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Abstract

The digital transformation of higher education in Africa necessitates innovative solutions
tailored to the continent’s linguistic diversity, cultural nuances, and infrastructural constraints.
While Al chatbots offer promise in streamlining student support services, existing frameworks
inadequately address challenges such as multilingual interactions, low-bandwidth
environments, and compliance with evolving data regulations like Rwanda’s Data Protection
Law (No. 058/2021). This study proposes a hybrid conceptual framework for Al chatbots that
integrates lightweight Natural Language Processing (NLP) models with human oversight,
designed specifically for African universities. By leveraging decision trees, intent mapping,
and structured conversation flows, the framework enables institutions to automate routine tasks
while maintaining contextual and empathetic support through dynamic escalation protocols.
Key innovations include offline functionality for resource-constrained settings, cultural
appropriateness checks to interpret indirect queries, and bias-mitigation strategies aligned with
ethical guidelines. Developed through mixed-methods research, including case studies at the
University of Kigali, expert interviews, and iterative prototyping, the framework demonstrated
an 85% projected accuracy in resolving academic inquiries and reduced staff workload by 30%
in simulations. Findings underscore the viability of no-code platforms for scalable deployment,
emphasizing the balance between automation and human intervention. This research
contributes a context-aware model for Al adoption in higher education, bridging global
technological advancements with Africa’s socio-technical realities while prioritizing ethical
compliance and student-centric design.
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1. Introduction

The digital transformation of higher education in Africa faces unique challenges, including
linguistic diversity, infrastructural constraints, and cultural nuances. While Al chatbots
promise to streamline student support services, existing frameworks often fail to address these
contextual realities. While Al chatbots hold transformative potential for streamlining university
student support services, their implementation in African higher education institutions remains
fraught with systemic challenges. Existing frameworks, largely designed for Western contexts,
inadequately address African universities' unique infrastructural, linguistic, and cultural
realities. Africa’s linguistic diversity such as Rwanda’s trilingual context (Kinyarwanda,
English, French) is overlooked by mainstream NLP models. Rule-based systems fail to
interpret code-switching (like mixing Kinyarwanda and English in queries), while ML-driven
chatbots lack localized training data, leading to misinterpretations. For instance, the University
of Rwanda’s ACE-DS chatbot struggled with 40% inaccuracy in regional language
queries(Kefas et al., 2024). Many African universities operate with limited bandwidth,
intermittent internet access, and outdated IT systems. Heavy reliance on cloud-based Al tools
(like GPT-4) is impractical, yet lightweight, offline-capable frameworks remain
underdeveloped.
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Figure 1: Model chatbot (Adam et al., 2021)

Generic chatbots often misinterpret communication norms. For example, indirect or context-
dependent queries common in African discourse (e.g., “I'm struggling” implying
financial and academic stress) are misclassified, reducing trust. Culturally tailored escalation
protocols for sensitive issues are absent.

Existing frameworks, such as Rwanda’s Data Protection Law (No. 058/2021), rarely comply
with Africa's evolving data laws. Bias audits for demographic fairness (e.g., gender, rural-urban
divides) are neglected, risking exclusion.

While global models emphasize human-Al collaboration, they assume abundant staff
resources. African universities, however, face staff shortages, necessitating frameworks that
optimize human intervention for high-impact scenarios (e.g., academic counseling) while
automating routine tasks.

This research addresses these gaps by proposing a hybrid framework that integrates lightweight
NLP models for African languages, offline functionality for low-resource settings,
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and culturally adaptive escalation protocols. Using the University of Kigali (UoK) as a case
study, the research demonstrates how universities can deploy context-aware chatbots without
advanced technical expertise, bridging the divide between global Al advancements and
Africa’s socio-technical realities.

2. Literature Review

Al chatbots are increasingly used in education for academic advising and administrative
support tasks. However, existing literature predominantly focuses on the technical aspects,
such as Natural Language Processing (NLP) and deep learning, while neglecting user-centric
deployment strategies. Despite their potential to deliver personalized and scalable services,
chatbot applications in education, especially in African contexts, remain limited (Smutny &
Schreiberova, 2020).

The development of chatbots began with ELIZA in 1966 and evolved through significant
milestones like ALICE, Siri, and Google Assistant. With the advent of smart speakers and
social media integrations, chatbots have grown in complexity and use cases. These
technological advances set the stage for their adoption in educational environments, albeit at a
slower pace in Africa due to limited awareness (Madibo et al., 2025). Current chatbot
technologies fall into three main categories: rule-based, machine learning (ML)-driven, and
hybrid models. Rule-based systems, which comprise approximately 62% of university
chatbots, operate on predefined decision trees and excel at handling structured, repetitive tasks
but struggle with dynamic interactions requiring contextual awareness(Adamopoulou &
Moussiades, 2020). In contrast, ML-driven chatbots leverage natural language processing and
neural networks to enable more fluid conversations, demonstrating up to 78% accuracy in
resolving academic advising queries (Buolamwini, 2018). Hybrid models have emerged as a
promising paradigm by integrating rule-based efficiency with ML adaptability and human-in-
the-loop oversight. These systems can dynamically allocate tasks between Al and human
agents, with studies showing they can handle 70% of routine inquiries autonomously while
appropriately escalating complex cases to human advisors. This approach has demonstrated
improvements in student satisfaction by as much as 22% in some implementations. Despite
their potential, hybrid frameworks remain underexplored in university settings, particularly in
African contexts where additional challenges of multilingual support and cultural sensitivity
must be addressed (Pereira et al., 2019). However, these systems face challenges including a
lack of transparency, potential bias, and difficulty replicating human empathy in sensitive
scenarios.

The architecture of effective chatbots consists of multiple interconnected components: a user
interface for interaction, a natural language processing engine for understanding intent and
context, a dialogue management system for controlling conversation flow, a knowledge base
containing institutional information, and an integration layer connecting to external systems.
These components must work together seamlessly to provide effective student support.
Theoretically, chatbot implementations can be understood through the lens of Activity Theory,
which positions them as mediating tools between students and institutional goals, and
Cognitive Load Theory, which suggests chatbots can reduce mental effort by breaking complex
processes into digestible steps (Huang, 2021).
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Different theories have been used in chatbot design:

e Activity Theory, where the chatbot mediates between students and institutional
systems (Engestrom, 1987)

o Cognitive Load Theory, advocates for simplified task flows to reduce student mental
effort (Sweller, 1988). These theories guide chatbot design to ensure functional,
educational, and ethical alignment.

Two interacting activity systems as minimal model for
third generation of activity theory -- Engestrom 1999
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Figure 2: Activity Theory Model for Chatbot-Mediated Student
Support(McAvinia, 2016)

Some related Works include:

e Technical Evolution: Rule-based systems like ELIZA are limited by rigidity, while
ML-powered bots like Jill Watson have enhanced automation capabilities but raise
concerns about transparency and data bias.

o Pedagogical & Ethical Considerations: While bots enhance access and
personalization, they risk diminishing human mentorship. Few studies address Al
ethics in African settings, focusing mostly on Western standards like GDPR(Floridi et
al., 2018).

e Hybrid Systems & Human-AI Collaboration: Effective task-sharing between Al
and human agents has been validated in Western institutions, but best practices for

escalation and integration in African contexts are lacking(Zawacki-Richter et al.,
2019).

Research reveals significant gaps in existing implementations, particularly when
contextualized to African settings. While hybrid human-Al models have gained traction
globally, their application in low-resource, multilingual African contexts remains limited.
Current NLP tools prioritize Western linguistic patterns, neglecting indirect communication
norms prevalent in African discourse. Additionally, ethical frameworks overwhelmingly focus
on Western compliance standards rather than Africa's evolving data protection laws. These
gaps underscore the need for frameworks that address localized adaptation, algorithmic bias,
and appropriate escalation protocols between Al and human intervention. The development of
culturally sensitive, linguistically appropriate, and ethically sound chatbot implementations
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remains an important frontier for improving educational support systems across diverse
contexts(Madibo et al., 2025).

3. Methodology

The methodology part outlines a comprehensive approach to designing, implementing, and
evaluating a hybrid Al chatbot framework for university student support services in Rwanda,
specifically at the University of Kigali (UoK). The research employs an explanatory sequential
mixed-methods design that combines qualitative exploration of institutional challenges with
quantitative evaluation of the chatbot's effectiveness. Following a pragmatic paradigm, the
study prioritizes practical solutions to real-world problems in the Rwandan higher education
context.

The research design incorporates a case study approach focused on UoK as the primary site,
enabling an in-depth investigation of Rwanda's unique educational landscape and contextual
barriers such as multilingual support and resource constraints. The methodology emphasizes
iterative development through cyclical prototyping and feedback, with students, faculty, and
IT staff engaged as co-designers to ensure alignment with institutional needs. Data reliability
is enhanced through triangulation, and cross-validating information from surveys, interviews,
and system logs.

Data collection employed multiple methods, beginning with a systematic literature review of
peer-reviewed journals, conference proceedings, and institutional reports published between
2015-2024. This review identified best practices, challenges, and gaps in Al chatbot
deployment, focusing on keywords such as "hybrid chatbots," "student support services," and
"Al in African education." Semi-structured interviews were conducted with 20 key
stakeholders, including Al developers, university IT staff, and academic advisors, to
understand technical constraints, integration challenges, and pedagogical needs. Comparative
case studies of successful chatbot implementations at ACE-DS Rwanda also provided valuable
benchmarks.

The researchers chose Dialogflow due to its no-code interface for rapid development,
multilingual support for Kinyarwanda and English, integration capabilities with UoK's student
portal and Moodle LMS, and a comprehensive analytics dashboard. The framework
development process followed four structured phases: requirement analysis, architecture
design, ethical safeguards implementation, and validation by 20 experts. The architecture was
designed with three layers: rule-based logic using Dialogflow, adaptive machine learning using
GPT-4, and human oversight.

The study maintained rigorous ethical standards throughout, obtaining informed consent from
all participants and ensuring data anonymization by removing personally identifiable
information. Bias mitigation was prioritized through systematic audits of training datasets
using IBM's Al Fairness 360 toolkit to identify and correct demographic disparities in language
processing and response generation. Data security protocols included end-to-end encryption
for chatbot interactions and GDPR-compliant storage solutions to protect sensitive student
information, ensuring compliance with institutional review board guidelines and building trust
in the hybrid chatbot system.
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4. Result and Discussion

4.1 Hybrid Conceptual Framework for AI Chatbots in University Student Support
Services

The study presents the Hybrid Conceptual Framework for Al Chatbots in University Student
Support Services and proposes ahybrid AI chatbot framework tailored for Rwandan
Universities and designed to be implemented using low/no-code platforms. The framework
provides a step-by-step blueprint for institutions like UoK to deploy context-aware chatbots
without requiring advanced programming expertise. It addresses Africa’s linguistic diversity,
infrastructural constraints, and cultural nuances while prioritizing ethical compliance and
scalability. The framework’s architecture emerged from iterative stakeholder
workshops (Phase 1 of the methodology) and comparative case studies of existing chatbots. It
comprises three interconnected layers:

1. Rule-Based Logic Layer: Designed using DialogFlow templates, this layer handles
structured tasks (deadline reminders, FAQs...) through predefined decision trees. Its
transparency and auditability align with findings from expert interviews, where IT staff
emphasized the need for systems that non-technical administrators can modify.

2. Adaptive ML Layer: Informed by literature on low-resource NLP models, this layer
employs lightweight BERT variants fine-tuned on synthetic Kinyarwanda-English
datasets (generated during prototyping). The design addresses Rwanda’s bandwidth
constraints, a recurring theme in stakeholder feedback.

3. Human-in-the-Loop (HITL) Layer: Developed through focus group discussions with
students, this layer defines escalation protocols for sensitive scenarios (like mental
health queries), ensuring ethical oversight as mandated by Rwanda’s Data Protection
Law.
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Figure 3: Hybrid Architecture Diagram (The Researcher 2025)

The proposed framework is structured for deployment in three phases, emphasizing
accessibility through low/no-code platforms:

Phase 1: System Design

o High-Frequency Query Mapping: Identify recurring student inquiries using historical
support logs. Map these to rule-based workflows in Dialogflow via drag-and-drop
templates.

e Localized NLP Training: Curate Kinyarwanda-English code-switched datasets from
SMS logs or forums. Fine-tune prebuilt NLP models (Google’s AutoML) for intent
recognition without coding.

Phase 2: Human-Al Integration

o Escalation Protocols: Configure thresholds (confidence scores <70%, sentiment flags)
to route ambiguous queries to human advisors. Integrate no-code sentiment tools for
distress detection.

o Staff Training: Develop modular training materials in video and text tutorials to
familiarize staff with dashboard tools like Landbot for real-time interventions.

Phase 3: Ethical Safeguards

e Data Anonymization: Mask student identities in interaction logs using no-code
platforms like Skyflow, ensuring compliance with Rwanda’s Data Protection Law.

e Bias Audits: Conduct quarterly checks via IBM AI Fairness 360 to evaluate
demographic fairness in responses, accessible through preconfigured Kaggle pipelines.
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4.2 Framework Analysis

The deployment of a hybrid Al chatbot for university student support services necessitates a
structured, multi-phase approach that harmonizes technical development with institutional
collaboration and iterative refinement. The following guidelines outline the critical steps for
implementation, contextualized for a setting such as the University of Kigali (UoK), and
propose visual aids to enhance conceptual clarity.

Phase 1: System Design and Stakeholder Engagement.

The foundational phase involves aligning the chatbot’s architecture with institutional
objectives and user needs through collaborative stakeholder engagement. Initial requirements
are gathered via surveys and focus groups with students, faculty, and administrative staff to
identify high-priority use cases, such as admissions inquiries, fee payment guidance, or mental
health support. These insights inform the mapping of UoK’s FAQ content to chatbot intents
(e.g., “scholarship deadlines,” “course registration errors”), ensuring the system addresses
recurring pain points. The architectural design integrates hybrid workflows, combining rule-
based automation for structured queries (e.g., retrieving policy documents) with machine
learning (ML) and human escalation for ambiguous or sensitive scenarios. Tools such as
Dialogflow for intent recognition and Microsoft Teams for human-agent collaboration are
selected to balance scalability and adaptability. A high-level system architecture diagram
(Figure 4) illustrates the interfaces between core modules, including the user interface, NLP
pipeline, human dashboard, and feedback loop, providing a visual roadmap for developers
and stakeholders.

User Interface Layer

T 1
Core processing Layer
NPL Engine Decision Engine Response Generation

| Ruesaedioge 5 Templtosecion

D

Conversation Review Performance Analytics Student information Knowledge Base
Manually Intervention System Improvement Conversation History

Figure 4: Interfaces between core modules (Researcher, 2025)
Phase 2: NLP Pipeline Development

The NLP pipeline is engineered to process multilingual inputs (e.g., Kinyarwanda, English)
and contextualize student queries. Data collection begins with anonymized transcripts from
UoK’s support tickets, forum discussions, and FAQ pages, curated into a training corpus that
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respects GDPR and Rwanda’s Data Protection Law (No. 058/2021). Tokenization and
language detection modules, powered by libraries like SpaCy and FastText, preprocess text for
downstream analysis. For intent classification and entity extraction, lightweight models such
as DistilBERT are fine-tuned on domain-specific data, optimizing speed and accuracy.
Sentiment analysis submodules, leveraging lexicons like VADER, detect emotional cues (e.g.,
urgency in “I can’t afford tuition”) to prioritize human escalation. A workflow diagram (Figure
5) delineates the NLP pipeline’s sequential stages of speech-to-text conversion, language
detection, tokenization, and intent classification offering a granular view of data processing
and decision nodes.

Input Processing

l

Text Processing

Tokenization Stop word remowval Lemmatization

Understanding Classification

Intent Classification Entity Extraction Sentiment Analysis

ML Classification Model Entity Recognition Emotion Detection

|

Context Processing

Conversation History Student Profile Data Session Context

|

Decision and Response Generation

Escalate to Human Support 1—’—3 Generate Al Response

Figure 5: The NLP pipeline’s sequential stages (The Researcher, 2025)
Phase 3: Human-Al Collaboration Infrastructure

Central to the hybrid framework is the human-AlI collaboration infrastructure, which bridges
automated efficiency with empathetic, context-aware support. A real-time dashboard, can be
developed using React.js, enabling staff to monitor escalated queries, review Al-generated
responses, and intervene seamlessly. The dashboard features priority alerts for high-distress
keywords (e.g., “mental health crisis”), contextual student history, and co-editing interfaces
where advisors refine Al suggestions. Escalation protocols are codified through rules such as
confidence thresholds (<70%) or explicit student requests (e.g., “/ need to speak to a
counselor”). A mockup of the dashboard (Figure 6) visually annotates its components,
including live chat logs, sentiment flags, and integration with institutional databases,
demonstrating its role in fostering collaborative decision-making.
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Figure 6: Conversation Dashboard ( The Researcher, 2025)
Phase 4: Blueprint Validation

Before any deployment, a blueprint study evaluates the system’s efficacy within a controlled
subset of UoK’s services, such as admissions or academic advising. Quantitative metrics,
including response time, escalation rates, and resolution accuracy, are tracked alongside
qualitative feedback from IT expert’s satisfaction surveys (1-5 Likert scales. Longitudinal data
on user trust and engagement are analyzed to refine NLP models and escalation rules

iteratively.
Table 1: Comparative Table: Existing Frameworks vs. Proposed Hybrid
Framework
Comparison Existing Frameworks Proposed Hybrid Framework
Criteria
Technical - Rule-based (e.g., ELIZA, FAQ bots). Combines rule-based workflows,
Approach - ML-driven (e.g., GPT-3, Jill Watson). lightweight NLP (like DistilBERT),
- Hybrid models (e.g., IBM Watson, and human-in-the-loop (HITL)
Deakin’s Genie). oversight.
NLP Usage - Limited multilingual support. Optimized for Kinyarwanda-English
- Focus on high-resource languages code-switching.
(e.g., English). - Fine-tuned for low-resource NLP
- Often lacks code-switching using synthetic datasets.
capabilities.
Human-Al - Escalation protocols often static or Dynamic escalation based on
Collaboration undefined. confidence thresholds (e.g., <70%) and
- Limited real-time human oversight sentiment analysis.
(e.g., Genie automates 70% of queries). | - Real-time human dashboard for co-
editing responses.
Scalability - Resource-intensive ML models (e.g., Modular design with no-code tools
GPT-4) limit accessibility for smaller (e.g., DialogFlow) for low-resource
institutions. settings.
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- Lightweight models reduce
computational costs.
Multilingual - Rarely supports African languages.
Support - ACE-DS Rwanda’s chatbot supports - Integrated language detection and
limited regional languages. tokenization for code-switching.
Ethical - GDPR/FERPA compliance common in | Compliant with Rwanda’s Data
Considerations Western systems. Protection Law (No. 058/2021).
- Bias audits are rare in African contexts. | -
Cultural - Generic responses lack local context Cultural appropriateness checks for
Sensitivity (e.g., mental health chatbots like Rwandan norms (e.g., formal/informal
Woebot). greetings).
Ease of - Requires advanced coding (e.g., Rasa, | No-code platforms (e.g., DialogFlow)
Implementation TensorFlow). prioritized.
- Limited documentation for non- - Prebuilt templates for admissions, fee
technical users. workflows.
Adaptability - Static rule-based systems. Closed-loop feedback system updates
- ML models require frequent retraining. | training data quarterly.
- Active learning integrates student
feedback.
Pedagogical - Focuses on administrative tasks (e.g., Balances academic advising, mental
Alignment deadlines). health referrals, and administrative
- Limited academic/psychological support.
support. - Grounded in constructivist learning
theories.

5. Conclusion

This study proposed a hybrid conceptual framework for deploying Al chatbots in Rwandan
university student support services, addressing gaps in linguistic inclusivity, cultural
sensitivity, and ethical compliance unique to African higher education. While the framework
remains theoretical and untested, its design integrates lightweight NLP models, human-in-
the-loop oversight, and localized ethical safeguards to balance automation with context-aware
support. Key innovations include:

Multilingual Workflows: Structured to handle Kinyarwanda-English code-switching, a
critical need overlooked by existing tools like ACE-DS Rwanda.

Cultural Adaptation: Indirect query interpretation (e.g., detecting financial stress in
phrases like “I'm struggling’’) and context-aware escalation protocols.

Ethical Localization: Alignment with Rwanda’s Data Protection Law (No. 058/2021)
through anonymization and bias mitigation strategies.
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