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Abstract

Artificial intelligence (Al) is currently leading an industrial revolution in most aspects of human life, and education is
no exception. With the increasing ratio of students to faculty, Al could be an extremely beneficial tool for individual
mentoring; for example, for cases of dropout and for student retention. While many models have already been built,
the adoption of Al in education has been lower than expected, and few interventions have emerged from those
models. Several factors may be in play, but one is that Al models are not easily explained, and the lack of explanation
is fatal for situations like dropout prevention. An ideal Al-based tool for this problem would provide individually
tailored interventions, but that would require a much deeper understanding of what a successful intervention entails.
Using a novel methodology for feature comparison between student subpopulations, we compared regular students
against students under academic guidance on a dataset containing 124,000 unique students and 36 informative
features. We found that the explanations obtained regarding student dropout matched the real-world experiences of
mentors and tutors, especially when dealing with highly explanatory features like previous average grades and
interventions.

Notes for Practice

e Regardless of all the existing models to predict dropout, Al has seen a slower than expected adoption
in education, especially to inform interventions towards dropout prevention.

e We developed and validated a methodology that provides individual and global explanations for
dropout predictions in higher education.

e Application of this methodology on a dataset of 124,000 unique students resulted in a 90% match with
opinions and experiences of practising mentors and tutors.

e Use of this methodology can help mentors and tutors by explaining the reasons behind dropout
predictions, which can be used as a head start when developing and applying interventions.
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1. Introduction

The only constant in the world is change, and one of the most prominent changes that we can see now is the assimilation of
artificial intelligence (Al) into almost every aspect of our lives. A general tendency to include Al-based tools can be seen in
almost every discipline, but that does not appear to be the case in education. Adoption of Al-based tools and resources in
traditional education has been slower than expected (Rodway & Schepman, 2023): there is a low usage of predictive learning
analytics (PLA) in higher education institutions (HEIs). According to Herodotou et al. (2023), only 42% of the interviewed
course instructors were actively using tools of this nature, 19% had never even heard of such tools, 18% had heard of but not
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used these tools, and 20% had tried to use them and stopped. Any novel approach to Al in education must consider this situation
and either attempt to tackle it or resign itself to (most likely) short-term adoption and low usage.

While there are many reasons why this might happen, some of the main issues that appear to be the cause of this slow
adoption are fear of misuse (cheating, automated essay writing, plagiarism concerns, etc.), lack of understanding and trust
from the side of the practitioners and final users (i.e., the Black Box problem; Cave et al., 2019; Stanton & Jensen, 2021;
Rahiman & Kodikal, 2024), and the reliability of predictions obtained from Al tools. There is an argument to be made in
favour of increasing data literacy in general as part of the needs of the modern world, but a more focused effort from the
learning analytics (LA) community is needed — and from other related research lines (e.g., educational data mining [EDM]
and artificial intelligence in education [AIED]) — to make these types of Al-based tools interpretable, accepted, and finally
used to their full potential (Khosravi et al., 2022).

In higher education, one of the main problems that Al-based tools could help with is the issue of scale: the ratio of teachers
to students has made individual feedback and attention hard at best and impossible at worst, particularly in Latin America,
where inequalities regarding accessibility, income, gender, and more are commonplace (Valenzuela & Yafez, 2022). This
issue is aggravated in the case of mentoring and tutoring, as the ratio is even more pronounced. Currently, advising students
is a non-trivial issue: there are difficulties arising from the state of advising inside the institution (McMurtrie et al., 2022a),
the difficulty in delivering appropriate and timely advice to students (Arin, 2022; McMurtrie et al., 2022b), or even the lack
of clarity regarding what must be done (Calhoun-Brown, 2022). Then there are the added complications when dealing with
advising students who are at risk of dropping out or on academic probation, and it is easy to see why so many HEIs struggle
with this issue.

In most cases where student advising is involved, it is not a case of “if” something should be done but of “what” should
be done. In other words, how the intervention should approach the specific problem faced by a specific student. There are
several types of interventions mentioned in the literature, everything from institution-wide programs to targeted interventions.
These latter interventions are called so because they “are theoretically precise and address basic psychological processes that
can interfere with optimal academic functioning” (Harackiewicz & Priniski, 2018). So far, targeted interventions have shown
positive results when applied at an appropriate time for the students (Lazowski & Hulleman, 2016; Walton, 2014). We can
observe then that both the timing of the intervention and the specific strategy it follows are vital for success.

Additionally, the context of the intervention and the final users of the tools being developed/used can drastically change
the necessary inputs and outputs. For example, the research done by Hilliger et al. (2020) mentions three distinct types of
dashboards depending on their audiences: student-facing, advisor-facing, and dialogue dashboards. Each one requires distinct
information to be presented and comes with its own set of limitations: What types of dashboards are more effective? Should
student-facing dashboards show comparisons with other students? What information could be useful for advisors? Are
predictions useful or desired in tools available to students? These types of questions have not yet been fully answered.

Nonetheless, there is a degree of consensus on the benefits of focused interventions for promoting self-reflection
(Harackiewicz & Priniski, 2018), so any advising Al-based tool must ideally inform personalized intervention plans, especially
Al-based ones. All tools should at least include individualized suggestions or other information or features to support timely
interventions. Task value information could be linked to specific course grades and extracurricular activities, while some
additional features could be used to recommend framing and value interventions so appropriate outputs could be obtained for
each specific case. In this context, an Al-based tool that could deliver individualized recommendations for each student —
besides outputting specific and achievable counterfactuals for at-risk students — would be a dream come true. However, much
deeper understanding of what a successful intervention actually entails to help a student graduate in a timely basis is needed
before we can make a tool meaningful for their tutors and mentors.

So far, the use of predictive algorithms and early warning systems covers the “acting on time” aspect, but there is still the
issue of having “a” plan. The fact remains that, at least in most HEIs, mentors and tutors will not necessarily have information
about their student mentees until they are actively working with them, and even then, the intervention is often a general case
approach or becomes a targeted one as the case progresses.

In this paper, we present the validation of a methodology developed to identify the differences between the feature effects
of two student groups that were fed through a predictive algorithm: one comprised of regular students and another comprised
of students in an academic advising program. The predictive models were developed for each group for the first four semesters
of their studies, after which both models were fed through an explainable artificial intelligence (XAI) model based on Shapley
values. This methodology was first presented by Talamas-Carvajal and Ceballos-Cancino (2024) based on results first
published in Talamas-Carvajal (2023). Since then, further work has been invested to provide much needed explanations of
predictive models to mentors and tutors who are tasked to make interventions using those predictions. This validation is based
on expert opinions and the experience of mentors and tutors belonging to the same institution where the intervention took
place.
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The research questions we aim to answer in this study are as follows:

RQ1: Do the features obtained through our machine learning models coincide with the opinions of mentors and tutors

regarding student dropout?

RQ?2: Do the values obtained from SHAP analysis correspond to plausible explanations of individual cases in the opinion

of mentors and tutors?

RQ3: What additional features and/or transformations could be obtained to improve upon the models and make them

accessible to practitioners?

This methodology was verified with input from practising mentors and tutors with relevant professional training to support
students in higher education (e.g., psychology) and/or with training in academic advising, and their input is analyzed below.
We aim to show that the models are both coherent with the experiences of the people actually working with students at risk of
dropping out, and that these explainability tools could be used to build personalized intervention plans for individual cases,
without heavily increasing the practitioner’s workload.

1.1. Dropout Prediction

Student dropout and/or retention is an extremely prominent topic in both educational research and policy. It remains an
important metric for all types of modern higher education, whether it is private or public institutions looking to improve
themselves and help their students achieve their goals, or distance education that aims to reach a broader audience and provide
a more flexible alternative, all institutions must wrestle with this issue. While the effect of and reasons for dropping out may
be different in every case, there is no denying the general negative connotation of dropping out of education at a social and
individual level.

Going as far back as Tinto (1975), reviews on the nature and reasons for dropout can be found, with discussion on how
to deal with this problem continuing to today. While the strategies to deal with dropout have evolved together with technology,
there is still no clear-cut answer to this problem; however, there have been several attempts to create models to better
understand it (Berens et al., 2019; Kemper et al., 2020; Solis et al., 2018).

While there have been many approaches and strategies to combat dropout, the most common are early warning systems
(EWSs). According to the United Nations Children’s Fund (2018), an EWS is any system that uses a set of rules to try to
identify students at risk of dropping out and then respond accordingly. EWSs have repeatedly shown their benefits when
applied in experimental cases (Bafieres et al., 2020, 2023; Jokhan et al., 2019; Ak¢apinar et al., 2019). The main difference
between predictive models and an EWS is that, in general, EWSs are based on a set of concrete “rules” or red flags determined
by the institution. On the other hand, predictive models use any available information and, depending on the algorithm, might
be able to capture more complex relationships instead of simple ones. This can lead to situations where predictive models are
better at identifying at-risk students, but the reasons are not as clear as those defined in EWSs.

One problem that arises when trying to fight against dropout is the fact that there are many reasons why students leave
their studies, from external factors (economic hardship, culture) to personal/internal ones (achievement potential, mental and
emotional health, overall integration, illness, family issues). These features have been previously used to build predictive
models that do indeed contribute to assessing dropout risk (Heublein, 2014; Russell et al., 2020), but the issue comes with
trying to generalize or transfer those results. Due to the particularities of every institution, there are cultural, educational, and
even individual differences that might make a model that worked well at one HEI perform mediocrely at another.

Education is a discipline that requires the application of theory to both validate it and to be of actual use; there is no
meaning to a novel educational theory if it is not proven to work “in the field,” and it seems that modern learning analytics is
failing in this aspect. A systematic review of Journal of Learning Analytics articles and Learning Analytics and Knowledge
conference papers found that only 11% of all articles/papers attempt to intervene in the learning environment (Motz et al.,
2023). When considered together with the results shown in Herodotou et al. (2023), there is no doubt that something needs to
change.

Both practitioner literacy with these new tools and their accessibility need to increase. The second point falls to us as
researchers, and one way we can provide it is by using explainable and interpretable models.

1.2. Explainable Al

One of the main tools used during this project was the Python SHAP library. SHAP stands for SHapley Additive exPlanations
and was first presented by Lundberg and Lee (2017) as a unified approach to what at that time were several different methods
for model explanation in artificial intelligence, currently referred to as explainable Al (XAl). XAl refers to a set of artificial
intelligence systems or models that can provide a meaningful explanation for their decision-making process, with the objective
of helping final users — usually decision makers or stakeholders — make informed decisions instead of blindly trusting the
result (Phillips et al., 2021).
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As machine learning has advanced into more complex classifiers or predictors, like deep learning and ensemble models,
it has also become more difficult to explain the inner working of these systems, to the point that they are commonly referred
to as “black box” models. XAl helps solve this problem by delivering a series of explanations that range from global
explanations that encompass the whole algorithm to local ones that can be applied to a small sample or even single cases.
While the success of black box models cannot be denied, they suffer in areas like education due to their own complexity. For
example, suppose our deep learning model identifies one of our students as a high-risk case for dropout. While we could
approach the student at that point, what would be our message to them? Black box models do not disclose their inner workings,
and even if they do, they are usually hard to interpret for non-experts. This is where XAl shines. By delivering a local
explanation of the student’s situation, it is possible to both better understand the specific case and help the tutors or mentors
approach the student with valuable information.

SHAP values revolve around the computation of close approximations of the Shapley values of the model and a series of
characteristics that make it desirable in terms of model explanations. First, we must explain what Shapley values represent:
Shapley values is a term from collaborative game theory, where several players (in our case, the model features) interact to
obtain a payout (prediction). The individual Shapley values refer to the marginal contribution of each player or feature to the
difference between the expected value (average) and the real value. Lloyd Shapley (1953) first described this as a means of
fairly estimating how much of an outcome could be attributed to each player if they were co-operating.

2. Materials and Methods

2.1. Comparison Methodology

While SHAP values and library visualizations can provide valuable explainability tools by themselves, their main target
remains single-model explainability. In general, visual inspection of the figures, along with a deep understanding of the
mechanisms that underlie Shapley values, could lead to informative and useful insights. This becomes a more complicated
endeavour if we want everyday users to perform these analyses, as they would require expertise in data science, SHAP/Shapley
values, and the specific topic the models were built for. It is unreasonable to expect this mastery for every single final user.

The comparison methodology presented in Talamas-Carvajal and Ceballos-Cancino (2024) is summarized below for
clarity. The methodology allows for a model and context-agnostic comparison between two distinct populations from an
explainability standpoint, allowing for the identification of changes in the effects of features between these different
populations (e.g., regular students versus students under academic guidance). This methodology can be accompanied by a
visual analysis so that people without Al expertise can better understand these differences (e.g., mentors and tutors). We
present the methodology below and explain its application in our dataset afterwards:

1. Develop a prediction model to compare each of the subpopulations that provides an adequate level of certainty for

your situation (i.e., good enough levels of accuracy, precision, recall, f1, etc.).

2. Obtain the Shapley values for the models of the populations of interest.

3. Compute Cohen’s d for each set of features of interest between the populations (for example, the Shapley values for
GPA for both regular and intervened students).

4. Determine a limit value for the type of change you are looking for. This corresponds to the established Cohen’s d
values for small, medium, or large effects (0.2 for small effects, 0.5 for a medium effect, and .8 or higher for large
effects).

5. Identify the cases where Cohen’s d absolute value is above the determined limit defined in the previous step.

6. Each case of a Cohen’s d that surpasses the value indicates a change in the population distribution of at least the
selected effect.

7. Cohen’s d indicates which of the two features tends more towards the target feature. A positive value indicates the
first feature in Cohen’s d calculation averages values that push the prediction towards the target feature, while a
negative sign indicates that the second feature in Cohen’s d calculation is the one to do so.

8. Together with the feature ranking of importance from the models (obtained at the same time as the Shapley values),
it is possible to interpret the data without plotting the swarm plot: a rank change indicates an importance change
between the sets, while Cohen’s d indicates how much the population distribution changed, and in which direction.

9. Finally, complement the information from this methodology with a visual inspection of the Shapley values from the
swarm plot.

The results section will include a table highlighting the results of the methodology and will serve as an example of how
to read and interpret the values obtained by these steps. It is important to note that step 2 is model agnostic, and while
computation is faster with tree-based models, the base model does not need to belong to this family of algorithms. That is to
say that any model could be used in step 1, from simple regressions to neural networks.
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2.2. Model Dataset

The database consists of student data received from the institution’s data warehouse. Several datasets were merged into one
that was adequate for our objectives. Initially, we requested information regarding variables related to the overall performance
of each student through their studies, including both sociodemographic and academic data. Some examples of variables for
each period were as follows: age, gender, if the student’s primary residence was in the campus city or not, average grade from
their previous education level, type of program of their previous school, inscription status, program inside the institution,
educational model, campus location, previous semester average (when applicable), failed courses, dropped courses, course
load, percentage of financial aid, student progress by period, school period, and final status (i.e., student graduated, is active,
or dropped out). A secondary dataset obtained from academic services was used to validate the graduation status when
applicable.

All data was provided by the institutional data warehouse, and privacy issues relating to data collection, curation, and
publication were validated with the relevant data owners and the Data Security and Information Management departments
(Alvarado-Uribe et al., 2022).

The base dataset used for this study was initially comprised of 27 columns, which included all the previously mentioned
information and some additional features that were either informative (further explanation of a different feature for case-by-
case use) or dropped in the final model due to the data cleaning process. The initial dataset contained 711,846 rows for 125,198
unique students because several semesters worth of information were recorded for each individual student.

2.3. Data Preparation

Table 1 summarizes feature names and a small explanation for each one of them. We started the data preparation by taking all
features with only two possible answers and transformed them into binary outputs. Some examples of this type of variable are
as follows: 1) if the student was from outside the campus city or not, 2) if the previous school was from the same educational
system, 3) if the student was enrolled as a regular student or not, etc.

Table 1. Feature Names and Explanations

Feature name Feature details
Scholarship* Indicates if the student had a scholarship during that semester (1: YES, 0: NO)
FTE * % of course load the student had during that semester, where 1.0 means full academic load
Conditioned Indicates whether the student was under academic probation or not during their studies (1: YES, 0: NO)
System_Highschool | Indicates if the student comes from the same family of institutions as the current one (1: YES, 0: NO)
Foreign* Infiicates if the student’s main residence was in a different city from the campus during that semester

(1: YES, 0: NO)

Gender Male: 1, Female: 2
Sem_Interruption* Indicates if the student requested a leave of absence during that semester (1: YES, 0: NO)

Highschool _GPA Average of their previous degree

Cumulative_ GPA* Average of the previous semester

Dropped_Courses* | Number of dropped courses in that semester

Failed_Courses* Number of failed courses in that semester

Following this binarization, we proceeded to get rid of features with large amounts of missing or redundant data. Examples
of this type of variable were cases with large percentages of missing data that was not imputable in any way (admission scores
during the pandemic, scholarship descriptors), redundant features (age and year of birth, school descriptor, school code), and
informative features that were not discrete categories but comment based (inscription status, motive for dropping out of a
semester). Finally, some normalizations were performed in cases where the previous school’s grades were on a different scale
than the 100-point base (GPA, 10-point base, etc.).

There are two key factors to consider with this dataset. The first is that each data point corresponds to the performance of
a student during a specific course period. In other words, we have our data organized in panel forms. While this could be
useful in terms of taking the temporal component of dropout into account, we want to be able to make predictions at any point
in the student’s path through their studies. Due to this, we decided to transform our dataset into a more common shape, with
one-row per student. The second factor is that the dataset contains no direct feature regarding student dropout, requiring us to
define it ourselves. For the purposes of this article, we defined dropout as a case where a student has not graduated, is not
currently active (enrolled in the latest active term), and has not enrolled for at least one consecutive year. The reason for the
last condition is because single-semester sabbaticals are relatively common, either due to personal, emotional, or economic
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reasons, and a good percentage of these cases return to the institution. As a quick example, a student who fails to enroll for a
year after their first semester would be classified as having dropped out in their second semester. While the data regarding
higher semesters was intentionally cut, dropout could happen at any point during their studies.

Following the previously mentioned transformations, mergers, and other necessary procedures, we ended up with a final
dataset comprised of 69,066 unique students with 31 informative features and one dependent feature (dropout). This dataset
contained 15,285 cases classified as dropout, which represents 22.13% of this sample. It is important to note that this value is
likely inflated when compared to that of the institution due to the difference in definitions, the fact that several data points
needed to be discarded due to missing data, and because this data does not indicate if the student changed majors or campuses
instead of leaving their studies.

2.4.Validation Surveys

To validate the mathematical results obtained from the application of the methodology, we developed a qualitative, anonymous
survey to be applied to active mentors and tutors currently advising students at a prestigious private university in Latin
America. The objective of this survey was to collect expert opinions from active practitioners, meaning trained psychologists
and career advisors.

The survey was designed to enquire about the features that were considered relevant (Cohen d values above 0.20), and
the questions developed based on the features that showed those relevant results. As such, this survey consisted of two sections
with a total of 20 questions, all to be answered on a 5-point Likert scale. While the phrasing in the two sections differed, all
values were from -2 to 2. The first section consisted of questions to validate the choice of features used in the prediction
models (were the features important or not?) and two additional questions about whether the importance of those features
changed depending on the semester the student was enrolled in, and if there were visible differences in the importance of
features between regular students and students in a guidance program. In this section, the lowest value (—2) corresponded to
“completely disagree,” and the highest value (2) to “completely agree.”

The second section consisted of questions in which the importance of the features was ranked from “much more important
to students in academic guidance programs” (-2) to “much more important to regular students” (2). Table 2 summarizes the
survey questions and possible answers. It is important to note that due to granularity limitations, the questions in the survey
do not separate features by semester.

Table 2. Summary of Survey Questions and Possible Answers

Questions Section Answers in the Likert Scale
Does the (Feature in the model)* positively .
affect student retention? 1 Completely disagree (-2) — Completely agree (2)
Does the importance of the previous variables change .
depending on the semester the student is enrolled in? ! Completely disagree (-2) — Completely agree (2)
Avre there visible differences between the importance
of these features for regular students and students 1 Completely disagree (-2) — Completely agree (2)
under academic guidance programs?
Do you consider the (Feature in the model)* to be Much more important for students on
more important for regular students or students under 2 academic guidance programs (-2) —
academic guidance programs? Much more important for regular students (2)

A total of 34 mentors/tutors voluntarily answered our anonymous qualitative survey, with all participants answering all
questions. The answers were then taken from the survey and converted into numerical values, both for visualizing results and
obtaining the average agreement among tutors regarding the features and their importance between regular students and
students in academic guidance programs.

3. Results

3.1. Model Results

Using the cleaned database as described in sections 2.1 and 2.2, we trained three distinct tree-based machine learning
algorithms with the objective of obtaining their specific Shapley values, and both compare them between each other and show
the results to practitioners. Regardless of whether the methodology is model agnostic, in this study, tree-based algorithms were
chosen as they allow for fast and exact Shapley value computations (Lundberg et al., 2018). We decided on using the XGBoost
(XGB) algorithm from the library of the same name, Histogram-based Gradient Boosting Classification Tree (HB) from the
sklearn library, and the Random Forest Classifier (RF), also from sklearn. All three models were trained with the same dataset,
and with the same training and testing splits (80% training, 20% testing), resulting in a training set of 55,252 data points, and
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a testing set of 13,814 data points. The scores for all three models can be seen in Table 3 below. We observed very similar
scores between the XGB and HB models, with the RF model having better precision but worse recall and F1 scores.

Table 3. Score Summaries for the Tree-Based Models

Model  Accuracy  Precision Recall F1 Expected value*
XGB 0.8933 0.8712 0.6146 0. 7207 —-1.4196
HB 0.8935 0.8876 0.6003 0.7162 —1.6388
RF 0.8802 0.9205 0.5092 0.6557 —1.2632

* Expected value is given in terms of SHAP values and is a log-odds number.
Lower values indicate a lower probability of a student dropping out.

Having seen the previous results, we decided to focus on the XGBoost model since it offered the overall best scores of
the three. For this particular project regarding student dropout, we value recall as being more important than precision.

The specific intervention form applied in the HEI of this study is called an “academic support program” and revolves
around framing and personal value interventions: the student is accompanied by mentors and tutors in regular meetings
regarding their mental well-being, the challenges they are facing in their studies, and how they could approach them. Finally,
they are given specialized courses in order to help them improve their time management and overall study habits. While these
are not explicit task-value interventions, they serve as part of the institution’s overall intervention program.

We proceeded to separate our student population into three distinct groups: a group containing only students with
intervention, a group of regular students, and the full population. Intervened students are enrolled in the academic support
program, which is mandatory for them due to institutional rules. Of these groups, the dropout rates were as follows: full
population: 3093/13814 (22.39%); intervention population: 912/6641 (13.73%); regular population: 2176/48611 (4.48%). We
can observe just from these values that students from the intervened population are more likely to end up dropping out despite
their participation in the intervention program. This is consistent with the SHAP results obtained from the different populations
as seen in Figure 1, which is a side-by-side comparison of the “bee swarm” plots obtained for each SHAP value set. These
plots show how the value of a particular score (high or low) affects a particular student (data point) regarding its impact on

the model output (our prediction for dropout or retention).
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Figure 1. Side-by-side comparison of the full population (left), intervened population (middle), and regular population (right).

Already at this point, we can observe some interesting differences between the populations. In our full population, the
intervention variable shows up as the seventh most important feature, but on both the intervention population and in the regular
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one, it does not show up at all. The “intervention” feature captures more than just the intended overall performance of the
students in their specially assigned courses since those students differ from the regular population by the very fact that they
are already under a special status.

3.2. Methodology Results

We applied the methodology described in 2.1 to our models with a selected effect size of 0.20 (we are looking for anything
larger than a small effect). We compared the intervened students against the regular ones and found that 17 of our 31 feature
sets displayed larger values than our cut-off number. We summarize these results in Table 4.

Table 4. Summary of Features with Significative Differences in the Intervened Population
Cohen’sd Ranking change

Features (Int-Reg) (Int vs. Reg) Interpretation
FTE in the second semester has greatly lower importance for intervened students; the average
FTE2 0.206927042 -1 intervened student has a slightly higher risk of dropout than the average regular student.
FTE in the fourth semester has the same importance for intervened students; the average
FTE4 0.388835956 0 intervened student has slightly higher risk of dropout than the average regular student.
Being a foreign student in their second semester has lower importance for intervened students;
Foreign Student2 ~ -0.272460918 ) the average intervened student has slightly lower risk of dropout than the average regular

student.

Being a foreign student in their third semester has slightly lower importance for intervened
Foreign Student3  0.354731106 -3 students; the average intervened student has slightly higher risk of dropout than the average
regular student.

Being a foreign student in their fourth semester has slightly higher importance for intervened
Foreign Student4  0.379938664 3 students; the average intervened student has slightly higher risk of dropout than the average
regular student.

Coming from a school from the same system has greatly higher importance for intervened
System_Highschool 0.205199963 13 students; the average intervened student has slightly higher risk of dropout than the average
regular student.

Scholarship in the third semester has slightly lower importance for intervened students; the

Scholarship3 0208973997 -1 average intervened student has slightly lower risk of dropout than the average regular student.

Scholarship in the fourth semester has higher importance for intervened students; the average

Scholarship4 0281130123 ! intervened student has slightly lower risk of dropout than the average regular student.

A semester interruption in the fourth semester has slightly lower importance for intervened
Sem_Interruption4 0.295888705 -3 students; the average intervened student has slightly higher risk of dropout than the average
regular student.

GPA in the first semester has slightly lower importance for intervened students; the average

Cumulative_GPAL  0.218999481 -4 intervened student has slightly higher risk of dropout than the average regular student.

. GPA in the second semester has the same importance for intervened students; the average
Cumulative_GPA2  0.401176553 0 intervened student has slightly higher risk of dropout than the average regular student.

. GPA in the third semester has higher importance for intervened students; the average
Cumulative_GPA3  0.348769231 4 intervened student has slightly higher risk of dropout than the average regular student.
Cumulative GPA4  0.204378116 4 GPA in the fourth semester has slightly higher importance for intervened students; the average

intervened student has slightly higher risk of dropout than the average regular student.

Number of dropped courses on the fourth semester has slightly lower importance for
Dropped_Courses4 0.757115459 -3 intervened students; the average intervened student has higher risk of dropout than the average
regular student.

Number of failed courses in the second semester has greatly higher importance for intervened
Failed_Courses2  0.272823741 12 students; the average intervened student has slightly higher risk of dropout than the average
regular student.

Number of failed courses in the third semester has slightly higher importance for intervened
Failed_Courses3 0.34520925 3 students; the average intervened student has slightly higher risk of dropout than the average
regular student.

Number of failed courses in the fourth semester has much higher importance for intervened
Failed_Courses4d  0.627525772 24 students; the average intervened student has higher risk of dropout than the average regular
student.
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It is important to mention that, due to the nature of Cohen’s d, it is possible for this methodology to capture changes in
features with low overall importance, and as mentioned in the steps above, the analysis should be accompanied by the feature
importance rankings as well. A visual inspection of the Shapley swarm plots confirmed the distribution changes between

populations for the mentioned features. A close-up comparison of some of these features can be seen in Figure 2.

Feature Intervention students Regular students
FTE4 v S— %
Cumulative GPA 4 - - -
Failed courses 4 o me— 4
Cumulative GPA 2 T e—— ———p——

Figure 2. Side-by-side comparison of the intervened and regular student populations.

We can observe clear changes for all four sets shown above, from clusters moving or appearing to move for the population
regarding the 0—Shapley value (vertical line in all images). An example interpretation of the Cumulative_ GPA4 feature (taking
into account all the information mentioned in the article so far) would be that for both regular and intervened students, high
GPA scores in the fourth semester aid in student retention, and low scores push students towards dropout, but scores in the
medium ranges are not as negative for intervened students as they are for regular ones, as can be seen by the blue-red-purple
cluster on the left side of the axis in the intervened population.

3.3. Survey Results
Regarding Section 1 of the survey, we obtained values ranging from 0.9394 at the lowest and 1.4242 at the maximum regarding
feature importance. As a value of 1 corresponds to “Agree,” the mentors and tutors agree that those features are important
regarding student dropout. The average result for feature importance changes per semester was 1.2121 and for differences
between regular students versus students on academic guidance the value was 1.1818, meaning that experts agree that feature
importance changes both by semester and by group.

Section 2 of the survey is summarized in Table 5. We found that the opinions of the surveyed experts matched our
mathematical results in four out of the six variables of the survey. The methodology values were taken from the ranking
changes when the feature had a Cohen score magnitude above the threshold and assigned as 0 when they were not.

Table 5. Comparison of Methodology Results versus Expert Survey Results

Feature Methodology values ~ Survey values  Match
Scholarship 1 0.424242 v
FTE 11 0.393939 v
Cumulative GPA 4 0.424242 v
Failed Courses 24 -0.48485 v
Dropped Courses 3 —0.48485 X
Semester Interruption 3 —0.39394 X

4. Discussion

The purpose of this research is to validate the results of the methodology presented in Talamas-Carvajal and Ceballos-Cancino
(2024) with the experience and expertise of mentors and tutors who currently work in the HEI where the data was obtained. It
is important to us that the results are both useful to the people who will ultimately use the information and consistent with their
specific contexts. For this to be the case, we needed to make sure that the results obtained via our methodology made sense to
the experts who could become the final users in future. Al tools with low levels of trust or confidence are generally at a
disadvantage when looking for long-term adoption and use (Cave et al., 2019; Stanton & Jensen, 2021; Rahiman & Kodikal,
2024). As we mentioned in the introduction, the validation step by its potential users is a crucial one. From our findings, there
are several insights that can be extracted from both Figure 1 and Tables 4 and 5. The first is that the intervention effect seen in
the total population could be capturing the background propensity of these students of dropping out, as that population is
already at a significant dropout risk according to the HEI indicators. The effect captured in the “conditioned” feature in the
full population should still be present in some shape in the intervened population and removed completely from the regular
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one. We believe that many of these changes are “absorbed” by the other features present in the dataset. By using our
methodology, it is possible to identify these relevance changes, both in overall importance compared to the rest of the features,
and the individual feature changes between populations. Consequently, the use of this methodology can be beneficial to
mentors and tutors, as it will allow them to identify features that become more relevant for specific populations and how.

Thus, one of the most important innovations and contributions of this work is the identification of actionable insights that
can be directly tied to the differences between groups. We can identify cases where the effects of features for regular and
intervened students are different to the point that they are sometimes even opposite (one such example can be seen on the
effect of sports between the intervention and regular populations). Even recently published articles that deal with dropout
predictions do not consider the possible differences between student subgroups or how these might be leveraged, which in
turn cycles back to the problems mentioned before regarding long-term adoption and Al tool use. Some examples can be seen
in Roslan et al. (2025), Peng et al. (2024), and Jiménez-Gutiérrez et al. (2024). These three publications used different
techniques to predict dropout or dropout intentions, and all of them report high levels of accuracy and AUC scores. However,
they do not necessarily report differences among students or potential interventions derived from their results. Our
methodology could be used as a follow-up to those studies, aiming to find the difference between the groups and provide
academic advisors with valuable information to support specific students. It is also possible to isolate the actionable features
from non-actionable ones, so that information can be used to produce highly effective interventions by the mentors and tutors.

From the survey results and their comparison against our methodology results, we found a consensus between expert
opinions and our mathematical results (4/6, 66.66%). The notion that the feature importance could change between semesters
is something that we also observed in our results, and this same concept could explain cases where there was no match between
the survey and our method. One possible interpretation is that the model is capturing this effect while the tutors are not focusing
on the semester as a possible explanatory feature. The results from both the methodology and the mentor/tutor opinions are
consistent with Heublein (2014) and Russell et al. (2020). A systematic review from Liz-Dominguez et al. (2019) also mentions
that the progress of a student in their studies (i.e., their year) has been shown to affect learning analytics predictions. That
same review mentions how EWS have both been sparsely used outside of experimental setups when combined with Al and
that those results commonly go unexploited as they require people to interpret and act upon them. At this point, our results
could make a difference, as we offer explanations regarding the predictions, which we hope will, in turn, inform interventions.

Still, there are some limitations to consider, as with every research project. Regarding missing features and
transformations that the mentors/tutors believe could be of use to these prediction models, the unanimous response was
psychological and emotional well-being information. All the interviewed mentors quickly mentioned that this information
could be extremely useful for the models, either in the form of categories or made into a number in some manner. However,
all mentors also commented that this information could prove difficult to obtain even in its most basic form, as it deals with
deeply personal and protected information in the institution. Additionally, validation was performed in a mainly quantitative
manner using a Likert scale, and on a limited case study. While valuable, education as a discipline often deals with significant
differences between contexts and even cohorts under the same HEI and part of the future work is focused on additional
validations.

Readers with more experience in machine learning might be wondering why Shapley values would be needed at all if the
models we selected belong to the tree-based family of algorithms, as those models are already established explainability tools
and/or transparent or white box models. It is important to note that one of the main issues HEIs have with the adoption of Al
tools is the lack of reliability in practice, as many models are not entirely generalizable across cohorts. In this sense, one
possible solution is the use of more complex machine learning models. However, the increase in predictive power comes with
an important increase in model complexity or size, to the point that even if the models are explainable in theory (like tree-
based algorithms), sufficiently complex or large models lose that characteristic. This can be easily explained by a thought
experiment: imagine a decision tree with three branches. The results from such an algorithm are easily interpretable by a
human without much issue. Now imagine instead of three branches, we have 10. While still interpretable, it has a much higher
complexity. Finally, imagine a system that computes hundreds or thousands of such trees, and makes its final decision by
majority vote. Such a system would be impossible to interpret by a person, which is exactly what happens in Random Forest
models. This specific example and the previous argument were given by Petch et al. (2022), along with a series of
recommendations on when to use interpretable models and when to go for black box models with additional explanations. The
choice of models for this validation was made based on some of the currently commonly used and popular algorithms, but
other researchers could as easily use the methodology on results obtained from neural networks, for example.

Future work will include both an independent validation in a distinct context to the one presented here and comparisons
of dropout or viable academic phenomena between distinct HEIs. We plan to initially compare two and then extend the
methodology to a larger group. We also plan to perform in-depth interviews with the more experienced mentors of the
universities in order to improve upon the methodology and guide its possible use to feed academic-advising dashboards, either
for students, mentors/teachers, or both.
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5. Conclusions

Going back to our research questions, we found the following: 1) the features obtained through our machine learning models
coincide with the opinions of interviewed mentors and tutors; 2) the explanatory values obtained through the methodology
match the real-world experiences of mentors and tutors, especially when dealing with highly explanatory features like previous
average grades and interventions; 3) the additional features that would be most beneficial to these models are psychological
and emotional well-being information from students, which could prove difficult to obtain.

Thus, these results could be used to build a holistic system that predicts student dropout and delivers context and user-
specific explanations, which in turn can be leveraged to best avoid the dropout prediction by allowing the design of achievable
individualized interventions from mentors and tutors.
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