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ABSTRACT

Poor orientation feeds school dropout in Morocco. Leaving the scientific common core (tronc
commun), a pupil must pick one of three tracks: Mathematical Sciences (SM), Physical Sciences
(SE), or Life and Earth Sciences (SVT). Software can help with that choice. Accuracy alone can-
not: a model that will not say why it recommends a track earns no trust from the families
and counsellors who must act on it. Our system has three parts. A chatbot gathers the pupil’s
marks. A sequential hybrid neural network into SVM issues the prediction. An explainability
layer built on SHAP and LIME accounts for it, and that layer is the contribution. We trained on
some 20,000 anonymised records from the MASSAR system, obtained through the Nador pro-
vincial directorate and covering 2018 to 2022. The hybrid reaches 98.87% on the held-out set,
against 95.79% for the network alone and 97.52% for the SVM alone, with macro AUC 0.9981
and Cohen’s kappa and MCC both 0.983. The national platform holds over seven million pupil
records and cannot be extracted at that scale, so we repeated everything on OULAD, public
and far larger, after mapping its variables onto our feature schema. Accuracy is 98.73%.
SHAP puts the decision on the three science subjects; LIME accounts for pupils one at a time.

KEYWORDS
student orientation, conversational agent, chatbot, hybrid model, support vector machine,
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1  INTRODUCTION

Dropout is a chronic weakness of Moroccan schooling: 304,545 pupils left with-
out finishing in 2019-2020 alone [1]. Causes abound, but one keeps surfacing in
the work of education authorities and researchers alike. Pupils land in tracks that
suit neither their abilities nor their interests, and disengagement follows. Guidance,
then, bears directly on retention.

Badrani, M., Marouan, A., Kannouf, N., Chetouani, A. (2026). An Explainable Chatbot for Student Orientation in Morocco: SHAP and LIME on a Hybrid
Neural Network-SVM Model. International journal of Engineering Pedagogy (i/EP), 16(6), pp. 164-175. https://doi.org/10.3991/ijep.v16i6.63255

Article submitted 2026-06-04. Revision uploaded 2026-09-05. Final acceptance 2026-09-07.
© 2026 by the authors of this article. Published under CC-BY.

164 International Journal of Engineering Pedagogy (iJEP) iJEP [ Vol. 16 No. 6 (2026)


https://online-journals.org/index.php/i-jep
https://online-journals.org/index.php/i-jep
https://doi.org/10.3991/ijep.v16i6.63255
https://online-journals.org/
https://online-journals.org/
https://orcid.org/0000-0003-2116-762X
https://orcid.org/0000-0001-6767-1026
mailto:m.badrani@ump.ac.ma
https://doi.org/10.3991/ijep.v16i6.63255

iJEP | Vol. 16 No. 6 (2026)

An Explainable Chatbot for Student Orientation in Morocco: SHAP and LIME on a Hybrid Neural Network-SVYM Model

Orientation happens twice here, not once. The first decision closes lower-
secondary school. The second closes the scientific common core, and it is the conse-
quential one: SM, SF, or SVT, with everything academic downstream hanging on it.
Yet the choice is still made by hand, weighted by family preference, rarely by any
systematic reading of the pupil’s own record. Aptitude and track drift apart.

Two conditions govern whether such a tool is worth building. Reach is the first:
pupils and families must be able to use it untrained, which points to the chatbot
idiom they already know. Readability is the second, and the harder one. A recom-
mendation nobody can trace back to a reason will not be acted on, whatever its
accuracy, and hybrid models are black boxes by construction.

Scope and contribution. This paper answers both conditions at once, with an
explainable conversational system for the SM/SF/SVT decision. It combines a chatbot
interface that gathers the pupil’s marks, a hybrid Sequential Neural Network-SVM
model that issues the prediction, and an explainability layer built on SHAP and LIME.
That layer is the main contribution here, since it turns each recommendation into
something a family can read and argue with. We validate the model twice over.
Real anonymised MASSAR records fix its performance in the setting it is meant for.
A large public benchmark, whose features we aligned with the national schema,
tells us whether the same architecture would hold up at a national scale. Section 2
reviews related work, Section 3 describes the system and its data, Section 4 covers
the model and its results on both datasets, Section 5 the explainability layer, and
Section 6 concludes.

2  RELATED WORK
2.1 Machine learning for student orientation

Track prediction from school records has attracted steady work, Moroccan work
included. Ouatik et al. [6] paired supervised classifiers with big data processing for
roughly 92% accuracy. El Mrabet and Ait Moussa [2] built a supervised framework for
orientation prediction, later extended to data from connected objects. Mimis et al. [3]
grounded a guidance framework for Moroccan preparatory classes in educational
data mining. Zahour et al. [4] took the conversational route, with a chatbot for edu-
cational and vocational guidance: evidence that the channel works here. Our own
earlier papers compared classical classifiers for lower-secondary guidance [5], then
turned to ensemble and hybrid designs on Big Data infrastructure [6].

A neighbouring literature abroad predicts performance rather than track, on
much the same features. Deep networks over course grades [7]. Final marks fore-
cast early in gamified courses [8]. Supervised techniques were compared on high-
school data [9]. School records clearly carry signal; Bayesian generative modelling
of results across course networks [22] is included; raising accuracy is where the
attention goes.

2.2 Hybrid and ensemble architectures
On educational data no single classifier wins consistently, a finding repeated

often enough to have pushed the field toward ensembles and hybrids. Sokkhey and
Okazaki [10] confirmed the hybrid advantage for academic performance. Our two
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families fail differently. Support vector machines draw maximal-margin boundar-
ies and generalise well on moderate, well-prepared features. Neural networks learn
non-linear representations from the data but overfit sooner and resist reading. Pair
them and robustness improves, whether in parallel by vote or sequentially, one feed-
ing the other. We take the second route.

2.3 Explainable AI and its use in education

Performance bought that way costs transparency, and explainable artificial intel-
ligence grew out of the bargain. Adadi and Berrada [11] and Arrieta et al. [12] map
the families of methods. Miller [13] adds a condition: an explanation is useful only
if it resembles how people explain things to each other. Rudin [14] goes further and
holds that high-stakes decisions should use models interpretable by construction;
Doshi-Velez and Kim [15] want interpretability measured properly. Two post-hoc
model-agnostic methods dominate in practice. LIME [16] fits a locally faithful surro-
gate around a single prediction, and SHAP [23] derives attributions from cooperative
game theory and keeps the local and global views consistent. Counterfactual expla-
nations [24] name the smallest input change that would flip the decision, which is
generally what the person affected wants to know.

Education raises the stakes, the recommendations going to minors and their fam-
ilies through a counsellor. Holstein et al. [17] found tools designed for teacher-Al
complementarity adopted more readily than tools that hand down decisions, and
Sokol and Flach [18] argue that explanations delivered in conversation are easier
to use than static charts. Orientation systems, however, rarely integrate XAI at all.
Accuracy is reported; how a recommendation might be justified to the pupil who
receives it is left open.

3  THE CONVERSATIONAL ORIENTATION SYSTEM

A pupil finishing the scientific common core passes through three stages. The
conversational interface collects the profile, the hybrid model predicts a track, and
the recommendation is then explained, which is the subject of Section 5. Below
we cover the interface and the two datasets; Section 4 takes up the model and
its results.

3.1 Chatbot interface

The chatbot used here was purpose-built for this study. It carries the whole system
to the user, asking for marks subject by subject and answering with a track. Nothing
must be learned first, which is the point: the exchange runs as a guided sequence,
in the idiom pupils already use elsewhere. Conversational guidance is not new to
the Moroccan context, Zahour et al. [4] having shown the channel works here. The
interface reported below is a later development of the systems described in [19] and
rests on the personalised guidance approach of [20], extended in this paper so that
every recommendation now travels with an explanation. Figure 1 shows a session
end-to-end.
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Welcome to the School Guidance Chatbot!
Please enter your grades in each subject:

Enter a note in Arabic

@ Mathematics grade: 12.0
m English grade: 10.0
@ Physics grade: 18.0
@ History-Geography grade: 14.0
’ Life & Earth Sciences (SVT) grade: 12.0
m French grade: 12.0
zt- Physical Education grade: 14.0
iﬁ Islamic Education grade: 13.0
& Arabic grade: 15.0

0 Based on your grades, we recommend the track:
Physical Sciences (SF)

Fig. 1. The conversational interface: marks entered subject by subject, a track returned

3.2 Primary dataset: real MASSAR records

The records are real, obtained from the Direction Provinciale de 'Education de
Nador under Morocco’s right of access to information. They cover pupils enrolled in the
scientific common core in the province from 2018-2019 to 2021-2022, and they come
from MASSAR, the ministerial platform where every Moroccan school registers enrol-
ments, marks, and orientation decisions. Marks and subjects are all the file contains.
No pupil name, no pupil identifier, no school identifier, so nothing is traceable to an
individual or an establishment, and no confidentiality issue for research use. The same
extract served the earlier study [20], and it is reused deliberately here: a setting already
characterised is where a new architecture and an explainability layer can be judged.
Some 20,000 pupils are covered, each described as a counsellors rather than a proxy.

Preprocessing stayed light, the records arriving structured. A stray index column
dropped, the few missing marks handled, and the nine variables standardised. The
records were split 80/20 into a training and a test set, stratified so that the tracks
keep their provincial proportions. The test set holds 3,982 pupils, 1,408 of them in
SF, 1,376 in SM, and 1,198 in SVT; every figure reported in Section 4 is measured on
those 3,982 and on no others. Nothing identifying sits in the file, but it is not ours to
redistribute, having been released for this research. Aggregated results are available
from the corresponding author.

3.3 Toward national deployment: a large-scale benchmark

What a provincial dataset settles is performance in the real setting. What it leaves
open is behaviour at another order of magnitude, which national deployment would
bring. MASSAR centralises over seven million pupil records and 240,000 teachers,
generating a large daily volume. No extract on that scale is available for research:
the records belong to minors, and ministerial confidentiality rules out large-scale
sharing of individual academic data.

We turned to the Open University Learning Analytics Dataset (OULAD) [21] instead.
Public, and vastly larger in interaction volume than our provincial file: 32,593 students,
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22 courses, assessment results, and some 10.6 million logged interactions with the vir-
tual learning environment. At that size the architecture and the infrastructure beneath
it can be exercised nearer to national conditions.

Feature regrouping and normalisation. Three steps bring OULAD onto our
national feature schema. The first is competency regrouping. The 22 courses fall
into three competency families that match the Moroccan scientific tracks, which
turns the label into the same three-class decision: mathematics courses go to SM,
physics and technology courses to SF, and natural science and biology to SVT. Next
comes feature alignment, where assessment and interaction variables are aggregated
into per-competency indicators; the resulting vector has the same shape as the nine
subject marks of the MASSAR data. Last is scale normalisation: every indicator is
rescaled onto the Moroccan 0-20 range, then standardised exactly as the MASSAR
marks were, so both datasets reach the model through one pipeline. Without that
alignment, the two sets of results in Section 4 would not be comparable. One caveat
stated plainly: OULAD comes from British distance learning and serves as a large-
scale benchmark rather than a substitute for Moroccan records; the real-data
results of Section 4.2 remain the reference for the Moroccan setting.

4  HYBRID MODEL AND RESULTS
4.1 Sequential hybrid neural network-SVM

The design is sequential: features from a neural network and classification by an
SVM (Figure 2). Three hidden layers of 64, 32, and 16 neurones with ReLL.U activation
train on the standardised inputs, with dropout between them against overfitting and
Adam for optimisation. The last hidden layer’s activations form the learned repre-
sentation and feed an SVM with an RBF kernel, tuned by 5-fold cross-validation to
C =10 and gamma = 0.01, which returns a membership probability per track. The
network is thus free to catch non-linear structure, while the SVM sets robust bound-
aries in the transformed space. The pair also exposes one predict-probability func-
tion, which is precisely what the explainability layer of Section 5 needs to attribute
a recommendation back to subjects. Scikit-learn and TensorFlow/Keras throughout.

~

Neural-Network feature extractor

o O @

®

SVM SM

Input data i
(9 subjects) @ ® ® "?;53';')‘" o

> O

@

\%ﬁ Hidden.(ReLU) Features

)

Fig. 2. Sequential hybrid architecture
Note: The network extracts features; the SVM classifies them into SM, SF or SVT.

4.2 Results on real MASSAR data

Table 1 sets the hybrid against the neural network alone and the SVM alone, all
three trained on the same data and measured on the held-out MASSAR test set.
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Table 1. Performance on the real MASSAR dataset

Precision (%) Recall (%) F1-Score (%) Accuracy (%)
Neural Network only 95.80 96.79 96.30 95.79
SVM only 97.20 97.50 97.35 97.52
Hybrid NN-SVM 98.87 98.87 98.87 98.87

At 98.87%, the hybrid clears the network alone (95.79%) and the SVM alone
(97.52%), the expected return on a sequential arrangement whose two halves are good
at different things. Per-class figures come out level, near 0.99 on precision, recall, and
F1 for SF, SM, and SVT alike. Not a detail, that evenness: a model performing only on
the majority track would quietly penalise pupils belonging to the smaller ones [25].

4.3 Results on the large-scale benchmark

Table 2 reports the performance of the same architecture, with the same prepro-
cessing pipeline, on the aligned OULAD data.

Table 2. Performance on the OULAD large-scale benchmark after feature regrouping and normalisation

Model Precision (%) Recall (%) F1-Score (%) Accuracy (%)
Neural Network only 95.62 96.51 96.06 95.74
SVM only 97.08 97.31 97.19 97.28
Hybrid NN-SVM 98.71 98.74 98.72 98.73

4.4 Consistency across the two datasets

The two evaluations land almost together (see Figure 3). 98.87% on real MASSAR
records, 98.73% on the aligned benchmark, 0.14 points apart, and the three models
ordered identically both times (network < SVM < hybrid). Architecture, hyperparam-
eters, and preprocessing were held fixed, and only the data changed, so the agree-
ment carries information: the hybrid owes its accuracy to neither the provincial
sample nor its size and behaves the same on a far larger volume. That is the property
national deployment would need.

Accuracy on both datasets: real MASSAR records and the OULAD benchmark
100 7

99 98.87

98.73

98 1

97.52

97 A

Accuracy (%)

96 - 95.79 95.74

95 A
Bl MASSAR (real, ~20,000 records)
[ OULAD (large-scale benchmark)

94 - T
NN only SVM only Hybrid NN-SVM

Fig. 3. Accuracy of the three models on MASSAR and on the aligned OULAD benchmark
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4.5 Discrimination and agreement metrics

Where classes are not perfectly balanced, accuracy misleads, so we add mea-
sures on the real MASSAR data that survive imbalance and examine discrimination
across thresholds. Macro one-vs-rest AUC reaches 0.9981, near-clean separation of
the three tracks. Cohen’s kappa gives 0.983, and the Matthews correlation coeffi-
cient is the same; the latter is recommended precisely for resisting differing class
frequencies. Both sit far above chance or a majority-class rule, so the agreement
between model and actual orientations is real and evenly spread over SF, SM, and
SVT rather than an artefact of the class distribution. Table 3 collects these alongside
the per-class results.

Table 3. Detailed evaluation of the hybrid model on the real MASSAR test set

Track/Metric Precision Recall F1-Score
SF (Physical Sciences) 0.99 0.99 0.99
SM (Mathematical Sciences) 0.99 0.99 0.99
SVT (Life & Earth Sciences) 0.99 0.98 0.99
Overall accuracy - - 98.87%
Macro AUC (OVR) 0.9981 Cohen’s kappa 0.983
MCC 0.983 - -

4.6 Big data infrastructure and scalability

Benchmark interaction volume, and the millions of records of national deploy-
mentimplya call for distributed infrastructure. The configuration is the one described
in [20]: a Hadoop cluster of one NameNode and three DataNodes, HDFS for storage,
YARN for resources, and Spark for processing. Training spreads across the cluster,
interaction records are batched so memory stops being the constraint, and extracted
features sit in a distributed cache to accelerate the SVM stage. Execution time drops
about 40%, from 33 seconds on a single machine to 19.8 (see Figure 4), as reported
in [20]. The figure is recalled rather than claimed anew; it belongs to the inherited
infrastructure, and it matters here only because that infrastructure is what keeps the
approach workable.

Execution time on the OULAD data: single machine vs. Hadoop cluster

-40%

& >

0 5 10 15 20 25 30 35 40
Execution time (seconds)

Fig. 4. Execution time, single machine versus Hadoop cluster
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5  EXPLAINABILITY LAYER (MAIN CONTRIBUTION)

Accurate and usable, perhaps; transparent, no. A hybrid is a black box, and
in orientation that has consequences, since pupils, parents, teachers, and coun-
sellors all have grounds to ask why this track rather than another [14], [17]. So
we add an explainability layer inside the conversational system, and no rec-
ommendation arrives alone. Below are the two methods it rests on, then the
global and the individual explanations obtained from the model trained on real
MASSAR records.

5.1 SHAP and LIME

The layer rests on two complementary methods. LIME (Local Interpretable
Model-agnostic Explanations) [16] perturbs the instance, watches how the predic-
tions move, and fits a weighted linear model that approximates the complex one
in that neighbourhood. Here it tells us how much each subject pushed toward the
recommended track. SHAP (SHapley Additive exPlanations) borrows from coop-
erative game theory, giving each feature an importance value that satisfies effi-
ciency, symmetry, and nullity. In a sensitive setting, those guarantees are worth
having. The pair divides the work: LIME reads more naturally to a non-specialist,
and SHAP stands on firmer theoretical ground and keeps the local and global pic-
tures consistent.

5.2 Global explanation (SHAP)

Across the whole test set, SHAP reports how much each subject weighs on aver-
age. The three sciences take nearly everything (see Figure 5): Mathematics first at
0.078 mean absolute value, followed by Physics-Chemistry 0.071, Life and Earth
Sciences 0.064, and the six others trailing. Nothing startling there. SM, SF and SVT
are scientific specialisations, so a model leaning on the matching marks follows the
shape of the problem it was handed. The interesting reading is negative: no spurious
correlation with a non-scientific subject got picked up on the way, worth knowing
before an explanation is shown to a family.

Global feature importance from SHAP

Mathematics 0.0780
Physics-Chemistry 0.0706
Life & Earth Sciences 0.0643

0.00 0.01 002 003 004 005 006 0.07 0.08 0.09
Mean |SHAP value| (global feature importance)

Fig. 5. Mean absolute SHAP value per subject on the MASSAR data
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5.3 Individual explanation (LIME)

SHAP describes the model. A pupil and a counselor face one recommendation,
which is LIME’s ground. Figure 6 takes a test-set pupil oriented toward mathematical
sciences and gives the contributions with respect to that class. Mathematics leads
at +0.312, physics-chemistry follows at +0.214, and between them they account for
most of the decision. Life and Earth Sciences adds little, +0.039, as one would expect
of a pupil whose strength among the sciences lies elsewhere. French pulls the other
way at —0.081, then History-Geography, Islamic Education, and Arabic, none of them
weighing much. A teacher reads this without difficulty: strong mathematics and
strong physics point to SM, weaker literary marks do not contradict it, and the recom-
mendation follows from the pupil’s own profile rather than from anything opaque.
Two contributions deserve a word rather than a silence. English appears at +0.107,
ahead of Life and Earth Sciences and Physical Education at +0.056, neither belonging
to the scientific core of the decision. The model learned from orientation decisions
actually taken between 2018 and 2022, and those weigh the whole record rather
than the science marks alone; SM being the most selective of the three tracks, a glob-
ally solid profile counts in its favor even where a subject carries no scientific con-
tent. Their weight stays well under mathematics and physics, and Figure 5 confirms
that the sciences carry the model overall. What the local view adds is a reminder that
one pupil’s explanation need not reproduce the global ranking. Through the chatbot,
an explanation of this kind gives the pupil and the family something to read and to
bring to a counselor [18], not a verdict with nothing behind it.

LIME Explanation — Factors Influencing the Decision

Mathematics +0.312

Physics-Chemistry - +0.214

English - +0.107

Physical Education - +0.056

Life & Earth Sciences (SVT) H +0.039

French {—0.081

History-Geography - —0.047 -
|
Islamic Education - -0.029 -
|
Arabic q -0.018 .
i
T t T T T
-0.1 0.0 0.1 0.2 0.3
Contribution to SM prediction
Green = pushes toward SM Red = pushes away from SM

Fig. 6. LIME explanation for a pupil orientated toward SM, computed with respect to that class

6  CONCLUSION

We have described an explainable conversational system for the scientific-track
decision closing the Moroccan common core: A chatbot interface, a hybrid Sequential
Neural Network-SVM model, and explainability layer on SHAP and LIME. Across
some 20,000 anonymised MASSAR records from the Nador directorate, the hybrid
reaches 98.87%, where the network alone gives 95.79% and the SVM alone 97.52%,
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with a macro AUC of 0.9981, Cohen’s kappa and MCC of 0.983, and per-class fig-
ures level across SF, SM, and SVT. Unchanged, the architecture reaches 98.73% on a
large public benchmark aligned to the same feature schema, reproducing level and
ordering alike, which is what supports going beyond one directorate. The explain-
ability layer is the contribution, and it is what makes a recommendation interpreta-
ble: SHAP puts the decision on the three science subjects, as the problem’s structure
would predict, and LIME accounts for individual cases in terms a teacher would
recognise.
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