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 The increasing use of digital messaging platforms such as WhatsApp, Instagram, and 
Facebook has made real-time customer communication a key activity for Small and 
Medium Enterprises (SMEs). However, many SMEs struggle to access and apply 
business knowledge during live interactions, often relying on fragmented information 
and keyword-based retrieval that does not capture user intent. This study examines 
how a mobile keyboard–based Retrieval-Augmented Generation (RAG) system supports 
SME customer response work practices from an Information Systems perspective. The 
system organizes business knowledge into semantic chunks, represents them as vector 
embeddings, retrieves relevant information using similarity-based methods, and 
generates context-aware responses through a Large Language Model. It is implemented 
as a lightweight keyboard interface embedded directly within messaging applications. 
The system was evaluated using the RAGAS framework on 37 test queries and 
compared with a keyword-based baseline. The results show high faithfulness (0.997) 
and answer correctness (0.881), with an average response time of approximately 5 
seconds. A preliminary User Acceptance Testing session with one SME stakeholder 
suggests that the system may help reduce response effort and support more consistent 
use of business knowledge in customer communication. 

Keywords: Customer Response Systems, Indonesia, Knowledge Management, Large 
Language Models, Mobile Keyboard Interface, Retrieval-Augmented Generation, Small 
and Medium Enterprises (SMEs), Text Embedding, Vector Similarity 

1. Introduction  
Customer communication has become an essential part of how Small and Medium Enterprises (SMEs) operate 
on a daily basis. Many interactions now take place through mobile messaging platforms such as WhatsApp, 
Instagram, and Facebook Messenger, where customers expect quick and clear responses. This creates a 
recurring tension for SMEs: responses are expected in real time, yet the information needed to answer 
customer questions is often scattered across different sources. As the number and variety of inquiries increase, 
operators must search for product details, pricing rules, or service policies while continuing the conversation. 
This situation not only slows down response time but can also lead to inconsistent or incomplete answers.  

Despite the widespread availability of digital tools, many SMEs still face difficulties in retrieving the 
right information quickly during ongoing conversations. Business knowledge is often fragmented across 
different sources, including product descriptions, pricing rules, delivery terms, and operational procedures. 
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As a result, responding to customer inquiries becomes time-consuming and cognitively demanding, especially 
when operators must manually search for relevant information while interacting with customers in real time. 

Various traditional approaches have been used to support customer response activities, including rule-
based chatbots, keyword-based search systems, and document repositories. However, these approaches 
exhibit significant limitations in practice. SME knowledge bases typically contain both structured and 
unstructured information, and keyword-based systems often fail to capture the underlying intent of customer 
queries. Instead, they rely on exact or partial word matching, which frequently leads to incomplete or 
irrelevant results. This limitation increases cognitive load for SME operators and may reduce the quality and 
consistency of responses. 

Recent advances in Retrieval-Augmented Generation (RAG) have demonstrated the potential to address 
these limitations by grounding Large Language Models (LLMs) in external knowledge bases, thereby 
improving factual reliability and reducing hallucination (Church et al., 2024; Shan & Shan, 2024). RAG-based 
systems have been successfully applied across various domains, including e-commerce (Benita et al., 2024), 
technical support (Lee et al., 2024), university admissions (Nguyen et al., 2024), property management (Chen 
et al., 2024), and banking employee assistance (Sandakelum et al., 2025). More recent studies have extended 
RAG toward task-oriented dialogue, knowledge-graph–based retrieval, and personalized customer 
communication (Rao et al., 2025; Varga & Yamashita, 2025; Li et al., 2025; Singh et al., 2025). Despite these 
advances, existing research predominantly focuses on technical performance and system architecture, with 
limited attention to how RAG systems are embedded into everyday organizational practices, particularly in 
SME contexts. From an Information Systems perspective, customer response systems can be understood as 
socio-technical artifacts that shape how organizational knowledge is accessed, interpreted, and enacted in 
work practices. In SMEs, customer communication is often handled by a small number of individuals operating 
under time constraints, relying heavily on tacit knowledge and informal processes rather than formalized 
information systems. 

To address this gap, this study investigates how a mobile keyboard–integrated Retrieval-Augmented 
Generation (RAG) system supports SME customer response activities as an information system embedded in 
everyday work practices. The proposed system integrates a RAG pipeline directly into a mobile keyboard 
interface, enabling users to retrieve and generate knowledge-grounded responses without switching between 
applications. Business knowledge is organized into semantic chunks, represented as vector embeddings, 
retrieved through similarity-based mechanisms, and used to generate context-aware responses via an LLM. 

To examine both technical performance and organizational implications, the system was evaluated using 
the RAGAS framework on 37 test queries and compared with a conventional keyword-based approach. In 
addition, User Acceptance Testing (UAT) was conducted with an SME stakeholder to assess usability and 
practical applicability. Guided by a socio-technical and Information Systems perspective, this study addresses 
the following research questions: 
• RQ1: How does integrating a RAG system into a mobile keyboard interface influence SME customer 

response work practices? 
• RQ2: How does a keyboard-integrated RAG system support SME knowledge management during real-

time customer communication? 
• RQ3: How does human–AI collaboration manifest when SME operators use AI-generated, knowledge-

grounded responses in customer interactions? 
This paper makes three contributions to the Information Systems literature. First, it extends research on 

AI-enabled systems in SMEs by examining how such systems can be embedded into everyday work practices 
rather than used as standalone applications. Second, it contributes to knowledge management research by 
providing initial empirical insights on how semantic retrieval supports more consistent enactment of 
organizational knowledge in real-time communication. Third, it offers insights into human–AI collaboration 
by illustrating how AI can function as a cognitive support tool that augments, rather than replaces, human 
judgment in customer-facing activities. 

The remainder of this paper is structured as follows. Section 2 reviews related work on knowledge 
management systems and RAG-based applications. Section 3 presents the system architecture and 
methodology. Section 4 reports the results and discusses the findings. Section 5 concludes the paper and 
outlines directions for future research. 

2. Related Works 
Recent research has expanded Retrieval-Augmented Generation (RAG) from simple text-based question 
answering toward more complex, domain-specific, and enterprise-oriented systems. Rather than treating RAG 
as a standalone retrieval mechanism, scholars increasingly position it as a socio-technical system that shapes 
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how organizations access knowledge, interact with users, and support decision-making processes. This shift 
is particularly relevant for SME contexts, where knowledge is often informal, distributed, and tightly 
embedded in daily operations. 

A significant stream of research focuses on improving the technical performance of RAG systems through 
enhanced retrieval architectures and representation learning. For example, DeepSem has been proposed as a 
multilayer semantic retrieval framework that improves precision in industrial applications (Qi et al., 2025), 
while iterative retrieval feedback mechanisms have also been introduced to further enhance response quality 
(Zhu et al., 2025). These studies emphasize the importance of accurate and context-aware retrieval, which 
forms the technical foundation for supporting knowledge management in real-time communication 
environments. 

Another line of work explores domain-specific applications of Retrieval-Augmented Generation (RAG) 
in organizational settings. Previous studies have demonstrated the effectiveness of RAG in specialized 
reference services, automotive information retrieval, manufacturing support, and healthcare communication, 
where responses must remain grounded in domain-specific knowledge to ensure reliability and 
trustworthiness (Chen & Chang, 2025; Yildirim & Samli, 2025; Wulf & Meierhofer, 2025; Coen et al., 2025). 
Collectively, these studies suggest that RAG can improve the quality and consistency of information-intensive 
tasks by providing contextually relevant and knowledge-grounded responses. 

A growing body of research has also examined the application of RAG in business communication and 
customer service contexts. Prior work has shown that retrieval-enhanced approaches can improve customer 
feedback summarization, mitigate hallucination in multilingual customer service systems, and enhance 
performance in call center environments when combined with fine-tuning strategies (Praneeth et al., 2025; 
Patel et al., 2025; Sanjani et al., 2025). These findings support the use of retrieval-based methods for 
improving response quality, consistency, and reliability in customer-facing interactions. 

In parallel, recent research has extended Retrieval-Augmented Generation (RAG) beyond text-based 
applications toward multimodal and hybrid systems that integrate diverse information sources. These 
approaches combine textual and visual retrieval capabilities to support tasks such as interpreting complex 
production documents, enhancing retail and advertising applications, and facilitating access to enterprise 
knowledge resources (Lystbæk & Lystbæk, 2025; Thiyagarajan, 2025; Choudhary et al., 2025). In 
organizational settings, RAG has also been applied to querying structured corporate documents, including 
financial reports and other enterprise records, through semantic retrieval mechanisms (Mehul et al., 2025). 
Collectively, these developments demonstrate the evolution of RAG from a standalone retrieval technique into 
an organizational intelligence layer that supports knowledge access, information integration, and decision-
making across different business contexts. 

From an Information Systems perspective, these studies can be grouped into three key research directions 
that align with the focus of this paper. First, prior work on retrieval performance and system architecture 
provides the foundation for examining how semantic retrieval supports knowledge management, which 
relates to RQ2. Second, research on enterprise integration and workflow support emphasizes the importance 
of embedding systems into operational contexts, forming the basis for RQ1, which investigates how keyboard-
level integration influences SME work practices. Third, studies on human–AI collaboration highlight the role 
of AI as a cognitive support tool rather than a replacement for human judgment (Shneiderman, 2020; Raisch 
& Krakowski, 2021), directly informing RQ3. 

Despite these advances, existing research predominantly focuses on system performance and 
architecture, with limited attention to how RAG systems are embedded into everyday work practices, 
particularly in SMEs. Most implementations are designed as standalone applications, requiring users to switch 
contexts when interacting with AI systems. This creates a gap between knowledge access and actual work 
activities, especially in real-time customer communication. 

To address this gap, this study investigates a mobile keyboard–integrated RAG system as a lightweight, 
embedded information system that supports customer response activities directly within messaging 
environments. By examining both technical performance and organizational use, this research contributes to 
a more practice-oriented understanding of how AI-enabled systems can be effectively integrated into SME 
workflows. 

3. Research Methodology 
This study was conducted with Small and Medium Enterprises (SMEs) operating in Cikarang and Bekasi, 
Indonesia, where customer communication is predominantly carried out through mobile messaging platforms. 
These SMEs typically exhibit informal organizational structures, multitasking roles, and limited IT support, 
making them suitable for examining how AI-enabled systems can be embedded into everyday work practices. 
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This research adopts a design-oriented, mixed-methods approach, combining system development with 
empirical evaluation.  

The study is classified as applied research, as it focuses on designing, implementing, and evaluating 
a practical solution for real-world SME customer communication. Quantitative evaluation is used to assess 
system performance, while qualitative feedback is used to understand usability and human–AI interaction. 
The research design is aligned with the research questions: RQ1 focuses on workflow integration, RQ2 on 
knowledge grounding and response quality, and RQ3 on human–AI collaboration. The proposed system is 
implemented as a distributed architecture, consisting of a mobile keyboard interface and a cloud-based 
backend. The mobile component enables users to interact with the system directly within messaging 
applications, while the backend handles embedding, retrieval, and response generation processes. The overall 
system architecture is illustrated in Figure 1, which shows how user input flows through retrieval and 
generation stages before producing a response. 

 

Figure 1. Architecture of the RAG system integration with the mobile application.  

The system operates across multiple devices. The runtime environment includes a mobile device and a cloud 
server, whose specifications are presented in Table 1. In addition, the development environment is described 
in Table 2, which provides details of the hardware and software used during system implementation. These 
configurations reflect a lightweight and accessible setup suitable for SME contexts. The knowledge base used 
in this study was constructed from real-world SME business documents, including product descriptions, 
pricing policies, delivery terms, return procedures, Frequently Asked Questions (FAQs), and Standard 
Operating Procedures (SOPs). These documents were collected and converted into structured digital formats. 
Prior to processing, redundant and incomplete information was removed to ensure data consistency and 
quality. 

 
Specification Mobile Device Server 
Model Oppo A78 2024 Superbase Free Tier 
RAM, ROM 8GB, 256 GB 500 MB, 8GB 
Display Size 6.43 In - 
CPU Qualcomm Snapdragon 680 Octa-core Shared vCPU 
Battery 5000 mAh (TYP) - 
OS ColorOS 15.0 - 

Table 1. Running device specifications 
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Specification Development Device 
Provide-Defined Model MSI GF-63 Thin 11UD 
RAM, ROM 16GB, 512 GB SSD NVME 
Display Size 15.6' GHD (1920x1080), IPS-Level 
CPU 11th Gen. Intel Core i7 Processor 
Battery 3-Cell, 52.4 Battery (Whr) 
OS Windows 11 
IDE Android Studio (Version Koala - 2024.1.1) 
Additional Softwares Docker Desktop or Docker Engine  

Node Package Manager (NPM), version 10.5.0 

Table 2. Development device specifications 

To support semantic retrieval, the knowledge base was preprocessed through a chunking procedure, where 
large documents were divided into smaller, semantically coherent segments based on markdown heading 
structures. The detailed procedure is formalized in Algorithm 1, which defines how document sections are 
identified and stored. This step improves retrieval precision by reducing contextual noise. 

 
Algorithm 1  Split Markdown by Headings 
1: function SplitByHeading(markdownText) 
2:                                 ⊳  Input: A string 'markdownText; containing Markdown content 
3:                                 ⊳  Output: A list of string 'sections', where each string is a section  
4:  
5: sections ← new empty list 
6: currentSection ← new empty list 
7: lines ← split markdownText by newline characters 
8:  
9: for all line in lines do 
10:       If line starts with a heading pattern ('#' through '######') then 
11:              If currentSection Is not empty then    
12:                  joinedSection ← join elements of currentSection with newlines 
13:                  Add joinedSection to sections 
14:       else 
15:              Add line to currentSection 
16:                                                                            ⊳ Add the last remaining section if it exists 
17:   If currentSection is not empty then 
18:      joinedSection   ←  join elements of currentSection with newlines      
19:      Add joinedSection to sections 
20:  
21:   return sections 

 
 After chunking, each text segment is transformed into a vector representation using the Voyage-3 
embedding model. This model is based on Transformer architectures (Vaswani et al., 2017) and produces 
high-dimensional embeddings that capture semantic meaning. The embedding process is conceptually 
illustrated in Figure 2, which shows how textual input is converted into vector representations for similarity 
comparison. 

During query processing, user input is encoded into the same vector space and compared with stored 
embeddings using a similarity-based retrieval mechanism. In this implementation, similarity is calculated 
using a negative inner product, as formalized in Algorithm 2. The system retrieves the top five most relevant 
chunks that exceed a predefined similarity threshold. These retrieved segments are then combined with the 
user query and system instructions to construct a structured prompt, as described in Algorithm 3, which is 
passed to a Large Language Model to generate a context-aware response.  
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Figure 2. Transformer-based text embedding pipeline for the proposed RAG system. 

Algorithm 2  Match Chunks by Vector Similarity 
1: function MatchChunks (queryEmbedding, matchThreshold, knowledgeBaseID) 
2:           ⊳ Input: A query vector 'queryEmbedding', a float 'matchThreshold', and an integer 

'knowledgeBaseID' 
3:           ⊳ Output: A list of 'matchingChunks' sorted by similarity 
4: results ← new empty list 
5:  
6: for all chunk in the Chunks table do 
7:      If chunks.knowledge_base_id = knowledgeBaseID then 
8:             similarity   ←   NegativeInnerProduct (chunk.embedding, queryEmbedding) 
9:           If similarity < -matchThreshold then 
10:                Add (chunk, similarity) to results 
11: Sort results in ascending order based on similarity 
12:  
13: return results 

 
Algorithm 3  Construct LLM Prompt 
 Input: 
      userMessage: The query from the user 
      knowledgeDocs: A collection of relevant document chunks 
      agentSystemCommand: An optional system instruction 
      AgentTemp: The temperature setting for the model 
 Ouput: A formatted prompt ready for the LLM 
  
1:  function Construct Prompt (userMessage, knowledgeDocs, agentSystemCommand, agentTemp) 
2:      message   ←   new empty list 
3:                                                                        ⊳ Construct the System Message 
4:     If agentSystemCommand is not empty then 
5:            systemContent ←  agentSystemCommand+"\n\nDocument:\n"+knowledgeDocs 
6:     else 
7:            systemContent  ←  "Documents:\n" + knowledgeDocs 
8:     Add (role: "system", content: systemContent) to messages  
9:                                                                                       ⊳  Construct the User Message 
10:     Add (role: "user", content: userMessage) to messages 
11:                                                                                                ⊳ Prepare for LLM call 
12:     model  ←    "accounts/fireworks/model/deepseek-v3" 
13:     temperature  ←  agentTemp or 0.7 
14:       
15: return CallLLM (model, messages, temperature)  
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The system’s performance was evaluated using the RAGAS framework, focusing on three metrics: 
faithfulness, answer correctness, and response time. Faithfulness measures the extent to which generated 
responses are grounded in retrieved context as in equation 1, while answer correctness evaluates alignment 
with predefined reference answers using automated scoring within the RAGAS framework as in equation 2.  

 
𝐹𝑎𝑖𝑡ℎ𝑓𝑢𝑙𝑛𝑒𝑠𝑠 =   (𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑢𝑝𝑝𝑜𝑟𝑡𝑒𝑑 𝑐𝑙𝑎𝑖𝑚𝑠)/(𝑇𝑜𝑡𝑎𝑙 𝑐𝑙𝑎𝑖𝑚𝑠 𝑖𝑛 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 𝑎𝑛𝑠𝑤𝑒𝑟)          (1) 
 
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑛𝑒𝑠𝑠 =   (𝑆𝑒𝑚𝑎𝑛𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑎𝑛𝑠𝑤𝑒𝑟 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠)/(𝑇𝑜𝑡𝑎𝑙 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑎𝑛𝑠𝑤𝑒𝑟 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠)  (2) 
Equation (1) defines faithfulness as the proportion of generated claims supported by the retrieved 

context, while Equation (2) defines answer correctness as the semantic similarity between the generated 
answer and the reference answer. 

Response time is measured as the duration between user input and system output. The evaluation was 
conducted on a dataset of 37 test queries, consisting of 35 relevant and 2 irrelevant questions across multiple 
SME domains. In addition to quantitative evaluation, a User Acceptance Testing (UAT) session was conducted 
with one industry stakeholder experienced in SME digital operations. The testing followed a task-based 
approach, where the participant used the system to perform typical customer response activities, including 
retrieving information, generating responses, and editing outputs before sending messages. Data from the 
UAT session were collected through direct observation and structured feedback, focusing on usability, 
response quality, and workflow integration. While the qualitative evaluation is limited in scale, it provides 
initial insights into how the system supports human–AI collaboration and practical usability in SME contexts. 

4. Result 
The results are organized according to the three research questions, combining quantitative performance 
evaluation with qualitative insights from User Acceptance Testing (UAT). Quantitative metrics are used to 
assess knowledge grounding and response quality (RQ2), while workflow-related indicators and qualitative 
observations are used to explore system usage and human–AI interaction (RQ1 and RQ3). The mapping 
between research questions, data sources, and findings is summarized in Table 3. 
 

Research 
Question 

Data Source Empirical Evidence Key Observations 

RQ1 System logs, 
response time, 
usability 

Response time 
reduced; user reported 
less app switching 

Results suggest that keyboard-level 
integration may influence workflow by 
reducing interruptions during customer 
communication 

RQ2 RAGAS, baseline 
comparison 

Faithfulness 0.997; 
correctness 0.881 

Findings indicate that the system can 
support more consistent use of business 
knowledge compared to keyword-based 
approaches 

RQ3 UAT (1 
stakeholder) 

User reviewed and 
edited responses 

Observations suggest that the system 
supports a human-in-the-loop interaction 
pattern 

Table 3. Mapping Research Questions to Empirical Evidence and Key Observations 

4.1. Response Generation Evaluation 
The performance of the proposed RAG system was evaluated using the RAGAS framework (Es et al., 2024) on 
a dataset of 37 queries, consisting of 35 relevant and 2 irrelevant questions. The evaluation focuses on three 
metrics: faithfulness, answer correctness, and response time. Faithfulness measures the extent to which 
generated responses are grounded in retrieved context, while answer correctness evaluates the alignment 
between generated responses and predefined reference answers using automated scoring within the RAGAS 
framework. Response time is measured as the duration between user input and generated output. As shown 
in Table 4, the system achieves a high average faithfulness score of 0.997 and an answer correctness score of 
0.881, indicating that responses are generally well-grounded and aligned with expected answers. The average 
response time is approximately 5.02 seconds, suggesting that the system is capable of supporting near real-
time interaction. However, it should be noted that the small dataset size and limited number of irrelevant 
queries may influence the stability of these results. 
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Metric Average Std. Deviation 95% Confidence Interval 
Faithfulness 0.997 0.0018 [0.991, 1.000] 
Answer Correctness 0.881 0.173 [0.823, 0.938] 
Response Time (s) 5.02 0.80 [4.735, 5.265]  

Table 4. RAG System Performance Metrics (37 Trials) 

To provide additional illustration of how these metrics are derived, Figure 3 presents example outputs from 
the RAGAS evaluation framework, showing answer relevancy and correctness scores for selected queries. The 
figure displays how the system evaluates the alignment between generated responses and reference answers, 
as well as the degree to which responses are grounded in retrieved context. However, this visualization 
represents a limited set of instances and should be interpreted as an illustrative example supporting the 
aggregated results in Table 4, rather than as standalone evidence of performance. 

 

Figure 3. Answer Relevancy and Correctness 

To provide a comparative perspective, the proposed system was evaluated against a keyword-based baseline, 
as presented in Table 5. The results indicate that the RAG-based approach achieves higher scores in both 
faithfulness and answer correctness, while also reducing response time. These findings suggest that semantic 
retrieval can improve response quality compared to keyword-based matching. However, the comparison 
should be interpreted with caution due to differences in retrieval mechanisms and the limited evaluation 
scale. 

 
Metric RAG System Keyword System 
Faithfulness 0.997 0.777 
Answer Correctness 0.881 0.671 
Response Time(s) 5.02 10.15 

Table 5. Average Performance Comparison: RAG vs. Keyword-based System 

4.2. User Acceptance Testing 
To assess practical usability and real-world applicability, User Acceptance Testing (UAT) was conducted with 
one industry stakeholder experienced in SME customer communication. The evaluation followed a task-based 
approach, where the participant interacted directly with the system. During the session, the participant 
performed typical customer response activities, including retrieving business information, generating 
responses through the keyboard interface, and editing outputs before sending messages. Given the exploratory 
nature of this study, the UAT was designed as an initial qualitative assessment rather than a large-scale user 
evaluation.  
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Feedback from the UAT session is summarized in Table 6. The participant reported that the keyboard-
integrated interface was easy to use and reduced the need to switch between applications, which helped 
support smoother workflow execution. In terms of knowledge management, the participant indicated that 
adding and updating business information was relatively straightforward. The generated responses were 
generally perceived as relevant and aligned with expected business information, although minor edits were 
sometimes needed before sending. 

 
Component Observation User Feedback 
Keyboard 
Interface 

System integrated into 
mobile keyboard 

The participant found the interface easy to use and 
reported that it reduced the need to switch between 
applications 

Knowledge Base 
Management 

Uses markdown-based 
input 

The participant indicated that adding and updating 
knowledge was relatively straightforward 

Response Quality AI-generated 
responses from RAG 
pipeline 

The participant noted that responses were generally 
relevant and aligned with business information, although 
minor edits were sometimes needed 

Workflow 
Integration 

Real-time usage 
during messaging 

The participant reported that the system supported 
response activities within the messaging workflow 

Table 6. User Acceptance Testing Feedback Summary 

Figure 4 illustrates the system interface, including the keyboard-based query interaction and knowledge base 
management components. These visualizations provide context for how the system is used in practice and 
support the interpretation of the qualitative findings. However, as the evaluation involved a single participant, 
these findings should be considered preliminary and not representative of broader SME populations. 

 

Figure 4. Keyboard Interface for RAG Query (left side), Knowledge Base Management Interface (right side) 

4.3. Retrieval Evaluation 
To further evaluate the effectiveness of the retrieval mechanism, the proposed RAG-based approach was 
compared with a conventional keyword-based method in terms of context precision as in equation 3, recall 
as in equation 4 and accuracy as in equation 5. 

 
                                       𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =   𝑇𝑃/(𝑇𝑃 + 𝐹𝑃)                                                              (3) 
                                           𝑅𝑒𝑐𝑎𝑙𝑙 =   𝑇𝑃/(𝑇𝑃 + 𝐹𝑁)                                                                        (4) 
                                     𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =   (𝑇𝑃 + 𝑇𝑁)/(𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁)                                             (5)  
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For retrieval evaluation, each of the 37 queries was manually annotated with relevant document chunks. 
Precision and recall were computed by comparing retrieved chunks against the ground-truth relevant chunks. 
Retrieval thresholds were varied from 0.1 to 1.0 in increments of 0.1 to generate the precision–recall curves. 
The results are presented in Figure 5, which shows the precision–recall relationship across different retrieval 
thresholds. 

Figure 5. Comparison of Context Precision–Recall curves between the proposed mobile keyboard–based 
RAG system and the keyword-based baseline 

The overall accuracy comparison between the keyword-based baseline and the proposed RAG-based system 
is shown in Figure 6. The results indicate that the RAG-based approach achieves higher accuracy in retrieving 
relevant knowledge and generating appropriate responses. This improvement can be attributed to the use of 
semantic embeddings, which allow the system to identify conceptually related information even when queries 
are expressed using different wording. Consequently, the system is better able to align generated responses 
with SME-specific knowledge, including pricing policies, operational rules, and service procedures. 

From a practical perspective, this suggests that the proposed system has the potential to reduce response 
errors and improve consistency in customer communication. However, further evaluation with larger datasets 
and more diverse users is required to validate these findings. 

Figure 6. Accuracy comparison between the keyword-based baseline and the proposed RAG-based retrieval 
mechanism. 

5. Discussion  
The results of this study point to a consistent pattern: the proposed mobile keyboard–based RAG system can 
support both technical performance and the way SMEs handle customer communication in practice. When 
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the quantitative results are considered together with the User Acceptance Testing (UAT), the system does not 
only perform well in isolation but also fits reasonably into existing SME workflows. 

Looking more closely at the operational side, the system reduced the average response time from 10.15 
seconds in the keyword-based approach to 5.02 seconds in this study. This reduction was observed under 
controlled conditions, so it should not be interpreted as a guaranteed outcome in all settings. Still, it gives a 
practical sense of what might happen when retrieval and response generation are embedded directly into the 
keyboard interface. SME operators often respond to customers while handling multiple tasks at once, and 
reducing the need to switch between applications seems to make the interaction smoother. Rather than 
introducing entirely new ways of working, the system appears to support and streamline what users are 
already doing. 

There are also some interesting implications for how SMEs handle knowledge during customer 
interactions. The high faithfulness and correctness scores suggest that the system is generally able to produce 
responses that stay aligned with the underlying business information. Compared to keyword-based search, 
which often requires users to interpret and rewrite retrieved content, the RAG-based approach produces 
responses that are closer to being ready to send. That said, the dataset used here is relatively small, so these 
results should be read as indicative rather than conclusive. 

A similar pattern can be seen in the comparison with the keyword-based baseline. The proposed system 
tends to perform better in retrieving relevant information and generating usable responses, but this difference 
should be viewed with some caution. The evaluation was carried out in a controlled environment, and real 
customer queries are usually more varied and less predictable. In practice, the performance gap may not 
always be as clear as what is observed here. 

One aspect that stands out is how the system is actually used. During the UAT session, the stakeholder 
did not simply accept the generated responses but reviewed and adjusted them before sending. This suggests 
that the system works more as a support tool than as a replacement for human input. The interaction feels 
closer to collaboration: the AI drafts a response, and the user refines it. In SME settings, where communication 
style and relationships with customers matter, this balance seems important. 

From an Information Systems perspective, this points to the importance of how AI is embedded into 
everyday work. Much of the existing literature focuses on standalone tools or chatbot interfaces. Here, the 
system is integrated at the keyboard level, placing it directly within the flow of communication. This reduces 
the gap between accessing information and responding to customers, which may explain why the system feels 
usable even in a relatively simple setup. For SMEs, where resources are often limited, this kind of lightweight 
integration may be more practical than adopting more complex systems.The study suggests that a keyboard-
integrated RAG system can support more efficient and consistent customer communication in SMEs, at least 
within the context examined here. At the same time, the scope of the evaluation remains limited. The dataset 
consists of a relatively small number of queries, and the qualitative insights are based on a single stakeholder. 
For that reason, the findings should be treated as exploratory. Further work involving more participants, 
broader datasets, and longer periods of use would help clarify how the system performs in real-world SME 
environments. 

6. Conclusion 
This study explores how a mobile keyboard–based Retrieval-Augmented Generation system can support 
customer communication in Small and Medium Enterprises from an Information Systems perspective. Instead 
of focusing only on technical performance, the study looks at how such a system fits into everyday work, 
particularly how SME operators access and use business knowledge while interacting with customers. The 
results suggest that embedding AI directly into a keyboard interface can make a noticeable difference in how 
customer responses are handled. Rather than acting as a separate tool, the system becomes part of the 
communication process itself. This seems to help reduce the effort required to retrieve information and draft 
responses, especially in situations where users need to respond quickly while managing other tasks. Another 
point that emerges from the study is how knowledge is used in practice. By combining semantic retrieval with 
generative models, the system is able to produce responses that are generally aligned with existing business 
information. This can be particularly useful in SME contexts, where knowledge is often scattered across 
documents and not formally structured. At the same time, the system does not replace human input. Users 
still review and adjust responses, which highlights a collaborative pattern where AI supports the task rather 
than fully automating it. These observations contribute to Information Systems research by showing that the 
value of AI does not only depend on model performance, but also on how and where the system is integrated. 
In this case, placing the functionality at the keyboard level reduces the gap between accessing knowledge and 
acting on it. For SMEs, this kind of lightweight integration may be more practical than adopting more complex 
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systems that require significant changes to existing workflows. There are, however, several limitations that 
need to be acknowledged. The evaluation is based on a relatively small number of queries and involves SMEs 
located in Cikarang and Bekasi, Indonesia. In addition, the qualitative insights come from a single stakeholder 
and reflect short-term system use. These factors mean that the findings should be interpreted with caution 
and cannot be generalized without further validation. Future research could explore how similar systems 
perform across different industries and regions, as well as over longer periods of use. It would also be useful 
to examine how such tools affect broader outcomes, such as customer satisfaction, response consistency, or 
sales performance. Looking at how these systems integrate with other organizational processes, such as 
training or onboarding, may also provide a deeper understanding of their role within SME information 
systems. 
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