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Abstract 

Apart from good instructional design and delivery, effective intervention is another 
key to strengthen student academic performance. However, intervention has been 
recognized as a great challenge. Most instructors struggle to identify at-risk students, 
determine a proper intervention approach, trace and evaluate whether the interven-
tion works. This process requires extensive effort and commitment, which is impractical 
especially for large classes with few instructors. This paper proposes a platform, namely 
i-Ntervene, that integrates Learning Management System (LMS) automatic code grader, 
and learning analytics features which can empower systematic learning interven-
tion for large programming classes. The platform supports instructor-pace courses 
on both Virtual Learning Environment (VLE) and traditional classroom setting. The plat-
form iteratively assesses student engagement levels through learning activity gaps. It 
also analyzes subject understanding from programming question practices to identify 
at-risk students and suggests aspects of intervention based on their lagging in these 
areas. Students’ post-intervention data are traced and evaluated quantitatively to deter-
mine effective intervention approaches. This evaluation method aligns with the evi-
dence-based research design. The developed i-Ntervene prototype was tested 
on a Java programming course with 253 first-year university students during the Covid-
19 pandemic in VLE. The result was satisfactory, as the instructors were able to perform 
and evaluate 12 interventions throughout a semester. For this experimental course, 
the platform revealed that the approach of sending extrinsic motivation emails had 
more impact in promoting learning behavior compared to other types of messages. It 
also showed that providing tutorial sessions was not an effective approach to improv-
ing students’ subject understanding in complex algorithmic topics. i-Ntervene allows 
instructors to flexibly trial potential interventions to discover the optimal approach 
for their course settings which should boost student’s learning outcomes in long term.
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Introduction
High attrition rate has been acknowledged as a significant challenge in tertiary education 
(Aina et al., 2022; Barbera et al., 2020; OECD, 2019). A large instructor-pace course usually 
suffers from: (i) students with insufficient academic backgrounds who struggle catching up, 
and (ii) students who lack self-regulation learning skills and who present inattentive learn-
ing behavior, resulting in low performance and eventually dropping out from the program 
(Rodriguez-Planas, 2012). The problem is most obvious for students who are advancing or 
transitioning to a new curriculum. Among those, the failure of the first programming course 
in an undergraduate computer science curriculum, known as CS1, has been recognized as a 
significant situation (Azcona et al., 2019). Firstly, a survey study in 2007 reported a 33% CS1 
failure rate worldwide (Bennedsen & Caspersen, 2007). This finding concurred with a study 
in 2014 which evaluated data extracted from relevant CS1 articles (Watson & Li, 2014). Later, 
another survey study conducted in 2017 reported a slightly improved rate at 28% CS1 failure 
rate worldwide (Bennedsen & Caspersen, 2019) which remained high. Recent research stud-
ies within the community have continued to focus on the issue of CS1 attrition, indicating the 
persistence of this situation (Obiado et al., 2023; Takacs et al, 2022). In Thailand, the increas-
ing of failure rate of programming courses in undergrad curriculums is also a well-known 
issue and has been discussed among universities’ lecturers. As an example, the particular 
CS2 course which we experimented on has records of more than 50% failure rate in the past 
5 years.

Educators have continued their efforts to address the issue. Recent studies have broad-
ened their scope to analyze potential root causes and introduce novel approaches aimed 
at improving student’s learning, which could lead to an increase in success rates. Other 
interesting research includes analyzing impact of students’ demographics and back-
ground (Layman et  al., 2020; Stephenson et  al., 2018), investigating students’ learn-
ing motivations (Aivaloglou & Hermans, 2019; Barr & Kallia, 2022; Loksa et al., 2022; 
Santana et  al., 2018), predicting and identifying students who have high potential of 
non-progression (Cobos & Ruiz-Garcia, 2020; Tempelaar et  al., 2020), and analyzing 
problematic learning behaviors (Nam Liao et al., 2021; Salguero et al., 2021).

Among various approaches, Learning intervention is a highly effective methodology 
composing of multiple research areas. Learning intervention plays an important role 
in aiding at-risk or underachieving students before they fail. It can provide support to 
maintain their motivation, improve behavioral disorders, and promote better learning 
outcomes (Szabo et al., 2017; Kew & Tasir, 2017; Sacr et al., 2018; Sclater & Mullan, 2017; 
Dvorak & Jia, 2016; Hsu et al., 2016). Successful learning intervention relies on instruc-
tors regularly assessing students’ situations and performing proper learning interven-
tion in time (Othman et al., 2011). However, intervention is a great challenge for most 
instructors due to several factors (Wong & Li, 2020). First, a huge amount of complex 
data with limited competent personnels make it difficult to analyze, monitor and identify 
learning issues in a timely manner especially for courses with low instructor resources 
(Neil et al., n.d.; Sonderlund et al., 2018; Zhang et al., 2018; Gašević et al., 2016; Ken-
nedy et al., 2014). An effectiveness evaluation of the applied interventions is even more 
demanding, as the process requires a complicated experimental design which is usually 
unachievable in most common courses (Huang et  al., 2016; Szabo et  al., 2017; Wong, 
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2017). An important gap is the lack of a comprehensive model with a strong evidence-
based approach to support instructors for such process (Rienties et al., 2017).

With the use of LMS and automatic code grader in modern programming education, 
most evidences of student learning are recorded in real-time. Appropriate analytics tech-
niques could evaluate this data to identify student’s deficiencies in subject understand-
ing and learning activities and then visualize reports that support instructors to perform 
precise intervention in timely manner. Students’ learning data after applied intervention 
can be analyzed and compared with pre-intervention data to evaluate effectiveness of 
the intervention aligning with quasi-experimental design which complies with Evidence-
Based Intervention (EBI) guidelines (U.S. Department of Education, 2016). Based on 
this concept, the paper proposes an integrated platform of an LMS, an automatic code 
grader and learning analytics features that can facilitate effective intervention processes 
for programming courses, named i-Ntervene. The platform systematically collects and 
assesses students’ learning engagement and subject understanding deficiencies to iden-
tify students who are at risk of failing the course or dropping out and suggests their 
lagging aspects which guides instructor’s intervention decision. Afterward, i-Ntervene 
statistically evaluates the applied intervention results using pre and post data. These 
features should boost students’ learning outcomes for large programming courses by 
empowering a small number of instructors to implement a complete loop of instruc-
tional interventions throughout the semester.

This research is organized into 4 main sections. The first section provides an overview 
context of the research problem and introduces a solution proposal. Section  Related 
work describes the relevant background knowledge and literature. Section Learning ana-
lytics intervention introduces a model of instructional intervention cycle and proposes a 
platform, i-Ntervene, that accommodates instructors to achieve such effective interven-
tion. Section LA intervention methods and evaluation demonstrates an experiment of 
i-Ntervene prototype on an actual programming course along with results and findings. 
Finally, Sect  Evidence-based interventions (EBI), presents conclusions and implications 
for future research.

Related work
Learning analytics intervention

Learning Analytics (LA) refers to the systematic process of collecting, analyzing, and 
interpreting data derived from educational settings and activities with the aim of extract-
ing valuable insights. These insights are then used to make well-informed decisions that 
enhance learning outcomes and educational achievements (Siemens & Gasevic, 2012). 
Chatti et al. (2012) proposed a reference model for LA that presents a practical perspec-
tive based on four dimensions:

 (i) Environment, and Context: This dimension focuses on the types of data collected, 
managed, and utilized for analysis, considering the specific educational environ-
ment and context.

 (ii) Stakeholders: The stakeholders targeted by the analysis include students, teachers, 
institutions, and researchers, each with their own unique goals and expectations.
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 (iii) Objectives of LA: The objectives of LA involve making informed decisions about 
teaching and learning based on the specific focus of the stakeholders. These objec-
tives can encompass various aspects such as monitoring, analysis, prediction, 
intervention, tutoring, mentoring, assessment, feedback, adaptation, personaliza-
tion, recommendation, and reflection.

 (iv) Analysis Techniques or Methods: This dimension encompasses the techniques and 
methods employed for data analysis, including statistics, information visualization, 
data mining, and social network analysis.

Learning intervention refers to structured methods for identifying areas of weakness 
and helping students increase academic proficiency (Lynch, 2019). With the adoption of 
LMS, fine-grained student interactions were recorded, allowing Learning Analytics (LA) 
techniques to unfold their learning behaviors and cognition (Bodily & Verbert, 2017), 
which greatly enhance the learning interventions. The common goal of LA Intervention 
is to increase student academic success (Wong & Li, 2020; Kew & Tasir, 2017; Heikkinen 
et al., 2022). It highly influences student success and has been widely used in classroom 
instruction to improve and foster learning skills in both behavioral and performance 
areas (Heikkinen et al., 2022; Szabo et al., 2017).

Clow (2012) introduced an LA cycle model aiming at facilitating effective interven-
tions. This model closely aligns with the one proposed by Khalil and Ebner (2015). Fig-
ure 1 depicts the conformity of the 2 models. The LA Intervention process in the model 
begins with data collection in accordance with the defined objectives (1–2). A research 
by Wong and Li (2020) reported that the most frequently used data is learning behav-
iors, e.g., learning activities, forum discussion, and study performance, followed by data 
obtained from surveys and related sources, e.g., demographic information, learning 
psychological, and academic history. Subsequently, the collected data is analyzed based 
on defined metrics, followed by visualizations for the stakeholders (3). The stakehold-
ers then utilize this information to make informed decisions and implement interven-
tion actions (4) that target enhancements of cognitive abilities, learning psychological 
aspects, and learning behaviors to ultimately improve learning success.

A valuable application of LA involves the detection of At-Risk Students (ARS) 
who are likely to fail or drop out of a course or program. This allows for preemptive 
interventions to be implemented. A notable successful case is the implementation 

Fig. 1 Learning analytics (LA) cycle for effective Intervention proposed by Doug Clow (1–4), and Khahil & 
Ebner (i–iv)
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of an Early Warning and Response System introduced by Johns Hopkins University.1 
Through multiple longitudinal analyses across multiple states, this research estab-
lished a set of robust indicators known as the ABC indicators—Attendance, Behav-
ior, and Course performance (Balfanz et  al., 2019) to identify ARS. International 
organizations like UNESCO and OECD have also promoted various early warning 
systems, with reports of successful implementation in the United States and many 
other countries (Bowers, 2021; UNESCO, 2022).

Recent systematic review papers (Ifenthaler & Yau, 2020; Wong & Li, 2020) dis-
cussed Learning Analytic Intervention research conducted over the past decade. 
These studies concluded that LA Interventions have a positive impact on student 
achievement. The key intervention practices for students involve the provision of 
feedback, recommendations, and visualization of learning data to enhance their self-
awareness and self-regulation. On the other hand, for instructors, the key practices 
aim at identifying at-risk students and visualizing learning data, which can support 
their decision-making process to implement appropriate intervention actions and 
fine-tune their instructional delivery. The utilization of data-driven LA enables pre-
cise interventions which can lead to positive outcomes such as improved learning 
and teaching effectiveness, increased student participation and engagement, and 
enhanced awareness of progress and performance. As a result, these outcomes play a 
significant role in fostering student success and achievement in the learning process.

LA intervention methods and evaluation 

In practice, there is no universal intervention method or strategy that fits every 
circumstance. Intervention methods should target specific students and contexts 
according to the significance and urgency of the problem. Effort, ease of use and 
scalability are also important factors to consider (Choi et  al., 2018; Kizilcec et  al., 
2020). Frequent methods used included visualizations, personalized reports and rec-
ommendations via email or text message while individual contact such as face-to-
face meetings and phone calls were rarely used (Heikkinen et al., 2022; Wong & Li, 
2020; Kew & Tasir, 2017). In computer education, a literature review on approaches 
to teaching introductory programming during from 1980–2014 (Hellas et al., 2014) 
reported 5 intervention categories, i.e., collaboration and peer support, bootstrap-
ping practices, relatable content and contextualization, course setup assessment and 
resourcing, hybrid approaches. The authors found interventions increase pass rates 
by 30% on average but no statistically significant differences between methods.

In terms of intervention effectiveness evaluation, qualitative methods, such as 
interviews, think-aloud and focus groups were used to verify the usability and stu-
dents’ perception, while quantitative methods such as trace data and pre-post inter-
vention surveys were usually used to evaluate the efficiency (Heikkinen et al., 2022). 
However, some research results are questionable with significant limitations includ-
ing simple evaluation designs, convenience sampling and small study populations 

1 Everyone Graduates Center, Johns Hopkins University. (n.d.). Early Warning and Response Systems, https:// new. every 
1grad uates. org/ tools- and- models/ early- warni ng- and- respo nse- syste ms/

https://new.every1graduates.org/tools-and-models/early-warning-and-response-systems/
https://new.every1graduates.org/tools-and-models/early-warning-and-response-systems/
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(Sonderlund et al., 2018). A solid evaluation requires evidence-based research with a 
proper LA method and experimental design (Araka et al., 2020; Rienties et al., 2017).

Evidence‑based interventions (EBI)

Evidence-Based Interventions (EBI) are practices or programs with emphasis on evi-
dence to show that the interventions are effective at producing accurate results and 
improving outcomes when implemented. The U.S. Department of Education (DoE) pub-
lished a guideline encouraging the use of EBI to help educators successfully choose and 
implement interventions that improve student outcomes (U.S. Department of Educa-
tion, 2016).

The guideline advises instructors to first understand where students are in their learn-
ing process. This may involve a review of available historical evidence, pre-tests, ques-
tionnaires and interviews. For the next step, evidence of students’ learning should be 
considered to determine what learning strategies and interventions are likely to improve 
student understanding and skills. Finally, the progress students make in their learning 
over time is monitored in order to evaluate the effectiveness of teaching strategies and 
interventions (Masters, 2018).

In the instructional domain, ‘evidence’ usually refers to educational research or theo-
ries, but it may also extend beyond the ‘scientific’ (Biesta, 2010), which renders some 
forms of evidence as better than others. Different forms of evidence have been ranked 
based on trustworthiness. The hierarchy of evidence proposed by Triana (2008) rates 
Randomized Controlled Trials (RCT) as the highest level, followed by quasi-experimen-
tal study, pre-post comparison, and cross-sectional study. Other methodologies such as 
case studies, professional or expert testimonies and user opinions were also considered 
evidence but with less significance.

To be more practical, a study by Rienties et al. (2017) proposed 5 approaches that pro-
vide evidence of LA Intervention impact, each with its own strengths and limitations as 
presented in Table 1.

Table 1 Evidence-based experimental approaches on LA intervention

Experimental approaches Strengths Limitations

Randomized control trial Ideal experimental design providing 
the most reliable evidence

Requires huge amount of effort
Risk of inflicting ethical issues

A/B testing Useful to compare impact of differ-
ent types of interventions on the 
same objective

Requires certain effort in designing 
and implementation
May raise concerns on ethical issue

Comparison with previous 
implementation

A natural way to compare impact of 
interventions as most courses tend 
to repeat with similar instructional 
settings. This approach has minimal 
ethical concern

Delayed result
Test subjects (students) are different
Difficult to preserve the same setting 
and environment between imple-
mentations

Quasi-experiment Easy to implement and evaluate by 
comparing pre and post interven-
tion. No ethical concern

The result is not as reliable as RCT 

Switching replications design An adaptation of Quasi-experiment. 
Compare results of 2 groups apply-
ing the same intervention switching 
role of experimental and control 
group

Students’ attitude may already have 
changed by the time of switching the 
intervention
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Educational practice is more than a set of interventions. Instructors should also 
include their professional judgement with research evidence as necessary when making 
decisions (Kvernbekk, 2015). In other words, evidence-based practice does not exclude 
an instructor’s practical experience or knowledge, nor the beliefs that teachers hold 
based on anecdotal evidence (Kiemer & Kollar, 2021).

Challenges of LA intervention 

There are major challenges of LA Intervention stated in recent research (Rienties et al., 
2017; Sonderlund et al., 2018; Wong & Li, 2020). These include:

1. Variability and complexity of courses and students: The combinations of these factors 
make the situation rather unique and render a ‘best-practice’ intervention infeasible.

2. Conditions for implementation: Particular conditions can limit the implementation 
such as data availability, channel of access to students, and instructor’s previous 
experience.

3. Scalability: Certain LA Interventions are effective for a certain size of class, peda-
gogy, and subject content. Changes of these factors may cause an otherwise success-
ful intervention to not achieve the expected result.

4. Timeliness of intervention: An intervention needs to be applied in time when the 
problem is raised, which means data collection and analysis process must be swift, 
accurate and meaningful.

5. Effectiveness Evaluation: A solid evaluation requires evidence-based research which 
involves appropriate design and effort to implement. Without proper evaluation, the 
impact of the intervention is indecisive and may lead to uncertainty of the effective-
ness when replicating with different courses or environments.

The Challenges 1 to 3 rely on instructors to carefully choose interventions based on 
their course conditions, and problems at hand. However, to choose and implement an 
intervention in time (Challenge 4), an instructor requires up-to-date analytical data dur-
ing course instruction in order to identify ARS. After applying intervention, the instruc-
tor also needs to know how well it works based on reliable evidence in order to make 
adjustments or make a further decision (Challenge 5). The 2 latter procedures require 
excessive efforts which are infeasible to execute iteratively in a common course without 
supporting tools. The Open University’s publication (Rienties et al., 2017) addresses the 
need to develop an evidence-based framework for LA to determine the effectiveness of 
an intervention and its conditions. To the best of our knowledge, the research commu-
nity still lacks such a supporting system.

LA Intervention systems and tools 

Research on systems and tools which accommodate LA Interventions by analyzing tem-
poral leaning engagement data have been growing. Table  2 highlights recent research 
and summarizes their key characteristics including the proposed methods, the imple-
mented system/platform as well as the intervention evaluation.

As depicted by Table 2, most research and tools aim to provide meaningful informa-
tion to encourage students, support instructors in making intervention decisions, and 
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facilitate communication between instructors and students. However, the main chal-
lenges arise from the need for different intervention approaches in courses with unique 
settings, which could change over time. Instructors must iteratively implement interven-
tions and evaluate them based on evidence, but resource limitations and a large student 
population make this difficult. This creates a gap in the research community, as there is 
no practical system to support instructors in overcoming these challenges. This paper 
proposes i-Ntervene, an integration of LMS, automatic code grader, and learning ana-
lytics. It utilizes students’ temporal learning engagements and subject understandings 
to identify at-risk students, track their progress, and evaluate the effectiveness of inter-
ventions. This empowers instructors to conduct comprehensive interventions and adapt 
their approaches to each unique situation.

i‑Ntervene: a platform for instructional intervention in programming courses
A successful LA Intervention design requires a sound pedagogical approach along with 
appropriate LA cycles to provide feedback for both cognitive and behavioral processes 
(Sedrakyan et al., 2020). In course instruction, intervention is known to be an ongoing 
process and should be developed iteratively in order to find the most effective way to 
enhance student’s learning (Sonnenberg & Bannert, 2019). This paper firstly introduces 
a model of instructional intervention series, depicted in Fig. 2, based on the LA cycle 
model, and then proposes i-Ntervene which is an integrated platform that reinforces 
effective intervention cycles for instructor-led programming courses, as illustrated in 
Fig. 3.

For the instructional intervention cycle, two types of data are collected as evidence in 
each cycle: (a) Learning behaviors, such as class attendance, class engagement, assign-
ment practice and self-study, and (b) Learning performance either formative or sum-
mative assessments, which indicate the level of a student’s understanding of a subject. 
Instructors analyze the cycle’s evidence and (1) decide on a proper intervention, and (2) 
apply the intervention in the subsequent cycle. (3) Changes in learning performance and 
behaviors from the previous cycle provide solid evidence that can be used to evaluate the 
effectiveness of the interventions revealing which approaches work and which should 
be avoided. This ongoing process could enhance the efficiency of course instruction and 
student success rate.

Fig. 2 An instructional intervention cycle in a course
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Concerning the challenges of LA Intervention discussed in Subsection  Related 
work.LA intervention methods and evaluation, data collection and analysis require 
excessive effort which is infeasible to run in iterations for most courses. This paper 
proposes an intervention platform of LMS, learning analytics and reporting, aiming to 
strengthen effective intervention cycles. Figure 3 depicts the platform architecture which 
comprises 3 main components: (A) Course Instruction which provides essential learning 
environment, (B) Learning Deficiency Analysis which identifies ARS in each interven-
tion cycle by evaluating students’ learning activities, and their subject understanding, 
and (C) Intervention Support which records intervention information and evaluates 
their effectiveness according to EBI practice. The following subsections elaborate these 
3 components in detail.

Course instruction

This component provides the functionalities and environment necessary for program-
ming instruction. A Learning Management System (LMS) offers essential e-Learning fea-
tures and records learning activities, which serve as the main data source of i-Ntervene. 
The key to success in programming education is ‘learn-by-doing’ where students are 
required to practice on their own (Bannedsen & Caspersen, 2007; Neil et al., n.d.). Thus, 
most student learning activities are centered around coding questions. Automatic code 
grading integrated with LMS is compulsory as it validates and provides immediate feed-
back on submitted code and also records details of students’ attempts for further analysis.

The Covid-19 pandemic has accelerated the need for a Virtual Learning Environ-
ment. i-Ntervene includes features of online assessment and video conferencing for 
remote face-to-face instruction. In recent years, many software applications have been 
developed to control resources on students’ computers during quizzes and exams. This 

Fig. 3 i-Ntervene architecture
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software can often incorporate with LMS, e.g., Safe Browser Exam,2 Proctortrack.3 There 
are also multiple choices of well-known video conference services that can work with 
LMS such as Zoom,4 Google Meet5 and Microsoft Team.6

Learning deficiency analysis

This research adopts the ABC indicators from Johns Hopkins University’s study, 
described in Sect.  Learning analytics intervention, to identify At-Risk Students (ARS) 
in a course. The Attendance and Behavior indicators are represented by 4 student activi-
ties, i.e., class attendance, in-class engagement, assignment practice and self-study, while 
the course performance indicator is represented by students’ question practice scores. 
During course instruction, students may expose learning deficiencies in the form of (1) 
Lacking in learning engagement which can be captured from their learning activities, 
e.g., decreasing class attendances or low participation in class activities, and (2) Lagging 
in subject understanding which can be measured from formative and summative assess-
ments, e.g., assignments, lab practices and quizzes.

The i-Ntervene learning analytics component evaluates students’ deficiency in both 
aspects to identify ARS whom instructors should focus on and intervene in each cycle. 
First, the scheduled ETL extracts students’ learning activities and question practice data 
from the LMS and code grader log, cleans and transforms it to the specific format to 
load into the Analytics Data Repository. The dataset is then evaluated with expected 
values defined by the instructor on the corresponding cycles, resulting in identification 
of student learning deficiencies, i.e., Activity Gaps and Understanding Level, which are 
criteria used to justify whether a student is at-risk of falling behind. The component’s 
final outputs are lists of ARS and visualizations to support intervention decisions in each 
cycle.

Activity gaps evaluation

Student misbehaviors frequently become more intense and more resistant without early 
intervention (Wills et  al., 2019). Such misbehaviors are usually expressed in the form 
of low learning engagement. With the capability of LMS, i-Ntervene captures 4 generic 
learning activities to evaluate the learning engagement, including class attendance, in-
class engagements, assignment practice, and self-study. Table 3 describes how students’ 
interactions are observed and categorized into learning activities.

Since learning activities are usually planned by the instructor for each instructional 
period, the number of activities a student performed is compared with the instructor’s 
expectation, resulting in Activity Gaps which unveil students that potentially require 
interventions. Table 4 depicts the calculations.

Class attendance, class engagement and assignment practice are core learning activ-
ities designed by instructors. Hence, these Activity Gaps can be used to evaluate stu-
dent’s learning behavior directly. On the other hand, self-studying is a freewill activity 

6 https:// www. micro soft. com/ en/ micro soft- teams

5 https:// meet. google. com/

4 https:// www. zoom. us

3 https:// www. proct ortra ck. com

2 https:// safee xambr owser. org.

https://www.microsoft.com/en/microsoft-teams
https://meet.google.com/
https://www.zoom.us
https://www.proctortrack.com
https://safeexambrowser.org
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reflecting student’s intrinsic motivation and might not be used to indicate who requires 
interventions. Self-study rate is good evidence of student learning motivation and a 
potential predictor of learning performance. It can be particularly useful in certain ana-
lytics, e.g., analyzing exam preparation patterns, tracing learning motivation trend or 
evaluating some aspects of instructional delivery.

Subject understanding level (UL) evaluation

Summative assessments such as exams and quizzes are well-established tools for evalu-
ating students’ learning. The key disadvantage is that they are usually presented at the 
end of a topic or a semester when very limited corrective action can be taken. Formative 
assessments are recognized as a better tool because they consistently provide ongoing 
feedback that help instructors recognize where students are struggling and can provide 
appropriate intervention in time.

In STEM education, problem practice is a primary key to promote student learning 
(Utamachant et al., 2020). It is mandatory for students to consistently work on coding 
questions to assimilate programming concepts and achieve competencies. Hence, out-
comes of student’s coding practice are reliable formative assessments that can indicate 
their understanding in each period. Programming code that a student submits can be 
assessed in 5 key aspects (Combéfis, 2022; Restrepo-Calle et  al., 2018) as depicted in 
Table 5.

Table 3 Student interactions on LMS categorized into 4 learning activities by i-Ntervene

Learning activities Interaction on LMS Observing timeframe

Class Attendance A student logs in or joins the VDO conference session Classroom start time ± grace
periods for early and late

Class Engagement A student interacts with a learning material (e.g., pop-up 
question, coding question, and video) in which the instruc-
tor introduced in classroom

Within classroom period

Assignment Practice A student submits code on questions in which the instruc-
tor assigned as homework

Outside classroom period

Self-Study A student watches video or submits code on questions in 
which the instructor did not assign

Outside classroom period

Table 4 Student’s Activity Gaps calculation for each intervention cycle

Activity gaps Definition and calculation

Class Attendance Gap (Atdn Gap) ∈[-1,0] Ratio of Student’s class attendance in a cycle ranging from -1 for no 
attendance to 0 for fully attended
AtdnGap = Numberofclassastudentattended

Numberofclassattendancethatinstructorexpected
− 1

Class Engagement Gap (Engm Gap)
∈[-1,0]

Ratio of student’s engagement in classroom in a cycle. The ratio ranges 
from -1 for no interaction on any material to 0 if a student interacted 
on all material of his attended classes. In case that a student did not 
attend any class, Engm gap will be defined as ‘not available’ (na)
EngmGap =

(

Numberofmaterialastudentworkedoninclass
Totalmaterialsintroducedintheclassesthatstudentattended

)

− 1

Assignment
Practice Gap
(Asgm Gap)
∈[-1,0]

Ratio of assignments in which students practiced in a cycle ranging 
from -1 for no practice to 0 for practiced on all assigned material
AsgmGap =

(

Numberofassignmentstudentpracticed
Numberofassignmentthatinstructorexpected

)

− 1

Self-Study Rate
∈[0,∞]

Amount of non-assignment material in which students interacted in a 
cycle ranging from 0 for none to any positive value
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Most fundamental programming courses have a common objective for students to 
become familiar with coding syntax and be able to adapt and apply programming logic 
to solve problems (Combéfis, 2022). Thus, the evaluation of subject understanding 
should prioritize syntactic and logical correctness. The automatic code grader in i-Nter-
vene first compiles a student’s code to validate the syntax. The code that fails this process 
is counted as a ‘Syntax Error’ attempt and feedback is given to the student. The code 
that is successfully compiled is run against defined test cases for logical evaluation and is 
scored in the proportion of correct test cases.

i-Ntervene considers a student’s attempts on one question as a Question Practice. On 
every intervention cycle, all question practices are evaluated to identify those that the 
student has trouble understanding. The evaluation procedure consists of 2 steps: i) Clas-
sifies all question practices into 3 question types, i.e., Resolved, Struggled and Gave-up, 
and ii) Calculates ratio of each question type to justify individual Understanding Level of 
that cycle.

I. Student’s Question Practice Classification. Figure  4 depicts the decision tree 
for classifying student’s question practices. Input of the tree is a student’s question 
practice outcome, i.e., highest score, total attempts, time duration and error type. A 
student’s question practice that has highest score above the pass score (a) is consid-
ered a Resolved question, which demonstrates student’s satisfactory understanding. 
Otherwise, the question practice indicates a problem which can either be a result 
of the student’s poor understanding or they did not exhibit the effort necessary to 
solve the questions. The tree determines student’s effort spending on the question (b), 
i.e., answering attempts and duration. If the student did not spend effort up to the 
instructor’s expectation, then the student’s question practice is considered a Gave-up 
question. On the other hand, if the student had spent a proper amount of effort, then 
his question practice is determined as a Struggled question. The tree further classifies 
the struggled question based on error types. If the student’s answering attempts con-
tain syntax errors over Syntax Error Limit, the student’s question practice is identified 
as Syntax Struggled, otherwise it is defined as Logic Struggled.

Table 5 Key assessment aspects on student code

Assessment aspects Criteria

Syntactic correctness All commands in code must be correct. Automatic code graders can simply verify 
this using a compiler

Semantic/logical correctness Code’s outputs must agree with the expected solution described by specifications. 
Most automatic code graders can validate the code outputs using defined test 
cases

Efficiency/performance Code must provide outputs within a specific duration and computer resource. 
Most automatic code graders can specify CPU time and memory limits to validate 
this aspect

Quality/maintainability This aspect involves coding style, guidelines and best practices which focus on 
readability and reusability. It is a consideration for advanced programming course. 
This aspect cannot be judged by automatic code graders

Plagiarism Code should not replicate nor closely resemble another student’s code. Some 
automatic code graders have a feature to check for code authenticity, but it could 
yield high false positives in cases of simple coding questions
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Parameters in Fig. 4 are described as follow:

• Pass Score: A passing score to consider that a student can successfully resolve the 
question.

• Proper Effort: Expected number of attempts and duration that a student should 
have spent to solve the question.

• Syntax Error Rate: A ratio of syntax error attempts to total attempts.
• Syntax Error Limit: An upper limit of syntax error rate to consider syntax strug-

gling.

The current study treats runtime errors as a part of Logic Struggling as they are 
usually caused by mistakes in code logic, resulting in access violation of computer 
resources, e.g., memory reference, file system, process timeout. The rule reaches the 
final stage at detecting Syntax struggling from Logic struggling. It would be beneficial 
to break down Logic Struggling further into more fine-grained subtypes for precise 
intervention, but it is very challenging as there could be countless possible kinds of 
mistakes that could cause a student’s code to not achieve all test cases successfully. 
This could be another topic of research in programming education.

II. Understanding Level Calculation. Student’s Understanding Level in an inter-
vention cycle is calculated from the proportions of Resolved, Struggled and Gave-up 
question practices. A formula that could be general for common courses is proposed 
below. Instructors could adjust it to fit their course design:

The result of the formula ranges from -1 to 1 representing a student who is seriously 
struggling and a student who completely understands. Note that Gave-up questions 
are added up to Struggled questions in the calculation because, in our experience, giv-
ing up is usually the consequence of struggling. In other words, students who struggle 
to resolve one question are likely to spend less effort and give up on succeeding ques-
tions of the same topic. However, Gave-up question practices could indicate students 

Student′sUnderstandingLevel =

(

ResolvedQuestions − (StruggledQuestions + GaveUpQuestions)

TotalPracticedQuestions

)

Fig. 4 The decision tree to justify a student’s question practice
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with low effort regulation motivation and this would be useful for analysis in certain 
circumstances.

A student’s Understanding Level can be broken down to Syntax Understanding 
Level and Logic Understanding Level using ratio in the formula:

The Syntax and Logic Understanding Level, ranging from 0 to 1, indicates the potential 
root cause of the student’s problem which enables the instructor to apply more precise 
interventions. Students with low Syntax Understanding Level can be helped simply by 
advising the correct syntax. On the other hand, low Logic Understanding Level students 
may need more sophisticated approaches such as tutorial sessions, workshop coaching 
or peer learning.

At‑risk student (ARS) identification

In order to enhance student learning, the priority is to early detect At-Risk Students 
(ARSs) who exhibit signs of falling behind the instructor’s expectations in term of both 
learning behaviors and content understanding. These students are considered at risk of 
failing the course or dropping out. To be more specific, this study identifies ARS at the 
end of cycles based on 2 criteria: (i) high Activity Gap which indicates misbehaving stu-
dents who do not engage in learning activities up to the instructor’s expected level, and 
(ii) low Understanding Level which indicates struggling students who could not resolve 
assigned questions to the instructor’s expectations. Figure  5 depicts the identification 
rule.

The learning behavior intervention should place priority on students who have per-
sistent behavior deficiencies rather than a single recent occurrence of misbehavior. 
This reduces false positives caused by personal incidents which may happen to anyone 
in short durations. For example, a student who is sick and misses activities for 1 week 
is likely to get back on track after recovery. Giving that student behavior intervention 
would be unproductive. To reduce such circumstances, the research employs a trending 
concept by averaging Activity Gaps of 2 or more consecutive periods, known as Moving 
Average (MA). Instructors should carefully choose an MA period that fits the nature of 
their course. Too short of a period may induce more false positive cases, while too long 
of a period could delay the intervention and cause instructors to miss the best opportu-
nity for taking effective action.

The effective intervention should be implemented based on a student’s particular situ-
ation and problem (Gašević et al., 2016; Zhang et al., 2020). Figure 5 illustrates a com-
mon rule to classify intervention types for ARS:

 (i) Students who have no activity in the system for a specific period, are considered 
dropped-out and excluded at the first step to avoid wasting unnecessary interven-
tion effort.

 (ii) Students’ activity gaps are evaluated according to Sect. Learning analytics interven-
tion. Students whose gaps’ MA surpasses the acceptable threshold defined by the 

SyntaxUnderstandingLevel = 1−

(

SyntaxStruggledQuestions

TotalStruggledQuestions

)

LogicUnderstandingLevel = 1− SyntaxUnderstandingLevel
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instructor in each period are listed for intervention. For example, if the instructor 
expects students to attend the class not less than 50% then Attendance Threshold 
should be set at 0.5. At the end of an intervention cycle, students with Attendance 
Gap MA below 0.5 will be listed for Attendance Intervention.

 (iii) Self-Study rate is based on the number of non-assignment materials that a student 
hands in. In cases that Instructors define a threshold, i-Ntervene can list out low 
self-study rate students for ad hoc review and take supplemental actions.

 (iv) Instructors should treat students having understanding problems as soon as indi-
cated since they are likely to get more confused over time and this usually results 
in drop out or poor learning performance. At the end of each intervention cycle, 
i-Ntervene calculates Understanding Level of students as described in Subsec-
tion  LA intervention methods and evaluation. Students whose Understanding 
Level surpasses the instructor’s Expected UL demonstrate good understanding 
of the subject matter in that period and will not be listed for intervention. In the 
meanwhile, students with Understanding Level below the instructor’s expectation 
will be checked on Syntax UL and Logic UL and listed for an intervention accord-
ingly. Lastly, students with all of their question practices categorized as Gave-up 
will be listed for Effort and Motivation intervention.

Intervention support 

Intervention decision 

Designing intervention is a complex process that involves many variables (Klang et al., 
2022). It is the instructor’s task to determine a proper intervention method for At Risk 
Students (ARS) which relies on instructor’s expert judgement rather than algorithm tun-
ing (Arnold & Pistilli, 2012).

Fig. 5 ARS identification rule
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To support intervention decisions, i-Ntervene displays the trend of student’s activi-
ties participation and Understanding Level along with ARS lists. Figure 6 illustrates stu-
dents’ participation and understanding in class level. The spreadsheet (i), exported from 
i-Ntervene, shows the percentage of students in each cycle up until the present. Stack 
charts on the right (ii) visualize the spreadsheet data. Values in the stack areas represent 
the number of students. The information provides an overview of the instructional situ-
ation and trends endorse instructors to perform preemptive intervention to the whole 
class. The spreadsheet in Fig. 7 illustrates individual activity gaps which provide detail 
on patterns of misbehavior of each student and enhances instructor’s intervention deci-
sion at an individual and group level.

After determining an intervention approach, the instructor needs to record the infor-
mation in i-Ntervene including, target students, target deficiency, intervention approach, 
start and end date. Figure 8 illustrates an instructor’s screen for recording and evaluating 
Understanding Interventions.

Effectiveness evaluation

The gold standard for evaluating educational interventions is Randomized Control 
Trials (RCT) (Outhwaite et  al., 2019). However, such an approach is rarely feasible in 

Fig. 6 Activity participation in class level

Fig. 7 Activity gaps in individual level. a Attendance gap, b Engagement gap, c Assignment gap
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a real-world course. RCT has the following limitations (Rienties et  al., 2017; Sullivan, 
2011): (1) uncontrollable and unpredictable variables, (2) insufficient or unqualified pop-
ulation to establish valid control and treatment groups, (3) ethical issue due to unequal 
learning opportunities, and (4) tremendous experience resources required to support 
the whole process.

To be applicable for most courses, i-Ntervene adopts a quasi-experimental design 
principle by systematically evaluating intervention effectiveness based on the improve-
ment in Activity Gaps or Understanding Level of pre and post intervention. In other 
words, the effectiveness is calculated from the ratio of students who show improvement 
after the intervention as compared to the total of intervened students.

For an intervention targeting misbehaviors, i.e., class attendance, class engagement, 
assignment and self-study, i-Ntervene compares Activity Gap of intervened students 
during the evaluation period with their Activity Gap before intervention. Ratio of stu-
dents who have Activity Gap improvement over the expected effect size to the total 
intervened students illustrate the effectiveness.

MisbehaviorInterventionEffectiveness =

Fig. 8 Recording and evaluation screen of understanding intervention.
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Interventions on learning behavior require time in order to have an effect that can be 
captured from learning activity (Li et al., 2018; Wong & Li, 2020). A key to success is to 
diligently determine a proper evaluation period which can be different from case to case. 

For an intervention on subject understanding deficiency, its effectiveness is calculated 
by comparing the average question scores of pre- and post-intervention of the same 
topic between At Risk Students (ARS) who has received the intervention (treatment 
group) and ARS who has not (control group). The instructors can easily assign students 
to each group based on the ARS list suggested by i-Ntervene. Also, the instructors can 
flexibly choose post-intervention questions for evaluation which can compose multiple 
assignments, quizzes or exams. Figure 8 illustrates the user interface of the prototype.

†: Avg Score : the average score from Post-Intervention questions 
The effectiveness result can be positive and negative values which indicate the favora-

ble and unfavorable effect of the UL intervention. The associated p-values affirm the cer-
tainty of the average score difference. 

Since each intervention is different in context, e.g., approaches, students, situations, 
there is no target effectiveness value that can indicate success or failure in general. The 
instructor needs to determine whether the value is satisfactory or compare with values 
from other approaches to justify a better one. After running intervention effectiveness 
evaluations for a period of time, instructors should be able to compile a set of inter-
ventions that works for their courses. This intellectual knowledge is beneficial to other 
courses in the same domain or in a similar environment.

Experimentation
Course setting and challenges

A prototype of i-Ntervene was developed and tested on a Java programming course with 
the main objective to build basic Object-Oriented (OO) programming competency for 
first-year undergraduate students in computer science curriculum. The course was deliv-
ered to 253 enrolled students for the duration of 16 weeks with 8 learning topics. The 
learning effort for each week was 2 lecture-hours and 4 lab-hours. There were 6 sum-
mative assessments covering every topic. The instructor assigned weekly programming 
questions as homework. The results of these assignments indicate their understanding 
regularly which is an ideal formative assessment. The prototype was built on Moodle7 
with H5P plugin8 for video interactive content and CodeRunner plugin9 for auto-grading 
programming questions. The course was conducted online due to the pandemic, using 

(

NumberofStudentswithActivityGapImprovedexceedEffectsizeduringEvaluationPeriod

TotalNumberofIntervenedStudents

)

Note : Effectsizeisspecifiedbytheinstructor.

ULInterventionEffectiveness =

(

AvgScoreofIntervenedARS − AvgScoreofUnintervinedARS

AvgFullScore

)

†

7 https:// moodle. org
8 https:// h5p. org
9 https:// coder unner. org. nz

https://moodle.org
https://h5p.org
https://coderunner.org.nz
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 Zoom4 for virtual classroom sessions and Safe Browser  Exam2 to control the remote 
exam environment.

This Java course has been suffering from high drop out and fail rates with the rates 
exceeding 50% of total enrollments in recent years. The instructors have observed and 
concluded 2 major root causes:

Low Self-Regulated Learning (SRL): Most students came directly from high school. 
Many of them struggled to adapt to university learning, which requires high-level of SRL 
in order to succeed. They did not spend enough effort in learning, which showed in class 
absence, not paying attention in class, and disregarding assignments. This situation cor-
relates with an SRL research on college students (Kitsantas et al., 2008) and is a mutual 
concern with many higher education institutes (Hellings & Haelarmans, 2022).

Insufficient background knowledge: From a pre-course survey, 41% of respondents 
had no computer programming background, which is a big challenge to develop-
ing their OO programming competency within only one semester. 

Recognizing the challenges, the instructors had a strong intention to improve stu-
dent learning with effective interventions, which would not have been possible if 
implemented manually without a proper tool due to the large ratio of students to 
instructors (253:2). We believed i-Ntervene could support the instructors in mak-
ing decisions and perform iterative interventions in a timely manner and also help 
evaluate the intervention effectiveness so that the successful interventions can be 
reused.

i‑Ntervene implementation

Setup parameters described in the previous section were configured by the instruc-
tors with the intervention cycle set for every week. Table 6 depicts parameters to jus-
tify students’ question practices (cf. Subsection  Learning analytics intervention). The 
instructors selected assignment questions with similar difficulty on each topic in this 
experiment semester. Therefore, all questions in a topic share the same parameter val-
ues. In case the instructors desire to enrich students’ experience by providing questions 
with variety of difficulty, the parameters will need to be tuned individually.

For ARS identification (cf. Sect. LA intervention methods and evaluation), the instruc-
tors specified the values of Activity Gaps and Understanding Level for every cycle as 
shown in Table 7. These parameters can be adjusted to accommodate courses with dif-
ferent settings.

Unfortunately, in this experiment, students chose to develop their code on local IDEs, 
such as, NetBeans10 or Eclipse11 as it provides rich features for debugging. Complete 
codes were copied from their local IDEs to CodeRunner IDE in Moodle just for grading 
against predefined testcases to gain scores. Therefore, most of the submitted code was 
correct in syntax. Students who struggled in syntax basically discarded the question and 
did not submit any code. The prototype was unable to identify Syntax Struggled ques-
tion practice in this situation, so we needed to treat struggled question practices as a 
single type, i.e., Logic Struggled.

10 https:// netbe ans. apache. org
11 https:// www. eclip se. org/ ide/

https://netbeans.apache.org
https://www.eclipse.org/ide/
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Instructional intervention execution and evaluation results

i-Ntervene provided ARS lists for intervention in Week#2 but the instructors decided to 
wait until the grace enrollment period ended and began to consider ARS lists in Week#4. 
With 253 enrolled students and only 2 instructors, they chose to perform interventions 
at the level of class and specific student groups using email, verbal, and social media 
space communication. This approach was adopted in many studies with a large number 
of students (Choi et al., 2018; Dodge et al., 2015; Kimberly & Pistilli, 2012; Lu et al., 2017; 
Milliron et al., 2014).

For learning behavior interventions, the instructor delivered messages regarding 
their lacking aspects via ARS emails or announce the messages in the course’s social 
media space and in the classroom as detailed in Tables 8 and 9. The effectiveness of 
learning behavior intervention was evaluated from ratio of ARSs who had activity gap 
improvement to total intervened ARSs in the successive week. For subject understand-
ing, the instructors set up tutorial sessions after complete teaching of each topic and 
invited ARSs to attend at their own will. The effectiveness of understanding interven-
tions was assessed from average question scores between ARSs who attended tutorial 

Table 6 Parameters to justify Student’s Question Practice

Learning topics Pass score Proper effort Syntax 
error 
limitAttempts Duration (min)

Array1D, string 0.7 5 5 0.8

Array2D 0.7 10 5 0.8

Method 1 5 5 0.8

Class programming, class 
inheritance

0.7 5 5 0.5

Recursion 1 10 5 0.8

Table 7 Activity gaps and understanding level criteria for at risk student identification

Activity gap Value Explanation

Drop-out threshold 4 Cycles Students with no activity on LMS for 4 consecutive weeks were assumed to 
have already dropped out and excluded from the intervention process

Moving average 2 Cycles Students who had average Activity Gaps of 2 recent weeks less than the 
thresholds are listed for ARS in that aspectAttendance threshold − 0.2

Assignment threshold − 0.2

Engagement threshold − 0.4

Self-study rate na No intervention on self-study

Expected effect size 0.01 Students who gain more than 1% improvement of Activity Gap Moving 
Average during the evaluation period are counted toward the intervention 
effectiveness

Expected UL 0.5 Students who archived pass score on more than half of their hands-on ques-
tions in that cycle are not list for intervention

Syntax UL threshold 0.66 For students who do not meet Expected Understanding Level in that cycle, 
if 2/3 of their question practices were classified as Syntax Struggled, they are 
listed for Syntax intervention. Otherwise, they are listed for Logic intervention

Logic UL threshold 0.33
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sessions (treatment group) and ARSs who did not (control group). The evaluation 
questions selected from quizzes of the same topic after tutorial sessions. Mann–Whit-
ney U tests were applied to test for statistical significance due to non-normal data 
distribution.

With support from i-Ntervene, the instructors were able to implement 12 complete 
intervention cycles (7 learning behavior and 5 subject understanding) during 16 weeks 
of the semester. Tables 8, 9 and 10 depict the implemented intervention details and eval-
uation results.

Findings from intervention results

The results demonstrate the capability of i-Ntervene to support intervention cycles in 
an instructor-led programming course. Regarding the effectiveness of behavior inter-
vention, the instructor gained insight into what methods work better than others which 
can be compared quantitatively. Tables 7 and 8 show that the method of sending emails 
together with the last semester stats (Methods 2 and 5) was more effective than send-
ing only an encouragement email, since the behavior improvement rate was higher on 
both class attendance (45% to 71%) and assignment practice (23% to 46%). However, the 
most effective intervention was the critical condition announced by the instructors in 
the later weeks that students will fail the course if the minimum attendance rate was not 
met (Methods 3 and 7). The effective ratio of class attendance and assignment practice 

Table 8 Result of class attendance interventions

Applied Week#/
evaluation Week#

Class attendance intervention methods % Effectiveness (improved 
gap ARS/total intervened 
ARS)

5/6 Method 1: Sending email to ARSs to address their absence 
and encourage to attend the class

45% (19/42)

7/9 Method 2: Sending email to ARSs to address their absence 
with the previous semester stats evidencing the importance 
of class attendance

71% (20/28)

11/12 Method 3: Reminding minimum attendance rate to pass the 
course via social media and classroom announcement

83% (15/18)

Table 9 Result of assignment practice interventions

Applied Week#/
evaluation Week#

Assignment practice intervention methods % Effectiveness (improved 
gap ARS/total intervened 
ARS)

6/7 Method 4: Sending email to ARSs to address their assign-
ment missing and encourage to practice more

23% (14/62)

7/9 Method 5: Sending email to ARSs to address their assign-
ment missing with the previous semester stats emphasize 
the importance of assignment practice

46% (13/28)

10/11 Method 6: Sending email to individual ARSs with custom-
ized message addressing their assignment and in-class 
engagement patterns

36% (55/152)

12/13 Method 7: Reminding minimum assignment practice rate 
to pass the course via Social Media Space and classroom 
announcement

55% (36/65)
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were up to 83% and 55% respectively. We note that the channel of communication could 
yield a certain impact on intervention effectiveness evaluation. Some students informed 
us that they did not check their university emails on regular basis, which means some 
of them could miss the intervention. The instructors decided to change communication 
from emails to the course’s social media and chat group in later interventions.

Regarding the effectiveness of intervention on subject understanding, i-Ntervene 
revealed that providing tutorial sessions as the intervention for struggling students was 
only effective for certain topics. Table 9 shows that students who attended the early top-
ics tutorial sessions, i.e., Array1D, Array2D, and String gained only a slight margin and 
insignificantly better in average score compared to those who did not. On the other 
hand, for later topics, i.e., Class Basic and Array of Objects, the tutorial session yielded 
substantial improvement on average scores with statistical significance (p = 0.015 and 
0.020, respectively). The instructors analyzed and concluded that a single tutorial session 
may not be sufficient to improve student understanding on complex algorithmic topics 
such as Array1D, Array2D and String since they require mastery of programming logics 
to handle variety of conditions and complex loops. On the contrary, the tutorial session 
method is effective for conceptual and structural topics such as Class Basic, Class Inher-
itance and Array of Objects. Based on these important findings drawn from i-Ntervene, 
the instructors decided to revise the instructional design of complex algorithmic topics 
by assigning more consistent question practices and providing multiple labs/workshops 
with teaching assistance as interventions.

Discussions

Although i-Ntervene shares similar objectives with several existing studies by focus-
ing on instructor intervention support (Cobos & Ruiz-Garcia, 2020; Majumda et al., 
2019; Herodutou et al., 2019; Azcona et al., 2019; Froissard et al., 2015) in identifying 
At-Risk Students (ARS) and displaying proper visualization to support decision mak-
ing, i-Ntervene specifically aims to tackle the main challenges faced by a course with 
small number of instructors but having a large class size and a lengthy instruction 
period. While most existing research merely considered a single intervention, i-Nter-
vene stands out by supporting instructors to perform multiple rounds of interventions 

Table 10 Result of Understanding Intervention using Tutorial Sessions

* Statistically Significant (Mann–Whitney U Test)

Learning topics
Tutorial date, Exam date (duration)

Attended: unattended Statistical test

Array1D
7/1/2022, 29/1/2022 (22 days)

Number of students = 14: 106
Average Scores = 2.93: 2.80

p = 0.45

Array2D
28/1/2022, 29/1/2022 (1 days)

Number of students = 37: 28
Average Scores = 1.51: 1.43

p = 0.22

String
4/2/2022, 12/2/2022 (8 days)

Number of students = 14: 74
Average Scores = 7.86: 6.18

p = 0.47

Class basic
11/2/2022, 12/2/2022 (1 days)

Number of Students = 22: 37
Average Scores = 8.24: 3.81

p = 0.015*

Array of objects
25/02/2022, 23/3/2022 (25 days)

Number of Students = 9: 62
Average Scores = 6.66: 2.74

p = 0.020*
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throughout the course period with its comprehensive process. It traces temporal stu-
dents’ engagement and understanding to systematically identify ARSs, records the 
applied intervention methods used, and then evaluates the effectiveness of the imple-
mented interventions based on the improvement. This feature consistently informs 
instructors on who should be intervened, which aspects require attention, and how 
effective the implemented intervention is throughout the iterations. Thus, instructors 
are equipped with supporting tools and well-informed data and analysis results to 
precisely choose the right intervention techniques for the right students. Moreover, 
continuous monitoring, fine-tuning and adjustment of the applied interventions can 
be done along the course period. The experimental results in Sect.   LA intervention 
methods and evaluation clearly illustrate i-Ntervene’s capabilities as claimed. For the 
experimented course, there were only 2 instructors instructing a total of 253 students 
for the period of 16  weeks. With the support of i-Ntervene, a total of 12 complete 
intervention cycles were successfully implemented, evaluated, and adjusted.

Concerning instructional intervention execution, most interventions usually aim 
at improving students’ comprehension and learning behavior. For the comprehen-
sion aspect, i-Ntervene tracks students’ activities and evaluates their subject under-
standing from their assignment scores. Common intervention methods are providing 
supplemental materials or arranging additional tutoring sessions on the problem-
atic topics. The effectiveness of the interventions can be evaluated directly by the 
improvement of assessment scores. However, when it comes to the learning behavior 
interventions, instructors are often faced with the challenge of managing students’ 
learning motivations and preferred learning styles, which are psychological in nature 
and cannot be evaluated tangibly. The current version of i-Ntervene does not yet inte-
grate a tool to assess them. Therefore, instructors need to rely on their intuition and 
prior experience to select appropriate intervention methods.

In this experimentation, the instructors decided to use email as the method for 
behavior interventions due to a large number of students. We could observe some 
traces of learning motivation that were affected positively by the implemented inter-
vention methods. The first observation is the email intervention sent in Week 7 
(Methods 2 and 5). The message in the email stressed the importance of class attend-
ance and assignment practice for learning success which could activate task value 
motivation. i-Ntervene assessed the effectiveness of this method and discovered 
that it yielded significantly better results compared to the simple encouragement 
message sent during Week 5 (Methods 1 and 4). This could be a result of increas-
ing task value motivation on the intervened students. The second observation is the 
email intervention in Week 10 (Method 6). The email message contains individual 
engagement statistics aiming to stimulate students’ self-awareness. i-Ntervene reveals 
higher effectiveness of this method over the baseline (Methods 1 and 4) suggesting 
an improvement of metacognitive and self-regulation among the intervened students. 
Lastly, the email intervention sent in Week 11/12 (Methods 3 and 7) informed the 
critical conditions that students must meet to pass the course. The message aimed to 
trigger extrinsic goal motivation so the improvement gained over the baseline could 
be a part of increasing in extrinsic goal motivation. Although these interpretations 
are not definitive, they do provide some indication of potential impact of learning 
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motivation on the effectiveness of selected intervention approaches. We believe that 
incorporating learning motivation data with the existing learning engagement data 
can strengthen the temporal dataset which can enhance precision of at-risk student 
identification significantly.

In addition to the temporal data, some LA Intervention research have indicated 
the usefulness of static data to enhance the analytics such as students’ demographic, 
background knowledge (Herodutou et  al., 2019; Azcona et  al., 2019) and learning 
style (Shaidullina et al., 2023). Integrating such data into the future version of i-Nter-
vene can enhance the platform analytics feature and provide valuable insights to 
instructors, hence supporting them to select an optimal intervention method that can 
address issues at the core and can substantially improve the intervention efficiency.

Conclusion
The paper proposes i-Ntervene, an LA Intervention platform that supports itera-
tive learning intervention for programming courses. Student learning interactions and 
outcomes are systematically collected and analyzed for two types of learning deficien-
cies. Firstly, learning behaviors deficiencies are evaluated from activity gaps, i.e., class 
attendance, in-class engagement, assignment practice, and self-study. Secondly, student’s 
subject understanding level is evaluated from their question practices. Based on each 
student’s specific deficiency area, i-Ntervene identifies at-risk students and provides 
proper visualizations to support instructors for intervention decision. Furthermore, 
i-Ntervene analyzes the effectiveness of the implemented interventions at the defined 
period by comparing the improvement rate of pre- vs. post-intervention on the specific 
area complying with Evidence-Based Intervention (EBI) specification.

i-Ntervene prototype was experimented on a Java programming course with 253 first-
year university students. Although there were only 2 instructors, with the support of the 
platform, they could successfully perform 7 learning behavior interventions and 5 sub-
ject understanding interventions on at-risk students. The effectiveness evaluation quan-
titatively revealed the performance of every intervention, which enabled the instructors 
to determine what approach worked in these particular course settings. This allows them 
to keep optimizing the course’s intervention in the long term.

Currently, i-Ntervene limited to learning activities stored in LMS. In the future, stu-
dent engagement data from classrooms could be included to enrich at-risk-student 
identification. Many educational science research aim to study classroom engagement 
by investigating interactions that actually happened in class. A well-known method is 
Flender’s Interaction Analysis, which manually collects classroom communication every 
few seconds and performs analysis to improve instructional delivery in class (Amatari, 
2015; Sharma & Tiwari, 2021). This feature can be adopted to enhance classroom partic-
ipation analysis allowing the platform to evaluate comprehensive student engagements 
in both online and offline aspects. In addition to including offline learning feature, an 
important area for future work in this study is to incorporate information that has been 
proven in educational research community to impact student success. The information 
includes temporal data, such as learning motivation and emotion, as well as static data, 
such as student demographics, background knowledge and learning style. This should 
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enhance at-risk-student identification and provide more informative support for select-
ing appropriate intervention approaches.
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