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Abstract

Engineering education in developing countries faces a widening gap between academic curricula and labor
market needs, as traditional revision processes are too slow to keep pace with rapid technological change.
This paper proposes a conceptual, self-evolving curricular architecture based on RL, formalizing academic
programs as a Markov Decision Process in which curricular adjustments are actions, academic and em-
ployability indicators are state variables, and a multi-criteria reward function balances performance, em-
ployability, industrial alignment, and budget constraints. An Explainable Al layer and a human-governed
workflow support institutional trust. As a proof-of-concept contribution, no deployment, dataset, or simu-
lation has been carried out; the paper instead formalizes the problem, details the architecture, and outlines
a validation protocol for future empirical work.

Keywords: Reinforcement Learning; Self-Evolving Systems; Artificial Intelligence in Education; Employability; Skills-to-
Market Alignment

Abbreviations: DC: Developing Countries & RL: Reinforcement Learning & Al: Artificial Intelligence & MDP: Markov
Decision Process & XAI: Explainable Artificial Intelligence

1. Introduction

Modern engineering education strives to meet technological skill requirements while fostering in-
novation and economic growth. In developing countries, this concept integrates critical dimensions
such as adaptation to limited resources, equitable access to quality training, and the gradual integra-
tion of global technological standards with local industrial realities [1, 2, 3]. Educational ecosystems
in these regions are characterized by a rapidly growing student population, underdeveloped training
infrastructures, and a marked disconnection from real-time labor market data [4, 5]. These structural
constraints hinder the direct application of curricular revision models that have proven effective in
more developed contexts. Indeed, academic management in these areas faces major obstacles, in-
cluding the prevalence of slow bureaucratic processes, the exclusion of emerging skills such as Al or

green energy from official databases, and limited inclusion of industrial stakeholders in pedagogical
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decision-making [6].

In response to this inertia, a paradigm shift toward more agile systems has become imperative. Con-
sequently, a central question arises: to what extent can the integration of RL support the design of
next-generation “self-evolving” curriculum systems specifically tailored to the constraints of devel-
oping countries? In other words, how can traditionally static academic governance be transformed
into a dynamic mechanism capable of optimizing training pathways based on changing market
needs?

The objective of this work is to examine this technological transition by combining a comprehensive
literature review with the formal design of a conceptual prototype architecture in a representative
context, namely Cameroon. This research aims to argue for the technical feasibility of an integrated
approach in which RL enables increased visibility of employability trends and continuous optimiza-
tion of curricular parameters [7, 8], and to lay out a roadmap from conceptual design toward even-
tual, empirically validated real-world deployment via a lightweight, interoperable infrastructure [9].

The remainder of this article is organized as follows: Section 2 reviews the state of the art in engineer-
ing education and the opportunities offered by Al integration. Section 3 formalizes the curricular-
governance problem and details the proposed architecture. Section 4 outlines the envisioned val-
idation protocol, expected contributions, and governance safeguards. Section 5 then discusses the
paper’s contribution and outlines future research directions, and finally, Section 6 concludes with a
summary and recommendations.

2. State of the art

2.1 Sustainable engineering education, employability, and digital opportunities in devel-
oping countries

Sustainable engineering education aims to meet technical training needs while minimizing social and
economic skill mismatches. In developing countries (DCs), this concept also integrates the manage-
ment of obsolete curricula, equitable access to digital and pedagogical resources, and the progressive
integration of global technological standards with local industrial realities [10, 11, 12, 13, 14].

Academic institutions in DCs face massive student enrollment, undersized training infrastructures,
and a lack of reliable data on actual labor-market needs [15, 16, 1, 17]. These constraints compli-
cate the direct application of curricular revision models that have proven successful in developed
countries. In particular:

« Administrative Inertia: Program update processes are often too slow and bureaucratic to keep
pace with rapid technological cycles (e.g., generative Al) [18, 19];

« Lack of Data Granularity: Specific skills demanded by the local industrial sector (SMEs, tech-
nical informal sector) are frequently absent from official academic frameworks [20];

« Technical Gap: Unequal access to cutting-edge tools and the low adoption rate of Learning An-
alytics solutions hinder the use of artificial intelligence for optimizing training pathways [21].

Initiatives such as the UNESCO framework on Al and education demonstrate that the use of mod-
ular and interoperable systems is essential for adapting to local conditions [22, 23, 24]. Learning
Analytics and Al-based frameworks have been used to deploy web-accessible predictive analysis
tools, thereby facilitating decision-making for training managers and academic leaders [25, 26, 27,
28]. However, several challenges remain, such as the lack of structured occupational data, high
digital-infrastructure and computational costs, and the difficulty of integrating RL into rigid ped-
agogical frameworks. This motivates rethinking curricular engineering in developing countries
through lightweight, participatory, and Al-supported digital tools.
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2.2 RL and self-evolving systems

Foundations of Reinforcement Learning

Reinforcement Learning enables software agents to refine their behaviors by interacting with chang-
ing environments [29]. Foundational work on policy gradients and Q-learning [30, 31] established
the mathematical basis for training agents through rewards and penalties [32]. As the field has
evolved, innovations such as Proximal Policy Optimization (PPO) [33] and Deep Q-Networks (DQN)
[34] have significantly enhanced autonomous decision-making capabilities [35, 36]. A significant
advantage of RL lies in its ability to adapt to unforeseen situations, making it a candidate approach
for self-programmable Al. However, challenges such as sample inefficiency, high computational re-
quirements, and learning instability remain major obstacles that current research seeks to address
via model-based RL or hierarchical RL.
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Figure 1. Foundations of Reinforcement Learning Algorithms: DQN and PPO (schematic, adapted for illustration).

Figure 1 summarizes the two RL families referenced throughout this paper.

2.2.1 Application to self-evolving curricula

In this context, a self-evolving curriculum is defined as an adaptive curriculum decision-support sys-
tem: a model-based representation of a training pathway that supports the real-time acquisition,
analysis, and human-approved adjustment of teaching modules based on market signals [37]. The
term “self-evolving” refers to the continuous update of the underlying model and its recommenda-
tions, not to unsupervised institutional change; the human-governance requirement is explicit. This
technology is intended to be powered by RL, where the agent learns to optimize a “policy” (the cur-
riculum) by receiving rewards based on success indicators such as placement rates or skill alignment.
The envisioned system architecture relies on microservices, facilitating incremental deployment and

the integration of heterogeneous data sources through RESTful APIs.

2.2.2 Interoperability and data collection

To ensure seamless interaction between stakeholders (universities, students, employers), semantic
ontologies are used to structure educational entities (skills, course units, job profiles) and support
complex relational and temporal queries [38, 39]. Self-evolving systems of this kind are designed to
integrate data from professional platforms (LinkedIn, Indeed), alumni feedback (crowdsourcing), and
public databases. The use of lightweight solutions, tailored for resource-constrained environments,
is intended to ensure participatory data collection and a more inclusive alignment between academic
training and field realities [40].
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2.3 Al and sustainable education

Artificial Intelligence (AI) plays a key role in transforming educational systems through its predictive
and prescriptive capabilities. Models such as Recurrent Neural Networks (LSTM), Transformer ar-
chitectures, and especially Reinforcement Learning (DQN, PPO) are used in the literature to predict
learning trajectories, optimize training pathways, and dynamically adjust pedagogical content based
on industrial demand [9]. Such tools can, in principle, generate indicators such as predictive em-
ployability rates, skill-alignment scores, and program saturation points, and can support “what-if”
scenario analysis to test the impact of new subjects before their official deployment [41].

To ensure transparency and faculty buy-in, Explainable Al is also proposed to make automated
recommendations understandable to non-technical stakeholders, such as academic directors or cer-
tification committees [42]. More broadly, probabilistic and predictive modeling has been applied
to other education-related human factors, such as teacher self-efficacy [ﬁ] illustrating the broader
relevance of data-driven predictive modeling to educational governance, of which the RL-based cur-
ricular model proposed here is one example. Finally, recent research explores the use of Large Lan-
guage Models (LLMs) to automatically generate contextual competency frameworks and anticipate

the evolution of local professions.

Table 1. Review of Academic Works on Al, Reinforcement Learning, and Digital Twin Approaches for Engineering Curriculum
Alignment (2022-2026)

Authors, Year

Main Topic

Methodology

Tools / Algorithms

Main Limitation

Liu & Song, 2025

Stasolla et al., 2025

Satheeskumar et al., 2025

Nkrumah et al., 2025

Cousineau, 2025

Oeij et al., 2024

Perisic et al., 2023

Sivamayil et al., 2023

Xu et al., 2022

Dynamic alignment
between education
and industry

Deep Learning & RL in
higher education

Al emerging skills
alignment

Skill extraction and
matching

Explainable Al in
education

Industry 5.0 skills
Educational
interoperability
RL applications

Big Data &
employability

RL modeling

Scoping review
Applied Al system
Comparative
study

Doctoral research
Conceptual
framework

Conceptual
framework

Systematic
review

Empirical study

Reinforcement
Learning

DL+RL

Al-driven alignment

BERT vs LLM

XAl frameworks

Industry 5.0 taxonomy

Open interoperability

model

Q-learning, PPO

Big Data analytics

Limited to micro-level vocational
training tasks

Focused on the student micro-
level

Contextual implementation chal-
lenges

Strong dependency on textual
data

Implementation complexity

Not integrated into an adaptive
model

Lack of sequential optimization

Limited curricular applications

Static predictive model

This synergy between Al and self-evolving systems suggests a promising direction for addressing
curricular obsolescence and professional exclusion in high-growth regions. Beyond simple predic-
tive analysis, the convergence of Al and instructional engineering as argued in [8] could enable a
strategic, adaptive, and explainable alignment of training with local socio-economic realities. This
direction, aligned with the Industry 5.0 skill framework [20], motivates the architecture proposed in

Section 3. o
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2.4 Global objective and positioning: identified limitations in the literature and architec-
tural justification

Analysis of recent studies highlights that, despite significant advances in the use of Al in education,
several limitations persist, particularly in developing countries. Existing solutions often struggle to
adapt to contexts characterized by institutional inertia, insufficient digital infrastructure, and frag-
mented data regarding the local labor market [15, 17, 6]. Furthermore, many approaches remain

focused on descriptive or predictive analysis of student performance without proposing a sequential
and adaptive curricular optimization mechanism [14, 8].

Moreover, although RL models demonstrate strong potential for dynamic optimization [29], their
algorithmic complexity and lack of decision-making transparency still represent major barriers to
institutional adoption. The issues of explainability and trust in intelligent systems thus remain cen-

tral [42].

It is precisely to address these gaps that this research proposes an integrated methodological frame-
work. This framework combines RL-based formalization, an interoperable modular architecture
[39], dynamic alignment with industrial skills [20], and XAI mechanisms, with the goal of designing
a self-evolving, contextualized, and sustainable curriculum decision-support system.

While RL-based strategies for industry-teaching integration already exist, such as the one proposed
n [37], that work targets micro-level vocational-training tasks within a single, highly structured
training environment. The present study differs from [37] along three concrete dimensions:

(i) Decision granularity. [37] optimizes individual training exercises within one course; the
framework proposed here treats an entire degree program—including module additions, re-
movals, updates, and credit-hour reallocation—as the unit of optimization (Macro-Level Cur-
ricular Optimization).

(i) Transparency. [37] does not report an explainability mechanism; the proposed framework
couples the RL formalization with a SHAP-based explainability layer specifically to support
institutional, non-technical decision-makers (Explainable Al Integration).

(iii) Contextual constraints. [37] assumes a data-rich, structured vocational setting; the pro-
posed framework is explicitly designed to remain operable under the low data-granularity and
bureaucratic constraints typical of developing-country institutions (Contextual Resilience for
Developing Countries).

Table 1 summarizes this contrast for [37] as “limited to micro-level vocational training tasks”; the
full comparison is developed in the three points above. Thus, whereas [37] offers an algorithmic op-
timization technique for isolated training, this study proposes a comprehensive, scalable governance
framework design, intended for systemic evaluation in resource-limited academic ecosystems once
empirically validated.

3. Proposed methodological framework

3.1 Materials and formal problem definition

Over the last decade, Artificial Intelligence (AI) and Learning Analytics have been reported to reduce
the gap between graduate skills and industrial requirements [14, 20]. Recent research underscores
the potential of Deep Learning and RL to enhance educational adaptability, with RL offering more
dynamic sequential optimization than traditional analytical approaches [29, 9, 37]. To situate this
contribution within this expanding research landscape, Figure 2 illustrates the scientific shift from
student-centered predictive models toward dynamic systems focused on continuous industrial align-
ment.
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Evolution of Research (2019-2025)
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Figure 2. Illustrative trend of publication activity (2019-2025) across three converging research areas.

Figure 2 illustrates the growing, converging interest in Al in education, training-industry align-
ment, and developing-country contexts, based on a non-systematic, exploratory keyword search of
indexed publications; as no database, search string, or inclusion/exclusion criteria were applied, the
figure should be read as motivating context rather than as bibliometric evidence. Despite this recent
progress, contemporary research focuses almost exclusively on micro-level optimizations, such as
individual student tracking, while overlooking the broader institutional and industrial dimensions.
Although interoperability and XAI are gaining traction as essential components for academic trust
[39, 42], current frameworks rarely integrate them into a cohesive strategy. This gap motivates
the multi-objective architecture proposed below, specifically designed for the structural realities of
developing nations.

This shift is necessary because truly self-evolving mechanisms remain scarce in the literature. Most
existing systems operate merely as static decision-support tools, lacking the continuous learning
loops required for autonomous curricular adaptation. Furthermore, RL applications are still largely
confined to optimizing student pathways [29, 9], leaving the challenge of institutional-scale program
restructuring largely unaddressed. By tackling the specific hurdles of developing countries, ranging
from data fragmentation to weak university-industry ties [14, 20], the framework proposed here

moves beyond purely descriptive analysis toward a formally specified, scalable governance design.

The proposed methodology follows an integrated four-stage adaptive approach, illustrated in Fig-
ure 3: (1) a literature review and needs analysis to identify curricular gaps and emerging market
skills; (2) formalization of the curriculum as a Reinforcement Learning environment (Markov Deci-
sion Process, MDP); (3) collection, integration, and semantic alignment of academic and industrial
data to build a coherent state representation; and (4) implementation of the RL agent’s decisions, in-
terpretation via XAl techniques, and re-evaluation through a continuous, human-governed feedback
loop.

3.1.1 Formal specification of the curricular MDP
To answer the request, raised independently by several reviewers, for a fully specified problem def-
inition rather than a purely narrative description, the curricular-governance problem is formalized
here as the tuple

M=(S,A,P,Rv,H), (1)

where S is the state space, A the action space, P(sy1 | $;, ar) the transition function, R the reward
function, vy € [0, 1) the discount factor, and H the episode horizon (number of curricular-revision
cycles per program lifetime considered).
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Figure 3. Proposed methodological approach.

State space S;. The state vector s; € S at decision cycle ¢ is proposed to concatenate four groups of
normalized indicators: (i) academic indicators (mean grade point average, pass rate, credit-hour dis-
tribution across modules); (ii) employability indicators (Skill Alignment Score, SAS;, and six-month
placement rate); (iii) industrial indicators (partner satisfaction score, number of emerging skills cov-
ered); and (iv) budgetary indicators (available credit-hour envelope, cost of the current module con-
figuration).

Action space A;. At each cycle, the agent is proposed to select one action from a discrete set
A = {add_module, update_module, remove_module, reallocate_credit_hours, no_change}, (2)

parameterized by the module or credit block targeted, subject to institutional feasibility constraints
(accreditation limits, prerequisite structure, staffing).

Transition dynamics P. The environment is expected to update s; to s;.; through (a) a determin-
istic accounting update for credit hours and implementation cost following the chosen action, and
(b) a stochastic update of SAS, placement probability, and satisfaction, to be calibrated on historical
institutional and labor-market data once such data are collected. Specifying and calibrating P from
real data is identified as a required step before any RL agent can be trained, and is explicitly left to
future empirical work.

Reward function R;. The reward is proposed to combine four weighted objective terms and a
modification-cost penalty:

R; = wi-AAcademic,;+w;-AEmployability,+ ws - Alndustry, +ws-BudgetCompliance, — ws -Cost;, (3)

where each A term denotes the normalized ([0, 1]) change in the corresponding indicator between
cycles t — 1 and t, BudgetCompliance, € {0, 1} penalizes actions that violate the institutional credit-
hour envelope, and Cost; is the normalized administrative and financial cost of implementing the
action. The weights wy, ..., ws are design parameters to be elicited from institutional stakeholders
(curriculum boards, industry partners) and validated through a sensitivity analysis showing whether
recommended actions remain stable under plausible alternative weightings, rather than fixed a pri-
ori; no numerical values are reported here because no calibration exercise has yet been conducted.
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Episode structure. One episode is proposed to correspond to a full degree-program revision cycle
(e.g., H = 4 decision points over two academic years), terminating either at t+ = H or upon a hard
budget-constraint violation. The discount factor vy should be selected to reflect the institution’s
planning horizon and is left as a design parameter.

3.1.2 Explainable Al layer

An Explainable Al layer is proposed to make the (future) agent’s recommendations interpretable to
non-technical curriculum committees. The design envisions SHAP (SHapley Additive exPlanations)
values computed for a surrogate function approximating the agent’s action-selection probabilities
from the state vector s,;, so that the relative contribution of each state variable (e.g., SAS, budget)
to a given recommendation can be reported. As with the reward function, the concrete choice of
background dataset, the granularity of explanations (local, per-decision, versus global, policy-level),
and the handling of temporal dependencies across cycles are implementation decisions to be made
once a trained agent exists.

3.1.3 Envisioned data sources

No dataset has been collected and no institutional deployment has taken place at the time of writing.
The framework is designed with the Computer Science and Electrical Engineering departments of
an engineering institution in Douala, Cameroon, as an illustrative future application context, chosen
for the rapid technological evolution of these fields (Al, embedded systems, renewable energy). The
data sources envisioned for a future empirical study are: (i) institutional academic records (curricula,
grades, credit structure); (ii) job postings from professional platforms such as LinkedIn and Indeed,
to be collected subject to the platforms’ terms of service; and (iii) structured feedback from industrial
partners and alumni. Before any such collection can occur, the ethical and data-governance condi-
tions including institutional ethics approval, informed consent, and data-minimization safeguards
will need to be secured.

3.2 Proposed architecture

To address the limitations identified in the literature, a self-evolving curricular architecture based on
RL is proposed, specifically designed to dynamically align engineering training with industrial needs
in developing countries. This architecture relies on a modular approach integrating intelligent data
collection, semantic skill modeling, a sequential optimization engine, an XAl layer, and a lightweight
infrastructure tailored to local constraints. The objective is to transform curricular governance from
a static and periodic process into an adaptive, human-governed system driven by data and machine
learning. The architecture is organized into seven sequential layers, introduced below and matched
one-to-one with the numbered blocks of Figure 4:

1. Heterogeneous data acquisition layer: aggregates heterogeneous data from academic, stu-
dent, and industrial sources. It distinguishes static features (student profile, academic history,
learning style) from dynamic features evolving over time (LMS behavior, cognitive level, emo-
tional state), while integrating macro-contextual data such as labor market trends, industrial
needs, and institutional budgetary constraints. This multi-source structuring captures the in-
dividual, institutional, and socio-economic dimensions of the educational system.

2. State representation (S;): transforms collected data into the contextual state representation S;
defined in Section 3.1.1, through a processing pipeline (ETL, normalization), semantic extraction
via Transformer models, and ontological alignment between industrial skills and academic con-
tent.

3. Data integration and ontological alignment: structures and semantically aligns academic and
industrial records (skills, course units, job profiles) into a coherent ontology-based representation
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feeding the state vector.

4. Reinforcement Learning optimization engine: the core of the system is intended to be an

RL agent (PPO/DQN) instantiating the MDP of Equations (1)—-(3). Based on the state S;, the agent
would select actions such as adding, updating, or removing modules, as well as resource reallo-
cation, guided by the multi-objective reward function of Equation (3).

Curricular prediction and intervention: the decisions generated by the RL agent would feed
into an operational layer dedicated to performance prediction and curricular adjustment, translat-
ing algorithmic recommendations into concrete intervention strategies — modification planning,
institutional implementation, and monitoring of effects.

XALI: to ensure transparency and system acceptability, an XAI layer using SHAP (or LIME) is
proposed to identify the relative influence of state variables on the agent’s recommendations,
reducing the “black box” effect of the RL model for academic decision-makers.

Human-governed feedback loop and dashboard: after implementation of any curricular
adjustment, performance indicators (professional placement, satisfaction, skill-gap evolution)
would be collected and fed back into the system, subject to mandatory human curriculum-board
approval. This feedback loop is what allows the reward function and learning policy to be up-
dated over time rather than the curriculum being revised in a purely periodic, static manner. A
dashboard layer would provide real-time monitoring, “what-if” prospective analysis, and strate-
gic reporting.

Table 2 summarizes, for each of the seven layers above, its expected input, output, candidate sup-
porting technology, and an indicative design-level latency/cost class.

Table 2. Architectural layers, their input/output, and supporting technology.

Layer Input Output Candidate Technol- Design
ogy Latency/Cost
Class
1. Data Acquisition Job offers, LMS Rawdata Scrapy Low
logs, academic
records
2. State Representation Normalized data State vector S; BERT Medium
3. Data Integration & Ontology =~ Raw/normalized Aligned ontologyin-  OWL, Neo4j Medium
data stance
4. RL Optimization Engine State vector S; Action A; PPO/DQN (e.g., High
Stable-Baselines3)
5. Prediction & Intervention Action A; Intervention plan Rule-based  post- Low
processing
6. XAl State vector, policy  Feature- SHAP Medium
output importance report
7. Feedback & Dashboard Post- Updatedreward,re-  Web dashboard Low

implementation
KPls

ports

Figure 4 depicts the resulting pipeline. Data flows sequentially through the seven layers, 1 — 2 —

3

— 4 — 5 — 6 — 7, and the human-governed feedback loop embedded in layer 7 closes the cycle

back to layer 1 for the next curricular-revision period.
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Figure 4. Proposed seven-layer architecture.

4. Proposed validation protocol, expected contributions and governance

This section replaces what was, in the originally submitted version, presented as a set of simulation
results. No computational simulation, dataset, or trained agent exists at this stage; the paragraphs
below instead specify the protocol that would need to be executed to empirically validate the ar-
chitecture of Section 3, together with the governance and ethical safeguards that would need to
accompany any such validation.

4.1 Envisioned application scenario

The architecture is designed to be applicable to the Computer Science and Electrical Engineering de-
partments of an engineering institution in Douala, Cameroon, chosen as an illustrative context given
the rapid technological evolution in these fields. A future empirical study would need to instanti-
ate the proposed seven-layer architecture, including automated data acquisition from professional
platforms, semantic skill extraction, ontology-based knowledge representation, and a PPO/DQN op-
timization engine using real institutional data. It would also need to report the dataset size, collection
window, feature list, and preprocessing pipeline in full, as required for reproducibility.

4.2 Proposed evaluation metrics and baselines

Table 3 lists the key performance indicators the architecture is designed to track, together with how
each would be measured and against which baselines it would need to be compared. No values are
reported for these indicators in this paper; they define the measurement protocol for future work.

A methodologically important requirement, raised independently by several reviewers, is that the
employability indicator must be measured independently of the SAS term that the reward function in
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Table 3. Proposed key performance indicators (KPIs), their definition, and candidate baselines for future empirical evalua-
tion. No values are reported here; this table specifies the measurement protocol, not obtained results.

Indicator

Proposed definition / measurement

Candidate baselines for comparison

Skill Alignment Score (SAS)

Six-month employability rate

Emerging-skill coverage

Credit-hour reallocation

Industrial partner satisfaction

Ontology-based overlap between the skill
set taught and the skill set demanded by
collected job postings, normalized to [0, 1]

Share of graduates placed within six
months, from independent longitudinal
follow-up data (not derived from SAS)

Share of modules covering skills flagged as
“emerging” in the industry data

Share of total credit hours reassigned by
the agent’s actions

Structured survey of partner organizations

No-change (static curriculum); rule-based
periodic revision

Historical institutional placement records

Supervised ranking without RL; classic
Learning Analytics

Multi-objective optimization without RL

No-change baseline

Equation (3) optimizes; using a SAS-derived projection as a stand-in for employability would make
the outcome circular with respect to the optimized objective, and any future empirical study must
avoid this by using external, longitudinally observed placement data. Future work should also report
means and standard deviations, or confidence intervals, over multiple independent training seeds,
together with convergence diagnostics (learning curves, episode returns), rather than single-run
figures.

4.3 TIllustrative curriculum case study

To assess whether the policy recommended by a trained agent is pedagogically coherent, and not
merely numerically optimal, a future validation study should present at least one auditable, worked
example for one program (e.g., Computer Science): the baseline module list, the industry skills ex-
tracted for that program, the ontology matches, the specific actions recommended by the agent, the
resulting credit distribution, prerequisite impacts, faculty and laboratory requirements, accredita-
tion limits, an estimated implementation cost, and the human curriculum board’s decision. This
case study is identified here as a required deliverable of future empirical work.

4.4 Human governance and responsible use

The framework is designed to support, not replace, human curricular decision-making. Any module
addition, update, or removal recommended by the RL agent would require mandatory approval by
the institutional curriculum board before implementation. The design anticipates: (i) stakeholder
representation (faculty, students, industry, accreditation bodies) in the approval process; (ii) an ap-
peal/override mechanism for board members who disagree with a recommendation; (iii) an audit
trail and version control for every adopted curricular change, with rollback capability; (iv) a min-
imum review interval between successive changes to guard against oscillation and abrupt module
turnover; and (v) explicit safeguards protecting foundational/theoretical content from being deprior-
itized in favor of short-term market trends. Potential biases in the envisioned data sources, including
underrepresentation of informal and public-sector employment, regional and language inequities in
online job postings, and employer dominance in shaping the reward signal are acknowledged as
open risks requiring ongoing monitoring rather than one-time mitigation.
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4.5 Ethics, privacy, and data governance

Because the architecture envisions processing sensitive data, including student profiles, academic
histories, LMS behavior, learning styles, and inferred emotional state, alongside employer informa-
tion and content collected from third-party professional platforms, any future empirical implementa-
tion would need to secure, in advance: (i) institutional ethics approval (or a documented exemption)
for the use of student and academic data; (ii) informed consent and institutional authorization pro-
cedures; (iii) a data-minimization, pseudonymization, security, retention, and deletion policy; (iv) a
documented legal and ethical basis for collecting data from third-party platforms, compliant with
those platforms’ terms of service; and (v) access-control and cybersecurity measures for the ontol-
ogy and model pipeline. No such approvals have been sought at this stage, since no data collection
has taken place.

4.6 Limitations of the proposed approach

The framework presented above is deliberately conceptual, and its limitations should be read as an
explicit research agenda rather than as caveats appended after the fact.

« Conceptual stage. This paper formalizes and proposes an architecture; it does not report an
implementation, a trained agent, or empirical results. All quantitative claims made elsewhere in
this text (e.g., regarding SAS, placement rates, or reward values) are design specifications, not
measured outcomes.

« Unvalidated transition and reward calibration. The transition dynamics P and the reward
weights wy, ..., ws in Equations (1)—(3) are design parameters, not empirically fitted quantities.
Their calibration on real institutional and labor-market data, together with a sensitivity analysis
over plausible weightings, is a prerequisite for any confidence in the resulting policy; without
it, the reward function remains a hypothesis about institutional priorities rather than a validated
objective.

+ Risk of circular evaluation. As noted in Section 4, employability must be measured indepen-
dently of the Skill Alignment Score (SAS) term optimized by the reward function. Failing to enforce
this separation in future empirical work would make the evaluation partially circular with respect
to the optimized objective, artificially inflating apparent performance.

- Data availability and representativeness. The data sources envisioned in Section 3.1.3 (institu-
tional academic records, job postings from platforms such as LinkedIn and Indeed, and structured
industry feedback) have not yet been collected. Their coverage, quality, and representativeness
for developing-country labor markets, which are often characterized by a large informal sector
that is underrepresented in online job postings, remain unverified and constitute a first-order risk
for the validity of any downstream model.

« Algorithmic and computational feasibility. The choice of RL algorithm (e.g., PPO or DQN,
as listed in Table 2) and its sample efficiency have not been assessed against the scale and update
frequency realistically available in a resource-constrained institutional setting. Sparse decision
cycles (a few per academic year) may be insufficient to train a stable policy without simulation-
based pretraining or transfer learning, which is not addressed in this paper.

« Human and bureaucratic complexity. Any future simulation environment will necessarily
simplify the human and bureaucratic factors, including negotiation among stakeholders, infor-
mal influence, and resistance to change that shape real pedagogical decision-making, and may
therefore only partially capture the institutional dynamics the architecture is meant to support.

« Scope and generalizability. The illustrative application context (Computer Science and Electri-
cal Engineering departments at a single institution in Douala) is narrower than the paper’s general


https://orcid.org/https://orcid.org/0009-0003-6745-0540

Canadian Journal of Artificial Intelligence for Learning and Engineering Innovation 13

framing around “engineering curricula in developing countries.” Consequently, findings from any
future single-institution pilot should not be generalized beyond that validated context without a
subsequent multi-institutional study, as outlined in Section 5.

5. Discussion and future work

The contribution of this paper is the formalization of curricular governance as an MDP, the design
of a seven-layer modular architecture, and a validation protocol that explicitly separates concep-
tual design from empirical claims. This addresses a gap in prior RL-for-education research, which
remains largely focused on student-level rather than institutional-level optimization [29, 9].

Future research will proceed along the following axes, building on the limitations identified above.
First, the data-collection and ethics-approval steps must be completed before any model training
can begin. Second, the reward-weight elicitation and sensitivity analysis must be conducted with
institutional stakeholders. Third, once training data are available, the RL agent should be trained
and evaluated against the baselines and KPIs of Table 3, with results reported using multiple inde-
pendent seeds, convergence diagnostics, and confidence intervals, and with employability measured
independently of the optimized SAS term. Fourth, to address data scarcity during early validation,
synthetic data generation and an Edge-Al architecture (to reduce computational costs via distributed
learning) will be explored. Fifth, Multi-Agent Reinforcement Learning (MARL) will be investigated
to let students, teachers, and employers act as agents contributing directly to the reward signal,
fostering more collaborative governance. Sixth, adaptive ontologies will be explored to enable the
dynamic evolution of skill taxonomies using generative models. Finally, once a single-institution
pilot is validated, a multi-institutional study at the national level is planned to evaluate the transfer-
ability and robustness of the framework across diversified academic contexts.

6. Conclusion

Engineering education in developing countries continues to suffer from a structural mismatch be-
tween academic curricula and labor-market needs, as slow, periodic, and largely descriptive revision
processes struggle to keep pace with rapid technological change. Traditional curricular governance
mechanisms, hindered by administrative inertia, fragmented industrial data, and limited stakeholder
integration, are ill-suited to sustaining this alignment over time.

To address this gap, this paper proposed a conceptual, Reinforcement-Learning-based architecture
for curricular governance, formalizing the evolution of academic programs as a constrained sequen-
tial optimization problem using a Markov Decision Process, a multi-criteria reward function bal-
ancing academic, employability, industrial, and budgetary objectives, and an Explainable Al layer
together with an explicit human-governance and ethics framework. Unlike traditional, periodic and
descriptive curricular-revision methods, the proposed architecture is designed for continuous adap-
tation to labor-market needs through the integration of external data, multi-objective decision logic,
and a reward mechanism that incorporates industrial stakeholders directly into the optimization
loop. Beyond this formalization, the paper’s main contribution lies in reframing curricular man-
agement as a formally specifiable, human-governed adaptive-decision problem, capable in principle
of learning, adjusting, and optimizing recommendations in a dynamic and uncertain environment,
provided the calibration, data-governance, and validation steps identified throughout this work are
completed. No implementation has been carried out, and consequently no performance claim is
made: the contribution is the formal problem specification, the modular architecture design, its po-
sitioning relative to existing RL-based education-alignment work, and a concrete, ethically grounded
validation protocol for future empirical work.
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This paper is therefore intended as a foundation for, not a substitute for, the empirical work required
to demonstrate that data-driven, explainable, and multi-stakeholder curricular governance is achiev-
able in resource-constrained settings. Future work should prioritize, in sequence: securing institu-
tional ethics approval and completing the envisioned data-collection effort; eliciting and validating
the reward-function weights with curriculum boards and industry partners through a sensitivity
analysis; training and evaluating the RL agent against the proposed baselines and key performance
indicators, with employability measured independently of the optimized alignment score to avoid
circular evaluation; and, once a single-institution pilot has been validated, extending the framework
to a multi-institutional study to assess its transferability and robustness across diversified academic
contexts. Longer term, this line of work could be extended toward synthetic data generation and
edge-Al deployment to mitigate early data scarcity, Multi-Agent Reinforcement Learning to let stu-
dents, teachers, and employers act as agents directly shaping the reward signal, and adaptive on-
tologies capable of evolving skill taxonomies through generative models. Taken together, these steps
chart a path from the present architectural proposal toward an empirically validated, trustworthy,
and institutionally governed instrument for aligning engineering education with the evolving needs
of developing-country labor markets.
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