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Abstract

A significant body of recent research in the field of Learning Analytics has focused
on leveraging machine learning approaches for predicting at-risk students in order to
initiate timely interventions and thereby elevate retention and completion rates. The
overarching feature of the majority of these research studies has been on the science
of prediction only. The component of predictive analytics concerned with interpreting
the internals of the models and explaining their predictions for individual cases to
stakeholders has largely been neglected. Additionally, works that attempt to employ
data-driven prescriptive analytics to automatically generate evidence-based remedial
advice for at-risk learners are in their infancy. eXplainable Al is a field that has recently
emerged providing cutting-edge tools which support transparent predictive analytics
and techniques for generating tailored advice for at-risk students. This study pro-
poses a novel framework that unifies both transparent machine learning as well as
techniques for enabling prescriptive analytics, while integrating the latest advances in
large language models for communicating the insights to learners. This work demon-
strates a predictive modelling framework for identifying learners at risk of qualification
non-completion based on a real-world dataset comprising ~7000 learners with their
outcomes, covering 2018 - 2022. The study further demonstrates how predictive mod-
elling can be augmented with prescriptive analytics on two case studies to generate
human-readable prescriptive feedback for those who are at risk using ChatGPT.
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Introduction

Higher Education Institutions (HEI) are operating in an ever-increasingly competitive
and dynamic environment. The recently accelerated transition to online learning by
many institutions has been one of the key drivers of these emerging pressures. Within
this context, student retention rates have also become a prominent issue at HEI, as well
as concerns around student performance in general due to the prevalence of low grades
(Namoun and Alshangiti, 2020). Considerable research effort has been invested into
technological means to address these issues and the Learning Analytics (LA) field, in
general, has been an important vehicle for supporting these endeavours (Wong and Li,
2020).

Within LA, it is widely appreciated that predictive analytics tools that identify at-
risk students hold considerable potential to address these challenges at least in part, by
providing the ability for timely interventions to be initiated with at-risk learners which
can result in corrective measures being undertaken by them (Namoun and Alshangiti,
2020). However, in their survey of LA applications, Hernandez-de Menéndez et al.
(2022) conclude that LA technologies are generally not yet widely used in this sector
despite the evident potential they offer to HEI. Indeed, Jang et al. (2022) highlight
that despite the clear opportunities offered by the predictive analytics technologies,
the developed tools tend to persist only as research content. The authors posit that
to genuinely integrate the predictive analytics technologies into educational contexts,
barriers like educators’ general distrust in the tools, as well as the lack of interpretability
and visual representation of information accompanying them, need to be overcome
and are perceived as being some of the biggest obstacles. Rets et al. (2021) also point
out that learners will engage with a LA tools only if they can understand how the LA
system’s outputs regarding them are generated.

Predictive models themselves have over time become more complex and as a result,
they have assumed ‘black-box’ characteristics. Their complexity ensures that it is not
possible to apprehend how these models arrive at their predictions, and crucially, what
aspects of the learners’ behaviours are key determinants of their prognosticated out-
comes. This absence of model interpretability (how a model works) and explainability
of their specific predictions in turn negatively affects their utility, and ultimately results
in distrust by the stakeholders (Baneres et al., 2021).

According to Villagra-Arnedo et al. (2017), for a prediction model to truly be useful,
it ought to also do more than merely classify learners into risk categories. The authors
argue that the models should in addition offer interpretative characteristics from which
learners can gain insights into possible causes of their learning obstacles. The model’s
outputs ought to be communicated alongside the most consequential variables and
their values responsible for the predictions not only to validate its accuracy, but to
also avoid over-reliance by engaging critical thinking and attention to context and
situational factors that may impact the predictions. Transparency of this kind facilitates
the development of trust by all stakeholders in general and thus increases the prospects
of adoption. The greater interpretability of the predictive models enhances the tool’s
capabilities to support the dispensing of effective guidance towards resolution and
remediation to at-risk learners. In their recent systematic literature review of predictive
LA studies, Namoun and Alshangqiti (2020) also encouraged the pursuit of research
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into interpretability and explainability of the predictive models where the focus should
more heavily focus on developing explanatory aspects of predictions rather than the
development of models that merely forecast student outcomes.

In the most ideal setting, the analytics technologies used in the educational contexts
need to even go beyond interpretability and explainability properties, and should in
fact embody prescriptive analytics capabilities which leverage data-driven techniques
to communicate to learners precisely what remedial actions are most likely to result
in improved outcomes (Susnjak et al., 2022). While descriptive analytics answers
‘what happened?’ and predictive analytics addresses ‘what will happen?’, prescrip-
tive analytics tackles ‘how to make it happen?’ (Frazzetto et al., 2019). The power
of prescriptive analytics, therefore, lies in its ability to transform information into
implementable decisions. Liu and Koedinger (2017) highlight the importance of LA
tools which lead directly to actionability. Arguably, therefore, the most beneficial and
insight-rich form of analytics is found in the prescriptive data-driven outputs which
generate the greatest intelligence and value (Lepenioti et al., 2020).

Prescriptive analytics frequently uses machine learning in order to suggest at the
existence of possible causal relationships within the features describing learners, and
consequently, recommendations can be constructed from these outputs which can be
used as advice concerning which behavioural adjustments are likely to result in more
desirable outcomes. By offering tailored and evidence-based recommendations that
venture beyond generic advice, and are instead customised to each learner with specific
and measurable goals, more effective advice can be provided to support interventions,
which Wong and Li (2020) confirm in their recent review of learning analytics inter-
vention studies. Thereby, the prospects of positively affecting both retention rates and
student performances are consequently improved. Increasingly studies are emerging
that have highlighted the importance of LA tools which provide insights to learners
with a prescriptive component that are in the form of recommendations for guiding
learners (Valle et al., 2021) and this is an emerging research frontier.

While tailored learner recommendations in the form of everyday natural language
can be automatically constructed from the numerical outputs of prescriptive analytics
using natural language processing (NLP) tools, this is not straightforward. NLP toolk-
its and significant development efforts are required to develop reliable software which
produces grammatically correct natural language outputs based on variable numeri-
cal outputs. Given the recent advances in transformer-based large language models
(LLMs) such as ChatGPT, these technologies provide the capability to bridge this
non-trivial challenge.

eXplainable Al and LLMs

With the increased embedding of complex predictive models into contexts that were
previously dominated by human decision-making, the need has arisen for predictive
models to display a greater degree of transparency behind their mechanisms of reason-
ing. This is the case not least for establishing trust in them, but also from the perspective
of compliance. It is increasingly becoming a legal requirement across international
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jurisdictions' that the mechanisms behind any automated decisions affecting humans
be clearly explained to those affected by them. Wachter et al. (2017) also point out
the necessity of being able to contest decisions made by automated systems by those
concerned and to also have the opportunity to be informed with respect to the current
decision-making model as to what it would need to see change in their data inputs
to produce an alternative or a more desirable decision. Indeed, new technologies like
Counterfactuals (Wachter et al., 2017) enable the generation of precise suggestions
regarding the smallest set of adjustments that would need to occur in order for predic-
tive models to produce an alternative prediction.

It is for these reasons that a relatively new research field of eXplainable Artificial
Intelligence (XAI) (sometimes referred to as Interpretable Machine Learning) has
emerged. Some of the key aspirations of this field are focused on developing techniques
that address the high-level interpretability of opaque predictive models as well as on
devising tools that enable them to interrogate and extract explanations of how the
models arrive at given conclusions (Molnar et al., 2020). Meanwhile, there currently
exists a gathering research interest exploring prescriptive analytics where methods
are being developed that leverage data-driven approaches to generate evidence-based
actionable insights (Lepenioti et al., 2020).

From a technical point of view, model interpretability tends to pertain to the tasks
of making sense of a model’s internals generated post-training by a machine learning
algorithm. It usually concerns a level of clarity into the mechanics of a model at a
global-level, while explainability of models refers to extracting the reasoning behind
the model’s prediction for a specific learner in this context, which is referred to as
local-level explainability. Both perspectives on model behaviour are important and
serve multiple overlapping purposes. Model interpretability affords an institution the
ability to communicate to all concerned stakeholders how a predictive model works
in general terms using broad brush strokes. While local-level explainability of models
enables the validation of specific predictions to take place by student support teams
before interventions are initiated, it also enables clear responses to be given to affected
students as to exactly how and why they have been identified as being at-risk. However,
clues can also be gleaned from the local-level explanations into possible remedial
actions that can be suggested to the learners.

Tools and techniques supporting the goals of model transparency are reaching matu-
rity. SHAP (Lundberg and Lee, 2017) is a visualisation technique that is currently
recognised as being state-of-the-art in the field of XAI (Gramegna and Giudici, 2021)
for realising both global and local-level model transparency. The Anchors (Ribeiro
et al., 2018) technique has also been developed recently as a tool that imparts a high
degree of local-level explainability. The benefit of Anchors is that it produces human-
readable rule-based models which are succinct approximations of the behaviour of the
underlying complex models. However, a more advanced approach using Counterfac-
tuals, enables the analytics processes to surpass predictive capabilities and enter into
the prescriptive where this technique can be used to provide concrete feedback to the
learners regarding the modifications they need to make in their learning behaviour for
an alternative prediction to be generated. This study demonstrates the applicability of

I GDPR (Regulation, 2016) is one example.
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all three of these technologies for different steps of the proposed prescriptive analytics
framework.

Meanwhile, there have been significant advances in the field of Al and LLMs based
on transformers which are now approaching human-level capabilities for text genera-
tion and discourse. Driven largely by their ability to capture long-range dependencies
and contextual relationships in a text through the use of self-attention mechanisms,
models such as Google’s BERT (Devlin et al., 2018) and the latest GPT-series from
OpenAl, have achieved state-of-the-art results in various natural language processing
tasks, including text generation (Brown et al., 2020). These advances continue and
have been demonstrated by OpenAl’s latest ChatGPT model, which has the poten-
tial to translate complex analytics outputs into human-readable and actionable natural
language for learners and student advisors.

Research Contribution

This study presents a novel prescriptive analytics framework for supporting LA aims of
identifying and initiating both timely and effective interventions with at-risk students.
The proposed framework demonstrates how both predictive and prescriptive analytics
can be more fully leveraged than has previously been done. This study illustrates how
effective models predicting qualification completion outcomes can be developed using
machine learning and made transparent at both global and local levels to meet the needs
of all stakeholders. Furthermore, this work goes on to illustrate through case study
examples how prescriptive analytics tools can subsequently be utilised to automatically
generate specific prescriptive feedback which is translated into natural language with
the assistance of ChatGPT, providing suggestions that are evidence-based as well as
actionable.

Background

In the last two years, there have been numerous systematic literature reviews (SLR) in
the field of LA and Educational Data Mining (EDM) centring on predictive themes,
casting multiple perspectives onto the state of this field, and revealing where the focus
of the research efforts. Indeed, these works have identified current gaps, emerging
trends, and future aspirations which are brought out in the following sections.

Recent Survey Findings

An in-depth SLR was conducted by Namoun and Alshangqiti (2020), covering a total
of 62 relevant studies within predictive LA, in which they focused on three areas:
(1) ways in which academic performance was measured using learning outcomes and
subsequently predicted, (2) the types of algorithms used to forecast student learning
outcomes, and (3) which features are most impactful for predicting student outcomes.
The authors found that 90% of the studies predicted course-level outcomes, while
only three studies considered predicting programme/qualification-level outcomes. As
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part of their findings, they urged the research community to conduct further work in
predictive modelling, and more specifically, to do so at the programme level which they
described presently to be in its infancy. Meanwhile, the authors called researchers to
rise above simply predicting outcomes, and to also incorporate model interpretability
and explainability into their studies.

Albreiki et al. (2021b) likewise conducted an SLR consisting of 78 studies of rel-
evant EDM literature from 2009 to 2021 concerning predicting at-risk learners of
non-completion. The review indicated that only a handful of studies proposed means
for generating remedial solutions consisting of feedback that learners and educators
can use to address the underlying obstacles. The authors noted that future research will
place greater emphasis on devising machine learning methods to predict students’ per-
formance in general and will also augment this with automatically generated remedial
actions to assist learners as early as possible.

Another up-to-date survey by Xiao et al. (2022) examined almost 80 studies using
EDM to predict students’ performance and provided insights in line with previous
studies. The authors note that one of the deficiencies in this field is that very few studies
have attended to explore model interpretability and have thus neglected explanations
of the mechanics of predictions and the role that different features play in the predicted
outputs. Indeed, the authors stress that the use of model interpretability tools ought to
be one of the chief pursuits and the direction of future research in this field of study.

There were several other recently conducted reviews into LA and EDM studies.
Interestingly, these did not address the issue of model interpretability and explain-
ability, nor was there coverage of the use of prescriptive analytics tools indicating
that these approaches are not yet in wide use. Fahd et al. (2021) carried out a broad
meta-analysis of literature of 89 studies from 2010 to 2020. Their survey analysed
the application of machine learning approaches in predicting student academic per-
formance. Their primary focus was on considering what types of models were being
used in research at HEI, and their identification of trends centred around specific mat-
ters of how to achieve better predictive accuracies using machine learning. Similarly,
Batool et al. (2022) conducted a LA survey of some 260 studies over the last 20 years
on the topic of student outcome prediction. Similar to previous reviews, they focused
on highlighting the most effective features for this task and the types of algorithms and
techniques used, as well as data mining tools that are most frequently applied. How-
ever, the important issues of model interpretability and prescriptive analytics were not
raised.

Likewise, Shafiq et al. (2022) conducted an SLR covering 100 papers. Their focus
was again on predictive analytics, looking mostly at what was being predicted, what
kind of data was used, which sets of features were effective or otherwise, and what types
of algorithms were explored. The focus was essentially on ways to enhance the accu-
racy of predictive models but there was no coverage of techniques that extend beyond
mere predictions Instead, the recommendations emphasised that more ensemble-based
and clustering methods should be explored to predict the performance of students and
enhance the prediction accuracy. In the same vein, Tjandra et al. (2022) conducted
a comprehensive review of recent studies based on student performance prediction.
The review considered features and algorithms used, accuracies attained, as well as
commonly used tools. The authors concluded that there is still limited use of personal
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characteristics data such as psychological and social/behavioural features for develop-
ing student performance predictions and that future research should focus on including
these to address dropout rates. Finally, Hernandez-de Menéndez et al. (2022) investi-
gated the practices of 16 HEIs that have deployed LA projects, reporting that the results
of using LA in education have been positive. The authors found that these institutions
have mostly used LA technologies for student retention. These tools largely supported
strategies for identifying at-risk students through predictive analytics, which served as
a springboard for being proactive and initiating various types of interventions, which
some reported as resulting in improvements of up to 20%. The authors noted that the
implementation of LA in institutions requires consideration of benefits and challenges,
as well as time and resources in money, time, and experience, while also highlighting
that the full potential of LA is yet to be realised, with understandability of the systems
being a critical challenge that needs to be addressed.

A vast majority of the predictive models identifying at-risk students have focused
on course-level outcomes rather than on programme-level completions (Namoun
and Alshangqiti, 2020). Since course-level predictive models have tended to only be
deployed across subsets of all courses on offer, the likelihood of at-risk students
evading detection is therefore high. Thus, there is high utility in pursuing programme-
level completion predictions. Though prior works in the prediction of programme
completions are very rare, those that exist have generally followed an outcomes-
based approach, which breaks down all constituent parts of programme-level outcome
requirements into course outcomes first, and subsequently proceeds to map them all
to programmes. These types of bottom-up predictive models then operate on the level
of course-level outcomes and these predictions are combined to generate programme-
level outcome predictions. Examples of this approach are (Dandin et al., 2018), as well
as (Bhatia et al., 2017) and (Bindra et al., 2017) who likewise developed programme-
completion prediction models and claimed to achieve accuracies in the upper ranges
between 90% and 95% using various techniques from the WEKA data mining toolkit.
More recently, Gupta and Ghosal (2021) followed a similar approach in first deter-
mining course-level outcome predictions and mapping these to programmes, before
determining overall outcomes. Such systems embody a great deal of complexity and
appear to have been mostly research prototypes since productionisation and long-term
maintenance of these approaches in a dynamic setting are questionable with respect
to sustainability.

Model Interpretability in LA

Model interpretability is not only important for building trust, meeting compliance and
extracting maximal value from predictive systems, but it is also vital for developing
accurate predictive models. Feature engineering and selection tasks are more critical
to the success of machine learning models than the choice of algorithm or the size
of the datasets used (Domingos, 2012). While a wide range of features for predicting
student performance have been used in literature, there is still a lack of clarity on which
specific features are most effective and how they interact to influence the attainment of
course and programme outcomes (Namoun and Alshanqiti, 2020). Therefore, tools and
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approaches that specifically illuminate the influence and the behaviour of the models
in terms of the underlying features, are important. In one of the earliest studies into
methods of illuminating the predictions of black-box models for learners, Villagra-
Arnedo et al. (2017) developed a set of proprietary graphical tools to exploit the output
information and provide a meaningful guide to both learners and instructors. Dass
et al. (2021) develop dropout prediction models for students in a MOOC course and
did strive to gain a deeper understanding of the effectiveness of the various features to
support accurate predictions, as well as to predict the point in time when the students
were likely to drop out. Similarly, Jang et al. (2022) demonstrate the usage of some
limited aspects of XAl techniques to assist in interpreting the classification results of
the models which were designed to identify at-risk students. The study paid particular
attention to selecting features that were relevant to stakeholders. Overall, however,
no study has considered comprehensively addressing interpretations of models, their
individual predictions and converting their predictive reasoning into understandable
outputs.

Prescriptive LA Systems

Jenhani et al. (2016) developed one of the earliest automated remedial prescriptive
systems which leveraged machine learning. The system was designed in such a way
that a separate classification model was trained on a remedial action dataset describing
historical data based on experts’ and instructors’ actions to improve the low learning
outcomes. The types of predictive outputs that the system made as suggestions for
at-risk students were: revise a concept, attempt extra quizzes, solve specific practice
examples, take extra assignments, etc. All these prescriptions were at a generic level.
Elhassan et al. (2018) extended this work further to enable the system to recommend
a set of remedial actions to address specific shortcomings rather than a single action
as previously.

Albreiki et al. (2021a) developed predictive models for at-risk students which they
combined with a customised system that enabled the instructor to set various thresholds
and weights alongside the predictive models. Based on the configuration and the
outputs of the predictive models, the system would then select from a predefined list
of remedial actions the most suitable one.

Most recently, Susnjak et al. (2022) proposed a student-oriented LA dashboard
which apart from using descriptive and predictive analytics, also demonstrated a pro-
totype of how to integrate interpretability and explainability aspects of the predictive
models, as well as the automatic generation of feedback based on prescriptive analyt-
ics.

Summary and Research Aims

From this literature review, several conclusions can be drawn. The literature indicates
that the use of predictive analytics within the LA field is widespread and on the rise. The
literature points to an acute gap in the current research concerning the use of predictive
analytics tools which enable interpretability and explainability of the models. The bulk
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of the research is still largely focused on devising means of more effectively predicting
various outcomes. On the whole, there is a lack of rigour in exploring how predictive
models work at a high-level and which features are the driving factors in predictive
outcomes, as well as how models work at a granular level when making predictions on
individual cases. There is a general absence of XAl tools in usage which enable these
types of analyses. Much less is there any evidence that there exists the use of data-
driven prescriptive analytics. Examples of human-initiated prescriptive systems exist,
but none which provide automated and tangible remedial advice to at-risk students that
is based on data-driven analyses. Thus the conversion of predictions into actionable
insights is broadly missing from the literature at this point.

There is therefore a need and an emerging requirement to begin to implement pre-
dictive analytics systems with responsible and accountable characteristics. These LA
systems ought to have embedded transparency that is enabled by an expressive set
of technologies, while venturing beyond the predictive realm and ideally being aug-
mented by prescriptive tools that assist learners in addressing their challenges. Unless
an effective predictive system can be matched with the reasoning behind its deci-
sions surrounding the underlying variables, and suggestions about concrete pathways
for moving forward, these systems will only ever have constrained capabilities and
limited uptake.

To that end, this work proposes a prescriptive learning analytics framework that
attempts to address the outlined gaps. This work defines a step-by-step process for
building predictive models and highlights ways for enhancing them with various levels
of interpretability, while ultimately showing how prescriptive analytics can com-
plement the entire process. This work demonstrates the proposed framework using
programme/qualification completion predictive models and maps each step of the
framework with specific technologies while showing the practicality of the frame-
work with use case scenarios.

Proposed Framework

The proposed Prescriptive Learning Analytics Framework (PLAF) is outlined here
and depicted in Fig. 1. The figure portrays the two key components, namely predictive
and prescriptive phases, as well as the process flow of the various steps comprising the
framework. The framework assumes that the data identification and acquisition steps
have already been completed. Each step in the framework is discussed in turn.

The initial Step (1) assumes that the raw data has been cleaned and preprocessed
to support subsequent analyses. Here, all relevant exploratory data analyses are per-
formed, and an investigation into the reliability of the data. This includes investigating
the prevalence of missing values, together with methods to impute them if neces-
sary. Additionally, the ability of the existing data to support deeper analyses of the
subsequent phases is conducted here.
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Fig.1 The Prescriptive Learning Analytics Framework (PLAF) highlights each step in the process

Predictive Analytics Phase

Predictive analytics begins with the feature engineering Step (2). Here the researchers
are guided by domain knowledge for creating new features from the raw data with
the motivation that the derived features amplify the signal in the data which will
then increase the accuracy of the machine learning models. This process is creative
and involves considerable trial-and-error in conjunction with subsequent steps in the
framework.

A selection of new and original raw-data features is subsequently used to develop
predictive machine learning models in Step (3). Multiple algorithms representing a
wide variety are used to develop competing models. This is necessary since no one
algorithm outperforms the rest across all possible domains and datasets”. The com-
peting algorithms are tuned with respect to their hyperparameters to ensure that the
model training is not misspecified, thus entailing an iterative approach. The models
are robustly evaluated against a variety of metrics to identify the best candidate out
of the competing models. In case of insufficient model accuracy, new features may be
required, thus returning to Step (2).

All models are by definition a simplification of some phenomenon. However, as
machine learning algorithms become more sophisticated, the induced models in turn
become uninterpretable. The subsequent steps in the predictive analytics framework
aim to expose the opaque mechanics of black-box models. This is achieved by simulat-
ing the behaviour of the primary model and in effect constructing a model-of-the-model
which is a simplification of the original while having human-understandable charac-
teristics. These second-order models are commonly referred to as surrogate or proxy
models.

2 No Free Lunch Theorem (Wolpert and Macready, 1997)
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In Step (4), the selected best-performing model is evaluated for interpretability.
This step has a two-fold purpose. First, during the development stage, it serves as
another means for achieving model validation by the researchers. However, more
important for the current context, is that in this step the global-level mechanics of the
model’s behaviour can be revealed. In this step, analytics tools are used that depict
which features are the key drivers of predicted outcomes, and how the various feature
values positively or negatively impact the final predicted outcomes. The outputs of
this step are communicated to key stakeholders so that trust in the black-box models
can be fostered and the predictions relied upon. If the interpretation of the models
raises concerns about the validity of the models and the underlying features, then the
process returns to Step (2), and new features may need to be engineered.

In Step (5), we transition towards local-level explainability of the model by inter-
rogating it on how precisely it has reasoned to classify a specific learner with a
given outcome. The information in this step becomes particularly meaningful for
two reasons. First, the academic advisors who manage interventions are able to gather
information and gain a deeper understanding of which factors for each learner are
the contributing factors to their predicted negative outcome. This step is also critical
for legal compliance aspects where affected stakeholders have the right to understand
how the autonomous decision-making systems have arrived at particular conclusions
about them (Mathrani et al., 2021).

At this stage, the limits of what predictive modelling can offer are reached. Seeking
to understand what exactly can be done to maximise better outcomes belongs within
the scope of prescriptive analytics.

Prescriptive Analytics Phase

In prescriptive analytics, the aim is to leverage techniques like machine learning models
to perform counterfactual or what-if simulations. The end goal is to use the outputs
of the simulations as a basis for automatically generating evidence-based feedback
to learners concerning adjustments to their learning behaviour which may result in
improved outcomes. The simulations entail specifying an alternative outcome for a
given learner to the one that the predictive models have arrived at. In this study’s
context, we are seeking to define a new target outcome of a ’successful qualification
completion’ for an at-risk learner. The counterfactual modelling in Step (6) takes the
predictive model and uses it to uncover a set of minimal changes that would need to
take place in the learner’s feature values for the desired outcome to be predicted for a
specific learner. Naturally, for this to be useful counterfactual modelling needs to be
performed using features upon which actionable steps can be taken. This means that a
set of target features need to be selected like: engagement levels with the VLE, average
assignment marks and the total number of on-time assignment submissions etc. The
counterfactual modelling step is flexible. New models can be developed at this stage
solely for this task whereby more actionable features are used, and immutable features
like demographics (eg. learner age) are removed. Counterfactual outputs need to be
configured to model changes only in the selected features upon which advisors desire
to base their feedback. Additionally, each feature in this modelling process needs to
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be constrained within a range of values for them to be varied to generate feasible and
realistic pathways to a desirable predicted outcome. Several possible pathways towards
an alternative outcome for a learner can be generated and not all will be feasible. The
unrealistic pathways need to be filtered and discarded.

Once the most realistic pathways have been selected, the next Step (7) entails
two parts. The first requires that the engineered feature values be converted back
into raw values so that they become interpretable and actionable for the learner. This
step, therefore, has a dependency on Step (1) in the framework where the raw values
reside and enable the engineered values can be converted back to them. The second
part converts the numeric values into natural language text which can be dispensed
to learners either directly via LA dashboards and emails or through conversations
with academic advisors. Converting the counterfactual outputs into a human-readable
format also makes the prescriptive feedback more usable for the academic advisors
for the task of filtering and selecting the most suitable prescriptive feedback from
all the candidate options. This study proposes that the conversion is performed using
ChatGPT and automated using available APIs. In order to prime the LLM to generate
appropriate text, it is first necessary to devise an ideal template response and to extract
the feature names and their values into a structured formal, such as JSON, from
which prescriptive feedback text can be constructed. An example of ChatGPT prompt
engineering, a response template and the JSON object are provided in the case study.
Once the prescriptive feedback has been generated and the most suitable selected, then
the intervention can be initiated - Step (8).

Methodology
Dataset
Setting:

The data was acquired from an Australasian HEI. The data was sourced from the insti-
tution’s Student Management System (SMS) and the Virtual Learning Environment
(VLE) - Moodle. The dataset consisted of undergraduate students who commenced
studies from 2018 through 2022 and who either completed or abandoned their studies
during this period. The two categories of outcome represented an evenly balanced tar-
get variable where the total number of completed learners accounted for 52% (3693),
and those who abandoned their studies comprised 48% (3415).

Predictive problem formulation:

The target prediction variable was programme/qualification completion. Given the
nature of the underlying data, each student represents a data point at a given point in
time denoted by the academic year. Most students are enrolled over multiple academic
years of their programme, and therefore the dataset represents students as snapshots
across each of their years of enrollment. For example, if a student was enrolled in a
three-year bachelor’s qualification with ultimately a successful completion, then the
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student would be represented in the dataset with three data points and each would be
designated the target variable of ’completed’. As a result, the total dataset consisted
of 14918 data points. The learners who completed their programme of study com-
prised 72% (10736) of all data points since they enrolled in multiple academic years,
while non-completion learners comprised 28% (4182), thus making the final dataset
relatively unbalanced.

Given the nature of the dataset with a learner’s educational journey represented
by multiple data points, the predictive problem, in this case, was both formative and
summative. In the formative approach to the prediction of learner outcomes, students’
outcomes are considered at various checkpoints of their studies of their journey towards
completion. However, in the summative prediction, the learner outcomes are predicted
atthe end of the qualification or semester when course-level predictive models are used.

Features:

The features used to describe each learner at a particular point in time can be grouped
into four broad categories. These categories are learner academic performance and
learning behaviours, as well as the more immutable learner characteristics data. Addi-
tionally, these features were augmented with the characteristics of the programme
into which they enrolled. The distribution of the top 10 programmes by enrollment
volumes can be seen in Fig. 2.

Once the data was prepared (Step 1), raw feature values were engineered to extract
new derivative features to create more descriptive feature values - Step (2). In order to
draw out more value from the raw behavioural and academic performance features such
as a learner’s average grade or the number of online learning resources they accessed,
these were transformed and relativised to the learner’s cohort. This conversion made the
feature values more generic, contextually meaningful and comparable across different
cohorts who study different courses/programmes that have different means and spreads
across various features. To achieve this, each course-specific feature was transformed
into a normalised value using z-score standardisation. This conversion converted the
learner’s absolute and mean values for a given feature into a form that captures the
degree to which it deviates from the learner’s cohort. The utility of this approach
to creating course-agnostic features was underscored by Ramaswami et al. (2022).

Students enrolled by Programme of Study

Bachelor of Business

Bachelor of Arts

Bachelor of Science

Bachelor of Nursing

Bachelor of Design with Honours
Bachelor of Communication

Bachelor of Information Sciences
Bachelor of Construction

Bachelor of Creative Media Production

Bachelor of Health Science
0 500 1000 1500 2000 2500

Enrolled Students

Fig. 2 Distribution of students by ten most popular programmes
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The z-score calculation Formula (1) denotes x as the value being converted, © and o
represent the mean and the standard deviation of all the values of x:
X —
o

ey

In essence, the value of the z-score communicates how many standard deviations
a given value is from the mean. For a z-score equal to 0, it implies that the value
is directly on the mean. A positive z-score signifies that the raw x value is above
the mean and the opposite holds for negative z-scores. The z-score values possess
a greater descriptive power leading to more accurate machine learning models, but
this comes with the cost of lower interpretability. All features used in the study are
summarised and described in Table 1, with engineered features representing Step (2)
being identified with J.

Z — Score =

Predictive Machine Learning
Algorithms:

A wide variety of algorithms from a broad range of machine learning families of
techniques were used for the experiments to generate candidate models as part of
Step (3). These consisted of Scikit-learn (Scikit-Learn, 2021) Python implementations
of Random Forest (RF) (Breiman, 2001), K-Nearest Neighbour Regression (kNN)
(Cover and Hart, 1967), Naive Bayes (NB), Support Vector Machines (SVM), Gradient
Boosting (GB), Logistic Regression (LR), Decision Tree (DT) and CatBoost (CB)
(Prokhorenkova et al., 2017)3. Two baseline models were used for demonstrating the
predictive value of the candidate models, namely, the stratified random guessing model
(Baseline 1) as well as the mode (Baseline 2). Feature selection was also conducted in
Step (3) in conjunction with experimentation with various algorithms, and the feature
subset selection was based on feature importance outputs together with an evaluation
of their effects on the generalisability of the models.

Data Preparation:

In cases where there were missing values and the underlying algorithms required the
presence of all values, these were replaced with zero. For algorithms that required all
values to be numeric, Binary Encoding of categorical values was used which produced
more concise feature sets and reduced the likelihood of overfitting®.

Training Approach and Hyperparameter Tuning:

Training was performed in such a way as to prevent data leakage from occurring
which would compromise the validity of the predictive modelling results. Given that

3 This is a non-scikit-learn catboost 1.0.6 implementation found here: https://pypi.org/project/catboost/

4 CatBoost was the only algorithm in the suite of techniques used which did not require the imputation of
missing values and the encoding of categorical values into numeric data types.
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each learner is potentially represented by several data points, the experimental design
involved applying train/test splits in a manner that ensured all data points from a given
learner were either in the training or the test set.

All algorithms possessing consequential hyperparameters were first tuned using
Random Grid Search in conjunction with a 5-fold cross-validation approach. The best
performing hyperparameters were then used on a separate 10-fold cross-validation
process to collect the estimated generalisability scores. The range of hyperparameters
for each algorithm and the best performing values can be seen in Table 2. The final
predictive models were evaluated using the overall F1-measure due to the unbalanced
target variable. F1-measure calculates the harmonic mean of Precision and Recall
values. However, for completion, the Area Under the Curve (AUC), Accuracy, Recall
and Precision metrics are also reported separately as an average value across all test
folds, together with their dispersion in the form of the standard deviation.

Explainable Al Tools

SHAP (SHapley Additive exPlanation) which is based on Shapley values (Shapley,
1953) drawn from game theory literature, was used to generate global interpretabil-
ity defined in Step (4), as well as local model explainability required for Step (5),
addressing both the “how” and “why”” questions around model behaviour respectively.
In addition, the Anchors tool was also used in Step (5) alongside SHAP. Both tech-
niques approach the generation of new surrogate models approximating the behaviour
of the original “black-box” models differently and offer complementary insights. The
advantage of SHAP lies in its detailed quantification of effects that each feature and
their values exert on the final prediction, while Anchors reduces a black-box model
into a human-readable set of predicates resembling a degenerate decision tree.

For the prescriptive analytics phase, the Diverse Counterfactual Explanations
(DiCE) (Mothilal et al., 2020) technique was used in Step (6) to simulate what-if
scenarios and generate candidate prescriptive feedback suggestions. DiCE can gen-

Table 2 Optimal hyperparameters resulting from random search tuning

Algorithms Optimised hyperparameter values

SVM kernel=rbf, gamma=0.0001, C=1000

Decision Tree max_depth=10, criterion=entropy

Logistic Regression solver=liblinear, penalty=12, C=336

CatBoost depth=7, iterations=150, learning_rate=0.07

kNN weights=distance, p=1, n_neighbors=5, metric=chebyshev,
leaf_size=20

Random Forest n_estimators=200, min_samples_split=2, max_features=auto,
max_depth=9

Gradient Boosting subsample=0.85, n_estimators=500, min_samples_split=0.47,

min_samples_leaf=0.115, max_features=sqrt, max_depth=5,
learning_rate=0.2, criterion=mae
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erate counterfactuals for many machine learning models, approaching the task as an
optimisation problem. However, counterfactual modelling is a challenge and needs to
be configured in such a way that, firstly, the features used are relevant for a learner and
represent learning behaviours that can be adjusted, and secondly, the suggested action
must be feasible and practical (Poyiadzi et al., 2020). To that end, a new underlying
machine learning model was generated using an alternative set of features comprising
predominately mutable features which would support the development of actionable
feedback’. These features can be seen in Table 1 under the Prescriptive Modelling
column. However, the counterfactual modelling was further configured to exclusively
rely on features upon which prescriptive advice was to be based. Table 1 therefore
shows features that were used for creating a new prescriptive model as denoted by
(O°, and features that were used for both modelling and for generating counterfactuals
@. Secondly, the features used for counterfactual modelling have been constrained to
fall within feasible and realistic ranges. Finally, once the candidate counterfactuals
were generated, these were then converted into human-readable text as indicated in
Step (7).

Framework Evaluation

The quantitative component of the framework concerning predictive analytics is eval-
uated through empirical experiments that demonstrate the accuracy of the generated
models, which also validate the efficacy of the engineered features (Steps 2 - 3).

The remaining parts of the framework are qualitative. Steps 4 and 5 are evaluated by
assessing the suitability of the tools to visually convey the mechanics of the underlying
model and to establish its reasonableness. A case study using two hypothetical students
is used to evaluate in detail the model behaviour in explaining its predictions for Step
5. The same case study examples are then carried through to the prescriptive analytics
component (Steps 6 - 7), where several prescriptive feedback suggestions are generated
for each student, and subsequently converted into human-readable text for assessment
of their feasibility.

Results

The efficacy of the candidate predictive models to identify learners at risk of pro-
gramme/qualification non-completion is evaluated initially, and the best algorithm for
this dataset is identified (Step 3). The characteristics of the best-performing predictive
model are next examined to interpret its mechanics (Step 4). A case study involv-
ing two hypothetical students with non-completion predictions is then conducted to
demonstrate how model explainability can be leveraged to interrogate the models
about their reasoning for arriving at given predictions (Step 5) - two approaches to
achieve this are presented. The application of prescriptive analytics is subsequently

5 Some compromise in the accuracy of the new model that is trained on a subset of features can be expected.

6 Features like ‘Age Description” were used because they help stabilise the accuracy of the model used for
counterfactuals. Use of only ‘actionable’ features tended to produce weaker models.
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demonstrated using the same two hypothetical students for illustrative purposes. The
capability of counterfactual modelling (Step 6) to derive potential prescriptive feed-
back for learners is then shown. Finally, the conversion of the prescriptive feedback
into human-readable text suitable for learners (and advisors) is demonstrated (Step 7).

Predictive Model

Table 3 summarises the generalisation performances of all candidate models across
several evaluation measures. The results indicate that overall, the models have achieved
a high level of efficacy for predicting whether a learner would eventually complete or
abandon their studies. The preferred F1-measure on the unbalanced dataset indicates
that the values range from 92% to 95% and represent a significant improvement over
the baseline models. The table highlights the importance of reporting the accuracies
of baseline models so that the genuine value of the predictive models with respect to
various forms of random guessing can be quantified. On average, the best-performing
algorithm for this dataset is CatBoost, which is slightly better than Random Forest.
Some of the performance advantages of CB can arguably be attributed to its inherent
ability to handle both missing values and categorical data directly in contrast to the
other algorithms in these experiments.

Model Interpretability

Having determined the efficacy of the model to identify students at risk of programme
non-completion, the global-level interpretability of the best-performing CatBoost
model is next examined. Figure 3 depicts SHAP’s perspective of the model’s dynamics.
Two key components are shown. The first lists features in their order of importance,
from highest to lowest in terms of the impact they exert on the eventual prediction. It
can be seen that the learners’ current full-time status, their prior activity with respect

Table 3 Predictive accuracies of all candidate models listed in a descending order of estimated generalis-
ability using the F1-measure

Algorithm Fl-measure Accuracy AUC Recall Precision
CatBoost 94.5 +£0.6 92.0 +£0.7 88.3 £0.6 96.7 +£0.7 92.5 +£0.7
Random Forest 93.9 +£0.6 90.9 +£0.9 85.6 £1.2 97.7 £0.5 90.4 £1.0
SVM 93.8 0.6 90.7 +£0.9 85.8 £1.2 97.1 +£0.7 90.7 £1.1
Logistic Regression 93.5 +0.8 90.3 +1.1 855+14 96.5 +0.8 90.7 1.1
Decision Tree 93.0 +0.6 89.6 £0.8 84.1 £1.3 96.6 0.4 89.7 £1.1
Gradient Boosting 92.9 +0.5 89.4 £0.7 84.4 £0.8 95.9 +0.8 90.0 +0.7
kNN 92.9 £0.7 89.3 £0.9 83.5+£12 96.8 +0.5 89.3 £1.1
Naive Bayes 91.5 £0.6 87.6 £0.8 83.2+09 93.2 £0.7 89.9 +0.8
Baseline 2 83.7x1.0 719 £1.5 50.0 £0.0 100.0 £0.0 719 £1.5
Baseline 1 72.0 £0.9 59.6 £1.0 49.6 £1.0 724 £1.7 71.7 £1.0
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Fig. 3 SHAP summary plot showing the high-level behaviour of the CatBoost model. Most impactful
features are shown from top to bottom

to the current academic year, the mean grade mark, together with the number of failed
papers are the most impactful features.

The second component in the figure offers an additional dimension concerning the
interpretability of the model. Here we observe how an increase or decrease in feature
values affects the final prediction. The colour gradients represent increasing (red) and
decreasing (blue) feature values, while grey represents categorical values. The x-axis
depicts SHAP values. Data points with a positive SHAP value (appearing to the right
of the vertical zero line) have a positive impact on the predictions, in other words, they
contribute towards driving the prediction towards programme completion predictions.
Conversely, the points with a negative SHAP value (to the left of the vertical zero line)
influence the prediction towards programme non-completion. The extent of the points
from the vertical line signifies the magnitude of the effect that they contribute to the
final prediction.

In the figure, it can be observed that the full-time study status (value 1) has a
positive effect on completion predictions, while part-time (value 0), has the opposite.
Learners’ mean grade has an unsurprising effect; however, a nuanced interpretation can
be extracted from the plot where one can deduce that lower grade averages have more
of a negative predictive outcome than high grade-averages have on positive outcomes.
A similar interpretation can be made regarding the number of failed papers. A large
number of failed papers has more of a negative predictive effect than having no failed
papers has on positive predictive outcomes.
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In general, elevated assignment scores and submission counts are predictive of
positive outcomes. Learner engagement with the VLE conveys a more mixed picture.
VLE pages viewed and the number of online quizzes taken have a positive effect;
however, forum post creation counts are ambivalent, while the reverse holds for the
number of forum posts read. As the number of qualification credits increases, the
effect is stronger for negative outcomes, while the reverse holds for the learner’s age.
Possessing previous studies (value 1) indeed has a more positive effect than otherwise
(value 0), while the on-campus study mode (value 1) is associated with more negative
qualification outcomes than studying online (value 0).

By considering both the feature importance ranks and how the feature values affect
the final prediction, it is possible to validate the model against an expected behaviour
and communicate its mechanics in a simplified form to all stakeholders. The behaviour
of the examined model confirms that it is reasonable and thus valid.

Model Explainability

Having achieved interpretation and validation of the predictive model, the next step is
to examine the model behaviour at an individual (or local) prediction level. SHAP as
well as Anchors are used in this step. To demonstrate this, two hypothetical students
are used - Student A and Student B. Both students have been predicted by the Cat-
Boost model with non-completion outcomes, with the probability of 97% and 90%
respectively.

Figure 4(a) shows the top nine features and their values for Student A on the y-axis,
rank-ordered by influence on the final prediction. Informally, the figure can be viewed
and interpreted as a tug-of-war. The mid-line represented with the value of 1.823 is
the expected or the average SHAP value of all the predicted data points. A final SHAP
value to the left of this line represents a non-completion prediction and alternatively,
the values on the right side denote positive outcome predictions. Blue bars represent
the forcing effects towards negative predictions, while red the opposite. The size of the
bars represents the magnitude of the forcing of the corresponding features and their
values. These graphs are best interpreted from the bottom up. The topmost feature
represents the final SHAP value that includes all feature contributions.

Figure 4(a) shows that the least significant 11 features collectively have an influ-
ence tending towards negative outcomes to the left of the 1.823 value mid-line. This
increases with each of the features except for the student’s learning behaviour for
on-time assignment submissions, which has a positive effect.

Model reasoning is depicted in Fig. 4(b) for Student B. Similar patterns are observed
with the exception that this student is a returning learner (prior activity is "university
student’) and that the student’s mean grade is 66%, which have a strong positive
influence on the final prediction. However, in totality, the majority of the features are
forcing the prediction towards negative outcomes, and this is where they ultimately
settle. The utility of the SHAP tool to visually explain its reasoning to academic
advisors pre-intervention as well as to other relevant stakeholders is demonstrable
through these examples.

7 An alternative technology for this is LIME which has some additional advantages.
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Fig.4 SHAP force plot for Student A and B depicting the effects that their feature values have on the final
prediction outcome

While SHAP provides a detailed visual perspective into the model mechanics, some
occasions will require that a more succinct and simplified explanation of a prediction
is communicated. This can be achieved using Anchors. Figures 5(a) and 5(b) show
how the complex predictive model can be reduced to the most essential and explained
in a more simplified manner for both Student A and B respectively. The figures show
that the prediction model has been re-cast as a rule-based decision tree consisting of
only three conditions, which result in a non-completion prediction if they all hold true.
Student A and B’s actual values for the three features are shown in the first column
with the conditional statements and their thresholds for each feature shown in the
second column.

In both cases, the Anchor surrogate model has identified and used the number of
papers failed as one of the reasons for a negative prediction. For Student A, the fact
that the student has a low average grade of 53% while undertaking a commitment to a
programme that is higher than the standard bachelor’s qualification (360 credits), has
been used as further conditions for the classification as non-completion. In the case of
Student B, the fact that the student has already withdrawn from papers in the current
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Actual Value Student A Proxy Prediction Rule Predicted Outcome
2 IF Papers_Failed_For_Student_Academic_Year > 1 AND
53 Grade_Mark_Mean <= 60 AND Non-Completion

480 | Programme_Credits_Required > 360 THEN

(a)

Actual Value Student B Proxy Prediction Rule Predicted Outcome
2 IF Papers_Withdrawn_For_Student_Academic_Year > 0 AND
1 Papers_Failed_For_Student_Academic_Year >0 AND Non-Completion
(b) O(PT) = Current_Full_Time_Status <= 0 THEN

Fig.5 Proxy model explanation of predictions for Student A and B

academic year and is presently a part-time student, has created conditions for a non-
completion predicted outcome. These forms of model simplifications serve as effective
and suitable tools for communicating to affected learners how exactly they have come
to be identified as being at-risk, thus meeting the requirements of transparency and
responsible use of predictive analytics.

The generation of surrogate models as demonstrated above already hints at possible
prescriptive suggestions which can be constructed from them. Indeed, there is a poten-
tial to do this, however, a more data-driven and robust method ought to be pursued
which considers the interaction of the features and their effects in a more principled
approach. This is where prescriptive analytics tools make their contribution.

Prescriptive Modelling

Counterfactual modelling is used in this step to generate a set of possible pathways
for a specific learner that would lead them to a positive outcome prediction. In more
precise terms, here we are looking at several possible sets of minimal adjustments
to selected feature values which would result in an alternate outcome for a student
who is predicted to be on track for non-completion. This type of what-if modelling is
demonstrated for Students A and B in Fig. 6.

Figure 6 depicts both the most concise set of features and the smallest required
adjustments in their values which would be needed for the selected students to toggle
their predicted outcome to a successful completion. The first column lists the selected
features by the counterfactual model, and the next column shows the actual values for
each of the hypothetical students, followed by three sets of counterfactuals from which
automated and data-driven Prescriptive Feedback (PF) advice can be generated. In each
PF set, only three feature values have been varied. The dash represents no required
changes to the actual values.

In Fig. 6(a), it can be seen that modest increases to the grade average have been
identified as a pathway to completion for Student A, together with a switch to a
smaller programme of study, as well as a mixture of adjustments to the online learning
engagement behaviours. In the case of Student B, Fig. 6(b) shows multiple pathways
towards completion if the study mode is changed to full-time as well as to online mode
on another occasion. Pathways exist through some modifications in online learning
behaviours, while no adjustment is needed to be made for the grade average of 66%.
Interestingly, the qualification percent completion feature has been identified in the
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Student A
Actual PF1 PF2 PF3
Values

Current_Full_Time_Status 0 (PT) 1(FT) G :

Grade_Mark_Mean 53 55 55 55

Programme_Credits_Required 480 - 120 60

Online_Learning_Quiz_Taken_Count_Zscore -0.7 0.6 =

Online_Learning_Forum_Post_Read_Count_Zscore =) o 0.6 =

Online_Learning_Pages_Viewed_Count_Zscore 2.9 = z 0.6
(a) Predicted Outcome @ Non-completion Completion Completion Completion
Student B
Actual PF1 PF2 PF3
Values
Current_Full_Time_Status 0 (PT) 1(FT) - 1(FT)
Current_Student_Mode_Numeric = 1 (on-campus) - 0 (online)
Grade_Mark_Mean 66

Online_Learning_Submitted_Assignment_Zscore -1.8 - - 1.5

Online_Learning_Pages_Viewed_Count_Zscore 0.3 1.2 1.1 -
Total_Qualification_Percent_Completed 4.1 8.2 8.2 8.2

( b) Predicted Outcome = Non-completion ~ Completi Completi Completion

Fig. 6 Depiction of three sets of Prescriptive Feedback (PF) options generated using counterfactuals for
Student A and B

case of this student as being potentially helpful. In all three PFs, it is observable that
if the student succeeds in completing 8.2% of their programme, up from the current
4.1%, then this also suggests that positive outcomes become more likely.

From this, it becomes immediately apparent that z-score values and percentages of
completion carry with them very little meaning and actionable potential on behalf of
the target learners as well as for the academic advisors. It is for this reason, that the
engineered features need to be converted back into original raw values which will then
make them practical.

Remedial Advice Generation

The final step in the proposed framework performs two types of conversions. The first
converts the engineered features chosen by the counterfactuals into raw values so that
they are meaningful to the learners. The second step invokes ChatGPT via an API and
converts the candidate PFs into a natural language form which can then be dispensed
to students.

The result of converting PF counterfactuals into natural language can be seen in
Fig. 7 for Student A and B. The feedback consists of two parts. The first part contex-
tualises the learner’s current status for key features that will be the basis for suggested
remedial interventions and expresses their values. The second part suggests to the
learner what changes to the specific features are likely to result in an alternative pre-
dicted outcome. The figure shows that both the z-scores and the programme completion
percentages have been converted into meaningful values which are now actionable and
measurable. This underscores the dependence between Step 7 and Step 1 in the pro-
posed framework for the conversion of engineered values to raw values.
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You are currently a part-time student studying towards a 480 credit
Degree with an average grade of 53%. On average, you access 3 online
course materials, participate in 2 quizzes, and read 3 forum posts per
week. In order to maximise your prospects for successfully completing
your studies, we suggest you consider:

PF1 PF2 PF3
You are currently a part-time student studying on-campus with a current
average grade of 66%. We see that you have completed 1 course and have
an average assignment score of 59%. On average, you access 12 online

course materials weekly. In order to maximize your prospects for
successfully completing your studies, we suggest you consider:

4 ! v
M -

Fig. 7 Depiction of the conversion of three sets of Prescriptive Feedback (PF) options into contextualised
and human-readable student advice via ChatGPT, for Student A(a) and B(b), showing derived values from
counterfactuals in bold

(a)

The conversion of the counterfactuals into natural language feedback is performed
via ChatGPT and can be automated with existing APIs. Generating suitable prescrip-
tive feedback using ChatGPT requires a systematic approach to prompt engineering
that involves three parts. Firstly, itis necessary to provide ChatGPT with a well-defined
prompt that outlines the purpose and scope of the feedback request. This prompt must
be unambiguous in terms of the information that needs to be extracted and the context
in which the feedback is being generated. Figures 8 and 9 show how the prompts
are devised and situated within the queries for the first and second parts of feedback
generation respectively.
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Prompt 1. The following text is an example template of feedback given to students:

"You are currently a full-time student studying towards a 360 credit Degree with
an average grade of 53%. We see that weekly, on average you access 3 online

Template course materials, and participate in 2 quizzes, while reading 3 forum posts. In

order to maximise your prospects for successfully completing your studies, we

suggest you consider: “

Now, use the data in the JSON object below and extract the value pairs in order to create
Prompt2.] new student feedback based on the template above:

" study status : part-time,
study mode: on-campus,

current average grade : 66%,
JSON
courses completed : 1,
average assignment score : 59%,
average number of online resources accessed : 12"

Respond only within the parameters of the template and using only the data from the

Prompt3.] 5N object.

Fig. 8 Example of the ChatGPT primer text for generating a learner current-status statement comprising
the first part using Student B as an example. The primer text represents the contents of a single API call,
containing the prompts, the response template and the data encapsulated in a JSON format

Secondly, an example feedback template should be provided to serve as a reference
and a primer for the output format that is expected from ChatGPT. This template acts
as a guide for ChatGPT, helping to ensure that the feedback generated is consistent
with the desired format. The prompts express clearly that the response must stay within
the confines of the specified template.

The following text is an example template of feedback given to students:

Prompt 1.

"we suggest you consider: considering studying full-time, switching to a 360 credit

Degree, working towards sustaining a grade average of 75%, while striving to
Template complete at least 3 more courses, and to access at least 20 course content
P

materials per week. “

Now, use the data in the JSON object below and extract the value pairs in order to create

new student feedback based on the template above:

"average grade target : 55%,
JSON switch Degree to : 120 credit Diploma,
target average number of online forum posts to read : 8"

Prompt 3 Respond only within the parameters of the template and using only the data from the
JSON object.

Fig. 9 An example of the ChatGPT primer text for generating a second part of the prescriptive feedback
text comprising the remedial suggestions. The primer text for Student B is given as an example. The primer
text represents the contents of a single API call, containing the prompts, the response template and the data
encapsulated in a JSON format
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Finally, the actual data used to generate the prescriptive feedback must be pro-
vided. Here, the data is structured in a JSON object format. This format is conducive
for automation via programming scripts and is understandable to ChatGPT for data
extraction. The combination of these three steps ensures that ChatGPT can generate
personalized and meaningful feedback based on the data provided without straying
beyond requirements. Once the CFs have been converted into natural language, they
can be more easily inspected and filtered by student support teams and the most suit-
able suggestions can be selected for interventions with learners as outlined in Step

(8).

Discussion

The end goal of the proposed framework is the automated generation of evidence-
based prescriptive feedback to learners who have been identified as being at-risk. The
framework is generic and therefore the definition of at-risk is flexible and adaptable
to any context. This study has demonstrated how this framework can be applied to
learners who are at risk of programme non-completion.

In order to identify at-risk learners, the framework proposed how predictive ana-
lytics should be used to develop highly accurate predictive models, and how to use
these models responsibly and with accountability. Using the models responsibly means
exposing their internal mechanics and interpreting their behaviour to verify and val-
idate them, and to be able to communicate this as plainly as possible to relevant
stakeholders. This builds confidence and trust in the underlying black-box systems.
Responsible use also means interrogating the models as to how they arrive at predic-
tions for specific students which underscores accountability. The proposed framework
outlines these steps and provides a clear roadmap in terms of which technologies and
tools can be leveraged to support these tasks.

The proposed framework demonstrates how the leap from merely predicting out-
comes to prescribing actions can be bridged for the first time in this domain using more
advanced analytics. The danger in using counterfactuals in this domain is in assuming
that causality is definitively established based on the fact that the prescriptive models
have identified pathways to a positive outcome. This is not the case. The underlying
prescriptive models rely on associations and cannot establish causality and this is a
limitation.

It must be emphasised that many latent variables cannot be captured that have
a significant bearing on eventual learner outcomes. The features used in this study
are largely proxies. We cannot capture variables describing a learner’s true level of
motivation, their sense of progress, and confidence which all have a bearing on eventual
outcomes amongst many other variables. However, the possibility exists thatif a learner
is provided with actionable and achievable data-driven prescriptive feedback, and if it
is followed and attained, the possibility exists that it may have a cascading effect on
a learner’s sense of achievement and thus on their level of motivation, progress and
overall confidence, which may then lead to positive outcomes.

The ethical use of counterfactuals and what-if modelling in the proposed system is
an important aspect to consider. Variables such as race, age, and gender should not be
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included in such models, as they can contribute towards biases and discrimination in
the educational system. It is essential to consider only factors that are directly related
to student academic performance and which are actionable for learners.

Ultimately, the proposed framework demonstrates how multiple data-driven reme-
dial advice options can be generated, and translated into natural language via Al
technologies like ChatGPT, which can then be processed by academic advisors who
are the human-in-the-middle, and they can then combine their experience and estab-
lished theory of how to select the most suitable feedback suggestions for the target
learners. Future work will involve evaluating the effectiveness of the proposed frame-
work to improve student retention and qualification completion rates.

Study Limitations

The proposed system and the underlying technologies currently have certain limita-
tions. Firstly, the use of counterfactual modelling can result in using underlying models
that have less accuracy due to having to work with only “actionable’ features. In this
study, the model’s accuracy reduced from 92% to 90.5%. Counterfactuals are also
computationally intensive, with current implementations requiring up to a minute to
generate sets of plausible options for each student. Batch processing for large student
groups may be necessary. Moreover, fully automating the process of algorithmically
selecting the most "optimal’ counterfactuals to display to learners is an open question.
Calibrating the outputs of counterfactuals also requires some experimentation in order
to control how close the generated counterfactuals are to the original student profile,
which can be achieved using the proximity_weight parameter.

Secondly, the interpretability of SHAP can be variable between different models,
as it is a model of a model, and not always an exact representation of the original’s
behaviour. Lastly, anchors can in some cases have low coverage which lowers their
validity across large portions of data points, which can reduce its generalisability.

Conclusion

It has been a consistent feature of predictive Learning Analytics (LA) research tar-
getting at-risk students, to focus exclusively on merely the predictive component.
Predictive analytics is however much broader and it includes the unpacking of the
internals of the predictive models’ behaviour to stakeholders. It also encompasses
responsible use of these automated systems which assist decision-making affecting
humans. This includes the ability to interrogate the predictive models and seeks their
reasoning as to how they have arrived at particular conclusions. eXplainable Al is a
field that offers a suite of mature tools which enable this form of transparency that is
largely absent in the current body of LA literature.

Whatis more, predictions and their understanding while important, only address one
part of the challenge in improving retention rates and increasing successful learner
outcomes. Additional approaches are needed that can provide specific and tailored
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remedial advice to learners that are most likely to improve their outcomes. Prescriptive
analytics tools support these aims and make any analytics endeavours more complete.

This work proposes a prescriptive analytics framework that demonstrates how both
transparent predictive analytics can be achieved and combined with prescriptive analyt-
ics techniques. The study develops predictive models for identifying at-risk learners
of programme non-completion. This work demonstrates through case studies how
transparent and responsible predictive modelling can be augmented with prescriptive
analytics to produce human-readable prescriptive feedback to those at risk via recent
advances in Al using large language models.
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