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Abstract

AI assistants are increasingly integrated into digital financial services; however, relying on
generative language models for response generation can introduce challenges related to
response reliability, data exposure, and resource requirements. This study presents a hybrid
data-grounded architecture that selectively uses generative AI while maintaining reliable
natural language interaction. The proposed task-oriented system combines semantic intent
matching, slot and entity extraction, reconciliation, and response routing. Instead of using
the generative model to describe every response, the architecture constructs template-based
responses directly from structured institutional data whenever sufficient information is
available and invokes the generative language model only as a fallback. The architecture
was evaluated using a fixed set of 100 realistic user queries, including diverse expressions
and spelling variations, across 14 iterative system refinements while the underlying AI
models remained unchanged. Response correctness was manually assessed against the
underlying data and classified as correct, unanswered, or incorrect. Correct responses
increased from 51% to 97%, whereas incorrect responses decreased from 33% to 0%. Si-
multaneously, language-model-generated responses decreased from 34% to 10%, whereas
data-grounded deterministic responses increased from 66% to 90%. These findings indicate
that system-level architectural refinement can substantially improve response reliability
while reducing dependence on generative response production. However, the observed
reduction in generative-model dependency should be interpreted as a potential resource-
conscious architectural strategy rather than evidence of a measured environmental benefit.

Keywords: sustainable AI; digital financial services; generative AI; hybrid AI architecture;
data-grounded response generation; task-oriented dialogue systems; trustworthy AI

1. Introduction
Artificial intelligence (AI) has become an increasingly important component of digital

service environments, enabling users to access information and interact with complex
systems through natural language. Recent advances in large language models (LLMs) have
further expanded these capabilities by enabling flexible interpretation of user requests and
fluent response generation [1,2]. However, the growing adoption of generative AI has
intensified concerns regarding the computational resources required for AI development
and deployment [3,4]. Green AI emphasizes that advances in model performance should
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be considered together with computational efficiency and resource requirements [3,4]. As
generative AI becomes embedded in everyday digital services, these considerations increas-
ingly extend from model training to the repeated use of models during inference [4,5].

These issues are particularly relevant to task-oriented digital services. Unlike open-
domain conversational systems, task-oriented AI assistants are designed to help users
accomplish specific goals, such as retrieving information, locating services, or accessing
transaction-related information [2,6,7]. Task-oriented dialogue systems have traditionally
addressed these interactions through components such as intent recognition, slot filling,
dialogue management, and response generation [2,7]. In many domain-specific applica-
tions, structured organizational data already contain the information required to answer
a request. Therefore, the primary challenge is not always to generate new content but to
correctly interpret the request, identify the required parameters, retrieve the appropriate
information, and communicate it accurately.

The emergence of LLMs provides greater flexibility for understanding diverse natural-
language expressions, but it does not eliminate the need to ground responses in reliable
external information [6,7]. This requirement is especially important in digital financial ser-
vices, where LLM-based assistants are increasingly being investigated for digital payments,
banking, and personal financial services [8–11]. Responses in such environments should
remain consistent with institutional data rather than solely relying on plausible language
generation. Retrieval-augmented and grounded AI approaches have consequently empha-
sized the integration of language models with external information sources and controlled
processing mechanisms [7,12]. However, unlike conventional retrieval-augmented genera-
tion, structured information does not always need to be passed to a generative model for
final response formulation. When sufficient structured information is available, response
construction may be performed through controlled, data-grounded mechanisms, while
generative models are reserved for requests that cannot be adequately resolved through
such processing.

This distinction introduces an important system-design question from the perspective
of sustainable AI: Does every user request require generative response production? If a
request can be reliably resolved after identifying the user’s intent and relevant parameters
and retrieving the necessary structured data, a deterministic data-grounded response
may be sufficient. Then, generative processing can be reserved for requests that cannot
be adequately resolved through these mechanisms. Such an approach shifts attention
from model capability alone to orchestration of the overall AI system. This perspective
is consistent with broader discussions of resource-conscious AI, which emphasize that
computational requirements should be considered alongside system performance [3–5].

Despite these developments, limited attention has been paid to how system-level
refinements influence both response reliability and the need for generative response pro-
duction within a hybrid fixed architecture. This gap is particularly relevant in digital
financial services, where reliable access to structured and institution-specific information
is a primary operational requirement. Examining these mechanisms provides an oppor-
tunity to assess whether generative AI can be used selectively without compromising
response reliability.

This study investigates a hybrid, data-grounded AI assistant developed for a digital
payment environment. The proposed architecture separates language understanding from
response generation by combining semantic intent matching and parameter extraction with
reconciliation and response routing. When a user request can be resolved using available
structured data, the response is constructed through a deterministic, data-grounded mech-
anism. When the request cannot be adequately resolved, a generative language model
is used as a fallback. This study aims to investigate whether systematic refinement of
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this hybrid architecture can improve response reliability while reducing dependence on
generative language-model-based response production without replacing or retraining
the underlying AI model architectures. Accordingly, this study addresses the following
research questions:

RQ1. To what extent can the iterative refinement of a hybrid data-grounded AI architecture improve
the correctness of response in a task-oriented digital financial assistant?

RQ2. To what extent can such refinements reduce dependence on generative language-model-based
response production?

RQ3. What design insights emerge from the iterative refinement of the hybrid data-grounded architecture?

This study contributes a system-level perspective to the development of sustainable
and trustworthy AI assistants. Rather than assuming that improved performance neces-
sarily requires greater reliance on generative models, this study examines how structured
data processing, semantic understanding, deterministic response generation, and selective
generative-model use can be orchestrated within a unified architecture. In this context,
reduced generative-model dependency is examined as a resource-conscious architectural
strategy while maintaining response reliability as the primary operational requirement.

The remainder of this paper is organized as follows: The research methodology,
hybrid system architecture, evaluation dataset, iterative refinement process, and evaluation
procedure. Section 3 presents the results regarding response reliability, generative-model
dependency, and the effects of the iterative refinements. Section 4 discusses the findings
in relation to system-level reliability, selective generative AI use, design knowledge, and
sustainable AI implications, and outlines the limitations of the study and future research
directions. Finally, Section 5 concludes the paper by summarizing the main findings
and contributions.

2. Materials and Methods
2.1. Research Design

This study was structured using a Design Science Research (DSR) perspective, which
is appropriate for research concerned with the design, development, and evaluation of
technological artifacts intended to address identified problems [13,14]. In DSR, knowledge
about a problem and its potential solution is generated through the construction and
evaluation of an artifact [13,14]. The DSR process proposed by Peffers et al. [15] further
organizes this approach around problem identification and motivation, solution objective
definition, design and development, demonstration, evaluation, and communication.

The research artifact in this study was a hybrid, data-grounded AI assistant archi-
tecture developed for a digital payment environment. The research process addressed
the reliability limitations of the existing assistant through iterative refinement and artifact
evaluation. Instead of replacing the underlying AI models, the refinement process focused
on the surrounding system architecture, including structured knowledge, lexical resources,
entity processing, reconciliation mechanisms, and response logic. This approach enabled
the study to examine how changes in system-level design affected both response reliability
and the use of generative response production.

The empirical evaluation followed a fixed-query iterative design with 100 realistic
user queries and 14 sequential system-level refinements. The underlying semantic and
generative models remained unchanged throughout the process. Table 1 summarizes how
the main stages of DSR were operationalized in this study.
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Table 1. Design Science Research process applied in this study.

Design Science Research Stage Implementation in This Study

Identification of problems and
motivation

Response reliability limitations were identified when the AI assistant was
evaluated using realistic user queries rather than the original developer-created
test set.

Objectives of the solution To improve response reliability while reducing unnecessary dependence on
generative response production.

Design and development
The development and iterative refinement of a hybrid architecture combining
semantic intent matching, parameter extraction, reconciliation, structured data
processing, deterministic response generation, and generative-model fallback.

Demonstration The artifact is applied to a fixed set of 100 realistic queries representing different
request types within the digital payment environment.

Evaluation
Assessment of system responses against the underlying reference data using
predefined response quality categories and recording of the response
generation pathway.

Iterative refinement Sequential introduction and evaluation of 14 targeted system-level refinements
using the same fixed query set.

2.2. Research Artifact: Hybrid Data-Grounded Artificial Intelligence Architecture

The research artifact is a task-oriented AI assistant designed to process natural-
language requests within a digital payment environment. The proposed architecture
separates language understanding from response generation and combines semantic in-
tent matching, parameter extraction, reconciliation, response routing, deterministic data-
grounded response generation, and generative language-model fallback.

Two AI models perform distinct functions within the architecture. The semantic
matching component uses bge-m3, a 566-million-parameter model, to identify the user’s
intended task. When the preceding processing stages cannot adequately resolve the re-
quest, the generative component uses Qwen3:8B, an 8-billion-parameter language model.
Importantly, the semantic model remains involved in requests handled through the de-
terministic pathway. Thus, the distinction between the two response pathways does not
concern whether AI is used but whether the final response is constructed from structured
institutional data through predefined response logic or generated by the language model.

The processing pipeline begins with semantic intent matching and parameter extrac-
tion. Semantic matching determines the task represented by the user’s request, while param-
eter extraction identifies structured information, such as merchant category, subtype, brand,
and location, required to resolve it. Entity identification may rely on dictionary-based
mechanisms where semantic similarity could introduce ambiguity. For example, location
names are resolved through structured lexical matching rather than semantic proximity.

Subsequently, a reconciliation mechanism evaluates the consistency between the
inferred intent and extracted parameters. It can reject an apparently confident intent
when structured evidence contradicts the inference or, conversely, resolve an otherwise
uncertain request when the extracted parameters provide sufficient evidence. Following
reconciliation, the routing mechanism determines whether the request can be resolved
using the available structured information.

When sufficient information is available, the system follows the deterministic data-
grounded pathway. Each supported intent is associated with a predefined response struc-
ture populated with values retrieved from the underlying institutional data. In this pathway,
the generative language model is not used to make the final response. For example, for
a query such as “Can I use my card at McDonald’s?” the system can identify the card-
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acceptance intent and the relevant brand parameter, retrieve the corresponding merchant
information from the institutional data, and populate the predefined response structure
without requiring the generative language model to formulate the final answer. When the
request cannot be adequately resolved through the preceding stages, it is routed to the
generative language model as a fallback mechanism. Figure 1 summarizes the resulting
hybrid architecture.

Figure 1. Hybrid data-grounded AI assistant architecture (Source: Developed by the authors).

2.3. Evaluation of the Query Set

The artifact was evaluated using a fixed set of 100 realistic user queries developed
separately from the test set created by the original developer. The purpose of constructing
a separate evaluation set was to assess the AI using natural user expressions rather than
queries developed to match expressions already anticipated during system development.
The query set was designed to cover multiple request types supported within the digital
payment environment, including brand-specific card acceptance, product- and market-
based merchant searches, location-related requests, unsupported payment categories, and
out-of-domain or follow-up requests. Therefore, the selection criteria emphasized the
coverage of the main supported request types, variation in user wording and linguistic
form, and independence from expressions already anticipated in the original developer-
created test set. Accordingly, the evaluation set was intended to provide a consistent and
diverse test basis for iterative artifact evaluation within the target application context,
rather than a statistically representative sample of the broader financial-services domain.

All 100 queries were submitted in a single initial evaluation session without modi-
fying the system configuration. The evaluation set covered seven categories of requests:
29 queries concerning card acceptance by specific brands, 18 product-based merchant
searches, 17 market searches, 13 queries concerning alcohol or unsupported payment
categories, 12 location-specific requests, seven location or address requests, and four out-of-
domain and follow-up requests. The distribution of the evaluation queries is presented in
Table 2.
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Table 2. Distribution of the evaluation query set.

Query Category Number of Queries Representative Query

Brand-specific acceptance of cards 29 “Can I use the card at Starbucks?”

Product-based merchant search 18 “Is there anywhere nearby that sells pizza?”

Market search 17 “Where is the nearest market that accepts the
meal card?”

Alcohol and unsupported payment
categories 13 “Can I buy a cocktail with this card?”

Location-specific queries 12 “Where can I eat fish in Karşıyaka?”

Location and address queries 7 “How can I get to Kahve Dünyası?”

Other queries 4 “How often is the World Cup held?”

Note: The queries were originally submitted in Turkish. Representative examples are translated
into English for ease of reading. The 40 queries contained spelling errors or nonstandard expres-
sions that were retained during the evaluation. The “Other” category includes out-of-domain and
follow-up queries.

The linguistic variation was deliberately retained in the evaluation set. Of the
100 queries, 40 contained spelling errors or nonstandard written expressions. These vari-
ations were preserved rather than normalized before the initial evaluation because they
represented realistic user input and allowed the system to be assessed under linguisti-
cally diverse conditions. The same fixed set of 100 queries, including these variations,
was retained throughout all iterative evaluation runs. This fixed-query design enabled a
direct comparison of system behavior across successive refinements while controlling for
evaluation input variation.

Because the same 100 queries were used throughout the evaluation, paired analysis
was used to compare baseline and final results. Response correctness was grouped as
Correct and Not Correct (Unanswered or Incorrect), and the exact McNemar test was used
to test the change. A 95% bootstrap confidence interval was also calculated for the change
in correct responses. The same paired approach was used to compare the data-grounded
deterministic and LLM-generated response pathways.

2.4. The Iterative Build-Evaluate-Refine Procedure

Following the baseline evaluation, a 14-step iterative refinement process was con-
ducted. Three methodological rules were maintained throughout the study.

The evaluation query set was frozen after its initial construction and was not modified
during subsequent refinements. This ensured that system performance changes were
evaluated against the same set of user queries rather than against progressively modified
or simplified evaluation inputs.

Second, each refinement targeted a specific problem identified in the previous evalua-
tion. The modification was incorporated into the system, and the complete set of 100 queries
was rerun before proceeding to the next refinement. Therefore, the refinements were intro-
duced sequentially, with each evaluation representing the updated system configuration
at that stage of the iterative process. This procedure enabled the consistent tracking of
changes in system behavior across successive iterations.

Third, system responses were manually reviewed rather than relying exclusively on
automated evaluation. Each response was checked against the underlying reference data to
determine whether the requested information had been provided and whether the available
data supported the factual information contained in the response.
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The refinements focused on the system-level mechanisms surrounding the seman-
tic and generative models rather than replacing the models themselves. These included
changes to structured brand and category information, communication of previously
resolved information, confidence handling, response formulations, lexical dictionaries,
example expressions used for semantic matching, distinctions between unknown and
unavailable information, category-processing logic, merchant subtype representation, lin-
guistic normalization, list-response consistency, and presentation of financial responses.
Table 3 summarizes the 14 refinements and the targeted system components at each step.

Table 3. Applying iterative refinements to the hybrid AI artifact.

Step System-Level Refinement Targeted Component

1 Structured brand information was provided to the generative model. Structured knowledge/model context

2 Structured category information was provided to the generative
model. Structured knowledge/model context

3 Previously resolved information was communicated to the generative
model. Model context

4 Confidence levels associated with resolved information were
differentiated. Confidence handling

5 Response formulations were revised. Response generation

6 Lexical dictionaries were enriched. Entity and parameter processing

7 Additional query forms were added to the example expressions used
for semantic matching. Semantic intent matching

8 Unknown information was distinguished from confirmed absence. Decision logic

9 Category-processing logic was revised to prevent product names
from being incorrectly treated as merchant categories. Category processing

10 Merchant subtypes were differentiated within the structured data. Structured data/entity processing

11 Attached question suffixes were separated during query processing. Query processing

12 Missing suffix and spelling normalization mechanisms were
introduced. Linguistic normalization

13 Response behavior for list-based queries was made more consistent. Response generation

14 Visual components were incorporated into financial responses. Response presentation

Note: Each refinement was evaluated using the same fixed set of 100 queries. The bge-m3 and
Qwen3:8B models remained unchanged throughout the process.

2.5. Evaluation Criteria and Measures

Each response was manually classified into one of three mutually exclusive out-
come categories:

• Correct: The requested information was provided, and all factual information in the
response was consistent with the underlying reference data.

• Unanswered: The system did not provide the requested information, but did not
provide incorrect information.

• Incorrect: The response contained information that was inconsistent with the reference
data or that responded to a different request.

The final manual assessment was used as the reference evaluation. During system
development, an automated evaluator was also available; however, it was not used as the
sole basis for response classification. Therefore, manual verification against the underlying
reference data was retained as the basis for the reported response outcomes.

The response-generation pathway was recorded for each query. Responses were clas-
sified as either data-grounded deterministic responses, in which the final response was
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constructed from structured data using predefined response templates, or language-model-
generated responses, in which the response text was produced by the generative model.
Tracking these two pathways across successive system configurations enabled the examina-
tion of changes in generative-model dependency alongside changes in response reliability.

Additionally, response stability was examined across the iterative evaluation process.
The number of changes in response outcome classification (correct, unanswered, or in-
correct) across successive system configurations was recorded. These changes were then
summarized descriptively according to the final response-generation pathway. This en-
abled the comparison of the stability of response outcomes for queries ultimately resolved
through the deterministic data-grounded pathway and those remaining dependent on
language-model-generated responses.

3. Results
3.1. Overall Improvement in Response Reliability

The iterative refinement process substantially improved the overall response reliability.
In the baseline evaluation, 51 of the 100 queries were answered correctly, 16 remained
unanswered, and 33 received incorrect responses. Following the fourteen refinement steps,
the final system correctly answered 97 queries, while three queries remained unanswered.
Accordingly, the proportion of correct responses increased from 51% to 97%, whereas that
of incorrect responses decreased from 33% to 0%.

The improvement progressively developed across the iterative evaluation process. The
number of correct responses increased by 46, while unanswered responses decreased by
13 and incorrect responses decreased by 33. Overall, the combined number of unanswered
and incorrect responses declined from 49 in the baseline configuration to three in the
final configuration.

The paired analysis showed that 46 queries changed from Not Correct at baseline to
Correct in the final configuration, while no query changed from Correct to Not Correct.
This represents a 46-percentage-point increase in correct responses (95% bootstrap CI:
36–56 percentage points), with a significant change according to the exact McNemar test
(p < 0.001).

3.2. Reduction in Generative-Model Dependency

The iterative refinement process also produced a substantial change in the manner in
which responses were generated within the hybrid architecture. In the baseline configura-
tion, 66 of the 100 queries were handled through the data-grounded deterministic pathway,
whereas 34 required language-model-generated responses. In the final configuration, the
number of data-grounded deterministic responses increased to 90, whereas the number
of language-model-generated responses decreased to 10. Accordingly, the proportion of
queries requiring generative response production decreased from 34% to 10%, representing
a reduction of 24 percentage points and a relative reduction of 70.5% in generative language
model invocations.

This reduction in generative-model use occurred while the overall response correct-
ness increased, as reported in Section 3.1. The paired analysis showed that 24 queries
shifted from the LLM-generated pathway at baseline to the data-grounded deterministic
pathway in the final configuration, whereas no query shifted in the opposite direction.
This represents a 24-percentage-point decrease in generative-model use (95% bootstrap CI:
16–33 percentage points), with a significant change according to the exact McNemar test
(p < 0.001). Table 4 summarizes the changes in the response-generation pathways between
baseline and final configurations.
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Table 4. Response generation pathways in baseline and final configurations.

Response Pathway Baseline (%) Final (%) Change (pp)

Data-Grounded Deterministic Response 66.0% 90.0% +24.0

Language-model-generated response 34.0% 10.0% −24.0

3.3. Changes Observed Across System-Level Refinements

The iterative evaluation showed that response reliability improved across multiple
system-level refinements. The refinements addressed different components of the archi-
tecture, including structured domain information, semantic matching, entity and category
processing, linguistic normalization, and response logic.

Three refinements were associated with notable changes in query outcomes. The
provision of structured brand information to the generative model was associated with
improved responses for 12 queries. Revising category-processing logic to prevent product
names from being incorrectly interpreted as merchant categories was associated with seven
queries’ improvements. Improved handling of unrecognized geographical information was
associated with changes in five queries.

Other refinements were accompanied by smaller improvements across the evaluation
process. These included enriching lexical dictionaries, expanding example expressions for
semantic matching, differentiating merchant subtypes, distinguishing unknown informa-
tion from confirmed absence, improving spelling and linguistic normalization, and revising
response logic. Overall, the successive refinements were accompanied by a progressive
reduction in the number of incorrect and unanswered responses. These observations
should not be interpreted as estimates of the independent causal contribution of each
refinement because the refinements were introduced sequentially and cumulatively rather
than evaluated through an ablation design.

Figure 2 presents the response outcomes across the baseline configuration and the
14 successive system refinements, illustrating how the response behavior evolved through-
out the process.

Figure 2. Responses across the baseline configuration and 14 iterative system refinements using the
fixed 100-query evaluation set.

3.4. Stability of Response Outcomes Across System Configurations

The evaluation records also showed differences in the stability of the response across
the iterative refinement process. Queries that were ultimately resolved through the data-
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grounded pathway exhibited fewer changes in response classification than those that
remained in the language-model-generated pathway.

For the 90 queries handled through the data-grounded pathway in the final config-
uration, the mean number of changes in response outcome across the evaluation runs
was 0.78 per query. In contrast, the remaining 10 queries in the language-model-generated
pathway exhibited an average of 2.90 response outcome changes per query.

Among the 10 queries with the highest number of response outcome changes, eight
were handled through the language-model-generated pathway, whereas two were re-
solved through the data-grounded pathway. Thus, queries remaining in the generative
pathway showed greater variability in response classifications across successive system
configurations. This analysis is descriptive and reflects stability across the observed system
configurations; it does not constitute an ablation analysis of the individual refinements.

4. Discussion
4.1. System-Level Refinement and Response Reliability

The findings suggest that system performance is shaped not only by the capabilities
of the underlying language models but also by the architecture through which domain
knowledge is represented, interpreted, and transformed into responses. Previous studies
on task-oriented dialogue have similarly emphasized the importance of structured dialogue
states, domain knowledge, and external grounding for producing accurate and contextually
appropriate responses [2,6,7,16,17]. For example, ontology-aware task-oriented dialogue
systems explicitly represent domain-slot-value relationships to connect user constraints
with domain databases, while knowledge-structured approaches have shown that incorpo-
rating relationships within external knowledge can improve dialogue-system inference.

This study extends this perspective by demonstrating that refinements to the process-
ing mechanisms surrounding unchanged AI models can substantially improve response
reliability. In particular, improvements emerged from better domain information repre-
sentation, lexical and entity processing, category handling, reconciliation, and controlled
response construction. This differs from approaches in which performance gains are pri-
marily pursued through model fine-tuning or increased generative capability. Previous
research has shown that supplying relevant contextual knowledge to language models
can improve entity accuracy and reduce hallucination in task-oriented dialogue [6,7,12].
Simultaneously, evaluations of grounded LLM responses indicate that generative models
may still introduce information that is not supported by the grounding material.

Therefore, these findings support a broader architectural interpretation of reliability.
For structured service environments, the relevant design question is not only which model
should be used but also which decisions should be delegated to the model and which should
remain constrained by structured domain information and explicit system logic. This
interpretation is consistent with recent modular approaches that combine LLM capabilities
with symbolic planning and grounded execution rather than relying exclusively on end-to-
end generation [7,18–20]. The iterative refinements indicate that improving the organization
and use of domain knowledge can be as important as the generative capability of the
model itself.

4.2. Selective Generative AI Use in Hybrid Architectures

The reduction in generative model dependency observed in this study supports
a more selective role of generative AI in task-oriented systems. Existing research on
LLM-based and task-oriented assistants has emphasized the importance of grounding,
structured information, and controlled interaction with external resources to improve the
reliability of generated responses [6,7,12]. Nevertheless, reliability and trustworthiness
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remain important concerns when generative models are used in task-oriented settings [6].
These concerns are particularly relevant in financial applications, where the growing
adoption of generative AI introduces opportunities alongside risks related to accuracy,
trust, privacy, and responsible deployment [8–10,21].

The observed shift toward the data-grounded pathway suggests that the production
of generative responses can be treated as a conditional architectural capability rather than a
mandatory stage of the dialogue pipeline. This interpretation is consistent with modular
and routing-based approaches that determine how LLM capabilities are invoked within
larger systems [7,18–20].

This interpretation is reinforced by the differences in the stability of the pathway
observed during the iterative evaluation. Requests ultimately handled through the data-
grounded pathway showed fewer changes in response classification than those remaining
dependent on generative response production. This observation is relevant to recent
evidence that LLM outputs can exhibit non-deterministic behavior even under nominally
deterministic system settings [22]. However, the present findings should not be interpreted
as evidence that deterministic response generation is universally superior to LLM-based
generation. In a structured digital service context, requests whose answers can be derived
directly from institutional data may benefit from a more constrained response pathway,
while generative models retain value for requests requiring greater linguistic flexibility or
for cases that cannot be resolved through the available structured information.

4.3. Design Knowledge from the DSR Process

From a DSR perspective, the study’s contribution extends beyond the performance
of the final artifact. DSR emphasizes that artifact evaluation should generate knowledge
about the design choices that contribute to its utility, rather than merely demonstrating that
a technological solution works [13–15,23]. In this study, the iterative evaluation process
provides such design knowledge by showing how modifications to different components
of the hybrid architecture influenced the behavior of the assistant. The refinements did not
contribute equally: changes related to structured domain information, category interpre-
tation, entity handling, and linguistic normalization produced different effects across the
evaluation process.

Three design principles can be derived from these observations. First, structured do-
main knowledge should be exploited before the generative response production is invoked.
When the information required to resolve a request is already available within institutional
data, the architecture should prioritize retrieving and organizing this information over
delegating factual response construction directly to a generative model. Second, language
understanding and response generation should be treated as separate functions. Semantic
AI can remain responsible for interpreting diverse user expressions, while structured data
and deterministic logic can support response construction whenever sufficient evidence
is available. Third, in structured task-oriented environments, generative models should
serve as a complementary fallback capability rather than the default response mechanism.
This preserves their flexibility for unresolved requests while allowing more constrained
mechanisms to handle requests for which the relevant information is already known. Ad-
ditionally, iterative evaluations revealed that negative prompting alone was insufficient;
reliable performance required either explicit domain data or bypassing the generative
model via routing.

These principles also illustrate the value of iterative artifact evaluation [15,23]. The
refinement process revealed that improving individual components in isolation was in-
sufficient and that effective system performance depended on the interaction among se-
mantic interpretation, structured knowledge, reconciliation, routing, and response con-

https://doi.org/10.3390/su18199907

https://doi.org/10.3390/su18199907


Sustainability 2026, 18, 9907 12 of 15

struction. Therefore, in DSR terms, the resulting contribution can be understood as both
an evaluated artifact and a set of empirically derived design propositions for hybrid AI
assistants [13–15,23,24]. However, because these propositions originate from a single digital
financial service context, they should be regarded as context-grounded design principles
requiring further evaluation, rather than universally applicable prescriptions.

4.4. Implications for Sustainable AI Assistants

The findings also have implications for the design of more sustainable AI assistants.
Green AI research has increasingly emphasized that the environmental implications of
AI should be considered alongside model performance and computational efficiency [3,4].
As generative AI systems become more widely deployed, attention has increasingly ex-
tended to the resource requirements associated with their operational use and to strategies
for improving the efficiency of generative AI systems [5,25–27]. Recent work on green
prompt engineering further demonstrates that the way generative models are invoked
and prompted can influence their resource requirements [5]. These developments indicate
that sustainable AI deployment requires attention to model efficiency and how generative
capabilities are used in operational systems. The relationship between generative AI and
sustainability is increasingly being examined across diverse application domains, including
sustainable and inclusive education and AI-supported green consumption [28,29].

From this perspective, the contribution of the proposed architecture lies in the selective
utilization of the generative model rather than the demonstrated computational or envi-
ronmental efficiency. In the final system configuration, 90% of the evaluated queries were
resolved without using Qwen3:8B to generate the final response, whereas 10% remained
dependent on generative response production. This does not imply that these interactions
were computationally cost-free. The 566-million-parameter bge-m3 semantic model re-
mained part of the processing pipeline, and additional operations, including entity and
parameter processing, reconciliation, routing, structured-data retrieval, and deterministic
response construction, also required computational resources.

Consequently, the observed reduction represents a shift in generative model depen-
dency rather than a direct measurement of computational-resource savings or environ-
mental optimization. This study did not directly measure electricity consumption, GPU
utilization, inference latency, token-level computational cost, operational cost, or carbon
emissions. Accordingly, whether reduced generative-model use translates into measurable
environmental or operational benefits requires a direct empirical evaluation. Therefore,
the present findings position hybrid routing as a potential resource-conscious architectural
strategy rather than a demonstrated environmental optimization.

LLM-based approaches are already being investigated in sustainability-oriented ap-
plications and decision-support settings [24,26]. However, the present study addresses
sustainability from a different perspective by examining whether generative capabilities
need to be invoked for every request. Therefore, future evaluations should combine the
response-level measures used in this study with direct measurements of energy consump-
tion, latency, generated tokens, computational utilization, and, where possible, associated
carbon emissions. Such evaluation would make it possible to determine whether reduced
generative-model dependency translates into measurable environmental and operational
benefits under real deployment conditions.

4.5. Limitations and Future Research

Several limitations should be considered when interpreting the study findings. First,
the evaluation was conducted using a fixed set of 100 queries within a specific digital
payment environment. Although keeping the query set unchanged was important for
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comparing successive refinements, the resulting performance should not be assumed to
generalize directly to other financial services, domains, user populations, or conversational
settings. The fixed-query design supports controlled within-system comparison across
successive configurations but does not allow for establishing out-of-sample generalizability.
Moreover, because the same query set was repeatedly used across the 14 refinement cycles,
later system modifications may have become increasingly adapted to this evaluation set,
creating a risk of overfitting and optimistic performance estimates. This consideration
is particularly relevant in DSR, where artifact evaluation is closely tied to the context in
which the artifact is developed and tested. Further evaluation is important for establishing
broader applicability.

Second, the study evaluated a specific hybrid architecture using bge-m3 for semantic
matching and Qwen3:8B for generative processing. The underlying models remained
unchanged during the refinement process. Consequently, the present evaluation cannot
fully separate architecture-level effects from effects that may be specific to this particular
model combination. Moreover, the study does not establish whether the same patterns
would emerge with alternative embedding models, generative models, or different model
sizes. Therefore, future research should replicate the architecture with different model
combinations and extend the evaluation to larger, independently constructed, and out-of-
sample query sets, including more diverse linguistic expressions and interaction scenarios.

Third, the evaluation focused on factual response correctness and response-pathway
behavior rather than subjective aspects of user experience. The fluency, naturalness, per-
ceived helpfulness, and user satisfaction associated with template-based deterministic
responses were not compared with those of language-model-generated responses. In addi-
tion, the 14 refinements were introduced sequentially and cumulatively rather than through
a controlled ablation design. Consequently, the evaluation does not isolate the indepen-
dent causal contribution of each refinement. Therefore, future studies should complement
factual correctness assessment with user-centered evaluation and controlled ablation ex-
periments to examine both perceived response quality and the individual contribution of
architectural refinements.

5. Conclusions
This study investigated whether a hybrid, data-grounded architecture could improve

the reliability of a task-oriented AI assistant while reducing its dependence on generative
response production. The artifact was evaluated using a fixed set of 100 realistic queries
and progressively refined through fourteen system-level modifications. Correct responses
increased from 51% to 97%, whereas incorrect responses decreased from 33% to zero. Con-
currently, queries requiring generative response production dropped sharply from 34% to
10%, achieving a 70.5% relative reduction in generative model invocations. These improve-
ments were achieved without replacing the underlying semantic and generative models,
highlighting the role of system-level mechanisms, such as structured domain knowledge,
entity and category processing, reconciliation, routing, and controlled response construc-
tion. These findings address the three research questions. Regarding RQ1, the iterative
system-level refinements substantially improved the correctness of the response. Regard-
ing RQ2, the hybrid architecture shifted response production toward the data-grounded
deterministic pathway and reduced the reliance on generative responses. Regarding RQ3,
queries remaining in the generative pathway exhibited greater response-outcome variabil-
ity across successive system configurations than those ultimately resolved through the
data-grounded pathway.

The findings indicate that improving task-oriented AI assistants does not necessarily
require greater reliance on generative response production. In structured digital financial
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services, generative models can be used selectively as a fallback, while requests supported
by sufficient domain information can be resolved through deterministic, data-grounded
mechanisms. This hybrid approach provides a practical direction for combining response
reliability and flexibility with more resource-conscious use of generative AI.
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