenging and might not be suitable for courses where
communication skills are measured by internal and external faculties such as in field-
training cooperative programs while gaining practical industry experience as part of course
curricula. Studies conducted in [19–25] are evident that field training cooperative courses
are the pillars of professional programs especially in engineering, computer science and
information technology curricula. Moreover, the role of IT as instructional technology,
pedagogy and library information system has been instrumental.

Authors in [26] proposed a modern approach to smart education systems by develop-
ing a cloud-based collaborative filtering recommendation system using SVM and machine
learning. The paper aims to improve students’ learning efficiency, especially in cloud teach-
ing by the classification and collection of the necessary knowledge for students. Another
purpose of the presented algorithm was to increase the engagement between teachers and
students in courses involving document writing and processing. A group of experiences
has been conducted in this paper, concluding the improvement cloud computing can make
in classroom environments. Authors in [27] proposed a sustainable quality assurance
framework for outcome-based education (OBE) at the higher education level. Since higher
education plays an important role in the life-long learning and other factors of a graduate,
the authors suggested a set of guidelines and best practices to foster sustainable quality
education; it was mainly based on their experience and the lessons learned from three
programs accredited by the ABET. Stakeholders’ (such as students, faculty, alumni, and
industry partners) engagement was one the prominent guidelines in this regard. Saeed
et al. [28] investigated sustainable program assessment practices under the umbrella of
ABET and the National Center for Academic Accreditation and Evaluation (NCAAA);
ABET is an international body and NCAAA is a local accreditation body in Saudi Arabia.
The study contrasts in terms of sustainable program assessment practices by taking the
case study of a computer information system program. In continuation to this, the authors
further studied the importance and role of academic accreditation in sustainable quality
education that instill due skills among the program graduates [29].

In [30], an algorithm for predicting classified training quality was introduced with the
objective of the assessment and enhancement of active learning methods for English major



Sustainability 2023, 15, 8057 5 of 18

students. The presented algorithm uses SVM in combination with the Grey Wolf Optimizer
(GWO) to generate a prediction model for classified training quality in English majors. The
experimental results of this algorithm have shown superiority in comparison to previously
proposed algorithms in terms of computational speed and prediction performance. In [31],
authors proposed the Apriori algorithm as an educational data mining approach to investi-
gate the best teaching and learning practices to enhance the overall learning environment
at the higher education level. The study encompasses several aspects of students’ interests
such as preferred learning hours, days of the week, and their preferences towards various
learning equipment. The study revealed quite interesting patterns of students’ interests
to enhance the overall teaching and learning environment at the higher education level.
In [32], the authors have investigated the role of various data mining algorithms on the
student success prediction at the secondary school. The algorithm includes Naïve Bayes,
J48, and Random forests where Naïve Bayes outperformed the other algorithms. The data
include the student educational outcomes along with human factors. From the literature
review, the following can be concluded and justifies the current study:

1- SVM, J48, Apriori algorithm, and Naïve Bayes are among the most widely used
algorithms in educational data mining.

2- Most of the studies focus on success prediction based on the course or the degree
outcome in the form of percentage or grades.

3- Most of the studies focus on sustainable best practices in educational programs.
4- No studies focus on deeper levels such as the course/training level with the assess-

ment, evaluation, and rubrics level to find out the granular-level issues.
5- Most of the studies focus on the taught courses rather than the field training courses

that are governed partially by the academic and on-sight supervisors.

3. University Field Training

A successful assessment process leads to successful accreditation [4]. The proposed
sustainable University Field Training (SUNFIT) is an educational data mining framework
based on the pedagogical strategies of preparing, conducting, and assessing computing
students’ skills in courses involving practical industry engagement. The framework pro-
cess involves workflow for collecting, classifying, and visualizing student practical skills
measurement data as part of accreditation standards and the continuous improvement
lifecycle. Field training also known as industry or cooperative training and internship (in
different universities’ nomenclature) facilitates by giving computing students an oppor-
tunity to become lifelong learners, with tools and techniques that cannot be taught out of
a textbook, but only by being an integral part of the learning process [18]. Field training
providers (trainers) are college-partnered public and private industry organizations where
computing students undergo field training as part of their course curriculum for a specific
IT work environment and for a specific training period usually spanned over 6–8 weeks.
Field training-based practical courses not only allow computing students to be an active
participant in the learning process but forces them to take an effective role by engaging
themselves in a meaningful, thought-provoking way [18]. Unfortunately, for students from
computing colleges, when dealing with different field training positions from different
training partnered organizations, we are highly exposed to different levels of assessment
as mandated by course syllabus requirements (academic perspective), IT industrial re-
quirements (industry perspective), and standards requirements (accreditation perspective).
Hence, successful IT field training assessment measurement is needed to quantify based on
direct, indirect, quantitative, and qualitative rubric indicators appropriate to the outcomes
of field training curricula [19].

The Accreditation Board for Engineering and Technology (ABET) is one such platform
that is recognized internationally and is used in more than 40 countries and among nearly
895 universities [3]. Figure 1 visualizes the five layers of accreditation assessments identified
by ABET for higher education. The first layer is the objectives of the educational program
(PEOs) that include a set of goals that each student needs to achieve before graduating.
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Each PEO includes a set of student outcomes (SOs) as a second layer that CIS students
need to achieve to advance the PEOs. The third layer includes performance indicators
(PIs) assessment processes to direct evaluation against SOs and for each of the evaluation
criteria. The fourth layer includes the course evaluation objectives (Cos) for which different
sets of rubrics are written to obtain the actual results data. Regarding the university field
training, the following points describe the structure, feasibility, and the requirements.

Figure 1. Five-Layer Accreditation Assessment.

Following are the common points followed in various universities:

1- The field training is a carefully designed course with the accreditation bodies guide-
lines and is an essential part of the computing curriculum whose purpose is to pro-
vide the students with practical hands-on experience by working real life indus-
tries/organizations.

2- Usually, the curriculum committee is responsible for the alignment of the course de-
scription, objective, and CLOs of the course with program SOs and their corresponding
PIs and providing effective rubrics for measuring them.

3- Students should have passed minimum credit hours and exhibit hands-on skills
needed for the industry. Field training (aka cooperative training, internship) is a
course offered during summer for 6–8 weeks duration. Upon successful completion,
the evaluation takes place during the following semester.

4- Field training opportunities are created by communicating with industry partners in
different capacities. A university/college/department cell is dedicated to this task
that continuously interacts with industry to find opportunities for the students.

5- Usually, there are two mentors/supervisors for each student, one on sight and the
second academic mentor/supervisor. Proper communication is maintained between
the two in terms of student’s progress.

6- Mostly, one student is assigned exactly one field training. However, occasionally
more than students may be working on same field training project, but they are
evaluated separately.

7- Usually, one mentor can be assigned more than one mentee depending on the nature
of the project and availability of the mentors.

8- Mentors are trained for mentoring/supervising field training projects in terms of
rubrics and evaluation process.

9- The PI assessment processes include formative assessment from the on-sight super-
visor and the academic supervisor. The summative assessments include the report
evaluation and end of training presentation to two evaluators based on the provided
rubrics for the report writing and the oral presentation, respectively. An aggregate
score is then assigned as a grade for the students against the field training course.
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4. Data Mining and Machine Learning Framework

According to accreditation bodies, assessment involves one or more procedures to
identify the data and evidence gathered through evaluation processes. Assessment deter-
mines to what degree SOs are obtained. Unfortunately, carrying out assessment through
different field training placements in the context of IT course requirements for thousands
of computing students is a critical task that requires a complete analysis of each SO for
proper data evaluation. Assessment results in decisions and actions requiring changes to
the program [19]. Hence, to carry out analysis on field-training practical skills, data on the
field training course need to be carefully collected and measured. The results should be
analyzed through qualitative and quantitative data mining for which academic faculty as
well as industry trainers conducting field training need to input different sets of data based
on the results of the SOs. Once the summative and formative assessment data are obtained,
a series of data analysis processes must be conducted at various evaluation stages.

Development of computing programs must also take into consideration the various
views and needs of stakeholders (students, faculty, institution, and industry at large) to be
successful [20]. To achieve this goal, performing data mining on education field-training
data at different assessment levels is critical in providing evidence-based analysis, cross-
validation, and continuous improvement life cycle as per ABET program and course level
standards. Figure 2 officially demonstrates the proposed SUNFIT framework with different
criteria layers for the collection, evaluation, and justification of field-training assessment
data. The course mapping layer (top layer) includes the portfolio data of field training that
must be prepared over the years in compliance with the course specifications of the ABET
and the checklist of field-training skills expectations that needs to be analyzed throughout
the semesters. The frequency of the field training data collection process (middle layer)
depends on the three levels of assessments, which are the advanced level of introduced (I),
reinforced (R), and emphasized/focused (E).

Figure 2. Proposed SUNFIT Framework.
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The performance indicators (PIs) comprise a series of evaluation scales required at
the end of each semester to evaluate student outcomes for field training. An important
and crucial step towards accreditation is the evidence-based ABET assessment process for
each of these layers, especially to achieve the overall educational SOs for field training.
For each of these layers, therefore, field training courses must be specified with different
assessment levels. SOs assist faculties in evaluating what computing students are expected
to know and be able to do by graduation time. These relate to the knowledge, skills,
and practical skills acquired by computing students as they progress through the training
program [19]. Therefore, field training courses need to be carefully designed to ensure
that as part of the practical field training industry experience, computing students could
achieve the expected IT skills outcomes. While higher education institutions across the
globe are broadly promoting the adoption and intensive use of diverse digital technology
platforms for teaching, less data-driven evidence for teaching activities is occurring [21].
Moreover, the process of mining structures of databases is a significant task, with the
aim to acquire crucial fact-finding information that is not otherwise available, or that
would require time-consuming and expensive manual procedures [13]. The process of data
mining as part of the proposed SUNFIT framework as visualized in Figure 2 includes the
collection and analysis of field training data through different means to determine and
measure the accomplishment of each of the field training SOs by the knowledge discovery
process. This includes data mining and machine learning, data visualization, and data
reporting. Consequently, the outcomes are used in corresponding PI analysis which is
linked to the corresponding SO analysis and eventually contributes to the continuous
improvement deemed to the field training committee and ABET accreditation committee,
and this completes the cycle. Therefore, the proposed SUNFIT framework spans from data
collection from the course portfolios to continuous improvement by utilizing the strength
of data mining and machine learning in identification of the shortcoming in achieving the
relevant indicators and rubrics. Each of these steps has been comprehensively explained
and detailed below.

4.1. Data Preparation

An effective approach towards closing the gap between academia and industry in
education and to best train students is for both the parties to work together on educational
needs and goals [22]. Evaluation, as described by ABET for computer programs, includes
one or more processes defining, gathering, and preparing data to determine SOs achieve-
ment. Efficient assessment uses applicable direct, indirect, quantitative, and qualitative
indicators that are appropriate to the assessed outcome.

The dataset is hypothetically envisioned from the course portfolios collected from the
coordinators and supervisors over the academic years in each cycle (usually comprised of
two years). It is comprised of formative and summative assessment data from the whole
discipline. The data are mainly in terms of percentage of students and fall in one of the four
categories defined in the rubrics that are poor/non-existent (0–24%), developing (25–49%),
developed (50–74%), and exemplary (75–100%). For the field training, the data from both
mentors/supervisors are averaged for each rubric. The experiments have been conducted
in Weka tool/environment.

As part of the ABET framework, the central problem that arises periodically (normally
at the end of each semester) is the efficient performance of data handling, including the
compilation, incorporation, and review of various computing student’s assessment data.
This issue of processing IT field training course data according to ABET accreditation
requirements is collectively defined as a data management problem. ABET-based field data
management is obviously not a new issue. However, a daunting task within the ABET
data management process is the efficient and reliable alignment of field training data (also
referred to as rubric-based assessment data) based on ABET criteria. Recently, great progress
has been made in seeking alternative simpler ways to solve data gathering, handling, and
data management issues due to the significant demands within the process [11,16,17].
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However, the root of this problem lies in conducting summative and formative rubric
evaluation to obtain student course outcomes. The main drawbacks with the current
techniques have been the computational cost involved in performing the manual data
collection process by field training faculties and evaluators (academic staff), as well as field
training providers (IT industry staff) [10].

In the proposed SUNFIT framework as outlined in Figure 2, the rubrics data handling
assessment process is categorized under two sets, namely data from the summative as-
sessment (also known as quantitative analysis) and data from the formative assessment
(also known as qualitative analysis). Summative assessment data are the collection of
rubric-based assessment that is carefully defined and for which data evidence is mandatory.
The summative assessments are performed periodically to assess what students know and
do not know at a certain point in time [23]. Table 1 highlights the top five summative assess-
ments measurements we have identified in most computing colleges have adopted in their
field training programs. Summative assessments involve cumulative student performance
results on various sets of rubrics. Table 2 shows the most frequently used industry trainer
rubrics mapped to each of the five summative assessments identified in Table 1.

Table 1. Generic Summative Assessment.

Summative Assessment

S1 Acquaintance with the real-world work environment.
S2 Prepare the students to transfer from the learning environment to work environment.
S3 Acquaintance with the applied work systems.
S4 Understand mechanism of different applications.
S5 Understand the attitude and the manner of the work.

Table 2. Generic Summative Assessment Rubrics.

Industry Trainer Assessment Rubrics

R1(S1) Dependability and reliability.
R2(S2) Ability to learn and search for information.
R3(S5) Judgment and decision making.
R4(S5) Effective relations with his/her work colleagues.
R5(S2) Ability of reporting and presenting his/her work.
R6(S5) Attendance and punctuality.
R7(S4) Initiative in taking lead towards task completion.
R8(S3) Ability to deliver work with practical experience.

Unfortunately, when dealing with large volumes of rubrics data (numeric; categorical;
string based; etc.) obtained from different sources, we are vulnerable to different types of
‘data uncertainties’ such as different formats, null values, length constraints, typographical
errors, and shorthand notations, which may well be one of the biggest obstacles to perform-
ing successful data linkage [13]. Hence, the SUNFIT framework addresses this summative
data collection process for field training courses through predefined data collection patterns
using data mining tools for data smoothing and analysis purposes. The goal is to eliminate
common human errors and coordinate the gathering of rubrics data among different faculty
instructors and industry trainers from diverse organizations where the students are placed
for field training.

Table 3 highlights the summative-based rubrics data we have experimented with
as part of this study and collected from both industry trainers and academic instructors
during students’ field training semester. Table 3 highlights the field training industry trainer
rubrics data (R1–R5) for the top five students (S. Id), whose overall attendance rates (Att.)
and whether they were certified during their training (Cert.) have been highlighted. Table 4
highlights similar academic instructor rubrics data (R6–R10) that assessed the students
(provided as a standard across all field training organizations). Tables 5 and 6 are other
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assessment rubrics data on field training students reports (R11–R16) and presentation
(R17–R22) rubrics data. Table 7 displays the remaining rubrics data (R23–R28) on students’
self-assessment of training.

Table 3. Assumed industry trainer data of students’ progress.

Form 1 Industry Trainer Rubrics Data

S. Id Att. Cert. R1 R2 R3 R4 R5

1 82.5 0 (N) 1.0 3.0 3.0 5.0 5.5
2 91.4 1 (Y) 3.0 2.5 3.0 5.0 5.5
3 95.0 1 (Y) 5.0 3.0 3.0 5.0 5.5
4 79.5 0 (N) 3.0 3.0 3.0 5.0 5.5
5 85.5 0 (N) 3.0 3.0 3.0 6.0 6.0

Table 4. Assumed course instructor data of students’ progress.

Form 2 Instructor Rubrics Data

S. Id GPA PGPA R6 R7 R8 R9 R10

1 2.53 2.0 2.0 4.0 3.0 6.0 6.0
2 1.42 2.5 3.0 3.0 2.5 6.0 6.0
3 3.20 3.5 3.0 3.0 2.5 6.0 6.0
4 1.84 3.8 3.0 3.0 2.5 6.0 6.0
5 1.97 1.5 3.0 2.5 2.5 6.0 6.0

Table 5. Assumed evaluators data on student’s report.

Form 3 Examiners Report Rubrics Data

S. Id GPA R11 R12 R13 R14 R15 R16

1 2.53 1.2 1.2 1.2 1.5 1.5 1.5
2 1.42 1.2 1.2 1.2 1.5 1.5 1.5
3 3.20 1.2 1.2 1.2 1.5 1.5 1.5
4 1.84 1.3 1.4 1.4 1.5 1.3 1.5
5 1.97 1.3 1.4 1.4 1.5 1.3 1.5

Table 6. Assumed evaluators data on student’s presentations.

Form 4 Examiners Presentation Rubrics Data

S. Id GPA R17 R18 R19 R20 R21 R22

1 2.53 4.7 4.3 5.0 5.0 4.3 4.7
2 1.42 4.7 4.3 5.0 5.0 4.3 4.7
3 3.20 5.0 4.3 5.0 5.0 4.3 5.0
4 1.84 5.0 4.3 5.0 5.0 4.3 5.0
5 1.97 4.8 4.7 4.7 4.7 4.8 5.0

Table 7. Students’ data on industry training.

Form 5 Students Training Rubrics Data

S. Id IE R23 R24 R25 R26 R27 R28

1 82.5 0 (N) 1.0 3.0 3.0 5.0 5.5
2 91.4 1 (Y) 3.0 2.5 3.0 5.0 5.5
3 95.0 1 (Y) 5.0 3.0 3.0 5.0 5.5
4 79.5 0 (N) 3.0 3.0 3.0 5.0 5.5
5 85.5 0 (N) 3.0 3.0 3.0 6.0 6.0



Sustainability 2023, 15, 8057 11 of 18

Formative assessment is an informal, collaborative, ongoing evaluation process re-
quiring instructional changes and feedback [23]. Formative Evaluation (also known as
qualitative appraisal) data include the cumulative input received at the end of the semester
by the field training course instructors. Formative assessment provides the overall informa-
tion required (no data collection is needed) to change the teaching and learning styles as it
is taking place. Formative assessment provides information about students understanding
to both instructors and students at a time when timely improvements can be made [23].
Although data for formative assessment courses are not collected, the instructors’ feedback
assists in the process of quality improvement. The data collected from faculty members
are thus composed of tightly mapped summative assessments with assessment rubrics for
proper assessments and improvement cycle.

4.2. ML Classification Algorithms

The current use of learning analytics and artificial intelligence in the field of education
is only at a preliminary stage, mainly due to lack of demand from educational institu-
tions [12]. The data mining of field training rubrics data collected from different assessment
PIs on course rubrics (summative and formative data) is one of the most important compo-
nents in recognizing and predicting overall field training experience and student’s skills
achievements across different IT organizations because of its ability to synthesize large
amounts of academic data into effective databased graphic visualizations [24]. Hence,
through the systematic representation of data analytics, this research considers the issue
of generating evidence-based ABET criteria measurement of students’ practical industry
skills during field training programs. In this research, we employed Weka data mining
software and compared Naïve bayes (NB), J48, PART, Support Vector Machine (SVM), and
Logistic Regression (LR). These algorithms were carefully chosen based on their frequency
of use we identified through the literature review in educational data mining (EDM) [32].
The collected hypothetical dataset (randomly generated by using statistical functions based
on intuition) from 998 student instances from the assessment forms over several years was
split into 80:20 ratio as training (799) and testing (199) sets with grades (A–D) as the class
attribute and rubrics as the other/non-class attributes. The experiments were conducted
using the default parameters in the Weka environment. Based on the given rubrics feature
set, the class attribute is predicted using various algorithms. The performance of each of
these algorithms is highlighted in Table 8 showing the correct classification, Kappa statistics,
and the time of execution (in seconds). As can be seen, the NB classification algorithm
outperformed the other algorithms and hence was chosen for measuring and reporting on
the rubrics data for the following ABET cycle.

Table 8. Performance of EDM algorithm for envisioned field training data.

Classifier Correctly Classified Kappa Statistic Time (s)

NB 90.54% 0.8724 00.00
J48 87.83% 0.8366 00.00

PART 87.83% 0.8364 00.00
SVM 85.13% 0.7979 00.17
LR 82.43% 0.7624 00.55

4.3. Measurement and Reporting

The performance of the learners can be measured easily using a variety of in-class and
out-class evaluation criteria [11]. Hence, we further employed the most effective identified
classifier Naïve Bayes (NB) to analyze the implementation of the data visualization process
needed in line with ABET-based standards for quantitative data analysis and generate
data-driven visualized charts based on the 10 guidelines outlined in [24] for effective rubrics
data analysis and predictions. The sensitivity, also known as recall, was used to analyze
the proportion of true positive (TP) values over the entire number of positive cases, and



Sustainability 2023, 15, 8057 12 of 18

the specificity, also known as the negative ratio, was used to determine all the correctly
predicted negative values (TN) as per [33–35].

Sensitivity = TP/ (TP + FN),
Specificity = TN/ (TN + FP).

(1)

The accuracy of the classifiers was measured using the performance metric utilized in
this study. These accuracy measurements were used to represent the predicted measure
of cases as positive, whereas the F1 score was utilized to compare the weighted average
accuracy and recall.

Precision (Λ) = TP/ (TP + FP), (2)

Table 9 illustrates NB classifier results on different rubrics (R1–R7), such as the mean
(M), standard deviation (σ), and variances (Λ), identifying related information, including
formative and summative course-mapping data and student performance in terms of grades
(A+, A, B+, B, C+, C, D+, D etc.) under various rubrics. Unlike the top-down approach, the
SUNFIT framework is intended as part of analyzing data from the bottom-up approach,
i.e., from rubrics to the program objectives. The key assumption of this methodology is
that the colleges and ABET committee who analyze data through various data files would
not have knowledge of the meaningful results of field training students experience levels
until relationships have been established and related information is visualized between
PEOs, SOs, PIs, COs, and the rubrics.

Table 9. Naïve Bayes Classifier Data Analysis.

R1 R2 R3 R4 R5 R6 R7

Λ 0.33 0.5 0.25 0.5 1.0 0.25 0.5
A+ (0.35)

M 4.95 1.37 1.42 2 3 2.94 2.92
σ 0.11 0.21 0.17 0.08 0.16 0.15 0.17

D (0.11)
M 4.95 1.18 1.25 1.81 3 2.93 3
σ 0.11 0.24 0.25 0.24 0.16 0.16 0.08

D+ (0.04)
M 4.5 1.5 1.5 1.75 3 3 3
σ 0.5 0.08 0.04 0.25 0.16 0.04 0.08

A (0.27)
M 4.6 1.4 1.3 1.9 2.9 2.9 2.8
σ 0.39 0.19 0.19 0.19 0.21 0.08 0.32

C (0.05)
M 5 1.3 1.3 2 3 3 3
σ 0.05 0.23 0.08 0.16 0.04 0.08 0.08

C+ (0.04)
M 5 1.5 1.5 2 3 3 3
σ 0.05 0.08 0.04 0.08 0.16 0.04 0.08

B+ (0.05)
M 4.2 1.5 1.4 2 3 2.9 2.8
σ 0.3 0.08 0.11 0.08 0.16 0.11 0.23

B (0.1)
M 4.8 1.5 1.5 2 3 2.7 3
σ 0.16 0.08 0.04 0.08 0.16 0.24 0.08

The indicators of performance measurements could describe the attitudes, skills,
and behavior of the CIS student’s ability to perform during the industry field-training
period [17]. For instance, Figure 3 illustrates the means of field training rubrics R1–R8 for
students who secured A+ grades. As can be seen, even though the students secure top
grades, the students’ performance has been minimal in R2 and R3, which need attention.
Similarly, Figure 4 displays the performance of different students who secured different
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grades (A–D). Again, as can be seen, almost all the students, irrespective of their grades,
did very well in R1; however, most students did little in R2.

Figure 3. Means of rubrics (R1–R8) on students scoring A+.

Figure 4. Rubrics (R1–R8) consistency across grades.

As computing education progresses in the 21st century, rapid technological changes
will affect both what we teach and how we teach [4]. To understand these changes in
teaching and learning, we proposed generating a hierarchy tree of students performance
from Year 1 (prep years) to Year 4 (graduation year). Figure 5 shows one instance of the
tree of courses for students majoring in programming stream courses as part of the ABET
accreditation continuous improvement lifecycle.

Figure 5. Rubrics Measurement across Course Hierarchies.

The hierarchy performance of students using the SUNFIT data mining technique is
also analyzed in Table 10. As can be seen, the student’s attendance rates (Att.), if the student
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is certified (Cert.) during the field training, GPA, and the previous GPA (PGPA), along
with Best (BR), Average (AR), and Worst (WR) rubric rates could give the college ample
opportunity to understand and constantly improve the field training course as well as
students’ assessment criterions.

Table 10. Naïve Bayes Classifier Data Analysis using SUNFIT.

Student Performance Tree Data
S. Id Att. Cert. GPA PGPA BR AR WR

1 82.5 0 (N) 2.53 2.0 R1 R15 R2
2 91.4 1 (Y) 1.42 2.5 R3 R8 R8
3 95.0 1 (Y) 3.20 3.5 R5 R6 R5
4 79.5 0 (N) 1.84 3.8 R1 R24 R25
5 85.5 0 (N) 1.97 1.5 R2 R19 R15

4.4. Performance Cycle

One of the long-term goals of computing colleges is to develop and continuously
improve students’ performance standards that measure their academic levels and skills [18].
The ABET accreditation process involves the tracking of computing student performance
against overall PEOs for each assessment cycle, with each cycle comprising academic years
of (quantitative and qualitative assessment) course data. In line with ABET, the SUNFIT
framework proposes the following four performance analysis requirements at the end of
each field training course semester.

• Performance comparison of students for field training courses against PEOs, SOs, PIs,
and course-specific rubrics to analyze the overall progress of the student’s outcomes.

• Performance comparison of faculty for field training course against ABET criteria
and identification of data anomalies to analyze the overall performance of faculties in
handling the course.

• Performance comparison of field training courses through formative course mapping
(qualitative analysis data) against summative courses (summative analysis data) to
analyze and constantly improve the course structure.

• Performance comparison of programs against self-study report (SSR) checklist based
on ABET questionnaires [25] to measure fulfilment of ABET criteria across different
cycles of data for gap analysis, continuous improvement process, and closing the loop.

4.5. Continuous Improvement

Assessment is the process that determines that true learning is taking place at all levels
of the curriculum, and that discussions are always present for continuous improvement [4].
Continuous assessment of field training courses SOs are critical to accreditation by ABET.
Because ABET is an ongoing process for developing PEOs, this process needs to be semi-
automated with the help of the SUNFIT framework to produce the most needed evidence-
based summarized computing programs data and improvements that could take place
on a periodic basis based on the SUNFIT data mining framework. Using this approach,
we believe computing colleges could take specific decisions and provide data-driven
evidence on course achievements and course improvements to the ABET accreditation
body. More importantly, computing students’ performance could be re-measured after the
improvements are applied to see if the intervention was truly an improvement leading to a
cycle of continuous improvement.

The SUNFIT framework is intended to assist in the implementation of best practices for
continuous field training course improvement processes. As illustrated in Figure 6, SUNFIT
recommends connecting various constituencies which define the Program Educational
Objectives (PEOs) with the Program Outcomes (POs), which are further mapped with
the Course Learning Outcomes (CLOs) having different sets of assessment rubrics as part
of the continuous improvement cycle. This connection could be easily achieved through
visualizing and analyzing field training data using data mining approaches as explained
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in the above section. The results of continuous improvement become self-motivating as
faculty could see their efforts leading to successful student achievements and improving
student learning outcomes.

Figure 6. Students Continuous Improvement Lifecycle.

5. Conclusions

The first contribution of this study deals with an important approach on understand-
ing computing student’s field training assessment data measurement gaps among the
stakeholders such as colleges, field training providers, students, and supervisors as well
as field training course evaluators due to complex ABET data collection, data-driven anal-
ysis, and continuous course management process. Current practices in the processing of
field training relevant data from different organizations are often noisy with irregulari-
ties. To provide an effective training program and analyze the performance, this study
covers open-ended challenges in both academic and industry field training-based courses
on how to structure the field training courses in a way that simplifies building students’
communication skills through the incorporation of best practices.

The second contribution to this study is the development of the SUNFIT framework.
SUNFIT promotes and facilitates best practices in the management of multi-layer complex
field training within each organization based on the context of each training opportunity.
The SUNFIT framework further supports facilitating in fulfilling quality education ac-
creditation requirements of ABET, which is globally adopted by some of the world’s top
universities. While the focus in this paper is primarily made on IT students in computing
colleges in the region for measuring field-training experience, SUNFIT can easily be incor-
porated into other colleges’ programs course learning outcomes (CLOs) and performance
indicators (PIs).

The third contribution we made in this paper is the alignment of SUNFIT with ABET
through multiple stages of education data mining process using machine learning, provid-
ing a highly effective and efficient approach for the collection and integration of various sets
of field training evaluation results data from academic faculties, industry trainees/trainers,
and other participating bodies in line with ABET-based best practice standards and as
a blueprint for the accreditation process. The SUNFIT framework provides a variety of
approaches for evaluating various sets of statistical data for current and historical SOs to
promote an evidence-based cycle of continuous improvement. The SUNFIT framework
results could also support the development of a best practice digital library, based on
the criteria of the ABET data repository. Other colleges at different universities (such as
engineering and medical colleges) who also provide similar field training programs and are
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keen to develop the soft skills of their students could also adopt recommended framework
structure and best sustainable practices.

In conclusion, exploration of SUNFIT and its broader applications could form part of
the future work as a potential new research problem. The proposed approach could be
easily developed by academics, researchers, or even students, and for a variety of purposes,
including enhancing poor SOs, since it does not require an expensive ABET specialist or
detailed knowledge of assessment. The series of measures undertaken as part of the SUNFIT
approach is aimed at monitoring ABET requirements unique to academic data, elucidating
computing students’ performance across various semesters, integrating best practices, and
producing an evidence-based rationale approach for evaluating learning outcomes with
minimal manual intervention, as well as preventing faculty-specific portfolio errors. In
other words, the proposed framework in this research explicitly addresses the incorporation
of best practices criteria into higher education standards through a multi-layer strategy that
significantly reduces the amount of faculty work required for field training assessment at
each stage and enables clusters of PEO outcomes by creating data-driven course-mapping
data facts. In addition, the proposed approach is based on the use of rubrics between sets
of summative and formative course data, which individual universities or colleges could
easily define, measure, monitor, and continuously improve.

As part of the future work, this research study could be enhanced for aiming at
implementing the concept of preliminary filtration for the comprehensive mapping and
automation of the triple student-organization-supervisory filtration process that takes place
before students engage in the field training cycles. In carrying out this move, the future
direction of this research could provide the means to tightly incorporate field training
positions based on eligibility criteria as well as ABET best practice criteria. The research
direction also seeks to implement a clear standardized performance live monitoring model
that can effectively tag the training outcomes of the students and field training providers
during the training period. The future work could also consider building mobile and web
platforms based on different stages of the proposed SUNFIT framework.
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