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Abstract

Purpose/Background: Small and medium-sized enterprises (SMEs) that deploy Enterprise
Resource Planning (ERP) systems face a persistent paradox: although ERP centralises
organisational data, frontline users frequently lack the technical expertise to navigate com-
plex menu structures, preventing efficient information retrieval for decision-making. This
study presents a preliminary Research and Development (R&D) effort to design, build, and
qualitatively evaluate a prototype intelligent question-answering system that connects to
Odoo ERP through application programming interfaces (APIs) via Retrieval-Augmented
Generation (RAG), enabling natural-language access to real SME business data. Methods:
A single-organisation R&D case study was conducted at an SME in Khon Kaen Province,
Thailand. The development cycle comprised problem analysis and requirement specifi-
cation, system architecture design, prototype construction, integration and deployment,
iterative testing and refinement, and multidimensional evaluation. The prototype was im-
plemented with Chainlit (conversational interface), FastAPI (orchestration and tool-calling
layer), and Odoo XML-RPC/JSON-RPC APIs (structured data retrieval). A fixed set of
20 test questions spanning four complexity levels (easy, moderate, complex, out-of-scope)
was evaluated by three automated tools (OpenAl Evals, DeepEval, Ragas), by real-task
verification against live ERP data, by five domain experts using 5-point Likert-scale ques-
tionnaires, and by three end users from the case-study organisation, who additionally
completed the System Usability Scale (SUS). Given the very small expert and user samples,
all human evaluation results are reported descriptively as preliminary, exploratory indi-
cators rather than as statistically generalisable measures. Results: Automated evaluation
achieved indicative pass rates of 95.00% (OpenAl Evals, 19/20), 90.00% (Ragas, 18/20), and
85.00% (DeepEval, 17/20). Descriptive expert feedback (1 = 5) yielded an overall mean of
3.82 (high level), and descriptive end-user feedback (n = 3) yielded an overall satisfaction
mean of 4.33 (highest level). The SUS score was 66.67/100, sitting at the boundary between
‘OK” and ‘Good’ and revealing a divergence between high stated satisfaction and lower
confidence in independent system use (item 9, raw mean = 2.33) and a stronger perceived
need for expert assistance (item 4, raw mean = 2.67). These results are interpreted as pre-
liminary diagnostic signals for further development rather than as confirmatory evidence.
Conclusions: This preliminary R&D study suggests that a RAG-based ERP chatbot can
meaningfully simplify ERP data access for SME users, while exposing persistent gaps in
multi-step reasoning, user confidence, and data privacy boundaries that must be addressed
in subsequent development cycles. The SUS pattern, in particular, suggests a ‘novelty effect’
in which users are enthusiastic about the natural-language interface yet remain anxious
about correctness and stability during real tasks. Originality/Value: This work contributes
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a transparent, replicable preliminary R&D blueprint that combines (i) live API-mediated
RAG over structured ERP data, (ii) a complementary multi-tool automated evaluation set
(OpenAl Evals + DeepEval + Ragas), (iii) descriptive expert and end-user feedback, and
(iv) SUS-based usability assessment, all documented for a single Thai SME using Odoo
18. The study explicitly positions itself as an early step toward larger, multi-site, and
on-premise deployments of trustworthy ERP-integrated conversational agents.

Keywords: Retrieval-Augmented Generation; Enterprise Resource Planning; conversa-
tional AL; Odoo; small and medium-sized enterprises; question-answering systems

1. Introduction

The global ERP software market is projected to exceed USD 117 billion by 2030, yet
industry surveys consistently report that a majority of ERP users in SMEs engage with
fewer than one-third of available system functions [1]. This utilisation gap is not primarily
a technological deficiency; it is an access-complexity problem. Most frontline employees in
SMEs lack the time, training, or system familiarity to navigate layered module hierarchies,
define multi-field search conditions, and synthesise results from several ERP screens—
even when the required data are present in the system [2,3]. The consequence is that
expensive, data-rich ERP investments deliver less value than they could, and data-driven
decision-making remains the preserve of a small number of technically skilled staff.

Advances in Large Language Models (LLMs) and Retrieval-Augmented Generation
(RAG) now offer a credible pathway toward democratising ERP data access. LLMs provide
flexible natural-language understanding and fluent response generation, while RAG im-
proves factual reliability by conditioning generation on retrieved external evidence and
verifiable context [4,5]. When RAG is extended from document corpora to live structured
databases exposed through APIs, the result is a system that can answer questions such as
‘Which products are low in stock this week?” or “What are the total sales for January?’ by
retrieving real-time ERP data and summarising it in plain language—without requiring the
user to touch a menu.

Despite rapid growth in RAG research [5,6], three important gaps remain unaddressed:
(a) most RAG applications target unstructured document corpora, and relatively few
studies examine RAG over structured relational or API-based enterprise data sources [7];
(b) evaluation of RAG chatbots in SME ERP contexts has not been conducted using multi-
tool automated assessment alongside practitioner and end-user validation; and (c) the full
R&D design cycle—from organisational process analysis through prototype construction
and multidimensional evaluation—has rarely been documented in a published study using
real organisational ERP data.

This study addresses all three gaps through an R&D case study conducted in a Thai
SME that uses Odoo ERP version 19.3 as its primary operational platform. Odoo was
selected because it is an open-source ERP suite that covers core business applications
and provides documented external API mechanisms for integration with XML-RPC and
JSON-RPC services, while also supporting the products, sales, inventory, purchasing, and
contacts modules relevant to typical SME decision-making queries [8,9].

The study is guided by three research questions: (1) What are the characteristics and
limitations of the existing ERP data-access process in the case-study organisation? (2) How
can an Al chatbot using RAG be designed to connect to Odoo ERP through APIs to support
natural-language business data access? (3) To what extent can the developed prototype
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correctly answer questions from ERP data, and how do automated, expert, and end-user
evaluations compare in assessing system quality?

This article makes four preliminary contributions, which together frame the present
manuscript as a documented design-and-evaluation blueprint rather than as a fully vali-
dated production system:

e A replicable R&D-grounded architecture for ERP-integrated RAG chatbots, specify-
ing design decisions at the level of API integration, intent analysis, and tool-calling
orchestration over live structured ERP data.

e  Formal as-is and to-be process models documenting the transition from a conventional
menu-driven ERP access process to a natural-language question-driven process, with
an explicit five-step to two-step workflow reduction.

o A four-level test-question taxonomy (easy, moderate, complex, out-of-scope) that
operationalises complexity for systematic RAG-ERP evaluation and that can be reused
by other studies as a starting benchmark.

e A practical demonstration of the complementary diagnostic value of simultaneously
applying three automated RAG evaluation tools (OpenAl Evals, DeepEval, Ragas)
alongside descriptive expert and end-user assessments, supplemented by a SUS us-
ability check.

The remainder of the paper is organised as follows. Section 2 presents the theoretical
and conceptual background covering IS success, Task-Technology Fit, conversational agent
adoption, and the RAG paradigm. Section 3 reviews related literature on ERP data-access
challenges in SMEs, enterprise conversational Al, RAG over structured data, and RAG eval-
uation frameworks. Section 4 describes the methodology, including the R&D development
cycle, case-study context, system architecture, test-question design, and evaluation protocol.
Section 5 reports the results across the four evaluation dimensions. Section 6 discusses
principal findings, theoretical and practical implications, methodological implications, and
comparison with prior work. Section 7 details limitations and future research directions,
and Section 8 concludes.

2. Theoretical and Conceptual Background

This study is grounded in three converging streams: information systems success
theory, the RAG paradigm, and enterprise chatbot adoption research.

2.1. Information Systems Success and Task-Technology Fit

Contemporary ERP success research drawing on the DeLone and McLean IS Suc-
cess Model indicates that system quality, information quality, service quality, use, user
satisfaction, and net benefits remain central dimensions for assessing ERP success [10,11].
In an ERP context, this model implies that even a technically sound system will fail to
deliver value if the information-quality dimension—in terms of accuracy, timeliness, and
accessibility—is insufficient. The prototype in the present study directly targets information
quality: by retrieval-grounding answers in real ERP data, it aims to raise both accuracy
and accessibility.

Recent Task-Technology Fit (TTF) research on Al-based chatbots indicates that tech-
nology utilisation depends on the fit between task requirements, user characteristics, and
technology capabilities [12]. ERP data-access tasks performed by non-technical SME staff
are poorly matched to conventional menu-driven interfaces but are well matched to conver-
sational question-answering systems. The end-user evaluation component of the present
study can therefore be read as a TTF operationalisation: high user satisfaction scores sug-
gest strong Task-Technology Fit, while the SUS score reveals residual fit gaps related to
user confidence and system stability.
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2.2. Conversational Agent Adoption in Organisational Contexts

Adam et al. [13] showed in a large-scale experiment that users” willingness to adopt
chatbots is influenced by perceived service quality and expected task fit. Their findings
suggest that chatbots with access to accurate, domain-specific information are more likely
to be adopted than general-purpose bots. Recent chatbot adoption and trust studies
similarly indicate that perceived information quality, system competence, transparency,
and trustworthy interaction design influence user trust and adoption intention [14,15].
For RAG-based chatbots specifically, source attribution and grounding have been shown
to affect perceived trust and transparency, directly motivating the API-mediated RAG
approach in this study [16].

2.3. The Retrieval-Augmented Generation Paradigm

Contemporary RAG literature describes RAG as a framework that augments LLM
generation with retrieved external evidence at inference time, improving factual grounding
while introducing trade-offs related to retrieval quality, grounding fidelity, latency, and
robustness [4,5]. Subsequent architectural refinements—Fusion-in-Decoder [17], in-context
RAG [18], and Self-RAG [6]—establish RAG as a design space rather than a monolithic
technique. Gao et al. [5] categorise approaches as naive RAG, advanced RAG, and modular
RAG, identifying structured data retrieval as an important frontier.

Agentic RAG architectures have emerged in which the language model orchestrates
retrieval, tool use, planning, and reasoning across multiple steps [19,20]. Singh et al. [21]
provide a 2026 survey of agentic RAG that systematically categorises agent cardinality,
control structure, autonomy, and knowledge representation, and identifies tool-calling over
structured enterprise data as one of the most active and least mature design spaces. Recent
enterprise-focused work [22] further argues that hybrid agentic patterns combining tool
calls to structured APIs with traditional document retrieval outperform either approach
alone for compliance-sensitive deployments. The prototype in the present study sits in
this design space: it implements a simplified agentic RAG pattern in which the LLM
selects among Odoo API endpoints based on question intent, executes the relevant call, and
grounds its response in the returned structured data. This design trades embedding-based
retrieval flexibility for higher factual accuracy—a rational trade-off in a domain where data
precision is critical.

For evaluation, Es et al. [23] formalised four RAG quality dimensions in the Ragas
framework: faithfulness, answer relevancy, context precision, and context recall. DeepEval
documentation describes LLM-as-a-judge metrics such as G-Eval for evaluating outputs
against custom criteria, while Saad-Falcon et al. [24] proposed ARES as a complemen-
tary evaluation framework [24,25]. These frameworks collectively inform the multi-tool
evaluation design of the present study.

3. Related Literature
3.1. ERP Adoption and Data-Access Challenges in SMEs

ERP systems integrate core organisational processes into a unified data architecture,
reducing redundancy and supporting cross-functional reporting [26]. For SMEs, cloud-
hosted and open-source solutions such as Odoo have reduced the total cost of ownership,
making ERP accessible to organisations without dedicated IT departments [2,3,9]. Recent
ERP implementation reviews identify user competence, training, management support,
organisational readiness, and usability as persistent determinants of ERP success and
failure in SMEs and other organisational contexts [27,28]. Rutz et al. [29], studying ERP
appropriation in SMEs, similarly found that ERP systems remain underutilised when
users lack adequate training and understanding. Zhang et al. [30] reviewed Al-augmented
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ERP systems and identified natural-language interfaces as a high-priority development
direction, noting that current ERP vendors” NLP capabilities remain immature for SME
deployment contexts.

3.2. Conversational Al and LLM-Based Assistants in Enterprise Contexts

The evolution of enterprise chatbots from rule-based systems [31] to LLM-powered
assistants [32,33] has dramatically expanded the range of questions these systems can
handle. Achiam et al. [32] demonstrated that GPT-4 and successors can follow complex
multi-step instructions and generate structured outputs. Adam et al. [13] found that
perceived service quality was the primary driver of continued chatbot adoption, while
novelty effects faded rapidly, underscoring the importance of factual correctness over
fluency. Ravi et al. [16] showed that trust and transparency in RAG systems are affected by
grounding and source-use design, a principle implemented in the present study through
RAG grounding.

3.3. RAG Architectures and Extension to Structured Enterprise Data

Contemporary RAG architectures generally combine retrieval and generation com-
ponents while differing in how retrieval evidence is selected, filtered, structured, and
coordinated with the generator [4,5]. Subsequent advances [5,6,17,18] establish a rich de-
sign space. Wang et al. [7] examined RAG over tabular data and showed that API-mediated
retrieval substantially outperforms embedding-based retrieval over serialised structured
text for factual numerical queries—providing theoretical support for the present study’s
API-first design. Chen et al. [20] benchmarked multiple LLMs in structured data RAG set-
tings and found faithfulness to be the most sensitive performance dimension for enterprise
use cases.

Studies on LLM-based text-to-SQL [34,35] demonstrate that LLMs can generate
database queries from natural-language questions with increasing accuracy, but these
approaches require database access permissions that may be restricted in cloud ERP
deployments—a constraint motivating the API-based retrieval design of the present study.
Zhang et al. [30] specifically identified ERP + RAG conversational chatbots as an important
understudied area, calling for empirical studies with real deployment data.

3.4. Evaluation Frameworks for RAG and Intelligent Question-Answering Systems

Systematic evaluation of RAG systems requires multidimensional assessment. Es
et al. [23] formalised faithfulness, answer relevancy, context precision, and context recall
in the Ragas framework. DeepEval documentation describes LLM-as-a-judge metrics for
custom output evaluation, including G-Eval-style assessment [25]. Saad-Falcon et al. [24]
proposed ARES. Gan et al. [36] provide the most comprehensive recent survey of RAG eval-
uation, identifying multi-tool combination as best practice. For usability assessment, recent
SUS benchmarking studies confirm the continuing utility of SUS and provide empirical
guidance for interpreting SUS scores [37,38]. Koo [39] summarises the use of Likert-type
scales for measuring perceptions and attitudes in research contexts.

3.5. Synthesis and Research Gap

Table 1 positions the present study relative to closely related prior work.

No prior study has combined: (i) live API-mediated RAG over structured ERP data,
(ii) simultaneous multi-tool automated evaluation across three complementary RAG as-
sessment frameworks, (iii) SUS-based usability assessment with real SME employees, and
(iv) a complete R&D-grounded design cycle documented in a published study using real
organisational ERP data. The present study fills this compound gap.
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Table 1. Synthesis of related studies and positioning of the present study.
Study Data Source Evaluation Domain SME/Real Data
RAG
Sharma [4] Survey (RAG) N/A architecture survey No/No
Gao et al. [5] Survey (RAG) N/A RAG survey No/No
Asai et al. [6] Unstructured docs Benchmarks Open-domain QA No/No
Wang et al. [7] Tabular data Automated Structured QA No/No
Adam et al. [13] N/A Experiment Service chatbot No/Simulated
Ravi et al. [16] RAG responses User study Trust/transparency No/Simulated
Zhang et al. [30] ERP review Review ERP + Al SME/No
Presentstudy ~ Live ERP API (Odoo) © 2ut0t0ols+Expert  ppp oot (RAG) Yes/Yes

+ SUS/Likert

4. Methodology
4.1. Research Design

This study adopts a Research and Development (R&D) methodology [40] combined with
a single-organisation case study [41]. R&D is appropriate when the research goal is to design,
develop, and evaluate a prototype system in a real-world context, with iterative cycles of
development, testing, and improvement [40]. Case-study methodology is appropriate when
questions ask ‘how” and ‘why” about a contemporary phenomenon in its real-life context and
when the researcher does not exercise experimental control over events [41,42].

The development cycle comprises six phases: (1) problem analysis and requirement
specification; (2) system architecture design; (3) prototype development; (4) system integra-
tion and deployment; (5) iterative testing and refinement; and (6) multidimensional evalua-
tion. This hybrid R&D approach draws on SDLC for systematic analysis and design, the
Prototyping Model for rapid functional prototype construction [43,44], and Agile/Scrum
principles for iterative improvement based on stakeholder feedback [45].

Figure 1 visualises the six phases of the R&D development cycle as adopted in this study.
The cycle is iterative: insights from evaluation feed back into requirement refinement and archi-
tecture revision, supporting incremental improvement across successive prototype iterations.

1. Problem
Analysis &
Requirements

2. System
Architecture
Design
R&D Development
Cycle

(iterative)

3. Prototype
Development

4. System
Integration &
Deployment

Figure 1. R&D development cycle followed in this study (six phases, iterative).
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4.2. Case-Study Context and Data Sources

The case-study organisation is an SME in Khon Kaen Province, Thailand, operating in
the distribution sector, that uses Odoo 18 Community Edition as its primary ERP platform.
Real ERP data from five business modules—products, sales, inventory, purchasing, and
Contacts/Partners—served as the primary data source for the Al chatbot through API
connections. The use of real ERP data is methodologically central: it allows system testing to
reflect actual organisational data quality, schema complexity, and data volume—conditions
that simulated data cannot replicate [41,42]. The researcher had direct familiarity with the
organisation’s ERP deployment, supplementing user interviews with first-hand process
knowledge. Participant data were handled in accordance with ethical data protection
principles; no personally identifiable financial data were reported.

4.3. As-Is Process Analysis

The existing ERP data-access process was documented through direct inquiry with
ERP users and relevant personnel, including the sales manager, ERP users, and staff
responsible for product, sales, inventory, purchasing, and partner data, supplemented
by the researcher’s own experience within the case-study organisation. The as-is process
follows a consistent pattern: (1) log into Odoo, (2) navigate to the relevant module, (3) apply
filter /search conditions, (4) read results, and (5) manually interpret and aggregate data.
Three structural limitations were identified: menu complexity (users frequently could not
identify which module contained required data), information search complexity (filter
fields use system-defined terminology different from everyday business language), and
interpretation burden (cross-module queries required manual data export and aggregation,
taking 20-45 min per query).

4.4. To-Be Process Design

The to-be process replaces menu-driven navigation with a natural-language con-
versation through an Agentic RAG Chatbot that can analyse question intent, select the
relevant API endpoint, retrieve structured ERP data, and ground the LLM response in that
data [19,20]. The chatbot acts as an Al intermediary layer between the user and the ERP
system, not replacing the ERP but making its data more accessible. For direct queries, the
workflow is reduced from five steps to two (ask — read answer). For summary queries,
manual aggregation is eliminated. The primary data source is the PostgreSQL database
underlying Odoo ERP, accessed via Odoo’s XML-RPC/JSON-RPC APIs, which provides
controlled, scoped data access without exposing the database layer directly.

4.5. System Architecture and Prototype Development

User interface layer: Chainlit was used to provide a chat-style conversational interface
accessible via a web browser. Chainlit is an open-source Python package for building
production-ready conversational Al, and its documentation describes user sessions, au-
thentication, streaming, and other features useful for conversational prototypes [46,47].

Orchestration layer: FastAPI handles API service management, supporting asyn-
chronous operations via Python 3.14.3’s async/await pattern, which is important for
concurrent ERP API calls and LLM inference [48]. The LLM receives the user’s question
and a set of tool descriptions corresponding to Odoo API endpoints. The model selects
which tool(s) to invoke based on question intent, providing the necessary parameters. This
tool-calling design implements a simplified agentic RAG architecture.

Retrieval layer: Each tool calls a specific Odoo XML-RPC or JSON-RPC API endpoint
using authenticated credentials. Five tool categories are implemented, covering: product
information, sales orders (sale_order, sale_report), inventory stock, purchase orders, and
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partner/customer records (partners/contacts). Each API call returns structured JSON data
serialised into compact text before being injected into the LLM context. A guard condition
handles empty retrieval results by instructing the LLM to indicate data unavailability rather
than generating speculative answers. The system also uses psycopg/asyncpg for direct
PostgreSQL access in certain tool paths, and redis for session caching.

Generation layer: A Large Language Model (LLM) serves as the backbone for intent
analysis and answer generation. The prompt template comprises: (1) a system instruction
specifying role, data scope, response format, and refusal behaviour for out-of-scope ques-
tions; (2) conversation history for contextual continuity; (3) retrieved ERP data as structured
context; and (4) the user question. The system prompt explicitly instructs the model to
base all numerical claims on the retrieved context and to decline questions requiring data
outside the defined API scope.

Multi-step orchestration mechanism. For Level 3 (complex) questions that require
data from multiple Odoo modules, the orchestration layer does not assume that a single
endpoint will be sufficient. Instead, it executes the tool-calling loop iteratively. The LLM is
provided with the full set of available tool schemas (one per Odoo API endpoint) and, after
parsing user intent, may emit one or more sequential tool calls. After each call, the FastAPI
orchestrator returns the structured result back to the LLM, which then decides whether
further calls are required before producing a final answer. The loop terminates when the
model emits a textual response rather than a further tool call, or when a configurable
maximum number of tool calls is reached. A guard condition catches empty retrievals: if
any tool returns no records, the system prompt instructs the model to acknowledge data
unavailability rather than to attempt to fabricate an answer.

Figure 2 illustrates this orchestration sequence using a representative complex query—
‘Show low-stock products and their January sales”—which the LLM decomposes into two
sequential tool calls (an inventory search followed by a sales-by-product lookup) before
assembling a grounded response.

Data privacy boundaries in the prototype. The current prototype architecture relies
on an external cloud-hosted LLM, and live Odoo data passes through this external API
at answer-generation time. Several enterprise-compliance and data-leak risks therefore
exist by construction, not merely as a peripheral limitation. To make these boundaries
explicit and actionable for follow-on work, three architectural mitigations are envisaged
for the next iteration: (i) a privacy-filtering proxy in front of the cloud LLM that strips or
tokenises personally identifiable fields (e.g., partner names, contact details) and commer-
cially sensitive fields before they leave the SME’s perimeter; (ii) role-based access control at
the API tool layer, so that tool invocations are scoped to the calling user’s ERP role and
only retrieve fields the user is authorised to see; and (iii) a locally deployable open-source
LLM alternative—for example, recent Llama 3, Qwen 2.5, or Mistral families—hosted
on-premise, so that ERP data never leaves the SME’s network. Recent feasibility analyses
argue that the latter is increasingly tractable on commodity GPU hardware for SME-scale
workloads [22,49]. In the present preliminary study, the cloud-hosted LLM is retained for
engineering convenience and evaluator accessibility; the privacy mitigations above are
treated as core architectural considerations for the next development cycle rather than
as afterthoughts.

The prototype was developed in Python and deployed on Railway as a web application.
The architecture comprises four layers, as shown in Figure 3.
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Figure 2. Sequence diagram illustrating the interaction among the user, Chainlit Ul, FastAPI or-
chestrator, LLM, and Odoo API. Black arrows represent requests, function invocations, and internal
processing steps, whereas green arrows indicate returned data or responses from the Odoo API. The
symbol “#” denotes the sequential order of tool invocations (e.g., Tool call #1 is executed before Tool
call #2).

‘o0 |(0 |0 |([0) 6|06 0]
Users ask The system Select the Retrieve data Use the data The language The system displays
questions via analyzes the appropriate APl from as context model generates | | the result to the user
Chainlit intent of the query or tool Odoo ERP the answer in the format of
a table, summary,
@ N or analysis
‘ 0doo = L
e il
< Chainlit @ il
e . 7N I g R SN N o

Figure 3. Overall workflow of the proposed LLM-ERP question-answering system. The numbered
boxes indicate the sequential processing stages from user query submission to answer presentation.
The blue arrows represent the direction of the workflow and data flow between consecutive stages.
The icons (e.g., API, database, context document, LLM, and report) visually represent the primary
function performed at each stage rather than specific software components.
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4.6. Test-Question Design

Twenty test questions were designed based on real business use cases representative
of the case-study organisation’s actual decision-making information needs. Questions were
reviewed by the researcher to ensure coverage across four complexity levels (Table 2).

Table 2. Test-question design taxonomy for ERP chatbot evaluation.

Level Characteristics Key Metrics n Example

Answer relevanc
Y ‘How many products are

Easy Single-fact direct retrieval faithfulness, Tool 6 : ,
currently in stock?
Call Accuracy
. . Answer relevancy, , .
Moderate Aggregatlon, fllter.mg, or faithfulness, context 6 What is the total sales’
time-scoped retrieval . value for January 2026?
recall/precision
Faithfulness, context PR .
Multi-condition synthesis ~ recall/precision, Multi-tool Which products hav.e high
Complex 5 sales but no pending

or multi-tool reasoning Accuracy, Agent

urchase orders?’
Goal Accuracy P

Out-of-scope

Questions outside defined Domain Adherence,
ERP data domains Hallucination Avoidance

‘What is the weather
5 forecast for Khon
Kaen tomorrow?’

Note: The 3-question out-of-scope count in the automated evaluation table (Table 3) reflects the subset included
in the 20-question automated test set; the full question taxonomy includes five out-of-scope test scenarios. All
20 questions were fixed prior to evaluation and used identically across all three automated evaluation tools.

Table 3. Indicative comparison of as-is menu-driven workflow versus to-be conversational workflow
for a representative cross-module query (Khon Kaen SME context, timed walk-throughs).

Aspect As-Is (Menu-Driven) To-Be (Conversational)

User interaction steps 5 steps (login — module - filter — 2 steps (ask in natural language —
results — manual aggregation) read grounded answer)

Approximate completion time * 20-45 min (cross-module aggregation) Under 30 s (single-turn response)

Required prior knowledge

Module structure, field /filter

terminology, manual aggregation logic Plain business question phrasing

Success rate in walk-throughs **

Highly variable: 2 of 5 walk-throughs 5 of 5 walk-throughs returned an
completed without researcher assistance answer; 4 of 5 were verified correct

User-perceived effort (qualitative)

High—repeated context switching

Low—single conversational turn
across screens

4.7. Multidimensional Evaluation Protocol

The evaluation protocol captures system quality from four complementary perspec-
tives [36,50].

Dimension 1—Automated technical evaluation: Three tools were applied to the
20-question test set. (a) OpenAl Evals assessed answer correctness against predefined
expected outputs using a rule-based approach that reports pass/fail per test case [51,52].
(b) DeepEval assessed semantic answer quality using the LLM-as-a-judge approach, eval-
uating coherence, relevance, and completeness [25,53]. (c) Ragas evaluated four RAG-
specific quality dimensions: faithfulness, answer relevancy, context precision, and context
recall [23,54]. Using three tools simultaneously reveals failure modes invisible to any single
metric [36].
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Dimension 2—Real test-case verification: Each system response was manually verified
against actual Odoo ERP data by the research team, providing human-validated ground
truth for correctness and identifying specific failure cases.

Dimension 3—Expert assessment: Five domain experts evaluated the prototype us-
ing a structured questionnaire with 5-point Likert-scale items (1 = Strongly disagree;
5 =Strongly agree). The expert panel comprised specialists in information systems,
Al/chatbot development, ERP, and organisational IS, with experience ranging from ap-
proximately 4 to 20 years, reflecting both academic and practitioner perspectives. The
questionnaire covered five evaluation dimensions (see Table 4). Data were analysed using
descriptive statistics (mean, SD, Median, IQR), with Likert-type scales treated as structured
perception measures suitable for descriptive interpretation [39].

Table 4. Automated evaluation results by tool.

Evaluation Tool

Total Test Cases  Passed Failed Pass Rate (%) Primary Evaluation Dimension

OpenAl Evals

Answer correctness against

20 19 ! 95.00 predefined conditions

Ragas

Q-context-answer relationship
20 18 2 90.00 (faithfulness, relevancy,
precision, recall)

DeepEval

Semantic answer quality

20 17 3 85.00 (LLM-as-judse)

Dimension 4—End-user assessment: Three SME staff members from the case-study
organisation (store manager and sales staff) participated in end-user evaluation after a brief
orientation on the chatbot’s scope. This sample size is consistent with formative usability
evaluation and case-based prototype research, where small purposively selected samples
can surface actionable usability issues, while being clearly inadequate for statistical gener-
alisation [55-57]. All end-user findings are therefore reported as descriptive, exploratory
signals consistent with a preliminary R&D study, not as confirmatory measurements. Partic-
ipants completed two instruments: (a) a 5-point Likert satisfaction questionnaire covering
five dimensions (Table 5) and (b) the 10-item System Usability Scale (SUS), providing a
standardised usability score on a 0-100 scale [37,38]. We acknowledge that 20 test cases
provide an indicative rather than exhaustive probe of system behaviour; expanding the
test set to several hundred questions, spanning additional industries, ERP modules, and
natural-language phrasings, is identified as a priority in Section 7.

Table 5. Expert evaluation results (n = 5; 5-point Likert scale).

Evaluation Dimension Mean SD Median IQOR Level

D1: Answer correctness and reliability 3.92 1.26 4.00 2.00 High
D2: Appropriateness of system operation 3.72 1.49 4.00 2.00 High
D3: Usefulness for business operations 3.72 1.37 4.00 2.00 High
D4: Feasibility of practical implementation 3.88 1.51 5.00 2.00 High
D5: Quality of system response in RAG dimensions 3.85 1.23 4.00 2.00 High

Overall

3.82 1.36 4.00 2.00 High

Note: Scale anchors: 4.21-5.00 = highest; 3.41-4.20 = high; 2.61-3.40 = moderate; 1.81-2.60 = low;
1.00-1.80 = lowest [39]. The relatively high SD values (1.23-1.51) reflect genuine expert opinion variability across
the 5-point scale for a 5-person panel, a common characteristic of small-sample formative evaluation [56].
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5. Results
5.1. As-Is Process Analysis Findings

The as-is process analysis confirmed three structural barriers to ERP data access. Menu
complexity required users to navigate five to seven modules depending on query type;
users frequently could not identify which module contained the required data. Information
search complexity arose because Odoo’s filter interface uses system-field terminology (e.g.,
sale.order.partner_id.name) rather than the business language familiar to users. Inter-
pretation burden was most pronounced for cross-module queries, with users reporting
20-45 min to assemble data for a typical management question. These findings confirm
that ERP centralises data without democratising data access—the motivating gap for the
chatbot intervention.

5.2. To-Be Process Design Findings

The to-be process model reduces the data-access workflow from five steps to two
steps (ask — read answer) for direct retrieval queries. For summary queries requiring
multi-module data, the chatbot’s agentic tool-calling architecture eliminates the manual
aggregation step entirely. Table 3 (as-is vs to-be comparison) in the thesis confirmed
key transitions: access method changed from ERP menu navigation to natural-language
question; required user knowledge changed from menu/module familiarity to no prior
system knowledge; number of steps reduced from multi-step to ask-and-read; result format
changed from raw ERP list data to natural-language text, table, or analytical summary.

To make this workflow reduction more concrete, Table 3 contrasts the approximate
effort required for a representative cross-module query ("Which products are low in stock
and what were last month’s sales for them?’) under the as-is menu-driven workflow and the
to-be conversational workflow, drawn from the as-is process analysis and from researcher-
led timing trials with the prototype. The figures are indicative and based on a small number
of timed walk-throughs; they are intended to characterise order-of-magnitude differences
rather than to support inferential comparisons.

5.3. Prototype Development

The developed prototype is a web application deployed on Railway (https://gentle-
caring-production.up.railway.app/ (accessed on 15 March 2026)), and is accessible through
a login screen followed by a Chainlit chat interface. Users authenticate and then submit
natural-language questions about products, sales, inventory, purchase orders, and partner
data. The system handles out-of-scope questions through polite refusal messages explaining
its scope boundaries. Figures 46 illustrate representative system outputs.

Which month had the highest sales and which month had the
lowest sales from January to March 2026?

-',‘ Based on the sales data from January 1, 2026, to March 31, 2026, the summary is as follows:

« The month with the highest sales was: January 2026.
« The month with the lowest sales was: February 2026.

Please let me know if you would like a detailed calculation of the total sales for each month.

Figure 4. Example of an analytical answer generated by the prototype. Note: The pink four-petal
symbol is the Chainlit logo and denotes responses generated by the Al assistant.
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Please provide detailed information.

-:‘ The monthly sales summary for Wine O'Clock Khon Kaen from January to March 2026 is as

follows:

Month Total (Baht)
January 2026

February 2026

March 2026
« January 2026 had the highest sales with a total of THB.
« February 2026 had the lowest sales, with a total of THB.

Note: These sales figures were calculated from the sales transaction records in the store's
system. Please feel free to ask if you would like more specific details about products or

customers.

Figure 5. Example of text and tabular summary output. Note: The pink four-petal symbol is the
Chainlit logo and denotes responses generated by the Al assistant.

Will it rain tomorrow ?

!’,‘ Sorry, this question is outside the scope of the store's supported data. The system can only
provide information related to wine products, inventory, sales, and reports for Wine O'Clock
Khon Kaen.

G & @

Figure 6. Example of out-of-scope question handling. Note: The pink four-petal symbol is the
Chainlit logo and denotes responses generated by the Al assistant.

5.4. Automated Technical Evaluation Results

Table 4 presents the automated evaluation results. Overall pass rates were 95.00%
(OpenAl Evals, 19/20), 90.00% (Ragas, 18/20), and 85.00% (DeepEval, 17/20).

The sub-category pattern confirmed that easy and moderate questions were handled
well across all three tools. The single OpenAl Evals failure and two Ragas failures occurred
in complex-level questions. The three DeepEval failures were distributed across moderate
(n=1) and complex (n = 2) questions, reflecting its more demanding semantic completeness
criterion. Out-of-scope questions were handled correctly in all cases across all three tools.
The single OpenAl Evals failure was attributed to incomplete multi-step synthesis for a
complex cross-module question. Ragas failures reflected incomplete context recall rather
than factual errors. DeepEval failures indicated adequate factual content but insufficient
semantic completeness. Real test-case verification confirmed that no answer failure was
attributable to LLM hallucination; all failures arose from retrieval limitations (API scope
constraints) or multi-step reasoning gaps.

These pass rates compare favourably with published RAG systems benchmarks. Chen
et al. [20] reported factual correctness rates of 78-91% for LLMs in structured data RAG
settings; the present study’s 95.00% OpenAl Evals rate exceeds this range, consistent with
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API-mediated retrieval providing higher factual precision than embedding-based retrieval
over serialised structured text [7].

Deepening the multi-tool comparison. The three automated tools deliberately probe
different facets of system quality, which explains the spread between the 95.00%, 90.00%,
and 85.00% pass rates. OpenAl Evals applies rule-based pass/fail comparisons against
curated expected outputs and is comparatively forgiving when the model’s wording differs
from the reference, provided the key facts are present—this tolerance favours higher pass
rates and biases the metric toward factual coverage. Ragas, by contrast, decomposes quality
into faithfulness, answer relevancy, context precision, and context recall, and penalises
answers where the retrieved context only partially covers the information used in the
final answer; the two Ragas failures in this study are both context-recall related rather
than factual errors. DeepEval’s G-Eval-style LLM-as-a-judge enforces a more demanding
semantic completeness criterion and is the most sensitive to omissions or under-explanation;
its three failures (one moderate, two complex) accordingly highlight cases where the system
answered correctly but tersely. Taken together, the three tools therefore expose three distinct
failure modes—rule-based factual gaps, retrieval-recall gaps, and semantic completeness
gaps—that no single tool would have surfaced individually. This complementarity is the
practical argument for treating multi-tool evaluation as a default for RAG systems rather
than as redundant tooling [36].

5.5. Expert Evaluation Results

Table 5 presents the expert evaluation results across five assessment dimensions (1 = 5
experts, 5-point Likert scale). The overall mean of 3.82 (SD = 1.36; Median = 4.00; IQR = 2.00;
high level) indicated that experts regarded the prototype positively. Answer correctness and
reliability received the highest mean (3.92), consistent with strong automated correctness
results. Feasibility of practical implementation scored second highest (3.88), indicating
experts considered the system viable for further development. The RAGAS-dimension
quality score (3.85) reflects expert judgement that the system’s retrieval-grounding approach
is sound. Appropriateness of system operation and usefulness for business operations both
scored 3.72, suggesting room for improvement in handling complex queries.

Qualitative expert feedback highlighted three recurring themes: (1) the prototype’s
greatest strength was its ability to connect ERP data and present it through natural-language
dialogue, making business data accessible without requiring ERP menu knowledge; (2) ex-
perts recommended adding data validation mechanisms, source attribution for answers,
and role-based access control before production deployment; and (3) several experts rec-
ommended extending the API scope to cover Accounting and CRM modules as high-
priority additions.

5.6. End-User Evaluation Results

Table 6 presents the end-user satisfaction evaluation results (n = 3; 5-point Likert
scale). The overall mean of 4.33 (SD = 0.77; Median = 5.00; IQR = 1.00; highest level)
indicated strongly positive user reception. No participant rated any dimension at levels
1 or 2. Convenience and clarity (D1) and appropriateness and overall satisfaction (D3)
received the highest means (both 4.44), reflecting that users found the natural-language
interface format intuitive and suitable for their daily data-access tasks.
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Table 6. End-user satisfaction evaluation results (n = 3; 5-point Likert scale).
Evaluation Dimension Mean SD Median IQR Level
D1: Convenience and clarity 4.44 0.53 4.00 1.00 Highest
D2: Benefits for work 422 0.83 4.00 1.50 Highest
D3: Appropriateness and overall satisfaction 4.44 0.73 5.00 1.00 Highest
D4: Intention to continue using the system 4.33 1.03 5.00 2.00 Highest
D5: Quality of answers and data 4.25 0.87 4.50 1.50 Highest
Overall 4.33 0.77 5.00 1.00 Highest

Note: Score distribution: Level 5 scored 23 times, Level 4 scored 14 times, Level 3 scored 8 times; no Level 1 or
2 responses. The higher SD for D4 (intention to continue, 1.03) and IQR of 2.00 reflects variation in adoption
intent linked to participants’ primary task focus: staff whose work centres on daily inventory and sales queries
expressed stronger adoption intent than those performing less frequent, more complex financial queries.

5.7. System Usability Scale Results

The SUS evaluation (1 = 3) produced a score of 66.67 out of 100. Recent SUS benchmark-
ing work commonly treats a mean score near 68 as an approximate usability benchmark,
indicating that the system is acceptable as a prototype but has identifiable usability gaps
requiring attention before production deployment [37,38]. Item-level analysis revealed that
confidence in system use (item 9, mean raw score = 2.33) and the need for expert assistance
(item 4, mean raw score = 2.67) were the weakest dimensions, while system consistency
(item 6, mean raw score = 1.33 on the negative item, corresponding to a favourable 3.67 after
reversal) and perceived ease of use (item 3, mean raw score = 4.00) were the strongest.
The SUS score provides important complementary information not captured by the Likert
satisfaction scores: users were satisfied overall but less confident in their independent
command of the system.

6. Discussion
6.1. Principal Findings

The central finding of this study is that a RAG-based ERP chatbot, developed following
R&D and case-study principles and evaluated using a four-dimensional assessment proto-
col, can demonstrably reduce ERP data-access complexity for SME users while achieving
strong technical performance on structured data retrieval tasks. Three automated evalua-
tion tools converged on the conclusion that the system performs well (85-95% pass rates),
and this technical performance was validated and contextualised by expert evaluation
(mean 3.82) and end-user satisfaction (mean 4.33) using real organisational participants.
The SUS score of 66.67 provides important nuance: users were satisfied with the chatbot
experience but identified confidence and stability gaps that must be addressed before
production deployment.

6.2. Theoretical Implications

The findings extend contemporary ERP success research based on the DeLone and
McLean IS Success Model in an important direction: they demonstrate that an Al interme-
diary layer can directly improve the information-quality and system-quality dimensions
of ERP success—accessibility and timeliness—without requiring changes to the under-
lying ERP database or business logic [10,11]. Consistent with the model’s predictions,
improvements in perceived information quality translated into higher use intention and
user satisfaction in the end-user evaluation.

The divergence between expert (mean 3.82) and end-user (mean 4.33) evaluations
is theoretically informative from a Task-Technology Fit perspective [12]. Experts, assess-
ing against technical and professional standards, identified limitations in complex query
handling and output consistency. End users, whose primary tasks involve routine data
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retrieval, experienced a stronger fit between their task requirements and the chatbot’s
capabilities. This divergence suggests that TTF assessments for enterprise Al systems
should distinguish between expert-evaluated fitness and user-experienced fitness, as these
may not coincide at the prototype stage.

The SUS score (66.67) reinforces this interpretation: the score indicates that while
the system meets a minimum usability threshold, user confidence in independent oper-
ation remains limited—consistent with Adam et al.’s [13] finding that user adoption of
Al systems depends not only on initial satisfaction but on sustained confidence in the
system’s reliability.

Reconciling the SUS—satisfaction divergence. A central interpretive challenge raised
by the reviewers is the apparent tension between strongly positive overall satisfaction
(mean 4.33/5.00) and a marginal SUS score (66.67/100, on the boundary between ‘OK’
and ‘Good’). Item-level inspection sharpens this picture: users were enthusiastic about
the concept and convenience of the conversational interface, yet rated their independent
confidence in system use low (item 9 raw mean = 2.33) and expressed a comparatively
high perceived need for expert assistance (item 4 raw mean = 2.67). A plausible reading is
that the satisfaction score reflects a ‘novelty effect”: participants encountered the natural-
language interface for the first time, found the absence of menu navigation liberating, and
responded affectively to a dramatic reduction in surface-level task friction. The SUS items,
however, probe a different construct—sustained operational confidence and perceived
independence—and these probes revealed underlying anxieties about data correctness,
system stability under load, and what the user should do when the chatbot’s answer
differs from the user’s prior expectation. This pattern is consistent with prior chatbot-
adoption findings that novelty-driven enthusiasm fades rapidly when confidence in factual
correctness is not actively reinforced [13,14]. The implication for the next development
cycle is concrete: usability gains must be accompanied by explicit confidence-building
mechanisms (source attribution, traceable links back to ERP records, lightweight uncertainty
signals, and graceful failure messaging), not by interface polish alone.

6.3. Practical Implications for SMEE Digital Transformation

For SME managers and IS practitioners, this study offers three concrete guidance
points. First, RAG-based ERP chatbots are deployable at SME scale using Odoo’s standard
APIs and cloud-hosted LLMs—no sophisticated ML infrastructure is required. Second,
the multi-tool automated evaluation framework (OpenAl Evals + DeepEval + Ragas)
provides a practical quality assurance template: organisations can apply these tools to
monitor factual correctness, semantic quality, and retrieval quality continuously. Third, the
transparent domain-scoping mechanism (appropriate refusal of out-of-scope questions) was
well-received by both experts and users, suggesting that clear boundary communication is
a prerequisite for trust—a finding consistent with Felstad and Brandtzaeg’s [15] work on
chatbot adoption.

6.4. Methodological Implications

The multi-tool evaluation design reveals important complementarity: three tools
operating on the same test set produced meaningfully different pass rates (85%, 90%, 95%).
OpenAl Evals’ higher rate reflects tolerance for semantically correct answers with varied
phrasing; DeepEval’s lower rate reflects a more demanding semantic completeness criterion;
Ragas’ intermediate rate is sensitive to retrieval-specific failures (incomplete context recall).
The SUS score adds a further orthogonal dimension: users were satisfied (4.33/5.00), but
their confidence in independent system use was limited (SUS = 66.67). These four evaluation
dimensions, automated correctness, semantic quality, retrieval quality, and user confidence,
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are genuinely non-redundant. Any single metric would have provided an incomplete and
potentially misleading quality picture, supporting the recommendation of Gan et al. [36]
that RAG evaluation should routinely combine multiple complementary tools.

6.5. Comparison with Prior Work

Consistent with recent RAG surveys [4,5], the study confirms that retrieval ground-
ing substantially reduces hallucination risk when the model is required to answer from
retrieved evidence—all 20 test-case failures were attributable to retrieval limitations rather
than model hallucination. The 95.00% OpenAl Evals correctness rate exceeds the 78-91%
range reported by Chen et al. [20] for structured data RAG, consistent with API-mediated re-
trieval providing higher factual precision. The end-user mean of 4.33 compares favourably
with comparable RAG chatbot studies [16], likely reflecting the trust advantage of retrieval-
grounded accuracy. The SUS score of 66.67 sits close to common SUS benchmark values
used for interpreting prototype usability [37,38], appropriate for a functional prototype.
This study directly addresses the gap identified by Zhang et al. [30], providing the first
fully documented R&D cycle for an RAG-based ERP chatbot evaluated with real SME data.

7. Limitations and Future Work

This study has several limitations that should be considered when interpreting findings.

Small evaluation sample: Expert evaluation used n = 5, and end-user evaluation used
n = 3. While these sample sizes are justified for formative usability evaluation and R&D
case-study research [55-57], statistical generalisation from these data is not warranted. The
SUS score in particular should be treated as an indicative estimate rather than a statistically
robust performance measure until replicated with larger samples. Future research should
conduct a confirmatory evaluation with a larger user sample—ideally n > 15 to support
meaningful descriptive comparison—and test across multiple organisations.

External validity: The study uses a single case-study organisation in one industry
sector (distribution) and one ERP platform (Odoo 18 Community). Findings cannot be
automatically generalised to SMEs in other sectors, with different ERP platforms (SAP
Business One, ERPNext, Microsoft Dynamics), or in other cultural contexts. Future research
should replicate the study across multiple organisations and ERP platforms.

Transferability conditions. Although the prototype’s logical pattern—mnatural-
language front end, FastAPI orchestration, structured-API retrieval layer, LLM-grounded
response—is platform-neutral in principle, several practical conditions determine whether
the design transfers cleanly to other ERPs. Specifically, transfer is most straightforward
for ERP systems that (i) expose documented external APIs at module level (e.g., SAP
Business One Service Layer, ERPNext REST API, Microsoft Dynamics OData), (ii) provide
consistent authentication and rate-limit guarantees suitable for synchronous LLM tool
calls, and (iii) support row-level or field-level permission scoping that can be mapped onto
the LLM-tool layer. ERPs without one or more of these properties (e.g., legacy in-house
systems or some heavily customised on-premise SAP deployments) will require additional
adapter engineering, and the prototype’s evaluation pattern would have to be re-validated
against each new platform’s API semantics. A planned multi-platform follow-up study is
identified in the future-work agenda below to test these conditions empirically.

API coverage: The prototype connects to five Odoo modules. Questions involving
Accounting, CRM, HR, Project Management, or Manufacturing cannot be answered. Ex-
pert evaluators specifically recommended extending the API scope to Accounting and
CRM as high-priority additions. Future development should expand API integration to
these modules.
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LLM dependency and data privacy: The prototype relies on an external cloud-hosted
LLM for both intent classification and answer generation. This creates vendor dependency
and raises data privacy concerns when real business data are passed to an external APL
Future work should evaluate locally deployable open-source LLMs (e.g., gemini-3.1-flash-
lite-preview, gemini-3.5-flash) as privacy-preserving alternatives and benchmark their
performance relative to the cloud model used in this study.

Longitudinal evaluation: End-user evaluation was a single session. Longitudinal
evaluation tracking daily usage would provide richer evidence of adoption persistence,
emergent use cases, and habituation effects on the SUS score.

Cost and latency analysis: The study did not systematically measure API call costs
or response latency under production-scale loads. Future work should provide cost-per-
query and latency benchmarks to inform SME deployment decisions. System stability
improvements—identified as a concern by end users—should also be addressed through
fault tolerance and connection management enhancements.

8. Conclusions

This study designed, developed, and evaluated a Retrieval-Augmented Generation
ERP chatbot for supporting natural-language access to SME business data, using a real
Odoo ERP deployment in Khon Kaen Province, Thailand, as the empirical context. The
research was conducted within an R&D + case-study framework, ensuring systematic
documentation of both the design artefact and its multidimensional evaluation.

The study’s four principal contributions are: (1) a replicable R&D-grounded archi-
tecture for ERP-integrated RAG chatbots, specifying design decisions from API endpoint
selection through agentic tool-calling and prompt structure; (2) formal as-is and to-be pro-
cess models documenting the transition from a five-step menu-driven ERP access process
to a two-step natural-language conversation; (3) a four-level test-question taxonomy (easy,
moderate, complex, out-of-scope) validated as a practical evaluation tool for conversational
ERP systems; and (4) an empirical demonstration of the diagnostic complementarity of
three automated RAG evaluation tools (OpenAl Evals, DeepEval, Ragas) combined with
Likert-scale expert assessment and SUS-based end-user evaluation.

The prototype achieved automated pass rates of 95.00% (OpenAl Evals), 90.00%
(Ragas), and 85.00% (DeepEval). Expert evaluation produced an overall mean of 3.82 (high
level; n = 5), end-user satisfaction produced an overall mean of 4.33 (highest level; n = 3),
and the SUS score was 66.67/100 (acceptable prototype-level usability, with identified gaps
in user confidence and system stability). These results collectively confirm that RAG-based
ERP chatbots are technically feasible, practically acceptable, and sufficiently useful for
SME deployment—while highlighting clear development priorities (larger API coverage,
UX/UI improvement, role-based access control, and stability enhancements) required
before production release.

As ERP systems continue to centralise ever-larger volumes of SME operational data,
the design of natural-language access interfaces grounded in reliable retrieval represents
an increasingly important frontier for IS research and practice. This study provides an
empirical foundation and a replicable evaluation framework to support that agenda.
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