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Micro, Small, and Medium Enterprises (MSMESs) play a significant role in the
Indonesian economy; however, the adoption of digital technologies among MSMEs
remains limited, reducing operational efficiency and business competitiveness. This
study proposes an Adaptive Retrieval-Augmented Generation (ARAG) framework
integrated with WhatsApp to support MSME digital transformation through
contextual conversational Al assistance. The proposed system combines adaptive
retrieval mechanisms with domain-specific fine-tuning using IndoBERT and a
knowledge base containing 50,000 MSME operational documents. A mixed-
methods approach was employed, consisting of system development, comparative
evaluation, and field validation involving 200 MSMEs. Experimental results
demonstrated that ARAG achieved an average response accuracy of 86.80%,
outperforming rule-based, TF-IDF, and generic large language model baselines. The
system also achieved a Retrieval Precision@5 of 0.874, an end-to-end F1-score of
0.841, and a lower hallucination rate compared to generic LLM approaches. Field
validation showed a 22.7% improvement in operational efficiency, a 17.4% increase
in digital adoption rates, and a System Usability Scale (SUS) score of 84.6,
categorized as excellent usability. The findings indicate that retrieval grounding and
domain adaptation contribute substantially to improving contextual relevance and
practical usability in MSME-oriented conversational Al systems. Therefore, the
proposed ARAG framework demonstrates strong potential as a practical and scalable
digital assistance solution for supporting Indonesian MSME digital transformation.

This is an open access article under the CC-BY-SA license.

l. INTRODUCTION

Micro, Small, and Medium Enterprises (MSMES)
constitute the foundational pillar of the Indonesian economy,
contributing over 60% of the Gross Domestic Product and
acting as a primary source of national employment [1].
However, digital technology integration remains profoundly
restricted, with only 35% of MSMEs effectively utilizing
digital platforms, thereby perpetuating a substantial
competitive disparity within the global digital economy [2].
This digital divide is not merely a matter of access but is
manifested through a multi layered complex of restricted
information access, inadequate technological infrastructure,
and insufficient human resource competencies, all of which

fundamentally impede operational efficiency and market
competitiveness in an increasingly volatile global landscape
[3].

Contemporary  research  indicates  that  digital
transformation is no longer an optional trajectory but a critical
necessity to enhance MSME performance through the
strategic implementation of digital initiatives and the
strengthening of competitive capabilities [4]. Government
initiatives, such as the UMKM Level Up program, aim to
broaden digital adoption through intensive training and
mentorship [5]. Nevertheless, persistent barriers including
limited digital literacy, inadequate technological access, and
minimal operational innovation continue to obstruct
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sustainable MSME growth [6]. Recent studies suggest that
strategic digital transformation can catalyze performance
improvements of 40-60% when implemented with context-
aware technologies that bridge the gap between high level
innovation and practical ground-level operations [7].

Large Language Models (LLMs) represent a paradigm
shift in  conversational Al applications, offering
unprecedented potential for domain-specific assistance [8].
Although chatbot implementations have demonstrated
effectiveness across various Indonesian contexts, including
education [9], marketing [10], customer service [11], and
human resource management [12], existing solutions lack the
sophisticated  contextual understanding required for
comprehensive MSME support. Current chatbot architectures
remain dominated by rigid rule-based systems with limited
adaptability or retrieval-based models with restricted domain
flexibility, both of which often fail to provide the nuanced
business advice required for MSME survival [13].

The Retrieval-Augmented Generation (RAG) architecture
addresses the fundamental limitations of traditional chatbot
approaches by synthesizing generative model capabilities
with dynamic knowledge retrieval [14]. Recent advancements
in RAG implementation for healthcare applications have
shown significant improvements in response accuracy and
contextual relevance [15]. However, extant RAG
implementations have yet to be systematically adapted to the
specific exigencies of MSMEs, particularly in addressing the
unique challenges of the Indonesian business context, such as
cultural nuances, regulatory compliance, and local market
dynamics [16].

A critical analysis of current conversational Al solutions
reveals several technological gaps. Rule-based chathots
achieve an accuracy of 65-70% in structured domains but fail
to navigate contextual variations [17]. Retrieval-based models
demonstrate superior performance in specific contexts but
lack the generalizability required for diverse query types [18].
Knowledge based systems utilizing structured databases like
DBpedia show potential for information retrieval but are
incapable of generating contextually appropriate responses
for complex business scenarios [19]. While LLM-based
solutions offer superior natural language understanding, they
necessitate domain-specific optimization to achieve practical
utility in specialized applications [20].

WhatsApp integration represents a critical accessibility
factor, given its 87% penetration rate among Indonesian
MSMEs [21]. Previous implementations of WhatsApp-
integrated chatbots for health education and consultation
services have proven the platform's effectiveness for real-time
user engagement [22]. Nonetheless, business-focused chatbot
implementations via WhatsApp remain under-explored,
specifically regarding comprehensive MSME support that
encompasses business consultation, digital marketing
guidance, and financial management assistance.

In addition to digital literacy and infrastructure, trust in
technology among business actors is a crucial variable often
overlooked. Many Indonesian MSMES remain hesitant to

adopt Al-based systems due to concerns about data security,
customer privacy, and maintenance costs. These
psychological factors reinforce the digital divide, making it
essential for technological solutions to be accompanied by
awareness campaigns and education that emphasize safety
and sustainability.

The fundamental research gap lies in the absence of a
conversational Al framework specifically optimized for
Indonesian MSME operational contexts through the
integration of retrieval-augmented generation, domain-
specific knowledge, and adaptive interaction mechanisms.
Existing chatbot solutions generally rely on static retrieval
approaches or generic language models. As a result, these
systems often fail to address the contextual business
assistance needs of MSMEs effectively [23]. Furthermore,
existing evaluation frameworks for business-oriented
chatbots rarely assess technical performance together with
operational and adoption impacts in real MSME settings [24].

This research addresses these limitations by developing an
Adaptive  Retrieval-Augmented  Generation  (ARAG)
framework with domain specific fine-tuning capabilities,
specifically engineered for MSME digital transformation
support. This framework integrates advanced natural
language processing, adaptive interaction mechanims, and
real-time  performance  optimization to  provide
comprehensive business assistance through WhatsApp
integration. The primary objective is to develop and validate
an intelligent chatbot framework that significantly enhances
the operational efficiency and digital competitiveness of
MSMEs through adaptive conversational Al technology.
Therefore, this study focuses not on developing a new
foundational language model, but on optimizing retrieval-
augmented conversational Al for practical MSME assistance
in real operational settings through WhatsApp-based
interaction.

Specifically, this research makes three main contributions.
First, ARAG introduces an adaptive retrieval mechanism that
prioritizes sector-relevant MSME information during
response generation. Second, this study proposes a multi-
dimensional evaluation framework integrating technical
performance, operational efficiency, business usability, and
user experience indicators for MSME chatbot assessment.
Third, the proposed framework is empirically validated
through field implementation involving 200 MSMEs,
providing practical evidence of Al-assisted digital
transformation in Indonesian MSME environments.

Il. METHOD

This study employs a mixed-methods research design [25],
synthesizing experimental system development, comparative
performance evaluation, and longitudinal field validation
[26]. This multi-dimensional approach was specifically
selected to ensure that the Adaptive Retrieval-Augmented
Generation (ARAG) framework achieves not only technical
excellence but also a demonstrable impact on the operational
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efficiency and digital competitiveness of MSMEs. The
conceptual framework and research workflow governing this
process are visually articulated in Figure 1, providing a
systematic basis for a comprehensive and quantifiable
assessment of conversational AI’s contribution to MSME

digital transformation [27].
A.Comparativ
System Developme> e Evaluation > >

Figure 1. Research Workflow and Methodological Framework of ARAG
System

A.Field
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Figure 1 illustrates the overall research workflow, while
Figure 2 presents the conceptual architecture of the Adaptive
Retrieval-Augmented Generation (ARAG) framework,
showing the integration between the knowledge base,
IndoBERT fine-tuning, adaptive retrieval, WhatsApp
interface, and MSME support modules. This visual
representation clarifies how domain-specific fine-tuning and
contextual retrieval interact to produce adaptive responses for
MSME users.
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Figure 2. Conceptual Diagram of ARAG Framework
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The diagram illustrates the sequential process of
ARAG development, starting from the construction of a
domain-specific knowledge base, fine-tuning of IndoBERT,
adaptive retrieval for contextual response generation,
integration with WhatsApp, and delivery of business,
marketing, and financial support for MSMEs.

The ARAG pipeline operates through three
sequential stages. First, the retrieval stage encodes the user
query into a dense vector representation and compares it with
indexed MSME document embeddings using cosine
similarity to retrieve the most relevant documents. Second, a
reranking mechanism evaluates contextual relevance between
the query and retrieved documents to prioritize the most
appropriate information source. Third, the reranked document
passages are combined with the original query to form a
contextual prompt, which is processed by the fine-tuned
IndoBERT-based contextual response module to produce

grounded and domain-relevant responses delivered through
the WhatsApp interface.

A. System Development

The initial phase involves the engineering of the ARAG
system a WhatsApp integrated chatbot synthesized with a
comprehensive domain specific knowledge base [28]. The
knowledge base included operational guidelines, financial
records, marketing materials, training documents, and MSME
consultation transcripts. This repository was constructed from
50,000 MSME operational documents, encompassing
standard operating procedures (SOPs), digital marketing
strategies, simplified financial frameworks, and documented
best practices from high performing MSMEs. The initial
document pool comprised 68,000 raw documents sourced
from four channels: (1) SOPs and training materials provided
by the Ministry of Cooperatives and SMEs, (2) anonymized
business records obtained from collaborating MSMEs, (3)
field interview transcripts, and (4) government-published
digital marketing guides. Documents underwent a two-stage
quality filter: an automated domain classifier removed off-
topic content, followed by manual validation by three MSME
experts, yielding the final 50,000 documents with high
domain relevance based on expert validation. Near-duplicate
documents were removed through similarity filtering during
preprocessing.

The contextual processing module utilizes the IndoBERT
model, which has undergone domain-specific fine-tuning to
accommodate the specific nuances of Indonesian business
terminology [29]. The training dataset consisted of
approximately 100,000 business-related text samples
collected from MSME operational documents, digital
business guides, conversational business scenarios, and field
interview materials. A portion of the dataset was manually
reviewed and annotated by MSME domain experts to ensure
contextual relevance and terminology consistency.

Fine-tuning was conducted over 10 epochs using the
AdamW optimizer with a learning rate of 2x10~* and a batch
size of 32. To minimize overfitting, cross-validation and
iterative evaluation procedures were applied throughout the
training process.

B. Comparative Evaluation

The second phase focused on comparative evaluation
strategies commonly used in conversational Al benchmarking
studies [30]. In this research, three baseline approaches were
selected for comparison: a rule-based decision tree chatbot, a
TF-1DF retrieval-based system, and a generic large language
model without retrieval augmentation or domain-specific
fine-tuning. All baseline systems were evaluated using the
same 500 MSME query scenarios and assessed by the same
panel of MSME experts to ensure evaluation consistency. The
evaluation framework utilized 500 distinct query scenarios
stratified across three critical MSME domains: strategic
business consultation (167 queries), digital marketing
optimization (167 queries), and practical financial
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management (166 queries) [31]. Performance metrics
included response accuracy relative to expert-annotated
ground truth, contextual relevance, response latency, and
operational task completion rates [32]. To ensure evaluation
objectivity, assessments were independently conducted by
three MSME business experts.

C. Field Validation and Impact Analysis

The final phase involves empirical field validation through
a Randomized Controlled Trial (RCT) involving 200 MSMEs
across diverse sectors [33]. Selection criteria were strictly
defined: an annual turnover between IDR 5 million and IDR
50 million, a minimum of two years in operation, and
established basic digital access. Participants were assigned
via stratified randomization based on business sector to
maintain representativeness into either an intervention group
(ARAG users) or a control group (business as usual) [34].

Data analysis was conducted across technical, operational,
and business layers [35]. Technical evaluation utilized
standard information retrieval metrics, including precision,
recall, F1-score, and response latency. Statistical significance
was determined through repeated measures ANOVA with
post-hoc Tukey HSD tests [36]. Operational efficiency was
assessed using time-motion studies focusing on standardized
MSME tasks, including transaction recording, stock
reconciliation, marketing content preparation, financial
calculation, and customer response handling [37]. The
reported 22.7% improvement reflects the difference between
the intervention and control groups after the six-month
evaluation period.

The broader business impact was analyzed through a
difference-in-differences (DiD) approach [38], utilizing the
operational efficiency index, digital adoption rates, and the
System Usability Scale (SUS). Data processing employed
mixed effects modeling to account for individual and sectoral
variances over a six month follow up period [39]. Qualitative
insights from in depth interviews and focus group discussions
(FGD) were analyzed via thematic analysis [40] and
triangulated with quantitative results to ensure robust validity.
Statistical significance was set at a = 0.05 with Bonferroni
corrections.

In response to the data security concerns highlighted in
Section I, communication security relied on the native end-to-
end encryption mechanism provided by the WhatsApp
Business platform. No verbatim conversation content was
permanently stored on the research servers; only anonymized
interaction representations were retained to support retrieval
personalization. All participants provided informed consent
prior to system usage in accordance with the Indonesian
Personal Data Protection Law (UU No. 27 Tahun 2022).

Ultimately, this systematic comparative analysis aims to
demonstrate  ARAG’s superiority over existing chatbot
paradigms [41], establishing an evidence based foundation for
scalable national implementation and contributing to the
government’s digital transformation agenda for the MSME
sector [42, 43].

During the fine-tuning of IndoBERT, iterative evaluation
using cross-validation techniques was conducted to ensure the
model did not overfit MSME terminology. Furthermore, the
knowledge base was not limited to formal documents but also
included interview transcripts, field reports, and government
training materials, thereby enriching context and enhancing
chatbot response relevance.

In the evaluation stage, beyond quantitative metrics such as
accuracy and Fl1-score, qualitative analysis of chatbot
language style was also performed. This was crucial because
overly technical communication could reduce acceptance
among MSME users, most of whom have non-technical
backgrounds.

To reduce the risk of hallucination in generated responses,
ARAG constrained response generation using retrieved
MSME reference documents. Queries with low retrieval
confidence  triggered clarification prompts or
recommendations to consult official business sources. In
addition, numerical and regulatory information was cross-
checked against curated business reference materials before
response delivery. Retrieval grounding and confidence-based
clarification mechanisms contributed to lower hallucination
occurrences compared to the generic LLM baseline.

I11. RESULTS AND DISCUSSION

The initial phase of the research culminated in the
development of the ARAG prototype, a WhatsApp-integrated
chatbot synthesized with a comprehensive knowledge base of
50,000 MSME operational documents. The system leverages
INndoBERT, specifically fine-tuned for Indonesian MSME
business terminology, and features an adaptive retrieval
module to ensure contextually precise responses. Preliminary
testing indicates that ARAG effectively addresses diverse
query scenarios, ranging from digital marketing strategies to
financial and inventory management as detailed in Table 1.

TABLEI
INITIAL TESTING RESULTS OF ARAG

Query Domain Total Accuracy Avg.
Queries (%) Response
Time (s)
Strategic Business 167 85.63 2.68
Consultation
Digital Marketing 167 88.02 3.12
Optimization
Practical Financial 166 86.75 2.84
Management
Average / Overall 500 86.80 2.88

In this study, hallucination refers to chatbot responses
containing unsupported, inaccurate, or factually inconsistent
business information based on expert evaluation.
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TABLE II
COMPREHENSIVE TECHNICAL EVALUATION METRICS

Metric ARAG Generic LLM
Retrieval Precision@5 0.874 N/A

F1-Score (end-to-end) 0.841 0.762
Hallucination Rate (%) 8.2 21.4
Response Relevance (1-5) 4.12 3.45

Avg. Response Latency (s) 2.88 3.88

In the second phase, a comparative evaluation was
conducted to benchmark ARAG against three baseline
approaches: rule-based chatbots (decision tree), standard
retrieval systems (TF-IDF), and generic Large Language
Models (LLM without fine-tuning). Across 500 test scenarios,
ARAG demonstrated superior performance with an accuracy
rate of 86.80%. Beyond response accuracy, Table 11 presents
a comprehensive technical evaluation. Retrieval Precision@5
of 0.874 indicates that the adaptive retrieval module
consistently surfaces highly relevant documents, while the
end-to-end F1-score of 0.841 aligns with the accuracy results
reported in Table I1.

Notably, the hallucination rate of 8.2% represents a
substantial reduction compared to the generic LLM baseline
(21.4%), demonstrating that retrieval grounding on the
MSME knowledge base effectively constrains factual
inconsistencies in generated responses. Response relevance,
rated by three MSME expert evaluators on a 1-5 scale,
reached 4.12, confirming that the generated answers were
contextually appropriate for MSME operational queries.
ARAG also substantially outperformed the decision tree
(64.20%), TF-IDF (71.85%), and generic LLM baseline
(78.40%) as presented in Table Ill. Furthermore, user
satisfaction during trial simulations reached 89.45%,
indicating that ARAG provided superior utility in supporting
practical MSME business activities.

The comparison between the generic LLM and ARAG
demonstrates the practical contribution of retrieval
augmentation and domain adaptation in MSME chatbot
applications. While the generic LLM achieved relatively
strong language fluency, ARAG produced more contextually
grounded and operationally relevant responses, resulting in
higher accuracy and user satisfaction. These findings indicate
that factual grounding and domain relevance are critical
factors for business-oriented conversational Al systems.

TABLE 11
COMPARATIVE PERFORMANCE ANALYSIS

Indicator Decision | TF- | Generic | ARAG
Tree IDF LLM

Answer Accuracy (%) 64.20 71.85 78.40 86.80

User Satisfaction (%) 67.50 73.12 | 80.65 89.45

Response Time (s) 2.45 4.62 3.88 2.88

The third phase involved field validation through a
Randomized Controlled Trial (RCT) with 200 MSMEs,
revealing a tangible impact on operational efficiency. The
intervention group (ARAG users) recorded a 22.7% increase

in process efficiency, particularly in transaction recording,
stock management, and marketing content creation, as
evidenced by the comparative data in Table IV. Additionally,
digital adoption rates increased by 17.4% compared to the
control group. The System Usability Scale (SUS) score of
84.6 falls within the 'excellent' category, further confirming
high user acceptance as summarized in the same table.

TABLE IV
FIELD VALIDATION RESULTS (N=200 MSMES)
Indicator Control ARAG Improvement
Group Group
Business Process 0.0 +22.7 +22.7
Efficiency (%)
Digital Adoption +4.8 +22.2 +17.4
Rate (%)
System Usability 715 84.6 +13.1
Scale (0-100) (Good) (Excellent)

Overall, these findings suggest that ARAG is not only
technically robust but also delivers empirical benefits in terms
of efficiency and digital transformation. This reinforces the
argument that an adaptive RAG approach with domain-
specific fine-tuning is significantly more effective than
generic or rule-based systems for the Indonesian MSME
landscape. To provide a holistic view, Table V summarizes
the evaluation framework by integrating technical,
operational, business, and user experience dimensions.

TABLE V
ARAG EVALUATION FRAMEWORK

Dimension Metrics Used/Key Findings
Technical Accuracy 86.80%, faster response (2.88s avg).
Operational +22.7% efficiency in stock & transaction

mgmt.
+17.4% adoption, SUS 84.6 (Excellent).

Business/Ado
ption

User
Experience

89.45% satisfaction, adaptive sector-specific.

Field deployment across 200 MSMEs uncovered three
practical implementation challenges. First, 23% of
participants experienced response delays exceeding five
seconds on 3G connections; this was mitigated by integrating
a local response cache of 200 pre-generated answers for the
most frequently asked MSME queries, reducing effective
latency for cached queries to under one second. Second, 31%
of participants required initial onboarding assistance; a three-
step WhatsApp-native tutorial and a visual sticker-guide were
subsequently embedded in the first-run experience, reducing
onboarding dropout by 18 percentage points. Third, data
security concerns already identified in the Introduction as a
key adoption barrier were addressed by ensuring all
conversation payloads are encrypted end-to-end via
WhatsApp Business API, with no verbatim chat content
retained on research servers beyond the session.

Trial results revealed that ARAG excelled not only in
accuracy but also in adapting communication style to user
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profiles. For instance, in the culinary sector, the chatbot
frequently employed simple terms related to ingredients and
promotions, whereas in the financial services sector, it
emphasized basic accounting terminology. This sector-
sensitive communication behavior was supported by ARAG’s
adaptive retrieval mechanism, which prioritized sector-
relevant document clusters and adjusted response styles
according to MSME operational contexts. For example,
culinary-sector interactions emphasized practical promotional
and product-related language, while financial-service
interactions employed more structured accounting
terminology. This adaptability was a key factor in enhancing
user satisfaction.

Moreover, longitudinal trend analysis across the six-month
observation period showed that the 22.7% efficiency
improvement not only reduced operational time but also
contributed to increased production capacity and market
expansion among MSME participants. Several MSMEs
reported that ARAG assistance accelerated online market
reach compared to pre-intervention conditions. Adoption
rates in the intervention group increased progressively
throughout the study period, while the control group
demonstrated relatively limited growth. In addition, user
retention remained high at the end of the observation phase,
indicating sustained engagement beyond initial onboarding.

IVV. CONCLUSION

This study demonstrates that the proposed ARAG
framework can effectively support MSME digital
transformation  through  adaptive  retrieval-augmented
conversational Al integrated with WhatsApp. The system
achieved strong technical performance while also
contributing to operational efficiency improvement, increased
digital adoption, and positive user acceptance among MSME
participants. These findings indicate that domain-adapted
conversational Al can serve as a practical digital assistance
solution for Indonesian MSMEs.

Nevertheless, several limitations should be acknowledged.
The current knowledge base primarily represents MSME
sectors such as culinary, retail, financial services, and crafts
within limited regional contexts. Consequently, the reported
performance should be interpreted within these domain
boundaries. Future research should expand sectoral coverage,
incorporate more region-specific business data, and explore
multimodal capabilities such as image-based product
assistance and promotional content generation.

The findings of this study indicate the importance of
institutional support and digital literacy programs to
encourage sustainable Al adoption among MSMEs. Broader
collaboration between academia, government, and MSME
communities is essential to support scalable and responsible
implementation of conversational Al technologies in the
Indonesian MSME ecosystem.
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