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The Third International Conference on Generative Pre-trained Transformer Models and Beyond
(GPTMB 2026), held on July 5™- 9™, 2026 focused on advanced topics on GPTM and Al/Deep Learning and
target the challenges of using at large scale of GPTM-based tools. The event considers the research works
and the current challenges including input data, process truthfulness, impact on existing human
perception, and lessons learned from experiments.

The advances on Machine Learning (ML) and Deep Learning (DL) change the nature of summarization
and text generation. GPTM (Generative Pre-trained Transformer Models) are ML models that use DL
techniques to generate natural language text. As for any model, the accuracy of the output is driven by
the quality of input data (sensitivity, specificity) and the processing mechanisms.

The current achievements were warmly received by industrial media corporations and scientist
communities. At the same time several aspects related to trust, bias, liability, and regulations because of
the high probability of spreading untrue and difficultly to be cross-checked output.

We take here the opportunity to warmly thank all the members of the GPTMB 2026 technical program
committee, as well as all the reviewers. The creation of such a high quality conference program would not
have been possible without their involvement. We also kindly thank all the authors who dedicated much
of their time and effort to contribute to GPTMB 2026. We truly believe that, thanks to all these efforts,
the final conference program consisted of top quality contributions.

We also thank the members of the GPTMB 2026 organizing committee for their help in handling the
logistics and for their work that made this professional meeting a success.

We hope that GPTMB 2026 was a successful international forum for the exchange of ideas and results
between academia and industry and to promote further progress in the area of large language models.
We also hope that Nice provided a pleasant environment during the conference and everyone saved some
time for exploring this beautiful city.
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PosePrompt: Soft-Prompted Large Language Models for Natural Language
Description of Human Motion from 2D Pose
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Abstract—Natural language description of human motion
enables interpretable motion understanding beyond categorical
action labels. While motion-language models predominantly
rely on 3D motion capture or parametric body models, such as
A Skinned Multi-Person Linear Model (SMPL), these
representations require specialised hardware or complex
reconstruction pipelines. In contrast, 2D human pose estimation
is widely accessible, yet remains underexplored for motion
description. We propose PosePrompt, a parameter-efficient
framework that generates natural language descriptions
directly from 2D pose sequences using large language models.
Spatiotemporal pose dynamics are encoded into compact
motion features and injected into a pre-trained language model
via soft prompt learning through multi-head attention layers,
avoiding full model fine-tuning. This approach leverages strong
linguistic priors while remaining effective in low-data settings.
Experiments on a curated pose—text dataset demonstrate that
PosePrompt produces accurate and coherent motion
descriptions from 2D poses extracted from video sequences,
with lightweight training requirements.

Keywords- 2D poses; LLM; softprompt; multi-head attention.

L INTRODUCTION

Understanding and describing human motion is a
fundamental problem in computer vision, with applications
spanning activity recognition, healthcare monitoring, human—
computer interaction, and sports analysis. Natural language
descriptions of motion provide semantic, human-interpretable
explanations of movement patterns, enabling richer
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interaction and more advanced downstream reasoning beyond
discrete action labels.

Recent advances in vision—language models and large
language models (LLMs) have demonstrated strong
capabilities in image and video understanding, including
general video captioning and human motion description [1,2].
However, most existing LLM-based human description
approaches rely on parametric 3D body models, such as
SMPL, which require specialised motion-capture systems as
well as heavy fine-tuning of LLMs, which incur substantial
computational overhead, limiting their scalability and
practical deployment.

To address these challenges, we propose PosePrompt, a
parameter-efficient framework that adapts pre-trained LLMs
to generate natural-language descriptions directly from 2D
human pose sequences via soft prompt learning. Rather than
relying on 3D motion representations such as SMPL,
PosePrompt exploits 2D pose sequences, which capture the
essential kinematic structure of human motion and have been
widely adopted in action-recognition research. A lightweight
pose encoder transforms the 2D skeletal sequences into
compact spatiotemporal representations and produces a set of
learnable continuous soft-prompt embeddings. These
embeddings are injected into a pre-trained LLM to guide text
generation. Crucially, this design avoids fine-tuning the entire
language model, enabling efficient adaptation while
preserving the strong linguistic priors of the pre-trained LLM.

We evaluate PosePrompt on a curated dataset of short
human motion clips paired with textual descriptions,
constructed from multiple public action datasets.
Experimental results demonstrate that the proposed
lightweight PosePrompt framework can generate accurate and
semantically meaningful text descriptions using purely 2D
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pose inputs, highlighting the potential of soft-prompted LLMs
as an effective and scalable solution for interpretable human
motion understanding from 2D skeletal data.

In Section 2, related work on pose-based action recognition
and motion description is reviewed. In Section 3, the proposed
PosePrompt methodology is described, including pose
extraction, preprocessing, the pose encoder, and soft prompt
generation. In Section 4, the experimental setup and results are
presented. In Section 5, the conclusions and future work are
provided.

II.  RELATED WORKS

There exists a substantial body of work exploiting 2D and 3D
human pose representations for motion understanding,
particularly in the context of action recognition and, more
recently, motion description.

Pose-Based Action Recognition:

Skeleton- and pose-based action recognition has been
extensively studied as an alternative to RGB video, owing to
its robustness to appearance variations, background clutter,
and illumination changes. Early deep-learning approaches
primarily employed recurrent architectures, such as long
short-term memory (LSTM) networks, to model temporal
dynamics in pose sequences for action classification [3].
These methods treat pose sequences as time series and
capture motion patterns through sequential modeling of joint
coordinates. Subsequent work introduced spatiotemporal
graph convolutional networks (ST-GCN) [4] and their
variants, which represent the human skeleton as a graph with
joints as nodes and bones as edges. By explicitly modeling
both spatial relationships between joints and their temporal
evolution, these approaches more effectively capture
structured motion dependencies than earlier time-series-
based methods as in [3].

Beyond graph-based formulations, alternative
representations have also been explored. Some approaches
convert pose sequences into heatmap volumes or pseudo-
images and apply 2D or 3D convolutional neural networks
[5], achieving competitive performance while avoiding
explicit graph construction. More recently, transformer-
based architectures have been introduced for pose-based
action recognition [5], leveraging self-attention mechanisms
to model long-range temporal dependencies and complex
inter-joint interactions across entire motion sequences.
Despite these advances, most existing pose-based methods
focus on predicting discrete action labels, offering limited
semantic interpretability.

From Motion Labels to Motion Description:

Compared with action recognition and text-to-motion
generation, motion-to-text description remains relatively
underexplored. Early studies in this area predominantly
adopted sequence-to-sequence learning paradigms. For
instance, [6] employed an LSTM-based seq2seq framework
to map 3D human motion sequences to natural language
descriptions, while subsequent work incorporated generative

adversarial learning into seq2seq models to better capture the
diversity and realism of motion—language mappings [7].
More recently, driven by advances in LLMs, increasing
attention has been paid to exploiting LLMs for motion
interpretation using 3D motion representations, particularly
those derived from the Archive of Motion Capture As Surface
Shapes (AMASS) dataset and parameterized by SMPL or
SMPL-X body models [8]. In particular, several recent works
[17[2][9] explicitly treat human motion as a foreign language
by discretizing continuous motion sequences into motion
tokens and extending the vocabulary of language models.
This formulation enables motion and text to be represented
within a wunified token space, allowing bidirectional
translation between motion and natural language through
end-to-end fine-tuning of LLMs.

While these LLM-based approaches have substantially
advanced motion—language understanding, they typically
rely on accurate 3D motion capture data or reliable estimation
of SMPL parameters. Such requirements often involve
specialised hardware, controlled capture environments, or
computationally expensive reconstruction and training
pipelines. Consequently, their applicability in unconstrained
real-world settings—where only monocular RGB video is
available—remains limited. This limitation motivates the
exploration of motion-to-text description directly from more
accessible representations, such as 2D pose sequences,
without the need for heavy fine-tuning of large language
models.

III. METHODOLOGY

Given a sequence of 2D human poses extracted and pre-
processed from a video clip, the goal of this work is to
generate a natural-language description that provides a
semantic summary of the observed human motion. We
address this task by leveraging a large language model
enhanced through soft prompt learning, enabling effective
adaptation to pose-based motion understanding, as illustrated
in Figure 1. The proposed methodology is described below:

L. 2D pose extraction and pre-processing:

We employ the Detectron2 library [10] to extract 2D
human poses from the original video sequences. Utilizing this
library, we obtain the 2D skeleton, from which we extract the
(x, y) coordinates of 12 key body points (including left/right
shoulders, elbows, wrists, hips, knees, and ankles) for each
video frame. After key point extraction by Detectron2,
several preprocessing tasks are executed. Initially, we
designate the midpoint of the shoulders as the origin and
adjust the position of each key point accordingly to derive
relative key point positions. Following this, we standardize
the key point positions using the length of the trunk, defined
as the distance between the midpoint of the shoulders and that
of the hips, as a normalization factor. Upon completion of the
preprocessing steps, an individual key point p; is
transformed according to the following formula:

Ai — pi_pmidLshuulder (1)
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Where Poia_snoutaer represents the position of the middle of
the left and right shoulders, and L represents the trunk length.
Through the utilization of the aforementioned
preprocessing methods, we ascertain that the extracted 2D
poses maintain invariance concerning scale and position.

2D pose inputs 3

token embeddings of the language model, together with the
textual tokens:

[S;E(x1), ..., E(xn)], )
where E(-) denotes the token embedding function and x;are
textual tokens.Conditioned on the soft prompts, the pre-
trained LLM could generate a natural language description
autoregressively:

LLM with soft prompts

The subject starts from

Learnt soft prompts

a standing position and
sits down on a chair.

[- o B
eencoder

\h

_/

Figurel. Schematic diagram of the proposed PosePrompt framework.

Each extracted and processed 2D pose in a video sequence
is concatenated and represented as

P = {p.}i-1,p: € R/ 2)
where p.denotes the pre-processed 2D pose at time step t,
consisting of J = 12 body joints. T represents the total
number of frames in the sequence. The resulting pose
sequence P serves as the input to the proposed PosePrompt
framework as below.

ii. PosePrompt for motion to text
The proposed PosePrompt framework consists of three

main components: i. Pose Encoder ii. Soft Prompt Generator
and iii, Pre-trained Language Model, as shown in Figure 1.

Instead of training a motion-to-text model from scratch, we
leverage a pre-trained large language model (LLM) and adapt
it to pose-based motion interpretation using soft prompt
learning. To capture motion dynamics from 2D poses, we
employ a lightweight pose encoder fq. that maps the input
pose sequence P to a fixed-length feature representation:

Z = froe(P),z € R% 3)

The pose encoder operates on normalized joint
coordinates to model motion dynamics. In practice, fjos.can
be implemented using a transformer-based encoder with
positional embeddings [11], which can capture both short-
term joint movements and longer-range temporal
dependencies.

Given the pose feature z, we generate a sequence of Ksoft
prompt vectors:

S = g(z) € RE*dm, 4)
where g(+)is a prompt projection network (e.g., a linear or
MLP layer), and dy )y is the embedding dimension of the
LLM. These soft prompts could be prepended to the input

p(Y1P) =T]_ p(3 | y<u.S). ©)
where Y represents the output texts.

Both the pose encoder and the prompt projection network
are trained using a standard cross-entropy loss between the
generated tokens and the corresponding ground-truth motion
descriptions. This training objective enables the model to
learn appropriate soft prompts from input 2D pose sequences
for text generation, while keeping the large language model
frozen. As a result, the proposed approach achieves efficient
adaptation while preserving the rich linguistic knowledge of
the pre-trained model.

IV. EXPERIMENTAL RESULTS

We evaluated the proposed PosePrompt framework for
motion-to-text generation using a dataset composed of
samples from three public datasets: Weizmann, Intelligent
Sensing Lab Dataset (ISLD), and Unbiasing through Textual
Descriptions (UTD) [12]. In total, the dataset contains 530
video samples, each paired with a corresponding natural-
language description. The data are split into 70% for training
and 30% for testing.

The pose encoder adopts a multi-head attention
architecture consisting of three attention layers, each with
four heads and an output feature dimension of 256. The
number of soft prompt vectors (denoted as K in Equation (4))
is set to 40 for each input sequence. Two pre-trained (LLM)
backbones are investigated in this work: a lightweight T5-
small model and a relatively larger Bidirectional and Auto-
Regressive Transformer (BART) -base model [13]. The pose
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Output text: A person is bending
down and reaching with one
hand to pick up an object.

Output text: The subject starts
in a seated position and stands
up to a full upright posture.

Output text: The subject stands
upright, starts with their hands close to
the chest, and pushes them forward.

Output text: The person walks
forward at a steady pace.

Figure 2. Output text results from video clip samples

encoder and prompt projection networks are trained using the
AdamW optimizer [14], with a learning rate of 2 x 10~ *and
a weight decay of 0.01 with 1000 epochs.

After training, the PosePrompt framework is evaluated on
the different test datasets. Qualitative results are illustrated in
Figure 2, which shows example motion descriptions
generated from the extracted 2D pose sequences.
Furthermore, we conduct both subjective and objective
evaluations across the entire test set. Subjective evaluation is
performed by human comparison between the ground-truth
descriptions to evaluate the text generation accuracy, while
objective evaluation is conducted using the Bilingual
Evaluation Understudy (BLEU) metric [15], as reported in
Table I. The results indicate that the T5-based PosePrompt
model achieves higher motion-to-text generation accuracy
than its BERT-based counterpart, attaining over 90%
accuracy of the generated text descriptions.

TABLE 1. POSEPROMPT RESULTS BASED ON DIFFERENT LLM MODELS
T5-small BART-base
No. of parameters ~60M ~139M
Subjective Predict Accuracy 91.19% 88.68%
BLEU 92.01 88.19

V. CONCLUSIONS AND FUTURE WORK

We proposed PosePrompt, an efficient framework for
generating natural language descriptions of human motion
directly from 2D pose sequences using soft-prompted large
language models. By conditioning a frozen LLM on pose-
derived motion features, our approach avoids full model fine-
tuning while effectively bridging skeletal representations and
language generation. Experiments on a curated pose—text
dataset demonstrate that PosePrompt could achieve accurate
and coherent motion descriptions based on 2D poses. These
results highlight the potential of soft-prompted LLMs for
interpretable human motion understanding from widely
available and privacy-preserving 2D pose data. Future work
will extend PosePrompt to a broader range of large language
model architectures and investigate its application to domain-

specific tasks, such as gait analysis and healthcare assessment.
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Abstract—Applications of Large Language Models often
produce incorrect information, commonly referred to as
hallucinations, which poses a significant challenge for enterprise
knowledge management systems that rely on reliable automated
responses. This paper investigates whether stateful, multi-agent
workflows can mitigate such errors more effectively than
conventional linear retrieval-augmented generation pipelines.
The study contributes to the growing body of research on
generative artificial intelligence and large language model
applications by focusing on reliability, verification mechanisms,
and the architectural design of retrieval-augmented generation
workflows. The main contributions of this paper are a
specialized multi-agent RAG architecture with dedicated agents
for query rewriting, routing, hybrid retrieval, and verification,
as well as a state-machine-based orchestration framework
enabling iterative reasoning and conditional execution beyond
linear pipelines. The architecture follows a two-stage mitigation
strategy combining proactive retrieval refinement and reactive
verification, including the ability to abstain when evidence is
insufficient. It was evaluated through controlled experiments
using synthetic enterprise datasets and compared it with a
baseline linear retrieval-augmented generation pipeline.
Performance was measured using an established evaluation
framework for retrieval-augmented generation systems. The
results demonstrate significant improvements across key
evaluation metrics, including a 42.5% relative increase in
faithfulness and substantial gains in answer accuracy and
context recall. These improvements primarily result from
separating error sources across specialized agents and the
integration of automated verification steps. The findings
highlight the importance of structured orchestration and
verification mechanisms for enhancing the reliability of large
language model applications. The results indicate that stateful,
multi-agent architectures can increase the trustworthiness of
enterprise generative artificial intelligence systems without
requiring fine-tuning of the underlying language model.

Keywords—Retrieval-Augmented Generation; Hallucination
Mitigation; Large Language Models; Multi-Agent Systems

L INTRODUCTION

Enterprises increasingly rely on large collections of
heterogeneous digital information, including technical
documentation, operational runbooks, knowledge bases, and
API documentation. Unlike traditional structured databases,
this information often exists in semi-structured or
unstructured formats, making effective retrieval challenging

Marius Schonberger
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Erfurt, Germany
marius.schoenberger@iu.org

Silke Vaas
Department of IT and Technology
IU International University of Applied
Sciences
Erfurt, Germany
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[1]. Conventional enterprise search systems typically rely on
keyword matching, which performs poorly when user queries
differ semantically from the terminology used in source
documents. Such vocabulary mismatches can prevent relevant
information from being retrieved and reduce the overall
accessibility of organizational knowledge [2]. As a result,
knowledge discovery remains inefficient despite the
availability of large information repositories [3].

Recent advances in large language models (LLMs) have
enabled new approaches for interacting with enterprise
knowledge systems. Retrieval-Augmented Generation (RAG)
combines LLMs with external document retrieval, allowing
generated responses to be grounded in specific knowledge
sources rather than relying solely on model training data [4].
While RAG improves semantic search and question
answering capabilities, it remains vulnerable to hallucinations
[5]. In enterprise environments, such errors can undermine
trust and may lead to incorrect technical decisions or
misleading information [6].

Conventional RAG systems typically follow a linear
retrieve—then—generate pipeline, limiting iterative reasoning
and structured verification [7]. Consequently, hallucinations
are mainly addressed through retrieval improvements or
prompt engineering, while architectural mitigation
approaches remain underexplored [8]. To address this
limitation, this paper proposes a stateful agentic workflow that
decomposes the RAG process into specialized agents for
query refinement, retrieval strategy selection, response
generation, and output verification. These agents operate
within a state-machine-based orchestration framework that
enables iterative reasoning and validation before responses are
returned to the user [9]. This architecture introduces structured
verification and multi-agent coordination to mitigate
hallucinations and improve the reliability of RAG-based
enterprise knowledge systems [10], [11].

The remainder of this paper is structured as follows.
Section 2 reviews related work on RAG, hallucination
taxonomies, and agentic Al workflows. Section 3 introduces
the proposed system architecture, including the data ingestion
pipeline, the agentic graph design, and the hallucination
mitigation strategy. Section 4 describes the evaluation
methodology, outlining the experimental setup, baselines,
metrics, and quantitative findings. Section 5 discusses the
results and their technical and practical implications. Section
6 concludes the paper and highlights directions for future
research.
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II.  RELATED WORK

To provide a foundation for the present study and position
it within the existing body of knowledge, the following section
reviews relevant related work.

A. Retrieval-Augmented Generation

RAG, first introduced by Lewis et al. [4], combines LLMs
with external knowledge retrieval to ground generated
responses in updatable document sources. The architecture
links a pre-trained Large Language Model (parametric
memory) with an external document store (non-parametric
memory), enabling access to domain-specific knowledge
without retraining the model [4]. Before query time,
documents are segmented into smaller chunks, which are
converted into embedding vectors and stored in a vector index
to enable similarity-based retrieval. As discussed by Gao et al.
[10], the chosen chunking strategy significantly affects
retrieval performance because segment size influences both
semantic coherence and retrieval precision.

During inference, RAG typically follows a two-stage
pipeline [4]. First, a retriever performs a similarity-based
retrieval to identify the most relevant document chunks. These
passages are then incorporated into the prompt presented to
the language model, which generates an answer based on the
context provided. To improve retrieval quality, several
extensions have been proposed. Query transformation
methods reformulate user queries to improve retrieval
effectiveness [13], [14]. Hybrid search combines dense vector
retrieval with lexical approaches, such as Best Matching 25
(BM25) [15], often merging rankings using techniques like
Reciprocal Rank Fusion [16]. In addition, reranking methods
refine initially retrieved candidates using more precise
relevance models, including cross-encoders or LLM-based
scoring approaches [17]. These techniques aim to improve the
quality of retrieved evidence, which is critical for reducing
hallucinations in RAG systems.

B. Hallucination Taxonomy

Hallucinations remain a persistent challenge in LLMs,
even when RAG is used to ground responses in external
knowledge sources. As noted by Ji et al. [5], hallucinations
occur when generated outputs contain statements that are
unsupported by the retrieved evidence or contradict the
underlying sources.

Within RAG pipelines, Zhang & Zhang [18] distinguish
between two primary categories of hallucination. Retrieval-
induced hallucinations arise when the retrieval component
fails to provide relevant or sufficient context. This can occur
when irrelevant documents are retrieved, when passages lack
critical information, or when the retrieved sources contain
conflicting evidence. In such cases, the language model may
rely on its internal parameters to infer missing information.

By contrast, generation-induced hallucinations originate
during the generation stage. Even when relevant context is
available, the model may misinterpret source material, or
introduce unsupported details while producing fluent
responses, making these errors difficult to detect [18].

These failure modes indicate that improving retrieval
alone is insufficient for reliable RAG systems. Effective

mitigation therefore requires architectural mechanisms that
verify generated statements against retrieved evidence and
enforce stronger grounding during the generation process.

C. Agentic AI Workflows

Managing the complexity of advanced RAG pipelines
with a single monolithic architecture can be difficult. Multi-
agent systems offer an alternative approach by decomposing
complex tasks into smaller components handled by
specialized agents. According to Russell & Norvig [19], an
agent is an autonomous entity capable of perceiving its
environment, making decisions, and acting toward defined
goals. Wooldridge [20] further characterizes agents through
properties such as autonomy, reactivity, pro-activeness, and
the ability to interact with other agents.

Recent research has applied this paradigm to LLM—driven
systems, often referred to as LLM-Agents [21]. In such
architectures, complex workflows are divided into modular
components that perform distinct tasks. Within RAG
pipelines, these agents can assume roles such as query
refinement, document retrieval, response generation, and
verification, enabling clearer separation of responsibilities and
more flexible system design.

To coordinate these interactions, frameworks such as
LangGraph provide orchestration mechanisms for stateful
agent workflows. Unlike linear pipelines, the graph-based
architecture allows iterative and conditional execution paths,
enabling agents to exchange information, trigger additional
steps, or perform verification loops during runtime [9].

However, while agentic workflows have been proposed to
structure complex LLM-driven systems, their application as
architectural mechanisms for mitigating hallucinations in
retrieval-augmented generation remains comparatively
underexplored. This multi-agent perspective provides a
flexible foundation for improving reliability in RAG systems,
as it enables targeted interventions, such as verification steps,
to mitigate hallucinations while maintaining modular and
extensible system architectures.

III.  SYSTEM ARCHITECTURE

The architecture is divided into an offline data ingestion
path and an online multi-agent query pipeline (see Figure 1).
Both components use a shared knowledge store implemented
with PostgreSQL and the pgvector extension [22].

A. Data Ingestion

The system utilizes a modular Extract, Transform, Load
(ETL) pipeline to convert heterogeneous inputs (i.e., PDFs
and other documents) into a queryable format. Text is
extracted from PDFs while preserving their original layout
and hierarchical structure to maintain semantic coherence in
complex documents. PostgreSQL with the pgvector extension
is used as the unified knowledge store, enabling the storage of
transactional ~ metadata  alongside = 3072-dimensional
embeddings generated using OpenAl's text-embedding-3-
large model [22], [23].

Content is segmented using recursive character splitting
[12], which partitions text along logical boundaries rather than
limited arbitrary character counts, thereby preserving
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semantic context. Each chunk is enriched with an LLM-
generated headline to improve vector search accuracy,
representing a form of proactive query transformation [13].

Process Structured
,  Response i
(AureResponseProcess
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Azure Document
POF | Intelligence
Documents (Extracts Text, Layout,
S — Figures)

Upsert Artifacts
+f  (Store Figures in  ——
figures table)

Apply Chunking
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(HTML Headers / Logical
sections)

Optimize Chunk
Content
{write_header LLM Cal)

e Wtk Parse HTML Content .

Web URL |+ |+ (BeautifulSoup

(AzureDocsLoader) Embed and Upsert
Extractor)

(VectorStore.upsert)
PostgresQL Vector
o8B

(document_embedding
s table)

Figure 1. The dual-source data ingestion pipeline (adapted from [10])

To support multimodal queries, the ingestion pipeline,
presented in Figure 1, extracts figures and tables and sorts
their metadata and captions in a relational table linked to the
corresponding text chunks via unique identifiers.

B. The Agentic Graph

The query pipeline is modeled as a stateful graph using
LangGraph rather than a brittle linear RAG [9]. This
architecture, illustrated in Figure 2, centers on a shared state
object that functions as the system's short-term memory,
which stores the rewritten query, the retrieved document sets,
and the verification scores across all nodes. The shared state
acts as a centralized blackboard where each agent writes its
output (e.g., the reformulated query or retrieved chunks). This
allows the Verification Agent to compare the final answer
against the original query and the retrieved context stored
earlier in the state, ensuring end-to-end consistency.

By leveraging this shared state, the system moves through
nodes that make local decisions, which allows conditional
branching and iterative loops instead of a fixed sequence. This
allows the system to dynamically reason about and refine
information quality before delivering the response. The
pipeline consists of the following key nodes:

e  Query Rewriter Agent: User prompts are often fuzzy or
ambiguous. This agent reformulates user inputs into
optimized search queries, improving semantic retrieval
precision compared to standard keyword-based
approaches [13].

e Router Agent: To optimize performance and cost, this
agent analyzes the rewritten query and determines
whether to query the internal vector store or external
sources based on the detected intent.

e  Hybrid Search: Semantic retrieval alone may miss exact
technical terms such as error codes or product versions.
The system therefore combines keyword-based search
(for exact lexical matching and acronyms) with semantic
search (for conceptual similarity and intent) executing
both in parallel and merging the results to improve
coverage and recall.

e Batch Reranker Agent: Initial retrieval may produce
noisy or irrelevant results. This agent uses an LLM to
score the relevance of retrieved candidates in a single

Keyword
Search figure_table

23 Ensemble Pull relevant Generate
~Reranker|— J
Database| | Retrieve Images Answer

Semantic
Search

answer was found

Figure 2. Proposed architecture for RAG hallucination mitigation via
agentic workflow.

batch call [17], reducing noise and ensuring that the
Generation Agent receives high-quality contextual input.

To ensure consistent behavior, each agent utilizes
structured system prompts with strict output constraints. For
example, the Verification Agent is prompted: 'Given the
context [C], does the answer [A] contain any statements not
explicitly supported? Answer only with a JSON object:
{is_hallucination: bool, confidence: float}." Similar
constraints are applied to the Query Rewriter and Reranker to
ensure the state object receives parseable data for
programmatic decision-making.

User Query
|
|

Query Rewriting

- Starts with an ambiguous user query.
- Outputs a clear, descriptive query optimized for retrieval.

Hybrid Search
- Takes the rewritten query.
- Retrieves a broad set of candidate
documents using both keyword and
semantic search.

-10-20 candidate documents retrieved

Reranking

+ Takes the candidate
documents.

- Uses an LLM to score
and filter for only the
most relevant
documents.

Filtered down to 3-5 top documents

l

High-Quality, Relevant Context

Figure 3. Proposed architecture for RAG hallucination mitigation via
agentic workflow (adapted from [16])

C. Hallucination Mitigation Strategy

The core contribution of this architecture is a two-layered
hallucination mitigation framework:

The first layer, proactive mitigation, targets retrieval-
induced hallucinations [18] by reducing noise that may
mislead the LLM. Through query rewriting and document
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reranking, the system ensures that the generator receives a
compact, high-quality set of relevant passages. Figure 3
illustrates this process as a filtering funnel, where each stage
progressively refines the context provided to the generator.

Preliminary Answer
Generated

Verification Agent
(detect_hallucination)

Deliver Verified Answer
‘ to User

Retry with new context >
Provide Safe Fallback Response
“there isn't enough verified information
to answer that question confidently.”

Trigger Fallback to Web Search
(Initiate web_search agent)

Figure 4. The Reactive Verification and Fallback Loop for hallucination
mitigation (adapted from [18])

The second layer, reactive mitigation, addresses
generation-induced hallucinations [18]. After a draft answer is
generated, it is passed to a Verification Agent that evaluates
the response against the reranked source documents. The
agent acts as an automated fact-checker and emits a boolean
flag (is_hallucination) along with a confidence score. If a
hallucination is detected, the system withholds the response
and triggers a fallback mechanism, either retrieving additional
evidence from external sources or returning a safe
“insufficient evidence” response. This process is illustrated in
Figure 4.

IV. EVALUATION

The evaluation was designed to assess whether the
proposed stateful agentic workflow reduces hallucinations
and improves answer accuracy in a technical enterprise
setting.

A. Experimental Setup

To ensure a controlled environment, a fresh PostgreSQL
database was populated with synthetic, enterprise-style
documents. These documents covered four categories: IT
security, human resource policy, technical training, and
employee onboarding. The synthetic dataset consisted of 150
documents totaling approximately 600 pages of text. The
'Technical Training' category specifically included 15
multimodal documents containing images, such as server
architecture diagrams and network flowcharts. The content
was designed to mimic internal wikis, including semi-
structured tables for HR policies and unstructured technical
logs for IT security.

Two models from OpenAl were used, GPT-4o for agentic
reasoning, and text-embedding-3-large for vector generation
[23]. A curated evaluation dataset of questions was used to test
different retrieval paths and capabilities, both straightforward
fact retrieval and more complex synthesis tasks. The 50
evaluation queries were classified as follows: Text-based (35

queries, e.g., 'What are the steps for employee onboarding?")
and Multimodal/Tabular (15 queries, e.g., 'According to the
IT diagram, which port is used for the API gateway?'). The
query distribution across document categories was as follows:
IT Security (15), HR Policy (12), Technical Training (13), and
Onboarding (10).

B. Baselines

Two configurations were compared:

e Baseline RAG: A simplified, linear pipeline with a
basic semantic retriever and a generator LLM.

e Agentic RAG (the proposed system): The full multi-
agent system, which includes the Query Rewriter,
Batch Reranker, and the reactive verification loop.

C. Metrics

Performance was evaluated using the Retrieval-
Augmented Generation Assessment (RAGAS) framework
[11], using GPT-4 as the evaluator LLM. RAGAS provides a
set of metrics designed to measure RAG pipelines [11]:

o  Fuaithfulness: Measures whether the answer is
grounded solely in the retrieved context and serves as
the primary indicator for hallucination.

o  Answer Correctness: The factual accuracy of the
response relative to the ground truth.

e Context Recall: Evaluates whether the retriever
successfully identified all necessary information
required to answer the query.

o  Answer Relevancy: Measures how well the generated
response addresses the intent of the user’s prompt.

D. Quantitative Findings

The performance of both systems was measured across a
set of 50 different queries. The overall results, shown in Table
I., represent the average score across all evaluations, where
1.00 indicates a perfect score.

TABLE L. Comparative RAGAS Results
. . Agentic RAG
Metric Baseline RAG (Artifact)
Faithfulness 0.59 0.84
Answer Correctness | 0.66 0.89
Context Recall 0.65 0.86
Answer Relevancy | 0.74 0.93
These quantitative results indicate a consistent

performance advantage for the agentic workflow. A detailed
analysis of how these specific architectural components
contributed to these increases in scores is presented in the
following section.

V. RESULTS AND DISCUSSION

Building on the conducted evaluation, the following
section presents the obtained results and discusses their
implications regarding hallucination reduction and answer
accuracy.
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A. Retrieval-Augmented Generation Assessment scores

The quantitative evaluation in Table 1 demonstrates
consistent improvements across all RAGAS dimensions when
comparing the linear baseline RAG pipeline to the proposed
stateful agentic architecture.

Most notably, faithfulness increased from 0.59 to 0.84,
representing a relative improvement of 42.5%. This
substantial gain indicates that the proposed architecture
effectively reduces both retrieval- and generation-induced
hallucinations.

The improvement in answer correctness (0.66 — 0.89)
shows that stronger contextual grounding leads to higher
factual accuracy. Importantly, correctness did not increase at
the expense of relevancy, which improved from 0.74 to 0.93.
This suggests that query rewriting and reranking stages do not
merely constrain outputs conservatively but align retrieval
more closely with user intent.

The rise in context recall (0.65 — 0.86) further supports
the claim that the combination of hybrid retrieval and
reranking effectively reduces hallucinations caused by
insufficient or noisy context. In baseline RAG systems, such
conditions often force the generator to interpolate from
parametric memory. By increasing retrieval coverage and
reducing the noise prior to generation, the agentic system
shifts the process from generative inference to evidence-based
synthesis.

A qualitative analysis of execution paths revealed that
straightforward factual queries (e.g., 'What is the standard
employee notice period?') typically followed a linear path
with high initial retrieval confidence. In contrast, ambiguous
or complex queries (e.g., 'Cross-reference recent security
guidelines with internal protocols to identify compliance
gaps") frequently triggered the Query Rewriter to iterate and
the Router to pull from external web sources when the internal
vector store returned low-confidence scores. However, even
with these adaptive paths, the system still faced challenges
with multi-hop reasoning and queries requiring information
spread across multiple disparate documents. In these cases, the
Batch Reranker occasionally filtered out a necessary 'linking'
document if its individual relevance score appeared low,
contributing to the gap between Context Recall (0.86) and the
higher-performing metrics like Answer Relevancy (0.93).

Beyond the primary evaluation wusing GPT-4o,
supplementary tests were conducted using other large
language models, specifically Claude 3.5 Sonnet and the
open-source Llama 3.1 (70B). These preliminary runs showed
that the relative performance gains remained consistent across
different model architectures. While baseline scores varied,
the agentic workflow consistently improved the faithfulness
and accuracy of the output compared to linear pipelines,
confirming that the benefits of stateful orchestration are
consistent across models.

Overall, the improvements across all metrics indicate that
effective hallucination mitigation emerges primarily from
architectural orchestration rather than from improvements in
the underlying foundation model.

B. Why the agentic system outperformed the baseline

The performance improvements observed can be

attributed to three structural characteristics of the system.
1) Architectural Separation of Failure Modes

Linear RAG pipelines implicitly assume that retrieval
quality alone determines output reliability [4]. In contrast, the
proposed system models hallucination as a two-class problem:
retrieval-induced and generation-induced. The proactive
mitigation layer addresses the former by improving context
quality prior to generation, while the reactive verification
layer targets the latter through post-generation validation. This
operationalizes the hallucination taxonomy [18] within an
executable workflow.

2) Graph-Based Orchestration

Unlike linear pipelines, the system maintains a shared
workflow state that propagates rewritten queries and
intermediate results. This enables conditional branching,
iterative refinement, and fallback strategies. As a result, RAG
is transformed from a feedforward pipeline into a controlled,
stateful optimization process.

3) Verification as Confidence Calibration

The verification agent acts as a control mechanism by
evaluating the consistency between generated claims and
source documents. This shifts the optimization objective from
plausibility to evidence.

Importantly, the verification loop allows the system to
abstain (“insufficient evidence”) rather than generate
unsupported content, which contributes significantly to the
observed improvements in accuracy.

Baseline RAG systems lack such a mechanism and
therefore tend to produce overly confident responses under
uncertainty.

C. Technical and Practical Implications

The results provide several insights for the deployment of
retrieval-augmented generation systems in enterprise
environments.

First, they suggest that hallucination mitigation should be
understood primarily as an architectural challenge rather than
a purely model-level problem. Simply improving the
underlying LLM is not sufficient to ensure reliable results [5].
Instead, improvements in reliability result from structured
orchestration of retrieval and generation components [12]. In
particular, the coordinated use of query optimization, retrieval
refinement, reranking, and verification significantly
strengthens the factual grounding of the generated responses.

From a practical perspective, this architectural approach
offers an additional advantage: reliability improvements can
be achieved without modifying or fine-tuning the underlying
base model. This enables a model-agnostic design, allowing
organizations to switch or upgrade LLM providers without
redesigning the surrounding system. Such flexibility is
particularly valuable in enterprise settings where model
capabilities, costs, and vendor strategies evolve rapidly.

Second, the introduction of a verification loop
substantially increases the system’s trustworthiness. In
compliance-sensitive areas such as human resources or IT
security, incorrect or unsupported statements can lead to
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operational or legal risks. A verification layer that validates
generated responses against retrieved evidence therefore
serves as an important safeguard, preventing unfounded or
fabricated statements from being returned to the user.

A potential risk in this architecture is 'error propagation,’
where an initial misjudgment by the Query Rewriter or
Reranker biases all subsequent agents. Without human-in-the-
loop validation, the system relies on the LLM's internal 'self-
correction' capability. Future iterations should include a
human-flagging mechanism for low-confidence outputs.

Overall, these findings indicate that the reliability of
enterprise  RAG systems depends less on increasingly
powerful language models and more on carefully designed
retrieval, orchestration and verification processes.

VL

Building upon the presented results and discussion, the
final section draws conclusions, addresses limitations, and
identifies opportunities for future work.

CONCLUSION AND FUTURE WORK

A. Architectural Contributions to Reliable RAG Systems

This study demonstrates that hallucination reduction in
retrieval-augmented generation systems can be significantly
improved through architectural design. In particular,
separating error modes via a two-stage mitigation strategy,
combined with a graph-based orchestration, and a verification
agent capable of abstaining when evidence is insufficient,
substantially enhances system reliability.

These improvements are achieved without fine-tuning the
underlying foundation model, highlighting that central role of
architectural design in ensuring reliable system behavior.

From a design science research perspective, the resulting
artifact offers both a functional prototype for use in companies
and a conceptual model for structuring hallucination-aware
RAG systems.

B. Trade-off: Reliability vs. Latency

The improved reliability of the proposed architecture
comes at the cost of additional computational overhead.
Additional agents, reranking steps, and the verification loop
introduce the number of model calls and, consequently, higher
response latency compared to a minimal linear RAG pipeline.
This reflects an inherent trade-off between response speed and
output reliability.

C. Directions for Future Research

In enterprise settings where incorrect information may
lead to operational, financial, or compliance risks, prioritizing
reliability over minimal latency is often justified.
Nevertheless, future implementations may benefit from
adaptive strategies that dynamically adjust verification depth
based on query criticality, enabling a balance between
efficiency and robustness. Several directions for future
research emerge from this work. One promising avenue is the
integration of knowledge graphs into the architecture. While
the current pipeline primarily operates on unstructured text,
extending it to incorporate structured representations - such as
entities (i.e., services, products, or infrastructure components)
- could enable more advanced multi-hop reasoning across

documents. However, this approach introduces additional
challenges, including schema design and entity
disambiguation, which must be addressed carefully to
maintain system reliability [24].

Another direction involves domain-specific fine-tuning of
core models or reranking components, which may enhance
grounding in specialized enterprise corpora such as technical
documentation or regulatory guidelines.

Finally, future studies could evaluate agentic RAG
architectures on larger and more diverse real-world datasets to
better assess scalability and robustness under production
conditions. Such investigations would provide deeper insights
into the performance of architectural hallucination mitigation
strategies in dynamic enterprise knowledge environments.
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Abstract—In this research, we combine machine learning and
Monte Carlo simulation to estimate the probability that Systems
Engineering students at the University of Cordoba fail to attain
the relational level of the Structure of the Observed Learning
Outcomes (SOLO) taxonomy in mathematics courses. Attainment
of this level indicates the ability to integrate mathematical concepts
and techniques in order to solve engineering problems. Logistic
Regression is employed to model this probability using measures of
student self-efficacy. Because the available dataset provides only
limited coverage of the input space, Monte Carlo simulation
is used to generate additional student profiles and evaluate
counterfactual intervention scenarios aimed at improving self-
efficacy. The results indicate that the baseline probability of failing
to attain the relational level is 56.94%. Among the individual
interventions considered, reducing mathematics anxiety yields
the largest reduction in this probability, followed by strengthen-
ing mastery-learning beliefs and improving perceived teaching
support. The simultaneous implementation of all interventions
produces the greatest effect, reducing the estimated probability to
47.69%. These findings suggest that the combination of machine
learning and Monte Carlo simulation provides a computational
framework for evaluating educational interventions prior to their
implementation and supports evidence-based decision-making in
engineering education.

Keywords-machine learning; logistic regression; support vector
machines; Gaussian processes for classification; educational data
mining; Monte Carlo method; learning outcomes.

I. INTRODUCTION

Learning applied mathematics is challenging across educa-
tional levels, from elementary education to postgraduate study.
This difficulty stems from both the formal nature of mathem-
atics and the complexity involved in translating real-world
situations into mathematical representations. Consequently,
engineering students often experience difficulties in integrating
concepts, techniques, and methods when addressing problems
within their respective fields, such as industrial, electrical, and
mechanical engineering.

This research was conducted within the Bachelor’s pro-
gramme in Systems Engineering at the University of Cérdoba,
Colombia, where an Outcome-Based Education (OBE) ap-
proach is integrated with the Structure of the Observed Learning
Outcomes (SOLO) taxonomy. Within this framework, learning
achievement is classified into five levels according to the grade
scale [0, 5], as follows:

i) Prestructural (0.0-2.0): The student has not yet demon-
strated an understanding of the key concepts.

ii) Unistructural (2.1-2.9): The student demonstrates an under-
standing of a single aspect of the task.

iii) Multistructural (3.0-3.7): The student demonstrates an
understanding of several aspects of the task, although these
are not yet integrated.

iv) Relational (3.8-4.5): The student is able to integrate
multiple aspects of the task into a coherent whole.

v) Extended Abstract (4.6-5.0): The student demonstrates a
deep understanding of the underlying concepts and is able
to apply them in novel contexts.

A student is deemed to have passed an assessment upon
achieving at least the multistructural level, corresponding to a
grade of 3.0 or higher. Similarly, progression within a course
requires a final grade of at least 3.0. However, the development
of effective engineering problem-solving skills is generally
associated with the relational and extended abstract levels,
particularly in mathematics-related courses.

Accordingly, the first objective of this research is to estimate
the probability that a student fails to attain at least the relational
level in mathematics as a function of self-efficacy, defined as
an individual’s belief in their capability to perform actions
required to achieve a particular outcome [1]. Self-efficacy is
shaped by several sources, including mastery experiences, social
modelling through the observation of peers, social persuasion
such as instructor feedback, and emotional and motivational
states.

Regarding the mathematical notation, let D = {(z;,v;)},
be a dataset comprising observations of students’ self-efficacy
perceptions and their performance in engineering mathematics.
The ith student is represented by a real-valued D-dimensional
feature vector z; € X C RP, whose jth component corres-
ponds to a particular self-efficacy attribute. For example, x;;
may represent the extent to which the ith student believes they
can successfully solve most mathematics problems during an
assessment.

The corresponding target variable is defined as y; = 1 if the
ith student failed to attain the relational level, as determined by
the mean grade obtained in previous mathematics courses, and
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y; = 0 otherwise. Here, M denotes the number of observations
in the dataset.

Given a new student represented by the feature vector xy,
the objective is to estimate the probability P(gr = 1 | ax),
where ¢, = 1 indicates that the model predicts the student will
fail to attain the relational level. Here, z;, denotes the input
vector, while y;, and gy represent the observed and predicted
outcomes, respectively.

A further objective of this research is to estimate the
probability of failing to attain the relational level under a
range of hypothetical interventions designed to reduce this risk.
To this end, we pondered the following research questions:

i) How would this probability change if students perceived
greater teaching support?

i) How would this probability change if mathematics anxiety
were reduced?

iii) How would this probability change if mastery confidence
were increased?

iv) How would this probability change if greater teaching sup-
port, reduced mathematics anxiety, and increased mastery
confidence were considered simultaneously?

To address the two objectives outlined above, a dataset
comprising 93 observations and 26 variables was collected
(i.e., M =93 and D = 26).

Several machine learning methods were evaluated for es-
timating the probability that a student z;, fails to attain the
relational level, that is, P(g; = 1 | ). Across the 10-fold
cross-validation experiments, Logistic Regression achieved the
highest accuracy among the methods considered. A similar
pattern was observed for precision.

Finally, the Monte Carlo method is employed to simulate
the proposed intervention scenarios and thereby address the
research questions outlined above. According to the simulation
outcomes, the baseline probability of failing to attain the
relational level in mathematics is estimated at 57.94%. The
simulation results suggest that this estimate decreases to
54.54% under improved teaching support, 53.64% under
reduced mathematics anxiety, and 53.99% under increased
mastery confidence. The largest reduction is observed when
all three interventions are considered simultaneously, yielding
an estimated probability of 47.69%.

The remainder of the paper is organised as follows. Sec-
tion II reviews the relevant literature, Section III describes the
methodology, and Sections IV and V present the results and
discussion. Section VI concludes the paper.

II. PRIOR RESEARCH

Educational data mining methods have been widely
employed to predict student dropout, delayed gradu-
ation [2][3][4], and the risk of course failure or with-
drawal [S][6][7][8][9][10][11][12][13][14]. In contrast, we
examine the relationship between self-efficacy and engineering
students’ attainment of the relational level in mathematics,
which reflects their ability to integrate mathematical concepts
and apply them to problem-solving tasks within the SOLO
framework.

Self-efficacy, introduced by Albert Bandura in 1986, refers to
an individual’s belief in their capability to successfully achieve
a particular level of performance [1].

The relationship between self-efficacy and mathem-
atics has been extensively investigated in the literat-
ure [15][16][17][18][19][20]. Similar associations have also
been reported for reading skills [21].

Several of these studies have focused on mathematics at
the undergraduate level [15][16][20], whereas others have
examined self-efficacy in middle and secondary school set-
tings [17][18][19].

Our research differs from prior one in three principal
respects.

First, the questionnaire employed in our research captures
broader beliefs regarding mathematical self-efficacy, rather
than focusing on task-specific skills such as histogram con-
struction [20].

Second, the relationship between self-efficacy and the out-
come variable is formulated in our research as a classification
problem, whereas previous studies have typically adopted
a regression framework. In addition, our analysis is based
on an educational process extending over at least two and
a half years, reflecting the period during which students
might complete the core mathematics curriculum. Our research
further combines empirical observations with simulation to
investigate intervention scenarios that would be difficult to
evaluate experimentally because of the time, resources, and
ethical considerations involved.

Third, our analysis focuses specifically on engineering math-
ematics, thereby providing a more clearly defined application
context than that considered in related recent work [20].

A similar combination of machine learning and Monte Carlo
methods has previously been employed to analyse the risk of
failing physics courses [22][23] and student demotivation in
scientific computing [24][25].

Logistic Regression and the Monte Carlo method have been
applied to estimate the risk of failing physics courses based
on students’ academic progress during a semester [23]. This
work extends an earlier study in which Monte Carlo simulation
alone was used for the same purpose on a smaller dataset [22].
In that context, student progress is measured using at most
two grades, making visualisation feasible. By contrast, our
research considers a multivariate input space comprising more
than three input variables. Consequently, both studies combine
predictive modelling and Monte Carlo simulation, although we
additionally evaluate Gaussian Processes and Support Vector
Machines alongside Logistic Regression.

Prior research has also combined regression models with
Monte Carlo simulation to analyse the risk of student demotiv-
ation within a multivariate setting [24][25]. While both lines
of research employ supervised learning methods, our research
addresses a classification problem, whereas the aforementioned
studies focus on regression.

The Monte Carlo method has also been applied to predict
student performance in engineering, medical, and mixed student
cohorts, where it was found to outperform linear regression,
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particularly in capturing non-linear grade transitions and
stochastic variability [26].

To our knowledge, the combination of methods adopted in
our research has not previously been applied to investigate
the relationship between self-efficacy and the probability of
attaining the relational level in engineering mathematics.

III. RESEARCH METHODOLOGY

In this research, supervised machine learning methods were
used to estimate the probability that the kth student fails to
attain the relational level in mathematics, which is denoted as
P(yr, = 1| x1). The analysis considered probabilistic classifi-
ers, including Logistic Regression and Gaussian Processes [27],
together with Support Vector Machines. Although Support
Vector Machines do not provide probabilistic outputs inherently,
their predictions might be calibrated to yield probability
estimates [28]. Further details of these methods may be found
in [29][30].

A dataset was collected at the beginning of 2026 to train
the models described above. The corresponding questionnaire
was designed such that its items represented the input variables
included in the dataset. Responses were recorded on a Likert
scale ranging from O (strongly disagree) to S (strongly agree).

The questionnaire was administered to 93 students enrolled
between the fifth and eighth semesters of the programme, which
is designed to be completed over 10 semesters. Participant
identities were anonymised prior to analysis. Table I presents
the questionnaire and the correspondence between its items
and the 26 input variables of the models, represented by the
components of the vector xz;, for : =1,...,93.

The target variable is derived from the mean grade obtained
across the core mathematics courses of the programme, namely
Calculus I (Differential Calculus), Calculus II (Integral Calcu-
lus), Calculus III (Vector Calculus), Differential Equations, and
Linear Algebra. The distribution of the average grades used
to define the target variable is presented in Figure 1, while
Figure 2 shows the resulting class distribution.

As the dataset is not perfectly balanced, model performance
is evaluated using stratified 10-fold cross-validation. This
procedure partitions the data into 10 folds, enabling model
training and evaluation across 10 iterations. The distribution of
records within each test fold is reported in Table II. Prior to
model fitting, all input variables are standardised by centring
them to zero mean and scaling them to unit variance.

Within the collected dataset, the proportion of students who
failed to attain the relational level is 56.99%, corresponding
to P(y = 1) = 56.99%. However, Figure 3 shows that the
input variables do not uniformly cover the input space, with
some values unobserved in the available data. For example, the
variables z; 1, 7; 2, x; 3, and x; 15 never take the value 2. To
explore regions of the input space that are sparsely represented
or absent from the observed dataset, the Monte Carlo method
is employed [31], assuming a multivariate normal distribution
for the input variables.

The second objective of the research is addressed by
estimating the probability that students fail to attain the

2.5 3.0 3.5 4.0 4.5
Density of Mathematics Grade Average

Figure 1. Histogram of the students’ Average Grade obtained in mathematics
courses

Distribution of Classes

Number of Examples

y =0:grades = 3.7

y=1:grades = 37

Figure 2. 53 out of 93 students (57%) did not reach the relational level in
mathematics

relational level under a range of intervention scenarios. To
this end, the Monte Carlo method is employed to simulate the
implementation of these interventions.

Formally, the estimation of P(y = 1) requires the evaluation
of the following integral:

Pli=1)= [ Pli=1]2)Pa)d. M)

As the integral cannot be evaluated analytically, the Monte
Carlo method is employed to approximate it. To this end, a
matrix X € RV*P is generated, whose rows correspond to
samples drawn from a multivariate normal distribution with
zero mean and covariance matrix .S. The zero-mean assumption
reflects the prior standardisation of the input variables. Here,
N denotes the number of generated samples and D the number
of input variables.
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TABLE I. DESCRIPTION OF THE DATASET COLLECTED IN THIS RESEARCH

Input Question Mean Standard Deviation Minimum Value Maximum Value Mode Median

Variable

Ti1 I can successfully solve most of the 3.65 0.71 2.00 5.00 4.00 4.00
mathematics problems assigned to me.

;2 If I try hard enough, I can complete even 4.23 0.69 2.00 5.00 4.00 4.00
difficult mathematics tasks.

i3 I can learn new mathematics topics 3.62 0.83 2.00 5.00 4.00 4.00
without needing constant help.

Ti4 When I make mistakes in mathematics, I 3.96 0.70 3.00 5.00 4.00 4.00
can identify them and improve.

Ti5 I am confident in my ability to understand 3.63 0.88 1.00 5.00 4.00 4.00
complex mathematical concepts.

Ti6 I often have difficulty successfully com-  3.09 0.95 1.00 5.00 3.00 3.00
pleting mathematics problems.

i Compared with most of my classmates,  3.43 0.74 2.00 5.00 3.00 3.00
I am able to achieve good results in
mathematics.

Ti8 I learn mathematics as quickly as other 3.60 0.88 2.00 5.00 4.00 4.00
students in my class.

Ti9 Seeing other students succeed in math- ~ 4.19 0.95 1.00 5.00 5.00 4.00
ematics increases my belief that I can
succeed as well.

Ti,10 When other students understand mathem- 2.54 1.17 1.00 5.00 3.00 3.00
atics faster than I do, I begin to doubt my
own ability.

Ti11 I feel that my mathematical ability is 2.58 1.08 1.00 5.00 3.00 3.00
inferior to that of most of my classmates.

Ti 12 My teachers believe that I can succeed in 3.60 0.87 1.00 5.00 3.00 4.00
mathematics.

Ti13 When my teacher encourages me, my 4.11 0.90 1.00 5.00 5.00 4.00
confidence in mathematics increases.

T 14 Positive feedback about my work in 4.22 0.81 1.00 5.00 4.00 4.00
mathematics strengthens my belief in my
ability.

Ti,15 When I receive negative feedback in math- 2.70 1.20 1.00 5.00 3.00 3.00
ematics, I begin to doubt my competence.

Ti 16 I feel supported by my teacher in devel-  3.65 1.01 1.00 5.00 3.00 4.00
oping my mathematical skills.

Ti 17 I feel calm when solving mathematics 3.78 0.96 1.00 5.00 3.00 4.00
problems.

Ti,18 I become anxious when mathematics prob- 3.44 1.09 1.00 5.00 3.00 3.00
lems are very challenging.

i 19 I feel overwhelmed when I face difficult 3.29 1.19 1.00 5.00 3.00 3.00
mathematics topics.

;20 I feel confident even when working with 2.94 0.97 1.00 5.00 3.00 3.00
unfamiliar mathematical material.

;21 Even relatively simple mathematics tasks 2.38 1.06 1.00 5.00 2.00 2.00
can make me feel stressed.

5,22 I enjoy solving challenging mathematics 3.14 1.10 1.00 5.00 3.00 3.00
problems.

23 I believe mathematics is important for 4.22 0.81 2.00 5.00 5.00 4.00
becoming a successful systems engineer.

Ti24 I study mathematics only to obtain good 2.98 1.11 1.00 5.00 3.00 3.00
grades.

Ti,25 I study mathematics only to fulfil the 2.94 1.06 1.00 5.00 3.00 3.00
requirements for obtaining the Systems
Engineering degree.

T 26 I feel curious about learning mathematics. 3.63 1.03 1.00 5.00 4.00 4.00
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The multivariate normal distribution is assumed in order to
preserve the dependence structure among the input variables.
For example, variables w; 13 and z;9; are expected to be
statistically dependent because both relate to the anxiety
experienced by the ¢th student.

This assumption is motivated by the mathematical tractability
of the multivariate Gaussian distribution and its ability to repres-
ent relationships among variables through the covariance matrix
S. Consequently, the dependence structure of the input variables
is approximated using a latent multivariate Gaussian model
parametrised by the empirical covariance matrix. Although this
approximation might not possibly capture every aspect of the
observed dependence, it provides a computationally efficient
and statistically reasonable basis for Monte Carlo simulation.

The integral introduced above is approximated using Monte
Carlo integration:

N
1
Plg=1)~ — P =1]X;.), 2
G=1= ; (i =1]X,,) 2)
where X; . denotes the ith row of the matrix X.
The evaluation of a policy 7 leads to the conditional
probability

P(g):1|7r):/XP(y:1|a;,7r)P(a;|7r)d;v. 3)

This quantity is estimated by Monte Carlo simulation after
fixing selected variables to values consistent with the policy
under consideration. The resulting approximation is given by

i 1.
P(y=1|W)“N;P(yi=1|)ﬁ‘,nﬂ)- 4

To simulate improved teaching support, variables X. 12,
X. 13, X. 14, X. 15, and X, 16 are fixed at their respective
75th percentiles, namely 0.44, 0.97, 0.96, 0.33, and 0.33.

To simulate reduced mathematics anxiety, variables X, ;7
and X, oo are fixed at their 75th percentiles (1.31 and 0.01,
respectively), whereas variables X. 15, X. 19, and X, o, are
fixed at their 25th percentiles (—0.37, —0.24, and —0.38,
respectively).

To simulate increased mastery confidence, variables X 1,
X. 0, X.3, X. 4, and X, 5 are fixed at their 75th percentiles
(0.55, 1.22, 0.39, 0.8, and 0.44, respectively), while X. g is
fixed at its 25th percentile (—1.19).

Finally, the simultaneous implementation of all interventions
is simulated by fixing the corresponding variables according
to the specifications described above.

IV. THE RESEARCH RESULTS

The evaluation results suggest that Logistic Regression
achieves higher accuracy and precision than both Support
Vector Machines (SVMs) and Gaussian Processes (GPs)
(Table III). A plausible explanation is the relatively small
sample size in relation to the dimensionality of the input
space. With only 93 records and 26 input variables, more

TABLE II. 10-FOLD CROSS-VALIDATION SETTING FOR THE DATASET

Fold Number of Examples Number of Examples
for Fitting the Model for Testing
Positive ~ Negative  Total Positive Negative  Total
1 47 36 83 6 4 10
2 47 36 83 6 4 10
3 47 36 83 6 4 10
4 48 36 84 5 4 9
5 48 36 84 5 4 9
6 48 36 84 5 4 9
7 48 36 84 5 4 9
8 48 36 84 5 4 9
9 48 36 84 5 4 9
10 48 36 84 5 4 9

flexible non-linear models are likely to be more susceptible
to overfitting, whereas Logistic Regression provides a simpler
decision boundary that might generalise more effectively under
limited-data conditions.

Furthermore, Logistic Regression is particularly suitable
when the relationship between the input variables and the
log-odds of the target variable can be approximated linearly.
Under such conditions, the model typically exhibits lower
variance and greater interpretability than more flexible non-
linear alternatives.

The results reported in Table III correspond to the hyperpara-
meter configurations selected through stratified 10-fold cross-
validation. All models were implemented using the scikit-learn
library [32].

For SVMs, the best-performing polynomial kernel had degree
one and was therefore equivalent to the linear kernel, which
explains the identical results obtained with both kernels. The
regularisation parameter C' was 7.8 x 103 for the linear kernel
and 0.25 for the polynomial kernel. For the sigmoid kernel, the
optimal values of C' and  were 0.5 and 1.6 x 10~2, respectively.
When the radial basis function (RBF) kernel was employed,
the corresponding values were C' =2 and v = 1.9 x 1073,

For Gaussian Processes, the best-performing configuration
consisted of the sum of two kernels: an RBF kernel scaled by
3.1 x 103 with length scale equal to 1, and a Matérn kernel
scaled by 1.9 x 103 using the same length scale. For the
Rational Quadratic kernel, the length scale and shape parameter
a were 1.5 x 1072 and 1.9 x 1073, respectively.

The fold-wise results obtained for Logistic Regression during
the 10-fold cross-validation procedure are reported in Table IV.
The model achieved an average accuracy of 72.22% and an
area under the receiver operating characteristic (ROC) curve of
0.72 (Figure 4), indicating performance substantially better than
random classification. In addition, the recall of 91% corresponds
to the correct identification of 48 out of 53 positive instances,
as shown in the confusion matrix reported in Table V.

The regularisation parameter of the Logistic Regression
model was selected using the elbow criterion illustrated in
Figure 5. The comparison reported in Table III was conducted
using A =2 x 1072,

After fitting the Logistic Regression model to the complete
dataset using the selected regularisation parameter, Monte Carlo
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Figure 3. Histogram for each input variable
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TABLE III. 10-FOLD CROSS-VALIDATION RESULTS

Machine Mean Mean Mean Mean
Learning Precision (%) Recall (%) F; Score Accuracy (%)
Model (%)

LR 70.32 91.00 78.94 72.22
SVM-+Lin 67.33 96.33 79.00 70.11
SVM+Sig 68.00 96.33 79.50 71.11
SVM-+Pol 67.33 96.33 79.00 70.11
SVM+RBF 67.33 96.33 79.00 70.11
GP+RQ 68.83 92.67 78.59 71.00
GP+DP 69.86 65.67 66.82 63.33
GP+M+RBF 69.04 83.00 74.80 68.78
GP+M 68.14 83.00 74.16 67.67
GP+RBF 69.39 84.67 75.68 69.78

In this research, we have adopted Logistic Regression (LR), Support Vector
Machines (SVM) with Linear (SVM+Lin), Sigmoid (SVM+Sig), Polynomial
(SVM+Pol), and Radial Basis Function (SVM+RBF) kernels. Additionally, we
employed Gaussian Processes (GP) for classification with Rational Quadratic
(GP+RQ), Dot Product (GP+DP), Matern (GP+M), and Radial Basis Function
(GP+RBF) Kernels.

TABLE IV. 10-FOLD CROSS-VALIDATION RESULTS CORRESPONDING TO
THE LOGISTIC REGRESSION MODEL

Fold Precision (%) Recall (%) F; score (%) Accuracy (%)
1 71.43 83.33 76.92 70.00
2 71.43 83.33 76.92 70.00
3 62.50 83.33 71.43 60.00
4 62.50 100.00 76.92 66.67
5 83.33 100.00 90.91 88.89
6 71.43 100.00 83.33 77.78
7 80.00 85.71 80.00 77.78
8 71.43 100.00 83.33 77.78
9 62.50 100.00 76.92 66.67
10 66.67 80.00 72.73 66.67
Mean 70.32 91.00 78.94 72.22

Error vs. InA
* Test Error
0.42 1 * Bestregularization parameter (A =0.02)
0.40 A
0.38 1
= 0.36
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0.34
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-8 -6 —4 -2 0 2 4 6 8
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Figure 5. Elbow rule used to select the regularisation parameter for the
logistic regression model

TABLE VI. MONTE CARLO SIMULATION OUTCOMES

Policy 7 Probability of Failing 95 % CI  Standard
to Reach the Relational Error
Level (%)

Without Policy P(g=1) =56.94 156.80, 57.06 6.5 x 104

Teaching Support  P(§ = 1| 7) = 54.54 [54.23, 54.56] 6 x 1074

Anxiety P(g=1]|m)=53.64 15352, 5375 8.1 x 1074

Reduction

Mastery Learning P (g = 1| 7) = 53.99 [53.89, 54100 5.2 x 1073

All Previous

Policies P( g =1 | 7T) = 47.69 [47.55, 47.82) 7 x 1073

ROC curve - Logistic Regression

True Positive Rate

’ —— ROC curve (area = 0.72)

T T
0.4 0.6 0.8 1.0
False Positive Rate

Figure 4. Receiver Operating Characteristic (ROC) curve for the Logistic
Regression model

TABLE V. CONFUSION MATRIX ILLUSTRATING THE PERFORMANCE OF
LOGISTIC REGRESSION MODEL

Forecasted Class
True Class 9 =0 g =1 Total
y; =0 19 21 40
Yy =1 5 48 53
Total 24 69 93

CT stands for Confidence Interval

simulation was employed to explore a broader region of the
input space. The resulting estimates are reported in Table VI.
All intervention scenarios reduce the probability of failing to
attain the relational level. Among the individual interventions,
anxiety reduction yields the largest decrease in this probability,
whereas the simultaneous implementation of all interventions
produces the greatest overall reduction.

The distributions shown in Figures 6-10 are consistent with
the estimates reported in Table VI. In particular, Figure 6,
corresponding to the baseline scenario, exhibits a distribution
centred at higher predicted probabilities than the intervention
scenarios. By contrast, Figure 10, which corresponds to the
simultaneous implementation of all interventions, is centred at
lower predicted probabilities, indicating the lowest estimated
risk of failing to attain the relational level. Furthermore, the
Monte Carlo estimates exhibit convergence in all scenarios, as
illustrated in Figures 11-15.

V. ANALYSIS OF THE RESULTS

In this section, the performance of the classification models
is analysed and the implications of the Monte Carlo simulation
results are discussed.

The precision and accuracy of the classifiers are below 80%,
suggesting that the predictive information contained in the
dataset is limited, albeit still informative, as both metrics exceed
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Figure 6. Distribution of probabilities P(g; = 1 | ;) obtained from the
simulation without a policy.
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Figure 7. Distribution of probabilities P(gy; = 1 | ;) obtained from the
simulation for the application of the teaching support policy.
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Figure 8. Distribution of probabilities P(§; = 1 | ;) obtained from the
simulation for the application of anxiety reduction policy.
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Figure 9. Distribution of probabilities P(y; = 1 | ;) obtained from the
simulation for the application of mastery learning policy.
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Figure 10. Distribution of probabilities P(3; = 1 | x;) obtained from the
simulation for the application of all policies.

60%. Furthermore, the recall of Logistic Regression and the
other models exceeds 90%, indicating that most students who
are unlikely to attain the relational level are correctly identified.
In this context, failing to identify a struggling student may have
more serious consequences than providing additional support
to a student who may not strictly require it.

The moderate predictive performance of the models is
reflected in the distributions shown in Figures 6-10. Mod-
els with greater discriminative power might produce more
polarised distributions, concentrating probability mass closer
to the extremes. Nevertheless, such levels of uncertainty are
not uncommon in educational psychology research, where
human perceptions and behaviours are often characterised by
substantial variability.

The combination of machine learning and Monte Carlo
simulation provides a virtual environment for evaluating educa-
tional interventions without the time and resource requirements
associated with large-scale experimental studies. Notably, the
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Figure 11. The simulation converges to the expected probability
P(9g =1) = 56.94% when no policy is applied as N = 51, 200, with a
standard error of 6.5 x 10~*. The result lies within the 95% confidence

interval of [56.80, 57.06].

Standard Error vs. InN
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Figure 12. The simulation converges to the expected probability
P(§=1|m) =54.54% when teaching support policy is applied as
N = 51,200, with a standard error of 6 x 104, The result lies within the
95% confidence interval of [54.23, 54.56].

probability estimated under the baseline simulation is very
close to the empirical proportion of students who failed to
attain the relational level in the observed dataset. Specifically,
|[P(g=1)— P(y=1)| =156.94 — 56.99| = 0.05.

The small discrepancy between these values suggests that
the multivariate Gaussian assumption provides a reasonable
approximation for the purposes of simulation.

Despite these encouraging results, further research is required
to improve predictive performance and strengthen the validity
of the proposed framework. In particular, collecting a larger
dataset and investigating lower-dimensional representations of
the input space may improve model robustness and predictive
accuracy.

Standard Error vs. InN
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Figure 13. The simulation converges to the expected probability
P(§ =1|m) =53.64% when anxiety reduction policy is applied as
N = 51,200, with a standard error of 8.1 x 10~*. The result lies within the
95% confidence interval of [53.52, 53.75].
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Figure 14. The simulation converges to the expected probability
P(g=1|m)=53.99% when mastery learning policy is applied as
N = 51,200, with a standard error of 5.2 x 1073. The result lies within the
95% confidence interval of [53.89, 54.10].

The simulation outcomes provide evidence that might assist
decision-makers in prioritising interventions aimed at helping
students attain at least the relational level in engineering
mathematics. Within the context of the present study, reducing
mathematics anxiety appears to yield the largest individual re-
duction in risk, followed by increasing mastery confidence and
improving teaching support. The greatest reduction is achieved
when all interventions are implemented simultaneously.

VI. CONCLUSION AND FUTURE WORK

In summary, the Monte Carlo simulations estimate that the
probability of failing to attain the relational level in mathematics
courses within the Bachelor of Systems Engineering programme
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Figure 15. The simulation converges to the expected probability
P(g=1|m)=47.69% when all policies are applied as N = 12,800, with
a standard error of 7 x 103, The result lies within the 95% confidence
interval of [47.55, 47.82].

at the University of Cordoba is 56.94% (95% CI: [56.80,
57.06]).

The simulation of improved teaching support reduces this
probability to 54.54% (95% CI: [54.23, 54.56]). This result
suggests that students’ perceptions of instructional support
might play a relevant role in their ability to attain relational-
level understanding. In particular, practices that strengthen
students’ confidence and provide constructive feedback may
contribute to reducing the risk of underachievement.

Simulating reduced mathematics anxiety further decreases
the estimated probability to 53.64% (95% CI: [53.52, 53.75]).
This finding highlights the potential importance of emotional
and affective factors in engineering mathematics education.
Consequently, instructional strategies that minimise unnecessary
stress and support students when confronting challenging
material may help mitigate the risk of failing to attain the
relational level.

Similarly, improving mastery-learning beliefs reduces the
estimated probability to 53.99% (95% CI: [53.89, 54.10]).
This result is consistent with the self-efficacy literature, which
emphasises the importance of mastery experiences in shaping
students’ beliefs about their capabilities. Learning environments
that promote incremental progress, sustained engagement, and
repeated experiences of success might therefore contribute to
improved outcomes.

The largest reduction is obtained when all interventions are
implemented simultaneously, lowering the estimated probability
to 47.69% (95% CI: [47.55, 47.82]). This result suggests that
the factors considered in this research should not be viewed
in isolation, as their combined influence appears to be greater
than that of any individual intervention.

Overall, the results demonstrate that the combination of
machine learning and Monte Carlo simulation provides a
computational framework for evaluating educational interven-

tions prior to their implementation. Such an approach enables
decision-makers to explore the potential consequences of
alternative strategies aimed at improving students’ attainment
of relational-level understanding in engineering mathematics.

Future work should focus on expanding the dataset in order
to obtain more accurate and robust estimates. A larger sample
would also facilitate the analysis of all levels of the SOLO
taxonomy rather than restricting the problem to a binary
classification task. In addition, the questionnaire employed
in this study should be compared with alternative self-efficacy
instruments reported in the literature.

Further research should also investigate dimensionality-
reduction techniques, including Principal Component Analysis,
Non-negative Matrix Factorisation, t-distributed Stochastic
Neighbour Embedding, and Autoencoders, in order to identify
latent representations of the input space and potentially improve
predictive performance.

Finally, the intervention strategies examined through sim-
ulation should be implemented and evaluated empirically in
educational settings to assess the extent to which the predicted
effects are observed in practice.
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Abstract—The role of Artificial Intelligence (AI) across sectors
is massive, and its effects are felt in Africa. African businesses
are beginning to adopt AI tools and applications for
performing basic and complex real-time insights, predictive
analytics, automation processes, enhancing competitiveness,
operational efficiency, and strategic decision-making. This
study aims to examine how Al affects management functions
and the decision-making process in African organisations. The
study employed a Narrative Literature Review (NLR)
methodology in reviewing academic publications within the
research topic to uncover gaps and achieve the objective. The
findings revealed that AI affects managerial functions in Africa
by enhancing consumer engagement and sustainable
development, supporting managers to focus on innovation and
value creation by streamlining the repetitive task process. In
general, the study confirms that Al is becoming an effective
enabler of management success in Africa's changing economic
context, combined with ethical governance and digital literacy.
However, the application of AI in managerial functions has a
long way to go. In the future, academics can investigate how
African organisations can formulate governance models
(frameworks) to tackle ethical issues such as algorithmic bias,
data privacy, plagiarism, and ethical decision-making. In
addition, research can focus on finding the competencies and
skills required for African managers to use Al in driving the
decision-making process to improve performance and
operational functions.
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I. INTRODUCTION

Artificial Intelligence (AI) is essentially reshaping
humanity's lifestyles in the 21st century by changing the
ways people live, educate, communicate, and work. The
impact of Information and Communication Technology
(ICT) in the world is felt in many sectors, such as
agriculture, finance, education, and media, where it
facilitates businesses in accessing broader markets, making
better decisions, and offering better services [1]. The
adoption of Al in Africa is not only seen as the continent’s
way of modernising, but at the same time as a source of
solutions to age-old problems in the government, business,
education, and development sectors. According to the United
Nations Development Programme estimate for Africa, Al
will potentially contribute $1.5 trillion economically and
shape the socio-economic and technological sectors [2].
Companies on the continent are collectively getting used to
the idea of employing Al as a means of decision-making, a
tool for productivity, and an instrument of innovation, which
leads to a gradual shift from traditional management to data-
driven operations [1].
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Artificial intelligence technologies are extensively
implemented in data analysis in most African businesses,
especially in the financial sector, agriculture, logistics, and
creative industries, to achieve higher accuracy, eliminate the
possibility of flesh-and-blood (human) errors, and furnish
managers with up-to-the-minute information [20]. A good
example is machine learning used by banks for the purpose
of improving credit assessment and fraud detection; on the
other hand, retail and logistics businesses use predictive
analytics for demand forecasting and inventory optimisation.
All of these allow managers to make decisions quickly and
accurately, enabling them to strengthen their position in both
local and global markets. The State of Al in Africa Report
[3] also state that this trend towards technology is only a part
of a bigger economic transformation that will be the primary
driver of the digital economy in Africa, which is projected to
be over USD 180 billion by 2030. The success of these
projections lies in the available resources. The arguments
presented in the African Union Digital Transformation
Strategy (2024-2030) state that the success of the digital
economy in Africa depends on the capacity to balance
innovation and human values. To this point, it is necessary to
comprehensively aggregate the role and impact of Al on
managerial functions in Africa. Then, this narrative literature
review aims to examine how artificial intelligence affects
managerial functions and the decision-making process in
African organisations. The rest of the paper covers the
following sections 1) problem statement, 2) scope of the
study and objectives, 3) Research method, 4) how Al
enhances management capabilities, 5) organizational and
systematic benefits and Al in business, 6) Al in both a
positive and negative transformation catalyst for emerging
African managers, 7) implications for higher education, and
8) conclusion.

II. PROBLEM STATEMENT

In addition to optimising efficiency, Al can also be a
source of democratisation and the development of local
businesses. The African youth are already engaged in
creating Al-based solutions in various industries, including
agriculture (precision farming), health (diagnostic imaging),
and government (smart governance platforms). In this way,
they are creating new markets that were not accessible in the
past, in addition to spurring socioeconomic development.
Additionally, the fact that Al will relieve the administrative
side of jobs from mundane/stereotypical tasks will lead to a
scenario where future leaders will be able to spend more time
on the most innovative and strategic thinking, which are the
most sought-after attributes of the modern business
environment [4].

Nevertheless, the pace with which Al technology has
been developed in Africa has been greater than the
establishment of the various ethical and legal parameters
needed to regulate practice, which imposes a significant
burden on the continent. Although nations such as South
Africa, Kenya, and Nigeria have already begun the Al
strategy formulation process, the majority of African regions
have yet to establish the regulatory frameworks upon which

the responsible use of Al can be undertaken [5]. This
situation has resulted in issues of privacy, algorithmic
discrimination, and even misappropriation of personal data.
According to the African Union Digital Transformation
Strategy (2024-2030), the advantages of Al might be
overshadowed by inequality and exploitation when there are
no policy interventions. Surveillance, data privacy, and
algorithmic bias are now issues of immediate concern [5].

The key issue then is not whether Africa can embrace Al,
but rather whether it will be able to manage its usage. In the
absence of regulation or control, Al is likely to exacerbate
the existing disparities in social and economic life by placing
the upper hand on those businesses that possess abundant
data and more sophisticated technologies. Moreover, the lack
of proper data protection frameworks suggests that user
information can easily end up in the wrong hands, where it
can be abused unethically, which may subsequently cause
mistrust among users of digital platforms. This type of
mismanagement can hurt employment opportunities, fairness
in decision-making, and even democratic accountability in
countries where governance is weak, as is the case in this
country.

This is a two-edged sword-like situation with
opportunities and challenges for the new managers. They
must embrace Al as a major tool that can lead to higher
efficiency, better decision-making, and better competition.
At the same time, they should have the required knowledge
and ethical sense, or rather "the right way of doing things," in
order to manage Al in the correct way. Managers who are
familiar with the social impacts of Al will have the ability to
apply it in such a way that results in sustainability and
fairness. This is especially vital for African managers
operating in  fast-developing but resource-limited
environments. They play a key role in deciding how Al can
be used to promote the integration of the less privileged in
the development process, instead of further widening the gap
between the rich and the poor.

III. SCOPE OF THE STUDY AND OBJECTIVES

A. Scope of the study

In this review of the literature, the specific context under
consideration is in African contexts, which include Sub-
Saharan Africa and North Africa. Although the review relies
on the global Al management literature in which African-
specific research is limited, the analysis focuses on studies,
examples of cases, and empirical findings from African
countries and regions. In cases where global research has
been mentioned, it is explicitly taken into account that the
study can be generalised to African business settings and can
be transferred to them [6]. The African focus is explained by
the fact that the African continent has its own socio-
economic specifics, such as a young population, high rates of
penetration of mobile devices, inconsistency in
infrastructures, entrepreneurial mobility, and the presence of
certain developmental challenges that result in unique
conditions to address the managerial influence of AI [7].
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The main aim of this literature review paper is to
critically analyse and summarise available academic studies
on the benefits of Al tools for future managers in Africa,
given the growing penetration of Al in business processes.
Al technologies can be enablers and amplifiers of managerial
performance instead of threats to managerial fitness [8]. Due
to the fast digitalisation of African economies and social
aspects of society, it is urgently needed to comprehend how
Al tools could be used strategically to increase managerial
capabilities, organisational performance, and be part of the
overall economic development goals [4]. The current
literature remains mainly based on the experiences of
developed economies  with  significantly  different
infrastructural, economic, and social circumstances [9].

B.  Research main objective and subobjectives

To examine how artificial intelligence affects managerial
functions and the decision-making process in African
organisations.

This objective is subdivided into four sub-objectives for a
better understanding of the topic of the study:

a. Investigate how Al technologies enhance

managerial capabilities of African managers.

b. To explore the benefits and negative perspectives of

Al in business functions and operations.

c. To examine the positive impact on managerial

business operations in Africa.

d. To assess the implications of Al for African higher

education in preparing managers.

the

IV. RESEARCH METHOD

There are many types of research methodologies that can
be used to carry out a literature research paper. One of them
is a narrative literature review (NLR). NLR can be
considered a traditional literature review methodology with
the ability to synthesise existing research topics in a
comprehensive way to discover gaps [10] [11]. NLR is
flexible in allowing researchers to define inclusions and
exclusions to deepen their understanding of the topic under
discussion. Review what is in the literature on a certain topic,
but the findings cannot be generalized [10]. To synthesise,
the researcher can focus on a particular area of a study, and
the inclusion criteria can be biased [10] [12].

This literature review methodology can be used in
different disciplines, such as health, information systems,
and many others, without a defined structure [10] [13] [14].
The role and implications of Al for emerging managers in
Africa are still limited; however, there is a need to review the
existing literature to identify the gaps in the literature. The
identification of research gaps can lead to an understanding
of the state of things in the research area and discipline, as
well as providing a pathway for future research.

A. Search process and execution

The researcher applied this methodology in the study to
better discover the research gap in the topic by looking at

how artificial intelligence affects managerial functions and
the decision-making process in African organisations. To
achieve the research objective, there was a comprehensive
literature review in established scientific databases, such as
Web of Science, Scopus, IEEE Xplore, EBSCOhost, African
Journals Online (AJOL), and ScienceDirect, as well as
sources of grey literature such as Google Scholar. Keyword
searches used included adoption AND decision-making of
Al in Africa, Al AND Africa, Al AND African
organisations, Al ethics AND governance in Africa, and
Artificial Intelligence AND managerial functions.

The findings of the study will provide aggregated
information and knowledge on the core effects of Al on
managerial functions in African organisations. To achieve
this, the study focuses on literature that covers Al managerial
roles for managers (those within five years), or those who
have moved from non-managerial positions to managerial
positions, as well as mid-career management (under 40 years
old and with less than 10 years of managerial experience).
This population segment is tactical, as emerging managers
are the future of African organisations and, at the same time,
are digital natives who feel more comfortable with
technology and are professionals whose career paths are
most influenced by the implementation of Al in business.

B. Inclusion and exclusion criteria

Inclusion and exclusion criteria are used to increase
transparency, strengthen credibility, and reduce bias [15, 16].
Inclusion criteria were used in the study to define the
characteristics of the literature to be considered in
accordance with the research objective.

The inclusion includes:

a. Relevant literature on the topic, such as Al

b. Peer-reviewed articles, book chapters, and conference

proceedings.

c. Current publications from the last five years and at

most ten years.

d. Publications in English.

e. Literature studies on African emerging managers or

managers.

Exclusion criteria are used to define the literature to be
excluded from the study. The criteria were applied to ensure
that the study is focused on the objective and to eliminate
unnecessary literature [17]. The exclusion criteria are as
follows:

a. Publications outside the scope of the study topic and
objectives.

Non-academic literature.

Publications not written in English.

Redundant or duplicate studies.

Complex Al studies without organisational or
managerial links.

The review is clearly positioned to show the optimistic
view of Al on the administrative effects; however, it also
takes into account the critics and valid concerns regarding
the issues with implementing Al.

can T
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C. Transparency and reproducibility

Transparency and reproducibility are two important
aspects of the research process to ensure that adequate
processes, rigor, and necessary considerations are in place
and followed. However, traditionally, NLR allows authors to
tell stories or provide detailed explanations about the topic
under review based on the author's expertise. According to
Paré and Kitsiou [32], NLR focuses less on extensive data
extraction but more on thematic storytelling and qualitative
synthesis. Nonetheless, given the different views of NLR,
this study ensures that the following are applied to ensure
transparency and reproducibility of its findings

a. Search report and documentation: A detailed
literature search was done. These searches were
conducted to select academic materials available on
Scopus, Web of Science (WoS), and grey literature
such as Google Scholar.

b. Define eligibility criteria: A clear set of eligibility
criteria was established. This includes defining the
inclusion and exclusion criteria as provided above.

c. Acknowledge limitations: Identify any biases in
research interest and topic; rather, the focus should
be on publication to improve quality.

d. Reference software: Apply reference management
software to track and store the used citations. The
researchers used Endnote software in tracking and
exporting used articles into the library toward
promoting reproductivity of its findings.

V. HOW AIENHANCES MANAGEMENT
CAPABILITIES

Across African companies and public institutions, Al is
moving from pilots to targeted deployments that augment
managerial work, especially in analytics-driven decision-
making, operational productivity, strategic planning,
competitive intelligence, and innovation management.
Recent reviews and sector studies converge on the view that
Al, when paired with data governance and skills
development, improves performance outcomes and supports
inclusive growth [1] [5]. The evidence focused on Africa is
now visible in manufacturing, finance, supply chains, and
public health logistics, illustrating measurable gains in
quality and service reach [18].

a. Enhanced decision-making: Many managers make use
of machine learning to make decisions based on
complicated and dynamic data. Explainable machine
learning and model risk management have improved
South Africa's credit ecosystems [19]. This helps
managers meet governance obligations and defend
lending decisions. At the macro level, systematic reviews
show that AI in supply chain management (SCM)
strengthens managerial choices through demand
forecasting, anomaly detection, and inventory
optimisation, provided that data quality and integration
are addressed [20]. Customised machine learning credit
scoring helps managers better oversee small file
customers in the banking sector in Africa and Small and

. Strategic planning and competitive

Medium Enterprises (SMEs) finance. This type of
support reduces risk and expedites access to more
working capital.

. Improved operational efficiency and productivity:

Examples taken from South African manufacturing
illustrate the successful application of Al to increase
productivity and quality, as well as optimise the supply
chain, in a way that efficiency gains are physically
identified at the factory and network levels [18].
Moreover, in logistics and health, Al-enabled forecasting
and allocation are currently increasing the service level: a
2025 review has unveiled Al's role in vaccine supply
chain planning in African environments that propels
demand prediction, routing, and cold chain risk
management, which are the causes of wastage and
stockout reduction [21].

The same is true for bank operations in Africa, where
efficiency improvements are also reported. For instance,
it is expected that the Natural Language Processing
(NLP) chatbot, along with predictive analytics, will
lessen the number of queries that cause the accumulation
of awaiting user requests and, at the same time, will
prompt transaction handling, thus speeding up the
process so the manager would be free to utilise staff-
dedicated tasks of greater value instead [1]. The situation
in South African SMEs is described as a positive turn:
qualitative research finds that generative-Al tooling
fastens content creation, customer engagement, and back-
office automation, which, in this way, stimulates
productivity in resource-constrained environments [22].
Implications for managers: Start with low-effort, high-
impact, and more specifically defined tasks (forecasting,
scheduling, triage, anomaly detection) that deal with data,
and then move towards optimising complex processes in
which you can measure throughput, error rates, and
service times with defined KPIs [18] [21].

intelligence:
Artificial Intelligence expands a manager's horizon
scanning by interpreting and analysing unstructured data
(news, filings, reviews) and structured data (for instance,
prices, macro data, telemetry) into meaningful signals on
market entry, pricing, and risk. An in-depth examination
indicates that Al contributes to the implementation of
dynamic capabilities of sensing, sense, seize, and
reconfigure [1]. In the financial world, an increased focus
on model risk and compliance is a significant strategic
jump plan to implement Al through credit, fraud, and
customer lifetime analytics [19]. At the national and
sectoral levels, Africa-focused studies highlight that Al
readiness and policy coherence within a country directly
influence competitive outcomes. This provides important
guidance to managers about ecosystem risk (skills,
infrastructure) and collaboration [23].

Innovation and product-development acceleration: Al
brings about an innovation acceleration primarily by
significantly shortening the discovery and iteration cycle
times; for example, rapid customer-journey analysis, idea
screening, and simulation. Innovation in African
economies that is driven by studies links digital/Al
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transformation to productivity through new product and
process innovation pathways [24]. In the case of
inclusive finance, ML-based scoring and risk assessment
tools facilitate the creation of new products for segments
of the population that are not served by the traditional
banking system, thus unlocking the potential of the
market [25]. Meanwhile, sectoral work on renewable-
energy supply chains shows that Al-assisted dynamic
planning can simplify the installation process, which is
an example of Al. Scale up the new solution architectures
within African settings [26].

VI. ORGANISATIONAL AND SYSTEMIC BENEFITS
OF AT IN BUSINESS

Artificial intelligence is transforming the manner in
which businesses conduct business, handle information, and
provide value in all fields in a complete transformation. Al
acts as a driver and structure of organisational change,
whether in financial management or customer interaction.
The literature explains that AI not only leads to the
promotion of automation, but also fosters the development of
data-driven strategies, organisational responsiveness, and
inclusive business processes. In this section, the systemic
advantages of Al adoption are discussed in an organisational
dimension, in the form of monetary optimisation, customer
interaction, human resource creation, and cross-functional
integration.

a. Management optimisation: Al has brought considerable
improvements to financial management by improving the
accuracy and efficiency of decision-making. With the
help of Machine Learning algorithms, companies can
predict their financial trends, identify fraud, and control
their resources more effectively. Butson and Spronken-
Smith [27] observed that real-time budgetary planning
and cost savings, which can be achieved using Al-based
predictive analytics, lead to less human error and
increased accountability. In addition, robotic process
automation (RPA) eliminates monotonous accounting
processes and liberates financial departments so that they
can focus on strategic projects by automating these
processes. Increased transparency and real-time data
reporting due to the integration of Al in enterprise
resource planning (ERP) systems leads to better financial
governance.

b. Transformation of customer engagement: The greatest
advancement has been made in customer engagement due
to Al Al-driven customer relationship management
(CRM) systems allow organisations to provide hyper-
personalised interactions and predictive
recommendations, enable round-the-clock responses, and
enhance customer satisfaction. Predictive Al models are
used to predict requirements and provide proactive
delivery of the service by examining how a customer
behaves. This has transformed marketing approaches so
that firms can no longer be reactive in their marketing but
must be anticipatory in order to foster loyalty and
enduring value.

c. Human resource management improvement: Al has

transformed human resource management through the
simplification of recruitment, employee growth, and
performance analysis. Automated systems eliminate bias.
Enhance the quality of hires by helping with screening.
Al-based applications, such as predictive analytics, can
enable organisations to enhance their processes.
Organisations must implement proactive retention
initiatives by detecting the risks of employee turnover. In
addition, Al-based learning systems will be able to
customise training to suit each employee and create
ongoing skill growth and interaction. Systematically,
these tools will contribute to more data-driven and
adaptive HR functions, matching workforce planning to
organisational strategy. Functions, matching workforce
planning to organisational strategy.

Cross-functional coordination improvement: Al
enhances cross-functional coordination by means of
organisational data integration across departments.
Unified access is available as real-time analytics
dashboards, providing advice to decision-makers in the
fields of marketing, operations, and logistics, leading to
improved collaboration. Research demonstrates that the
speed of communication and the accuracy of information
are enhanced with the assistance of data democratisation
via Al Teams quickly adapt to commercialise
adjustments via Al-driven process management tools,
thereby building organisational agility and innovation.
Democratisation of business tools for SMEs: Al has
introduced sophisticated business applications to the
masses, for instance, small and large businesses (SMBs).
Al solutions based on the cloud, such as Cloud Al from
Google and Azure Al from Microsoft, create predictive
analytics, automation, and data visualisation that are
more cost-effective for organisations. This accessibility
has facilitated SMEs to compete on equal terms with
larger organisations in Al-based marketing, logistics, and
customer engagement. It is emphasised that reports
indicate that barriers to entry can be reduced with the
help of Al innovation, which helps organisations become
more digital. Democratisation has been fundamental in
promoting competition and sustainable growth in most
industries.

Inclusive growth and development: Inclusivity also
grows due to Al-driven transformation because it offers
more opportunities to underserved groups and emerging
markets. Automation, when combined with human
upskilling programmes, leads to gains in productivity
without disproportionate displacement of labour. Al
fosters equal participation in the online economy by
providing access to information, improving service
delivery, and fostering entrepreneurship. In addition, Al-
based educational technologies support workforce
readiness and lifelong learning, which are vital for
sustainable development in the Fourth Industrial
Revolution.
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VII. AIINBOTH A POSITIVE AND NEGATIVE
TRANSFORMATION CATALYST FOR EMERGING
AFRICAN MANAGERS

The economy of Africa as a whole is made up of young
people, making it easier to use Al responsibly. Emerging
managers under 40 years of age are digital natives who see
technology as a means to increase creativity, teamwork, and
advancement in society, not as a threat. This advantage
should be used to develop managers who are skilled in the
ethical and strategic use of Al African managerial
environments are based on relationships and social principles
such as Ubuntu, which focus on collaboration, empathy, and
good outcomes for the community. When this is combined
with Al's analytical power, these values can create a new
kind of management that combines data-driven accuracy
with human intuition. Due to this, our group believes that Al
adoption should be done in a way that is specific to Africa:
contextualised, ethical, and focused on development [6].
Towards a balanced and contextual Al narrative in Africa,
we must consider the positive and negative transformative
forces of Al that affect managerial functions in and outside
African organisations.

A. Al as a positive transformation catalyst

The discussion of Al in the higher levels of business
leadership has fluctuated constantly. Sometimes it is viewed
as a great tool that can help people be efficient, but at times it
is looked down upon. Some scholars have looked at the story
of the Al revolution, and some of them see Al as a big help
in the business world; others, on the other hand, see it as a
threat to people’s jobs and privacy, which managers have
been in charge of until now. Our group uses the positive
transformation paradigm as a logical way to explain that
middle ground. The digital transformation is spreading
rapidly across Africa, and the people who run African
companies are not only knowledgeable about technology but
also obsessed with it. That means Al is not only helping the
continent get back on its feet, but it is also a source of
technological advancement, which is the process of quickly
overcoming traditional issues with infrastructure, so that
innovation can happen right away [4].

Therefore, rather than causing harm, AI enhances
capabilities that improve managerial skills, expand the
boundaries of data-based research, and encourage social and
economic involvement through participation in the global
market [1]. A study conducted in Kenya, Nigeria, and South
Africa, collecting data from the agriculture, banking, and
logistics sectors, showed that the strategic adoption of Al
positively impacts the outcomes of forecasting, planning, and
resource allocation activities [18] [21].

B. Al as a negative transformation catalyst

Many people believe that the use of Al can cause more
unemployment, reduce the appreciation of human labour,
and make the gap between rich and poor countries even
greater [28]. However, these problems are mostly caused by
bad governance, not by problems with technology itself. The

issues surrounding algorithms and the lack of creativity are
true, but can be mitigated through clear regulations and
ethical supervision. Africa's growing position has advantages
because many countries are still working on their Al
frameworks and can include accountability, fairness, and
transparency from the start.

Regardless of negative views, new African research
shows that Al increases rather than decreases managers'
performance. Machine learning and predictive analytics are
now very important for making data-driven decisions in
finance, healthcare, and agriculture [19]. Managers who used
to make decisions based on insufficient data can now make
faster and more informed decisions. Al-powered credit and
risk assessment systems in Nigeria's banking sector have
lowered the number of bankruptcy claims and made it easier
for small businesses to secure loans. This has given
managers much more confidence [25]. South African
manufacturers that use Al-based predictions have reported
productivity gains of more than 20percent [18]. Eastern
African logistics and transport companies also benefit from
predictive maintenance, which reduces costs and makes their
services more reliable [21]. The results show that Al
improves managers' skills, encourages new ideas, and helps
them remain flexible in their plans. This helps new African
managers make smart, creative, and agile choices in
changing situations [1] [26].

Although these are good things, it is important to
remember that Al's success in Africa depends on strong
governance frameworks. When there aren't any clear ethical
rules, data protection laws, or ways for professionals to be
held accountable, people might misuse the information or not
trust it. However, this lack of governance is not a reason to
say no to Al; it is a chance to come up with new ideas
responsibly. Kenya's draft National Al Strategy and South
Africa's Al ethics framework are examples of regulatory
policies in Africa that show that regional organisations are
already moving towards responsible governance.

VIII. IMPLICATIONS FOR HIGHER EDUCATION

The skills needed by aspiring managers are changing due
to the rapid adoption of Al in African enterprises. Higher
education institutions are essential to help students prepare
for and benefit from this technological revolution [29]. Al
can be introduced in universities to provide prospective
managers with a competitive advantage. The benefits of Al
include, but are not limited to, better decision-making,
operational effectiveness, and strategy. Institutes can create
digitally literate managers who can use Al technologies to
enhance innovation, streamline operations, and anticipate
market changes by introducing Al into management courses.
In addition, correspondence can be improved by
incorporating Al in the classroom, bridging the gap between
theoretical knowledge and its practical application.
Universities may provide students with hands-on practice in
applying Al in the context of real business through case
studies, simulations, and Al-based projects. In addition to
technical expertise, this experiential training develops critical
thinking, problem-solving, and adaptability skills, which
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managers in dynamic African markets must possess [30]
[31].

The proposed intervention will adhere to the principles of
improving Al literacy in the curriculum by using the three
dimensions of Al learning: knowledge, skills, and attitudes
(KSA). Improving Curriculum through Al Literacy. The
suggested intervention will be based on the principles of
improving Al literacy in the curriculum through the three
dimensions of Al learning: knowledge, skills, and attitudes
(KSA). AI literacy is the foundational block of modern
management education. To help students understand the
technical and strategic elements of artificial intelligence, the
courses must present them with machine learning,
automation, predictive analytics, and what are commonly
referred to as decision-support systems. New managers who
have this kind of knowledge will be in a better position to
critically assess Al-generated insights and make prudent
decisions, as well as employ technology to create real
company value.

Additionally, Al literacy reduces the dependence on
intuition, as it empowers students to filter out relevant data
and actions. Promote data-driven thinking, which is a much-
needed skill for modern African managers who must spend
resources in the most efficient manner when responding to
market changes in the shortest time possible.

A. Addressing negative perspectives

Higher education institutions must train students to
embrace technology by focusing on Al literacy, including its
spread and positioning.

a. Incorporating responsible AI practices and ethics:
Managers are expected to be capable of making morally
and socially responsible decisions. The ethical and
responsible use of Al in management should be part of
the curriculum. Students are expected to study topics
such as algorithmic bias, data privacy, transparency, and
the overall effects of Al on society to develop a mindset
that is both creative and responsible.

b. Motivating experiential learning: Practical experience
is a critical part of the use of Al Universities can also
provide students with the experience of working with
tools and data in real commercial contexts through
internships, group projects, and simulations built using
Al [3]. The experiential approach assists in the
production of novel techniques and problem-solving
skills in a non-threatening environment and enhances
managerial competencies. In addition, experiential
learning improves collaborative problem-solving and
teamwork. To successfully use AI solutions in
organisations, students gain an understanding of the
challenges and opportunities associated with the
introduction of AI [30] [31]. Universities are capable of
producing managers who can fill the gap between theory
and practice by modelling real-life business scenarios.

¢. Supporting contextual and inclusive Al education: To
ensure relevance and inclusiveness, education must be
localized in the African business context. It becomes
easier to understand how Al can be used to address

context-specific issues for students. There are problems
with local case studies, Al applications that are culturally
sensitive, and regional economic facts. This plan
encourages regional innovation and provides equitable
access to information. Contextual education is also
helpful to enable students to identify and mitigate the
biases present in current Al technologies around the
world. Through universities, managers can develop and
adopt Al solutions that support different African
communities through promotion. It will involve inclusive
learning, which promotes social responsibility and
technological innovation [30] [31].

d. Enhancing university-industry cooperation: Business
partnerships are important in bridging the gap between
theory and practice in the real world. African companies,
Al groups, and universities can collaborate to provide
internships, mentoring, and the use of state-of-the-art Al
tools [3]. Students will understand the strategic value of
Al in real-life business activities due to this interaction. It
is also easier to work together and develop Al solutions
that fit African scenarios. As students develop skills in
the implementation of Al strategically and ethically, they
also enable other industries in the area to be more
innovative. This is because this academic-industrial
partnership improves employability and prepares
managers to lead Al-driven businesses successfully.

e. Developing a sustainable AI ecosystem in higher
education: The development of an Al ecosystem should
be based on effective governance structures, faculty
education, and facility building. Universities will have to
invest in technology laboratories, research projects, and
professionalism to help students and teachers use Al tools
effectively. Those programmes that are well supported
ensure that Al is accepted in the long term and that its
managerial and educational benefits are maximized. In
addition, healthy ecosystems encourage cross-sector
collaboration between government, business, and
academic institutions, which contributes to continuous
innovation and skill development. Institutions train
managers with the ability to apply Al at the forefront
through the integration of this technology with Al
literacy, ethical, and applied learning in their curriculum.
This drives innovation, competitiveness, and inclusive
development in all of Africa.

IX. CONCLUSION AND FUTURE STUDIES

Artificial Intelligence is changing the African business
environment and bringing new concepts to thinking, strategy,
and leadership. Al can provide future managers with tools to
improve the decision-making process, simplify work, and
activate innovation. The automation of activities and the
forecasting of information have made Al a fundamental
element to remain competitive in the contemporary business
environment in the African context. However, this massive
technological progress comes at a very steep cost. The
regulatory systems in Africa are not keeping up with the
rapid diffusion of Al This is the reason why there has been a
risk-prone situation and there has been no resolution to
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ethical and legal concerns. If systems are not in place to
accommodate these risks, the same technology that can be
progressive will, by default, breed new forms of inequality or
discrimination.

The greatest priority that Africa should have is, therefore,
Al governance based on a moral platform guaranteeing
accountability, inclusiveness, and transparency. Businesses,
schools, and governments should unite and provide simple
rules that would protect citizens while stimulating
innovation. The introduction of boards to normalize Al
ethics, the promotion of digital literacy, and the increase in
cooperation  between policymakers and technology
innovators are among the most crucial measures. For future
research prospects, academics should investigate how
managers navigate technostress when dealing with the high
wave of Al evolution in Africa. Furthermore, academics can
investigate in the future how organisations in Africa can
formulate governance models (frameworks) to tackle ethical
issues such as algorithmic bias, data privacy, plagiarism, and
ethical decision-making. In addition, research can focus on
finding the competencies and skills necessary for African
managers to use Al in driving the decision-making process to
improve performance and operational functions. Other future
investigations can look at how to effectively use Al for
inclusive growth and facilitate SMEs’ growth while
eliminating inequality in African management processes and
economies.
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