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Regional research and innovation agencies are responsible for
monitoring large volumes of innovation data submitted by local
government units. Non-standardized submissions, manually
matched collaboration opportunities, and a growing data request
burden have left this data underutilized for policymaking. This study
aimed to design, implement, and evaluate an integrated platform for
regional innovation monitoring at the Regional Research and
Innovation Agency (BRIDA) of East Java Province, using a design
and development research approach. The platform combines a
clustering based recommendation model that groups semantically
similar innovations using multilingual sentence embeddings, an Al
chatbot built on Retrieval-Augmented Generation (RAG) for
querying the innovation database, and descriptive analytical reports
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Keywords: on innovation maturity. Tested on 643 innovation records, the
platform achieved a 100 percent functional pass rate across 35 test

Agglomerative Clustering; scenarios, while the chatbot achieved mean faithfulness and

Innovation Clustering; relevance scores of 4.0 out of 5.0 under an LLM as a judge

Regional Innovation; evaluation. These results suggest that embedding based clustering

Retrieval-Augmented Generation can reveal previously hidden collaboration opportunities, while a
generative chatbot can meaningfully reduce manual search
workload. To the authors' knowledge, this is the first platform
integrating clustering based recommendation with RAG based
querying for regional innovation monitoring, offering a replicable
design for similar settings.

INTRODUCTION

Regional research and innovation agencies play a pivotal role in shaping research-based
policy within provincial governments. They are tasked with monitoring and evaluating regional
innovation initiatives that span governance, public services, and technology adoption (Directorate
General of Fiscal Balance, 2020, Aminah & Wardani, 2018). Their day-to-day operations involve
managing large volumes of regional innovation data, encompassing hundreds of initiatives
proposed by Regional Government Units (OPD) and community stakeholders alike. This dataset
constitutes a strategic asset for mapping regional competitiveness and steering innovation policy.

The innovation data received is often non-standardized and inconsistent, which
complicates the monitoring of innovation trends and the periodic evaluation of maturity levels.
Identifying potential collaboration between innovations is likewise hindered, since matching
hundreds of records is still done manually, even though structured collaboration mechanisms are
known to encourage local governments toward greater innovation (Saksono, 2020). Beyond
monitoring and matching, staff at the Regional Research and Innovation Agency must also
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manually sift through this data to respond to routine inquiries from government units and the
public, a workload that keeps growing as the number of submitted innovations increases. Left
unaddressed, this inefficiency will continue to hamper data driven strategic decision making at the
leadership level.

The challenge of collaborative matching can be addressed by clustering unlabeled text such
as innovation descriptions using agglomerative clustering combined with multilingual sentence
embeddings. This approach places semantically similar texts close together in vector space, even
when the wording differs lexically (Reimers & Gurevych, 2020, Artetxe & Schwenk, 2019). Unlike
centroid based methods such as k-means, agglomerative clustering does not require the number of
clusters to be fixed in advance. It instead produces a merging hierarchy that can be evaluated at
varying levels of granularity, making it well suited to administrative text corpora whose natural
grouping patterns are not yet known. This property makes it possible to identify innovations with
a sufficiently high degree of thematic similarity, which can then be recommended as collaboration
candidates.

Beyond the collaboration challenge, the manual reporting burden can also be eased by
combining Large Language Model (LLM) with Retrieval-Augmented Generation, an approach
that grounds generated text in external knowledge retrieved through dense passage retrieval
(Hambarde & Proenca, 2023), thereby reducing hallucination and improving answer accuracy
within specific domains (Lewis et al., 2020, Zhao et al., 2026, Kasneci et al., 2023). While a purely
parametric language model generates responses based solely on knowledge acquired during
training, a Retrieval-Augmented Generation based system retrieves relevant data from an external
source at inference time and incorporates it as context before generating a response, keeping the
output traceable to verifiable source documents. This approach has been shown to outperform
conventional FAQ based chatbots in academic service settings (Suherwin et al., 2026), pointing to
its potential in other institutional contexts that likewise depend on domain specific internal
knowledge (Li et al., 2025, Swacha & Gracel, 2025).

Descriptive analytics, embedding based clustering, and Retrieval-Augmented Generation
have each, individually, been applied fairly extensively across various domains. However, existing
regional innovation monitoring efforts in Indonesia have so far relied primarily on static
descriptive dashboards or manually curated reports, without embedding based mechanisms for
surfacing latent collaboration opportunities or retrieval based tools for reducing the manual burden
of responding to data inquiries. To the best of the authors knowledge, no prior study has integrated
these three components into a single operational platform for a regional research and innovation
agency, where the underlying data is institutional in origin, multilingual, and only partially
standardized. While Retrieval-Augmented Generation chatbots have been evaluated in academic
(Suherwin et al., 2026) and general public service (Pujono et al., 2024) contexts, none of these
systems operate on institutional innovation data characterized by non-standardized, multilingual,
and heterogenerous submission formats, nor are they paired with an embedding-based
collaboration recommendation mechanism.

The main contribution of this study is therefore an integrated regional innovation
monitoring platform for the Regional Research and Innovation Agency of East Java Province,
combining embedding based clustering that recommends collaboration among semantically
similar innovations, a retrieval based chatbot that eases the manual workload of searching and
reporting on innovation data, and descriptive analytical reports that explain trends and maturity
levels across the full dataset.

RESEARCH METHODS

This study employed a design and development research approach, encompassing the
stages of needs analysis, system design, implementation, and evaluation. The needs analysis stage
involved identifying the types and structure of innovation data managed by Regional Research
and Innovation Agency (BRIDA) of East Java Province, as well as defining the functional
requirements for the descriptive analytics, collaboration recommendation, and RAG chatbot
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modules. The processing flow architecture connecting all platform components is presented in

Figure 1.
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Figure 1. System Processing Flow Architecture

Figure 1 shows that the cleaned innovation data is stored in a relational database serving
as a single source for three parallel processing paths. The first path, descriptive analytics,
aggregates the data to produce maturity level categorizations along with visualizations of trends,
OPDs, and policy domains. The second pipeline, the collaborative recommendation model,
converts innovation descriptions into sentence embeddings before grouping them through
agglomerative clustering and assigning similarity scores to generate ranked collaboration
candidates. The third pipeline, a RAG-based chatbot, processes user queries through intent
classification, semantic retrieval, and response generation by a Large Language Model. These
three outputs are integrated into a single web dashboard accessible to both BRIDA staff and the
general public. The implementation uses a FastAPI back end with a PostgreSQL database, along
with a React and TypeScript based user interface.

The dataset attributes used in this study include the innovation title, free-text description,
composite maturity score (range 0-111), development stage, innovation type (Digital, Non-Digital,
or Technology), responsible OPD, primary policy domain and submission and implementation
dates.

The study population consisted of 679 data points. These data then underwent several stages of
cleaning, including the removal of duplicates based on innovation titles and the removal of
incomplete or invalid entries such as empty descriptions or incorrect geolocation formats. After
this stage, the sample size was reduced to 643 data points.

Descriptive Analytics

Each innovation record has a pre calculated maturity score, following a regional
innovation index framework that combines two assessment aspects across seven variables and
thirty five indicators (Directorate General of Fiscal Balance, 2020) into a composite score ranging
from 0 to 111. This module groups these scores into three levels as formulated in Equation (1).

1507
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Less Innovative, x < 45
M(x) = {Innovative, 45 < x <65 1)
Highly Innovative, x = 65

This clustering component is specifically designed to support innovation collaboration
recommendations. Each cluster that is formed serves as a set of candidates, from which the most
similar innovation pairs are presented to users as concrete collaboration proposals, helping to
address the difficulty of identifying recommendation opportunities. This also helps identify data
that has reached the implementation stage but still has a maturity score below 45, allowing it to be
followed up with more targeted policies.

Clustering-Based Recommendation Model

Each innovation description is first converted into a dense vector representation using
sentence embeddings, building on the Siamese-network approach for computing sentence-level
similarity through vector comparison (Reimers & Gurevych, 2019), specifically the trained
multilingual sentence embedding model paraphrase-multilingual-mpnet-base-v2 (Reimers &
Gurevych, 2020). From this representation, semantically similar innovations are grouped using
agglomerative clustering with Ward linkage.

Compared to centroid based methods such as k-means, agglomerative clustering was
selected for three main reasons. First, the number of clusters does not need to be specified in
advance, which is suitable for this task since the actual number of natural collaboration groups
among BRIDA innovations is not known beforehand. Second, the resulting merging hierarchy can
be truncated at any level of granularity, allowing the number of clusters to be adjusted post hoc
based on the silhouette evaluation described below. Third, k-means clustering performance
depends heavily on centroid initialization and requires the number of clusters to be fixed a priori,
a limitation that becomes more pronounced for high dimensional text embeddings (Petukhova et
al., 2024). Empirical comparisons on large text datasets further show that agglomerative based
clustering techniques tend to yield larger silhouette score improvements than k-means based
techniques under equivalent embedding conditions (Sutrakar & Mogre, 2025), supporting its
suitability for the semantically diverse and non-standardized innovation descriptions used in this
study.

The clustering process itself is performed in the Euclidean space of the embeddings. To
determine the optimal number of clusters k, the average silhouette coefficient based on the cosine
distance (Ikotun et al., 2025) is used, tested over a range of k from 2 to 10. The choice of the cosine
metric at this stage is based on its suitability for capturing the semantic similarity structure among
embeddings, regardless of the distance metric used during the clustering process, as formulated in
Equation (2).

b(i) — a(i)

O @@, p0) ?

where a(i)denotes the average distance between sample iand all other points in the same
cluster, while b(i)denotes the minimum average distance between sample iand points in another
cluster. For each formed cluster, the cosine similarity is calculated pairwise between innovation
embeddings as formulated in Equation (3).

A-B

CosSim(A, B) = m

(3)
Pairs with a similarity score of at least 0.50 in each cluster are retained as collaboration

candidates and categorized into three recommendation levels presented to users. High potential is

assigned to pairs with a similarity above 0.90, moderate collaboration potential to pairs between
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0.80 and 0.90, and low potential to pairs at or below 0.80, supporting interpretability for decision
makers. This threshold based classification follows an approach commonly used in embedding
based recommendation systems, where candidates are presented based on their cosine similarity
scores (Riski et al., 2026). It should be noted, however, that these scores are not entirely free of
bias, as they can be influenced by term frequency effects inherent in the embeddings on which the
calculations are based (Sun et al., 2022).

Generative Al Integration

The generative component of this platform is designed using the Retrieval-Augmented
Generation approach, with the goal of ensuring that generated responses are grounded in verifiable
data rather than relying solely on the language model's internal knowledge (Lewis et al., 2020,
Zhao et al., 2026). Each incoming query is first classified based on its intent, as illustrated in Figure
1, determining whether the request is routed to the semantic retrieval path or directly to the
descriptive analytics layer.

The successfully retrieved data is then used as context for Gemini 2.5 Flash Lite to
formulate the final answer in natural language. This model was chosen for its lightweight
characteristics in terms of both latency and inference cost, making it suitable for production needs.
This retrieval based approach aligns with previous findings showing that this method can reduce
the risk of hallucination while delivering better results compared to template based or FAQ based
approaches in equivalent public service contexts (Suherwin et al., 2026, Pujiono et al., 2024).

Evaluation Instrument and Data Analysis

For the clustering model, internal validity was assessed using the average cosine-based
silhouette coefficient at the previously selected optimal value of &, complemented by the Davies-
Bouldin Index to cross-check cluster separation from a different distance perspective. The cosine
metric was retained for evaluation despite clustering being performed in Euclidean space with
Ward linkage, since cosine similarity more directly reflects the semantic proximity intended by the
sentence embedding representation. To further support the internal validity results, a subset of
formed clusters was manually reviewed by inspecting sample innovation descriptions within each
cluster, confirming that grouped items generally shared comparable policy themes despite the
moderate silhouette score. No ground-truth cluster labels were available for this dataset, which
limits the evaluation to internal and qualitative validity rather than external validation against a
labeled benchmark.

Meanwhile, the generative artificial intelligence component was evaluated using the LLM-
as-a-judge approach (Chang et al., 2024). A number of user queries representing all intent
categories supported by the system were submitted to the chatbot; subsequently, each generated
response was evaluated by a Large Language Model, deliberately chosen to be different from the
model that generated the response itself to avoid self-preference bias. The evaluation is conducted
across two dimensions based on the RAG evaluation framework such as RAGAS (Papageorgiou
et al., 2025): faithfulness to the retrieved data and relevance to the user’s query, each using a five-
point scale. The evaluation results for these two dimensions are then aggregated to obtain a
comprehensive picture of the chatbot’s answer quality.

RESULTS AND DISCUSSION

The observed dataset comprises 643 innovation records, with an average maturity score of
83.8. Of these records, 215 (33.4%) were categorized as digital innovations, 99 (15.4%) as
technology-based innovations, and the remaining 329 (51.2%) as non-digital innovations.
Applying the maturity categorization formula M(x), which aligns with the labels previously
calculated on the source data, yielded a level distribution summarized in Table 1.
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Table 1. Distribution of Innovation by Maturity Level

Maturity Level Total Data Percentage (%)
Less Innovative (x < 45) 102 15.9
Innovative (45 < x < 65) 43 6.7
Highly Innovative (x > 65) 498 77.3
Total 643 (avr = 83.8) 100.0

The high proportion of records classified as Highly Innovative (77.3%) reflects a structural
characteristic of the dataset rather than a genuinely even distribution of innovation quality:
innovations submitted to BRIDA have typically already undergone internal institutional review
prior to data entry, meaning that only initiatives considered viable tend to reach the monitored
dataset. Records with markedly low maturity scores are therefore more likely to represent stalled
initiatives or incomplete documentation than a representative cross-section of all regional
innovation activity. This concentration at the upper tier limits the discriminative value of the
maturity categorization for distinguishing quality within the Highly Innovative tier itself, and
reinforces the importance of the watchlist mechanism described below, which specifically targets
records that combine low maturity with advanced implementation status.

Based on this distribution, 102 innovations were identified as “Less Innovative” (maturity
score < 45, Table 2) that have reached the “Implementation” stage, including several with a score
of 0, indicating stalled or poorly documented implementation, thereby requiring targeted policy
follow-up. These descriptive findings reinforce the pattern of concentration of innovation activities
in a small number of OPDs and policy domains, as illustrated in Figure 2, which depicts the five
most active OPDs and the five most represented policy domains (key areas).

Top 5 Most Active OPDs Top 5 Policy Domains (Urusan Utama)
Dinas Kelautan dan Perikanan 25 Pendidikan 356
Provinsi Jawa Timur
Rumah Sakit Umum Daerah
Dr. Soedono Madiun = Kesehatan 100
Dinas Perhubungan 15 Sosial 23
Provinsi Jawa Timur
3 Fungsi Penunjang Lainnya Sesuai
Dinas;sosial 14 Dengan Ketentuan Peraturan 1 15
Provinsi Jawa Timur Perundang-Undangan
SMKN 1 Probolinggo 12 Pangan 13
0 5 10 15 20 25 0 50 100 150 200 250 300 350 400
Number of Innovations Number of Innovations

Figure 2. Most Active OPDs and Top 5 Policy Domains (N=643)

To develop the collaborative recommendation model, the first step was to determine the
optimal number of clusters (k) by evaluating agglomerative clustering solutions for k values ranging
from 2 to 10 on the sentence-embedding representation. The average cosine-based silhouette
coefficient was used as the primary selection criterion, complemented by the Davies-Bouldin Index
(DBI) as a corroborating internal validity metric. The resulting scores for both metrics are listed in
Figure 3.

Integrating Semantic Clustering-Based.... 1510


https://doi.org/10.70609/gtech.v10i4.11030

Alfi Fadliana DOILI : https://doi.org/10.70609/gtech.v10i4.11030

Silhouette Score Davies-Bouldin Index
0.13 42
—e— Silhouette Score —e— Davies-Bouldin Index
0.12 --- Optimalk =3 Optimal k = 3
e 39791
40
0.11 1
ll
\ 3

0.10 3 \ / g
[ ° \ /
§ £ 384 \ /
& 0.09 - £ \ /
@ 2 \ "
b 3 \ /
7] =] | /‘
3 008 o WL s b
£ 8 36+ \ g [
0 'g \ N

0.07 8 \

33595
0.06 344 |
0.05
i 32 : ‘ . . .
0.04 T i v — T A T 2 3 4 5 6 @ B8 10 Ay 12 93 W 15
3 4 5 6 9 n 1 3 14 15 Number of Clusters (k)
Number of Clusters (k)

Optimal k =3 | Silhouette Score = 0.1150 | Davies-Bouldin Index = 3.3695
Figure 3. Silhouette Coefficient and Davies-Bouldin Index by Number of Clusters (k)

The highest silhouette coefficient was achieved when k = 3 (0.115), which was determined
to be the optimal number of clusters. This selection is further corroborated by the Davies-Bouldin
Index (DBI), which also reached its lowest value at k = 3 (3.3695) among all tested k, indicating
the most favorable balance of cohesion and separation across both independent metrics. The
absolute value of the silhouette score is nonetheless moderate, reflecting blurred semantic
boundaries in the descriptions of administrative innovations, which tend to be brief and share
similar vocabulary despite belonging to different policy domains. DBI values across the tested
range also remained relatively high overall (3.37 to 3.98), suggesting that while k = 3 yields the
best available separation, no clustering configuration achieved sharply delineated groups. Taken
together, the agreement between silhouette and DBI at k = 3 strengthens confidence in this choice,
while the moderate absolute values of both metrics indicate that the resulting clusters should still
be interpreted as relative rather than sharply separated groupings.

This finding is consistent with values reported in the broader clustering literature for short,
domain-specific text: Ikotun et al. (2025) note that silhouette scores below 0.2 are common in text
clustering tasks where documents share substantial domain vocabulary despite belonging to
distinct topical categories, a pattern directly applicable here given that most OPD innovations
describe public-service delivery using similar administrative terminology regardless of their
underlying policy domain. The modest score should therefore not be read as a weakness specific
to this implementation, but as an expected characteristic of clustering short administrative text.

Within the formed clusters, potential collaboration pairs were ranked based on cosine
similarity. The three highest-ranked pairs were SMANSKA AWARD paired with SMANSKA
Love to Save (both from SMAN 1 Kwadungan, Ngawi) at 99% similarity classified as direct
replication potential; SIJALINMAJA paired with SIGAP: Protecting and Safeguarding the People
of East Java During Christmas and New Year's (both from the East Java Provincial Public Order
Agency) at 91% similarity also classified as direct replication potential; and SI CINKELING from
Thya Ulumuddin Vocational High School Banyuwangi paired with GEMILANG from State

Senior High School 1 Wongsorejo Banyuwangi at 89% similarity classified as development
collaboration potential.

The top two pairs come from the same government unit, which is a limitation in the current
implementation without a cross-unit filter during the ranking stage, pairs with high similarity
within a single institution will appear alongside inter-organizational candidates that are actually
different. These intra-unit pairs (Rank 1: 99%) may still indicate replication opportunities, but they
do not represent collaboration in the intended sense. Rank 3 is the only genuinely cross-unit case,
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as it connects two different schools in Banyuwangi with an 89% similarity, confirming that the
model can generate thematically aligned innovations across institutions. Future implementations
should therefore incorporate a cross-unit filter during the candidate screening stage.

The following section reports on the performance of the RAG-based chatbot, which fulfils
the third objective, reducing the workload associated with manual queries. The Retrieval-
Augmented Generation (RAG)-based chatbot was evaluated to determine whether a two-stage
retrieval pipeline could generate answers sufficiently grounded in BRIDA'’s internal innovation
data. This pipeline combines keyword-based SQL searches with cosine similarity using
multilingual sentence embeddings. This two-stage design is crucial in this institutional context, as
the same innovation concept can be described using different terminology across government
agencies. This situation could potentially make keyword-based or embedding-based retrieval alone
suboptimal when used in isolation. To assess the quality of the answers, a test set consisting of 21
queries was compiled, with three queries for each category to obtain a more stable estimate of the
system’s performance for each type of question. Each response was evaluated by an independent
Large Language Model using a scale of one to five, covering faithfulness to the extracted records
and relevance to the user’s query (Chang et al., 2024). A summary of the results is presented in
Table 2.

Table 2. LLM-as-a-judge Evaluation Scores by Query Intent Category

Intent Category Number of Queries Faithfulness (avr) Relevance (avr)
Collaboration 3 4.0 3.7
OPD Rating 3 4.0 4.7
Policy Domain Rating 3 4.0 3.7
Stages of Innovation 3 4.0 4.0
Maturity Level 3 4.0 3.7
Trend 3 4.0 3.7
Statistics 3 4.0 4.7
Overall Average 21 4.0 4.0

The overall average faithfulness score of 4.0 out of 5.0 indicates that the retrieved data is
consistently incorporated into the generated responses, rather than being replaced by the model’s
parametric knowledge. The overall average relevance score of 4.0 out of 5.0 indicates that intent
classification successfully routes the majority of queries to the appropriate pipeline. However,
categories such as Policy Domain Ranking and Maturity Level received lower scores, suggesting
that aggregate queries sometimes produce factually accurate responses but do not directly address
the quantitative dimensions of the question an area for improvement in prompt engineering.

A faithfulness score of 4.0 is consistent with findings by Pujiono et al. (2024), who reported
that RAG-based chatbots in public service contexts consistently outperform parametric-only
generation on factual grounding metrics. The relatively lower relevance scores for aggregate-
oriented categories such as Policy Domain Rating and Maturity Level (3.7) compared to lookup-
oriented categories such as OPD Rating and Statistics (4.7) align with a known limitation of intent-
routing systems. In such systems, queries requiring numerical aggregation are harder to satisfy
through retrieval alone without a dedicated query-to-SQL pipeline, making this area a key
direction for future improvement.
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Figure 4. AI Chatbot Interface

Functional Testing

System testing was conducted using black-box testing, a method that assesses whether the
system’s output aligns with the expected results for a given input, without examining the internal
code (Alagarsamy et al., 2024; Zimazanya et al., 2025). This approach was prioritized because
functional correctness from the user’s perspective is the primary focus of this validation phase.

A total of 35 test scenarios were defined across seven modules, included the landing page
and real-time visitor counter, summary cards and trend charts on the dashboard, the analytics
module, which includes year filters, reset, PDF export, and four types of charts, an innovation
map covering marker rendering, choropleth tooltips, transportation layer toggles, a top-5 ranking
panel with year filters, marker detail views, profile video links, a collaboration analysis tab, and
collaboration line visualizations; an Al recommendation module covering the main
recommendations view, detailed analysis pages, PDF export, and custom exploration, an RAG-
based chatbot, and a data management module that includes admin authentication, invalid
credential rejection, search and filtering, and add, edit, delete, and Excel/CSV export operations.

All 35 scenarios produced outputs consistent with the expected results, with a functional
pass rate of 100%. Table 3 summarizes the results by module.

Table 3. Functional Testing Results

No Module Test Scenario Pass Failed

1 Landing Page & Visitor Counter 2 2 0
2 Dashboard 5 5 0
3 Analytics 8 8 0
4 Innovation Map 8 8 0
5 Al Recommendations 5 5 0
6 RAG-based Chatbot 1 1 0
7 Data Management 6 6 0

Total 35 35 0
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The scope of testing included authentication, data manipulation, real-time visualization,
Al-generated output, and file export. This confirmed that the system met all defined functional
requirements for all implemented features. However, black-box testing does not capture the
system’s behavior when users experience concurrent loads or when the system receives invalid
input. These two aspects will guide future evaluations.

Evaluation System

Several advantages are evident from this integrated implementation. The combination of
embedding-based clustering with generative artificial intelligence significantly reduces the time
required to identify collaboration candidates, a process that was previously done manually by
reviewing hundreds of spreadsheet rows. This process automates both similarity calculations and
narrative generation, while consolidating recommendations and chatbot responses into a single
interface reduces the effort required to match clustering outputs with raw data.

Limitations also emerged. Collaboration narratives are highly dependent on the length and
specificity of innovation descriptions, as reflected by the relatively low silhouette coefficient (0.115
at k = 3), this is not a model failure, but rather semantic boundary overlap in the source data
(Reimers & Gurevych, 2020), thus requiring a standardized input protocol. Innovation activity
also remains concentrated in a small number of OPDs, consistent with the literature indicating
that resource disparities among government units result in uneven innovation output (Directorate
General of Fiscal Balance, 2020).

This system also relies on the Google Gemini API, which limits the number of requests on
the free plan; consequently, high usage may temporarily delay the Auto Insight and chatbot
features. The lower relevance scores observed for aggregate-oriented intent categories in Table 3
further suggest that the current prompt structure does not optimally handle quantitative queries,
pointing to prompt engineering as a targeted area for improvement independent of the retrieval
mechanism itself. Manually entering data one by one in the data management feature also makes
it difficult for staff when they need to upload large batches of innovation data.

There are three proposed improvements. First, BRIDA should establish structured input
guidelines for OPDs when submitting innovation descriptions, including specifying a minimum
length and required fields. This step will directly improve clustering accuracy and narrative
coherence without altering the underlying model. Second, upgrading to the paid tier of the Gemini
API will eliminate the request limit constraint that affects the availability of the chatbot and Auto
Insight. Third, adding a batch import function that can accept Excel or CSV files to the data
management feature will allow large-scale dataset updates to be completed in a single operation.

CONCLUSION

This study demonstrates that agglomerative clustering based on multilingual sentence
embeddings can generate collaboration candidates not immediately apparent in administrative
innovation data, even with less clearly defined semantic boundaries, achieving an optimal
silhouette coefficient of 0.115 at k = 3. The RAG-based chatbot, evaluated using the LL.M-as-a-
judge framework across seven intent categories, achieved average faithfulness and relevance scores
of 4.0 and 4.0 out of 5.0, respectively, thereby confirming that retrieval-based generation reduces
reliance on parametric knowledge for domain-specific institutional queries. Functional testing
across 35 scenarios yielded a 100% pass rate, validating the soundness of the underlying platform
on which these AI components operate.

System evaluation identified input data quality as the primary constraint, both for
clustering coherence and for the depth of chatbot responses, as well as API rate limits as a practical
barrier to production deployment. These results carry practical implications for regional
government agencies facing similar data management challenges: embedding-based clustering can
surface collaboration candidates that manual review would miss, while a RAG-based chatbot can
redistribute the query-handling burden away from staff without requiring users to learn database
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query languages. The replicability of this design is supported by the use of open-source and low-
cost components throughout, such as agglomerative clustering, multilingual sentence embeddings,
and FastAPI. This approach reduces the infrastructure barrier for other agencies considering
adoption. Future research should prioritize cross-unit filtering at the recommendation stage, the
implementation of structured input guidelines for innovation descriptions, and an evaluation of
the system’s resilience to out-of-domain queries.
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