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Abstract: Assessing the novelty of research proposals represents a critical 

challenge in large-scale research grant management, particularly when the 

number of submitted proposals is substantial and topic diversity continues to 

increase. This study proposes an analytical approach to detect the novelty of 

Indonesian academic research proposal titles by leveraging semantic 

similarity based on Natural Language Processing (NLP). The CRISP-DM 

framework is adopted as the research methodology, with a comparative 

evaluation of three text representation approaches: TF-IDF, Latent Semantic 

Analysis (LSA), and IndoBERT. The dataset comprises 52,084 research 

proposal titles submitted between 2020 and 2024, which, after administrative 

deduplication, resulted in 44,429 unique titles. Inter-title similarity is 

computed using cosine similarity, followed by similarity distribution analysis 

and the application of a Top-K nearest neighbors strategy. In this study, 

novelty is conceptualized as novelty risk, defined as an analytical indicator 

of relatively low novelty derived from Top-1 similarity values and patterns 

of semantic similarity distribution. The results demonstrate that IndoBERT 

exhibits higher semantic sensitivity and a more stable similarity distribution 

compared to TF-IDF and LSA. Novelty risk estimation is conducted in an 

aggregated manner using rule-based analytical interpretation, without 

manual labeling or automated decision-making. The proposed approach 

functions as a decision support system to assist in the pre-screening of 

research proposals, while preserving the central role of expert reviewers in 

qualitative evaluation.  

 

Keywords: Novelty Detection, Research Proposal, Latent Semantic 

Analysis, IndoBERT, Semantic Similarity 

 

Introduction  

In recent years, research activities conducted by 

university lecturers in Indonesia have grown 

substantially, reflecting national efforts to strengthen the 

research and innovation ecosystem. This growth has been 

supported by various competitive research grant schemes 

administered by the Ministry of Higher Education, 

Science, and Technology through the Research and 

Community Service Information System (BIMA). As a 

centralized platform, BIMA manages a large volume of 

research proposals submitted annually by academic 

institutions across the country. 

Between 2020 and 2024, more than 52.000 research 

proposal titles were funded under multiple grant schemes, 

including basic research, applied research, early-career 

researcher grants, and doctoral dissertation research. 

While this expansion indicates increasing research 

participation, it also introduces practical challenges in the 

proposal evaluation process. In particular, assessing the 

novelty of proposed research ideas becomes increasingly 

difficult when reviewers are required to evaluate 

thousands of proposals within limited timeframes. 

In current practice, novelty assessment relies primarily 

on manual review. Although existing systems are able to 

detect identical titles and verify administrative 

completeness, they are not designed to identify semantic 

similarity between proposal titles. As a result, proposals 

with closely related research themes may be funded under 

different schemes or across different years, potentially 

leading to thematic overlap and reduced efficiency in 

research funding allocation. 
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Advances in artificial intelligence, especially in 

Natural Language Processing (NLP), offer opportunities 

to support large-scale text analysis in research 

management systems. Recent studies have shown that 

semantic similarity analysis can be used to capture 

meaningful relationships between texts beyond surface-

level lexical overlap. However, most existing approaches 

focus on benchmark datasets or small-scale experiments 

and are rarely examined in the context of real-world 

research proposal management at a national scale. 

This study addresses this gap by investigating the use 

of semantic similarity analysis as an analytical indicator 

to support early-stage evaluation of research proposal 

titles. Rather than treating novelty as a binary outcome, 

this work introduces the concept of novelty risk, defined 

as the relative likelihood that a proposal exhibits low 

novelty based on its semantic similarity to previously 

funded proposals. The proposed approach operates in an 

unsupervised manner and is intended to assist preliminary 

screening without replacing substantive evaluation by 

expert reviewers. 

To examine this approach, three text representation 

models with different levels of semantic expressiveness 

are evaluated: TF-IDF, Latent Semantic Analysis (LSA), 

and IndoBERT. All models are assessed using a 

consistent similarity measurement framework to ensure 

comparability. The analysis is conducted on a large-scale 

dataset of funded research proposal titles, allowing 

empirical observation of model behavior, computational 

trade-offs, and their suitability for deployment in a 

decision support context. 

The main contributions of this study are twofold. First, 

it provides a comparative analysis of TF-IDF, LSA, and 

IndoBERT for measuring semantic similarity among 

research proposal titles in a large-scale Indonesian 

funding dataset. Second, it demonstrates how similarity-

based analysis can be used as an interpretable screening 

mechanism to identify titles that merit closer review for 

potential thematic overlap. These contributions are 

relevant for improving the efficiency and consistency of 

proposal evaluation in national research funding systems. 

Literature Review  

The digital transformation of research grant 

governance has significantly reshaped national research 

funding ecosystems. In Indonesia, the Basis Informasi 

Penelitian dan Pengabdian kepada Masyarakat (BIMA), 

managed by the Ministry of Higher Education, Science, 

and Technology (Kemdiktisaintek), serves as the primary 

platform for administering thousands of lecturer research 

proposals across higher education institutions. This 

system supports transparency and efficiency in proposal 

submission, evaluation, and research outcome reporting 

(Kemristekdikti, 2019). Despite its critical role in 

digitising national research management, the BIMA 

system remains limited in its analytical capabilities, 

particularly in detecting semantic similarity among 

research proposal titles. Currently, BIMA is able to 

identify exact textual duplicates and perform 

administrative verification; however, it is not designed to 

recognise semantic similarities between titles that differ 

lexically but convey conceptually similar research ideas. 

Consequently, research proposals with overlapping 

themes may be funded under different schemes or across 

different funding periods, potentially leading to 

inefficiencies in national research fund allocation. 

In the literature on text similarity detection, there is no 

universally accepted standard or absolute threshold for 

determining whether two texts should be considered 

similar. Previous studies emphasise that similarity 

thresholds are inherently contextual and must be defined 

empirically according to analytical objectives and dataset 

characteristics (Ghosal et al., 2022). Similarity scores are 

therefore better interpreted as indicators of semantic 

proximity rather than rigid decision boundaries. In this 

context, similarity measures function as analytical tools to 

support decision-making, rather than as automatic 

indicators of duplication or plagiarism. 

This study should also be positioned in relation to 

three adjacent research streams: Plagiarism detection, 

semantic duplicate detection, and novelty detection. 

Plagiarism detection is primarily concerned with 

identifying unauthorized textual reuse or close 

reproduction across documents, often with emphasis on 

lexical, structural, or semantic evidence of copying 

(Foltýnek et al., 2020). Semantic duplicate or near-

duplicate detection, by contrast, focuses on identifying 

texts that are highly similar in meaning, even when they 

differ in wording or surface form. Novelty detection 

addresses a different question, namely whether a text 

introduces information that is relatively new with respect 

to previously observed content or existing knowledge 

(Ghosal et al., 2022). The present study does not aim to 

detect plagiarism, nor does it classify proposal titles as 

exact duplicates in a strict retrieval sense. Instead, 

semantic similarity is used as an analytical basis for 

identifying novelty risk, namely the possibility that a 

proposal title may be thematically too close to previously 

funded proposals to warrant closer review. In this sense, 

the study is positioned closer to similarity-assisted novelty 

screening than to plagiarism checking or duplicate-

document detection (Foltýnek et al., 2020; Ghosal et al., 

2022; Ihnaini et al., 2024). Although prior studies have 

examined semantic similarity, novelty-related analysis, and 

duplicate detection in various textual settings, fewer studies 

have addressed title-level semantic screening in large-scale 

national research proposal evaluation, particularly in the 

Indonesian-language context. 

Most prior studies on text similarity analysis have 

focused on longer textual documents, such as scientific 
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articles, policy reports, or research abstracts (Ghosal et al., 

2022). Classical approaches, including Term Frequency–

Inverse Document Frequency (TF-IDF) and Latent 

Semantic Analysis (LSA), have been widely applied to 

measure document similarity and semantic relationships 

between terms (Deerwester et al., 1990; Salton and 

Buckley, 1988). While these methods have demonstrated 

effectiveness in large-scale document analysis, they rely 

primarily on lexical overlap or linear semantic 

representations, which limits their ability to capture 

contextual meaning, particularly in short-text scenarios 

such as research proposal titles. 

To address these limitations, more recent studies have 

adopted transformer-based models, such as BERT, which 

significantly improve semantic representation by 

capturing contextual relationships between words (Devlin 

et al., 2019). For the Indonesian language, IndoBERT, a 

language-specific variant pretrained on large-scale 

Indonesian corpora, has demonstrated strong performance 

in understanding semantic relationships within natural 

linguistic contexts (Wilie et al., 2020). However, large-

scale empirical studies that systematically apply and 

compare TF-IDF, LSA, and IndoBERT for semantic 

similarity detection in Indonesian research proposal titles 

remain limited. Although semantic similarity and novelty-

related text analysis have been widely studied in NLP 

(Ghosal et al., 2022), the present study does not claim 

methodological novelty in the sense of introducing a new 

detection model or algorithm. Instead, its contribution lies 

in the application and comparative evaluation of TF-IDF, 

LSA, and IndoBERT for large-scale Indonesian research 

proposal titles. In this respect, the study is positioned as 

an applied and context-specific contribution, with 

particular relevance for research management systems 

and decision-support for novelty risk screening. 

Scalability is another key challenge in large-scale 

similarity analysis. Exhaustive pairwise similarity 

computation becomes infeasible as dataset size increases. 

To mitigate this issue, several studies employ nearest 

neighbour techniques, particularly the Top-K nearest 

neighbour approach, which focuses analysis on the most 

relevant similarity pairs while reducing computational 

cost (Hanafi and Saadatfar, 2022). Efficient similarity 

search libraries, such as FAISS, further support large-

scale semantic similarity analysis by enabling rapid 

vector-based search in high-dimensional spaces (Johnson 

et al., 2021). 

Recent studies in novelty detection increasingly 

conceptualise novelty as a relative and context-dependent 

construct rather than a binary attribute. In the context of 

higher education research governance, novelty and 

originality are fundamental principles embedded within 

national academic regulations and research quality 

frameworks (Kemdikbud, 2020; Pusat, 2014). From an 

analytical perspective, novelty can be approximated 

through semantic similarity or semantic distance relative 

to existing knowledge, particularly in settings where 

labelled novelty data are unavailable (Reimers and 

Gurevych, 2019). Transformer-based semantic 

representations have been shown to effectively capture 

contextual semantic differences, making them suitable as 

analytical indicators of novelty in short-text scenarios 

(Ghosal et al., 2022). 

It is important to distinguish semantic similarity from 

novelty. Semantic similarity refers to the degree of 

closeness in meaning between text representations, 

whereas novelty concerns the extent to which a text 

introduces information, combinations of ideas, or 

thematic content that is new relative to prior knowledge 

or previously observed documents. In this sense, high 

similarity may indicate thematic overlap, but it does not 

automatically imply the absence of novelty. Likewise, a 

proposal may still be novel in its contribution even when 

it shares conceptual vocabulary with prior work. As noted 

by Ghosal et al. (2022), novelty is fundamentally a 

relational concept defined against what has already been 

seen or known. At the same time, (Ihnaini et al., 2024) 

describe semantic similarity as a measure of meaning-

related proximity rather than originality itself. In the 

context of scientific texts, (Jeon et al., 2023) also show 

that novelty can be operationalized in relation to prior 

textual patterns, but should not be reduced to similarity 

alone. Therefore, the present study does not treat 

similarity as equivalent to novelty, but rather uses 

similarity patterns as an analytical basis for identifying 

potential novelty risk in research proposal titles. 

Based on this body of work, the present study 

positions novelty as an analytical decision support 

indicator rather than as an automated evaluative 

judgement. By comparatively analysing lexical (TF-

IDF), latent semantic (LSA), and contextual semantic 

(IndoBERT) approaches for detecting semantic 

similarity among Indonesian lecturer research proposal 

titles, this study aims to provide empirical insights that 

support scalable and objective novelty assessment. The 

findings are expected to contribute both academically, 

by enriching NLP research for the Indonesian 

language, and practically, by informing the 

development of analytical decision support features 

within the BIMA system. 

Materials and Methods 

This study employs an analytical, data-driven, and 

unsupervised research design to examine semantic similarity 

among Indonesian research proposal titles as an indicator of 

novelty. The methodological workflow follows the CRISP-

DM (Cross-Industry Standard Process for Data Mining) 

framework, which provides a systematic structure for large-

scale text analysis, from problem formulation to analytical 

deployment recommendations, as shown in Fig. 1. 
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Fig. 1:  CRISP-DM framework for research proposal title 

novelty detection 

 

Research Design and Framework 

The research is designed as an analytical study 

focusing on large-scale textual data without supervised 

labels or predefined ground truth. Novelty is not treated 

as a binary outcome but as a relative analytical indicator 

derived from semantic similarity patterns. The CRISP-

DM framework is adopted to ensure methodological rigor 

and transparency across six phases: Business 

Understanding, Data Understanding, Data Preparation, 

Modeling, Evaluation, and Deployment. This framework 

is suitable for text-based analytics involving large datasets 

and supports reproducibility of results. 

Research Procedures 

The research procedure was conducted sequentially, 

beginning with the collection of funded research proposal 

title data for the 2020–2024 period. This stage was 

followed by data understanding and exploratory analysis 

to examine the distribution of proposals across funding 

schemes and time periods. Subsequently, text 

preprocessing and administrative deduplication were 

performed to ensure consistency and quality of the textual 

data prior to analysis. The preprocessed data were then 

used to construct text representations and to perform 

semantic similarity modelling using TF-IDF, Latent 

Semantic Analysis (LSA), and IndoBERT. The similarity 

analysis results were evaluated through descriptive 

distribution analysis and Top-K nearest neighbor 

strategies to estimate novelty risk analytically. Finally, 

based on the evaluation outcomes, recommendations were 

formulated for the deployment of an analytical novelty 

detection module as a decision support component to 

support the pre-screening stage of research proposal 

evaluation. 

Dataset and Data Understanding  

The dataset consists of 52,084 funded research 

proposal titles submitted by Indonesian university 

lecturers between 2020 and 2024, covering 17 national 

research funding schemes. Each record includes the 

proposal title, funding year, funding scheme, and research 

focus area. An initial data exploration was conducted to 

examine proposal distribution across schemes and 

funding periods. The analysis revealed substantial 

variation in submission volume across schemes, 

indicating differences in thematic concentration and 

potential overlap of research ideas. All records contain 

complete title information. Therefore, no missing textual 

data were identified at the title level, and no imputation 

procedures were required. 

Data Preparation and Deduplication 

Data preparation was performed to ensure textual 

consistency prior to similarity analysis. Preprocessing 

steps included case folding, tokenisation, Indonesian 

stopword removal, and basic word normalisation. These 

steps were applied uniformly to all titles to reduce 

irrelevant linguistic variation while preserving semantic 

content. Administrative deduplication was conducted 

using a multi_year indicator to identify titles submitted by 

the same researcher across multiple funding years. Such 

entries were treated as valid administrative repetitions 

rather than research duplication and were excluded from 

the main similarity analysis. Exact string-based 

deduplication after normalisation reduced the dataset 

from 52,084 to 44,429 unique proposal titles. 

Text Representation and Similarity Modeling 

Text representation and similarity modeling in this 

study were conducted using three Natural Language 

Processing approaches applied in parallel to capture 

different levels of semantic information in research 

proposal titles. The selected methods Term Frequency–

Inverse Document Frequency (TF-IDF), Latent Semantic 

Analysis (LSA), and IndoBERT represent lexical, 

mathematical semantic, and contextual semantic 

modeling paradigms, respectively. TF-IDF was employed 

as a lexical baseline model due to its computational 

efficiency and widespread use in large-scale text analysis. 

This approach represents each proposal title as a weighted 

vector based on term frequency relative to the entire 

corpus, enabling rapid detection of lexical overlap, 

although it remains limited in capturing implicit semantic 
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relationships (Saadatfar et al., 2020; Xiao et al., 2025). To 

extend similarity analysis beyond direct word matching, 

Latent Semantic Analysis (LSA) was applied by 

performing dimensionality reduction on the TF-IDF 

matrix using Singular Value Decomposition (SVD). This 

process allows latent semantic structures to be represented 

in a lower-dimensional vector space, enabling titles with 

different lexical expressions but similar thematic content 

to exhibit higher similarity scores (Saadatfar et al., 2020). 

In addition to these classical approaches, IndoBERT was 

utilised as a transformer-based contextual semantic model 

pretrained on large-scale Indonesian language corpora. 

Each proposal title was encoded as a fixed-length 

sentence embedding that captures contextual meaning 

based on the relationships among words within the title. 

This representation enables the detection of semantic 

similarity that cannot be adequately captured by lexical or 

classical semantic models, particularly for short texts such 

as research proposal titles. The use of IndoBERT aligns 

with recent findings demonstrating the effectiveness of 

BERT-based models in semantic textual similarity tasks 

for the Indonesian language (Krisnawati et al., 2024). By 

applying these three representation approaches in parallel, 

the study enables a comprehensive comparison of 

semantic sensitivity and computational characteristics 

across different modeling paradigms, providing an 

empirical basis for novelty risk estimation and system-

level recommendation.  

Similarity Measurement and Data Analysis 

Techniques 

Cosine similarity was used consistently across all 

representation models to measure inter-title semantic 

similarity. This metric is independent of text length and 

well-suited for vector-based representations. A similarity 

threshold of cosine similarity ≥0.60 was adopted as an 

analytical indicator to flag potential semantic overlap. 

This threshold was defined empirically and contextually, 

following established practices in text similarity and near-

duplicate detection research, and is used as an early 

warning indicator rather than a strict decision boundary 

(Indasari and Tjahyanto, 2024). 

Threshold Justification 

The cosine similarity threshold of 0.60 was used in this 

study as a screening threshold to detect proposal titles 

with potentially meaningful semantic overlap, rather than 

as a strict decision boundary for determining novelty. In 

semantic similarity research, threshold selection is 

generally influenced by the purpose of the analysis, the 

characteristics of the text, the language, and the 

representation model used (Scalvini and Mashaghi, 2025; 

Brglez, 2023; Fellah, 2021). This consideration is 

particularly relevant in the present study, where the input 

consists of short and domain-specific proposal titles. In 

such cases, a moderate threshold is more appropriate for 

detecting thematic proximity than for making definitive 

judgments about originality. 
This interpretation is consistent with previous studies. 

Scalvini and Mashaghi, (2025) used a cosine similarity 
threshold of 0.60 to capture a moderate degree of thematic or 
contextual overlap. Brglez (2023) showed that optimal 
cosine thresholds may vary substantially across languages, 
highlighting the importance of context-sensitive threshold 
selection. (Fellah, 2021) also emphasized that threshold 

selection is an important factor in similarity-based detection 
performance. Taken together, these findings support the use 
of 0.60 as a practical analytical threshold for identifying titles 
that merit closer inspection. 

Accordingly, proposal titles with cosine similarity 
scores of 0.60 or higher were not treated as automatically 

non-novel, but rather as flagged cases indicating possible 
thematic closeness to previously funded proposals. In this 
sense, the threshold functions only as an early detection 
mechanism for novelty risk and serves as a decision-
support aid for further human review.  

In this study, semantic similarity was used as a proxy 

for novelty risk, not as a direct measure of novelty. The 
purpose of the similarity analysis was to detect titles that 
are semantically close to previously funded proposals and 
therefore may warrant further review for possible 
thematic overlap. This approach follows the view of 
Ghosal et al. (2022) that novelty should be understood 

relative to prior knowledge, rather than inferred from 
similarity scores alone. It is also consistent with the 
broader understanding of semantic similarity as a measure 
of closeness in meaning (Ihnaini et al., 2024) and with 
prior work showing that textual novelty in scientific 
publications must be interpreted in relation to earlier 

textual patterns and scholarly context (Jeon et al., 2023). 
Accordingly, the similarity scores reported in this study 
should be interpreted as analytical indicators for screening 
and decision support, rather than as definitive judgments 
of whether a proposal is novel or non-novel. 

Descriptive Similarity Distribution Analysis 

 Descriptive statistical analysis was conducted to 

examine the distribution of similarity scores generated by 

each model. The analysis focused on measures such as 

mean similarity, median similarity, and the proportion of 

title pairs exceeding the similarity threshold. This 

distribution-based analysis provides insight into the 

overall semantic overlap patterns across the dataset and 

supports the interpretation of novelty risk at an aggregate 

level. No inferential statistical testing was performed, as 

the study is exploratory and unsupervised in nature. 

Top-K Nearest Neighbor Strategy 

To manage computational complexity in large-scale 

similarity analysis, a Top-K nearest neighbor strategy was 

employed. For each proposal title, only the K most similar 
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previously funded titles were retained for further analysis. 

In this study, K was fixed at 10 for all three representation 

methods (TF-IDF, LSA, and IndoBERT) to ensure 

methodological consistency and comparability across 

models. Because each title naturally appears as its own 

nearest match when retrieval is performed on the same 

corpus, K + 1 neighbors were initially retrieved and the 

self-match was subsequently removed, leaving the 10 

nearest neighboring titles for analysis. A value of K = 10 

was considered sufficient to retain the most relevant 

neighbouring titles for each proposal while avoiding 

unnecessary expansion of less informative similarity 

pairs, thereby providing a practical balance between 

analytical coverage and computational efficiency. This 

strategy reduces computational burden while preserving 

the most semantically relevant similarity relationships. 
The use of Top-K retrieval is consistent with prior 

research on efficient nearest-neighbor search and large-
scale similarity analysis. (Halder et al., 2024) emphasize 

that the choice of K is an important parameter in k-nearest 
neighbor methods because it influences sensitivity to local 
patterns, robustness to noise, and computational 
efficiency. In addition, recent studies on large-scale 
similarity search systems have highlighted the importance 
of efficient nearest-neighbor retrieval for high-

dimensional data, particularly when exhaustive pairwise 
comparisons become increasingly expensive as dataset 
size grows (Huici et al., 2025). For the IndoBERT 
representation, FAISS was used to perform efficient 
similarity search in the dense embedding space, thereby 
avoiding the need to construct a full pairwise similarity 

matrix across all proposal titles (Douze et al., 2026). 
Therefore, the study adopts an unsupervised approach 

to novelty risk identification based on semantic similarity 
scores. Because no manually annotated novelty labels 
were available, the study was designed as an unsupervised 
similarity-based screening framework rather than as a 

supervised novelty classification task. 

Results and Discussion 

This section presents the results of the semantic similarity 

analysis of Indonesian research proposal titles and discusses 

their implications for estimating novelty risk as a decision-

support indicator. The findings are described at an aggregate 

level, reflecting the unsupervised design of the study. Rather 

than generating automated decisions, the analysis aims to 

provide analytical insights that can assist evaluators in 

assessing proposal originality. 

Dataset Characteristics 

The dataset analyzed in this study consists of 52,084 

funded research proposal titles submitted between 2020 

and 2024. After administrative deduplication and data 

cleaning, a total of 44,429 unique proposal titles were 

retained for analysis, as shown in Table 1.  

The dataset spans 17 national research funding 

schemes with varying thematic scopes and submission 

volumes, thereby representing real-world conditions of 

national-scale research grant management. The 

distribution of proposal titles across funding schemes 

shows substantial variation in submission intensity. 

Schemes targeting early-career researchers and 

fundamental research account for a large proportion of 

proposals, while applied and strategic schemes exhibit 

relatively lower volumes. This variation provides 

essential contextual information for interpreting semantic 

similarity patterns and novelty risk across schemes. 

Results of Text Similarity Analysis 

Semantic similarity analysis was performed using a 

Top-K nearest neighbor strategy with cosine similarity 

across three text representation approaches: TF-IDF, 

Latent Semantic Analysis (LSA), and IndoBERT. As the 

study adopts an unsupervised design, the evaluation 

focuses on descriptive comparison of similarity 

characteristics rather than accuracy against ground truth 

labels, as shown in Table 2. 

The results demonstrate clear differences among the 

three approaches, as shown in Table 2 TF-IDF produces 

low average similarity values, reflecting its reliance on 

lexical overlap and its limited ability to capture semantic 

relationships beyond shared vocabulary LSA yields 

higher similarity values than TF-IDF, indicating 

improved sensitivity to latent thematic relationships. 

 

Table 1: Dataset Summary Before and After Administrative Deduplication 

Description Number of Records 

Initial dataset (funded proposal titles, 2020–2024) 52,084 

Duplicate titles identified (administrative repetition/Multi Years)  7,655 

Final dataset after deduplication 44,429 

 

Table 2: Average cosine similarity scores across text representation models 

Model Mean Top-K 

Similarity 

Median Top-K 

Similarity 

% Top-K ≥ 0.60 Mean Top-1 Similarity % Top-1 ≥ 

0.60 

TF-IDF 0.318 0.302 0.88 0.421 6.18 

LSA 0.666 0.657 71.57 0.747 92.97 

Indo BERT 0.806 0.809 99.92 0.833 99.98 
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IndoBERT produces the highest and most stable 

similarity values, highlighting its effectiveness in 

capturing contextual semantic similarity in short texts 

such as research proposal titles. These findings suggest 

that the choice of text representation model substantially 

influences the observed similarity patterns and, 

consequently, the interpretation of novelty risk. 

Similarity Distribution Results 

The high concentration of IndoBERT similarity scores 

should not be interpreted solely as evidence of superior 

semantic sensitivity. It may also reflect a compression 

effect in the embedding space, where many short proposal 

titles are mapped into a relatively narrow similarity range. 

As a result, IndoBERT appears highly effective for 

capturing broad thematic relatedness, but it may provide 

less dispersion for distinguishing finer-grained novelty 

differences among titles. This interpretation is consistent 

with the heatmap analysis, in which IndoBERT shows 

denser off-diagonal similarity patterns than TF-IDF and 

LSA. Therefore, the high-score concentration of 

IndoBERT should be understood both as a strength for 

detecting semantic proximity and as a limitation when 

similarity values are used as a proxy for novelty risk. 

An analysis of cosine similarity score distributions 

was conducted to examine overall semantic overlap 

patterns across the dataset, as shown in Fig. 2.  

TF-IDF similarity scores are concentrated at lower 

ranges, indicating sparse lexical overlap among proposal 

titles. LSA similarity scores are distributed around mid-

range values, reflecting its ability to capture latent 

semantic relationships while remaining constrained by 

linear vector representations. In contrast, IndoBERT 

similarity scores are predominantly concentrated at higher 

ranges with relatively low variance. The very high 

similarity concentration observed in IndoBERT should 

not be interpreted solely as stronger semantic precision. It 

may also indicate a compression effect in the embedding 

space, where many short proposal titles are mapped into a 

relatively narrow similarity range. 

 

 
 
Fig. 2: Distribution of cosine similarity scores for TF-IDF, LSA, 

and IndoBERT models 

In practical terms, this means that IndoBERT is highly 

sensitive to broad thematic relatedness, but may provide 

less dispersion for distinguishing finer-grained novelty 

differences among titles. This pattern is consistent with 

the heatmap results, where IndoBERT shows denser off-

diagonal similarity values than TF-IDF and LSA. 

Therefore, while IndoBERT appears effective for 

detecting general semantic proximity, its high-score 

concentration should be interpreted cautiously when used 

for novelty-risk screening. This distribution suggests that 

transformer-based contextual embeddings are more 

effective in identifying semantic proximity among 

research proposal titles, even when lexical forms differ 

significantly. The distribution analysis provides an 

empirical basis for defining analytical thresholds and 

supports novelty risk interpretation without relying on 

binary novelty classification. 
Fig. 3 shows the distribution of Top-1 similarity scores 

across TF-IDF, LSA, and IndoBERT. The boxplot 

indicates a clear shift in the central tendency and spread 

of similarity values across representation methods. TF-

IDF produces the lowest median similarity scores, 

reflecting its stronger dependence on explicit lexical 

overlap. LSA yields substantially higher scores, 

suggesting that latent semantic structure captures broader 

thematic relatedness beyond surface-level wording. 

IndoBERT exhibits the highest median similarity values 

and a comparatively concentrated distribution in the upper 

range, indicating that contextual embeddings generate 

denser semantic proximity among proposal titles. These 

patterns are consistent with the histogram-based results 

and further confirm that representation choice strongly 

affects how thematic similarity is quantified. 

Heatmap-Based Comparison of Similarity Patterns 

To provide a more intuitive comparison of local 

similarity structure across representation methods, 

heatmap-based visualization was applied to a subset of 10 

sampled proposal titles. Fig. 4 presents pairwise cosine 

similarity heatmaps generated using TF-IDF, LSA, and 

IndoBERT representations for the same sampled titles, 

allowing direct visual comparison across models.  
 

 
 
Fig. 3: Distributional comparison of Top-1 cosine similarity scores 

across TF-IDF, LSA, and IndoBERT representations 
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Fig. 4: Similarity heatmaps of 10 sampled proposal titles generated using TF-IDF, LSA, and IndoBERT representations 

 
The TF-IDF heatmap shows that most off-diagonal 

values remain close to zero, indicating that lexical-based 

matching captures only limited overlap among titles. This 

pattern suggests that TF-IDF is highly selective and 

primarily sensitive to direct word-level similarity. As a 

result, titles that do not share many surface-level terms are 

less likely to be identified as strongly related under this 

representation. The LSA heatmap reveals a moderate 

increase in off-diagonal similarity values, suggesting that 

latent semantic relationships begin to emerge after 

dimensionality reduction. Compared with TF-IDF, LSA 

produces a richer local similarity structure, indicating that 

semantically related titles can still be identified even when 

explicit lexical overlap is limited. This intermediate 

pattern is consistent with the role of LSA in capturing 

broader thematic associations beyond exact term 

matching. Among the three methods, IndoBERT displays 

the densest similarity pattern, with consistently higher off-

diagonal values across many title pairs. This finding 

indicates that IndoBERT is more effective in capturing 

broad semantic relatedness between proposal titles. At the 

same time, the relatively uniform high-similarity pattern 

suggests a narrower discriminative range compared with 

TF-IDF and LSA. In this sense, IndoBERT appears to 

cluster titles more strongly in the semantic space, but the 

dense visual structure also indicates that similarity values 

are more compressed for this corpus. 

Overall, the heatmap comparison complements the 

quantitative findings reported earlier. TF-IDF produces a 

sparse similarity structure, LSA provides an intermediate 

representation with moderate semantic grouping, and 

IndoBERT yields the strongest and most consistent 

semantic clustering. These visual differences confirm that 

the choice of text representation substantially affects how 

semantic proximity is captured in large-scale proposal 

title analysis. 

Illustrative Examples of Similarity Scores 

To complement the aggregate similarity distributions, 

several representative title pairs were examined 

qualitatively in order to clarify how similarity scores 

should be interpreted across different representation 

methods. Table 3 presents three illustrative examples 

corresponding to lower lexical similarity, moderate 

thematic similarity, and high semantic similarity. These 

examples help show that TF-IDF, LSA, and IndoBERT 

do not respond identically to the same title pair, but 

instead capture different aspects of textual proximity. 

Accordingly, the table is intended to support 

interpretation of the numerical results by linking 

similarity scores to concrete differences in topic, 

terminology, and semantic focus. 

Table 3 provides qualitative examples to clarify how 

similarity scores should be interpreted across 

representation methods. In the first example, both titles 

concern damage detection, but they differ in application 

context, namely vehicle diagnostics and road monitoring. 

This results in relatively low TF-IDF similarity, while 

LSA and IndoBERT still capture broader thematic 

relatedness. The second example reflects moderate 

thematic similarity, as both titles are situated in the 

domain of advanced material engineering and share 

partially overlapping terminology related to carbon 

nanotubes, although their specific chemical systems and 

end applications differ. The third example shows strong 

semantic proximity across all three methods, especially in 

LSA and IndoBERT, because both titles address legal 

protection in the context of fintech peer-to-peer lending in 

Indonesia and share substantial thematic as well as lexical 

overlap. These examples reinforce that similarity scores 

in this study represent degrees of thematic closeness 

rather than definitive judgments of duplication or 

scientific originality. 

Novelty Risk Interpretation 

A cosine similarity threshold of ≥ 0.60 was applied as 

an analytical indicator to flag potential semantic overlap.  
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Table 3: Illustrative examples of title-pair similarity across TF-IDF, LSA, and IndoBERT 

No Example 

Category 

Proposal Title A Closest Title B TF-

IDF 

LSA IndoBER

T 

Brief 

Interpretation 

1 Lower 

lexical 

similarity 

sistem deteksi kerusakan 

melalui on board 

diagnostic kendaraan 

menggunakan 

microcontroller berbasis 

nirkabel untuk 

mendukung sdgs 9 

deteksi kerusakan jalan 

raya secara real time 

berbasis perangkat 

bergerak dengan 

convolutional neural 

network 

0.3366 0.6194 0.7840 Related in broad 

topic, but with 

limited lexical 

and thematic 

overlap 

2 Moderate 

thematic 

similarity 

pengembangan katalis 

heterogen nano seng 

oksida berpenyangga 

multi-walled carbon 

nanotubes mwcntsz untuk 

transesterifikasi minyak 

kesambi 

sintesis komposit fe2o3 

mxene multiwall carbon 

nanotubes mwcnt dengan 

prekursor alami etilen-

gelatin untuk produksi 

hidrogen 

0.4666 0.7715 0.8619 Shared thematic 

area with 

partially 

overlapping 

terminology 

3 High 

semantic 

similarity 

kepastian hukum sebagai 

upaya perlindungan 

hukum terhadap praktek 

fintech peer to peer 

lending di indonesia 

penguatan pengaturan 

fintech peer to peer 

lending dalam upaya 

memberikan perlindungan 

terhadap pengguna 

layanan yang berkeadilan 

0.6864 0.9047 0.8690 Strong thematic 

and semantic 

proximity with 

substantial 

shared 

terminology 
 

This threshold is not treated as a universal or 

deterministic boundary, but rather as an early warning 

signal to support further qualitative evaluation. In this 

study, novelty risk is defined as the relative potential for 

low novelty indicated by high semantic similarity between 

a proposal title and previously funded titles. Novelty risk is 

derived from aggregated similarity indicators, including 

Top-1 similarity values, similarity score distributions, and 

the proportion of titles exceeding the similarity threshold. 

By positioning novelty risk as a relative and context-

dependent construct, the analysis avoids binary novelty 

decisions and aligns with the intended role of the proposed 

approach as a decision support mechanism. 

Results Across Research Schemes 

Similarity analysis conducted at the research-scheme 

level revealed broadly consistent Top-1 similarity patterns 

across funding programmes, with only limited variation 

between categories. While some schemes showed slightly 

higher or lower average similarity values, the overall 

results indicate that semantically related proposal titles 

are distributed across multiple schemes rather than 

concentrated in a single programme type. These scheme-

level patterns suggest that semantic proximity is a general 

feature of the dataset and should be interpreted in relation 

to the thematic context of each scheme. 

Although the average Top-1 similarity values reported 

in Table 4 are numerically close, this pattern is still 

informative. The concentration of scores within a similar 

range suggests that semantic proximity among proposal 

titles is consistently observed across multiple research 

schemes, rather than being limited to a single category. 

Therefore, Table 4 should be interpreted not as evidence 

of large numerical contrasts between schemes, but as an 

indication of relatively stable thematic similarity patterns 

throughout the dataset. This consistency further suggests 

that the proposed screening framework may be applied 

across schemes in a broadly uniform manner. 
The scheme-level results also indicate that 

semantically related proposal titles are not confined to one 

specific programme category. Instead, thematic overlap 
appears across a range of schemes, including academic, 
collaborative, and applied research programmes. This 
finding is important because it suggests that similarity-
based screening may support proposal evaluation across 
diverse funding contexts, while still requiring contextual 

interpretation by reviewers. Accordingly, the reported 
scheme-level patterns should be understood as 
comparative analytical signals rather than definitive 
classifications of proposal originality. 

Discussion and System-Level Implications 

The results indicate a clear progression in semantic 

sensitivity across the three representation methods. TF-

IDF remains highly dependent on direct lexical overlap, 

LSA captures broader latent relationships, and IndoBERT 

provides the strongest semantic grouping among titles. 

These differences suggest that model selection has 

important implications for how thematic proximity is 

identified in proposal screening systems, particularly 

when the objective is to support consistent, scalable, and 

interpretable early-stage evaluation. 

Summary of Results and Discussion 

Overall, the findings show that semantic similarity 
analysis can provide a practical basis for identifying 
proposal titles that are closely related to previously funded 
work. The comparative results also confirm that 
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representation choice strongly influences the range and 
structure of similarity values, from sparse lexical matching 
in TF-IDF to denser semantic clustering in IndoBERT.This 
makes similarity-based analysis particularly useful in large-

scale and resource-constrained evaluation environments 
where rapid preliminary screening is needed. 

These findings should be interpreted cautiously, 
particularly because semantic similarity is used in this study 
as an indicator of novelty risk rather than as a direct 
measure of scientific novelty. A more detailed discussion 

of these limitations is presented in the following subsection. 

Limitations of Similarity-Based Novelty Screening 

This study has several limitations that should be 

acknowledged. 

First, the analysis is conducted in an unsupervised 
setting without manual annotation or labelled novelty 
ground truthTherefore, the reported similarity patterns 
cannot be interpreted as definitive evidence that the model 
directly measures scientific novelty. Instead, the 
framework should be understood as identifying semantic 

proximity that may indicate novelty risk. 
 
Table 4: Similarity Results across Research Schemes 

No  Research Scheme Number of 

Proposals 

Mean 

Top-1 

Similarity 

Median 

Top-1 

Similarity 

% Top-1 

≥ 0.60 

Novelty 

Risk 

Analytical 

Interpretation 

1 Strategic Research 

Collaboration 

337 0.8690 0.8621 99.70% High (low 

novelty) 

High thematic 

concentration 

2 Inter-University 

Research 

Collaboration 

314 0.8440 0.8474 100.00% Medium Similarity patterns in 

collaborative schemes 

3 Early-Career 

Lecturer Research 

17,660 0.8360 0.8386 99.99% Medium Recurrent themes in 

early-stage proposals 

4 Early-Career 

Lecturer Research 

(Affirmation) 

722 0.8356 0.8387 100.00% Medium Recurrent themes in 

early-stage proposals 

5 Master’s Thesis 

Research 

5,493 0.8353 0.8375 100.00% Medium Academic research 

focus similarity 

6 Domestic Research 

Collaboration 

558 0.8349 0.8365 100.00% Medium Similarity patterns in 

collaborative schemes 

7 Fundamental 

Research – Regular 

5,159 0.8330 0.8360 99.98% Medium Limited thematic 

variation 

8 Doctoral 

Dissertation 

Research 

3,570 0.8327 0.8353 99.97% Medium Academic research 

focus similarity 

9 Applied Research – 

National 

Competitive 

176 0.8324 0.8304 99.97% Medium Limited thematic 

variation 

10 Basic Research – 

National 

Competitive 

552 0.8322 0.8319 99.97% Medium Limited thematic 

variation 

11 Applied Research – 

Institutional 

Excellence 

2,267 0.8296 0.8321 99.97% Medium Limited thematic 

variation 

12 Master-to-Doctoral 

Education Research 

936 0.8296 0.8328 99.89% Medium Academic research 

focus similarity 

13 Applied Research 1,358 0.8288 0.8308 99.97% Medium Limited thematic 

variation 

14 Applied Research 

Downstreaming 

Track 

238 0.8278 0.8328 99.97% Medium Limited thematic 

variation 

15 Basic Research 

Institutional 

Excellence 

3,350 0.8264 0.8299 99.97% Medium Limited thematic 

variation 

16 Basic Research 1,388 0.8236 0.8279 99.78% Medium Limited thematic 

variation 

17 Prototype Research 351 0.7883 0.7951 100.00% Medium Relatively higher 

thematic variation 
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Particularly when a proposal title appears thematically close 

to previously funded titles. Second, the analysis is based only 

on proposal titles rather than full proposal documents, which 

means that the semantic evidence available for assessing 

thematic overlap is necessarily limited. Short titles often 

compress complex research ideas into narrow textual 

expressions, making similarity estimates sensitive to shared 

terminology, writing conventions, and domain-specific 

phrasing. Third, semantic similarity should not be interpreted 

as equivalent to novelty. A title may appear highly similar to 

previously funded work while still offering a distinct 

contribution in terms of method, perspective, context, data, 

or application. Conversely, a title with lower similarity does 

not automatically guarantee substantive originality. As 

emphasized by Ghosal et al. (2022), novelty depends on what 

is new relative to previously known information, while 

(Ihnaini et al., 2024) describe semantic similarity primarily 

as a measure of semantic closeness. Jeon et al., (2023) further 

show that novelty in scientific texts may be examined 

through textual patterns, but such measures should still be 

interpreted cautiously within the broader scholarly context. 

Fourth, the threshold-based screening strategy proposed in 

this study is intended for early detection and decision 

support, not for automatic judgment or exclusion. The 

framework is therefore designed to support reviewer 

attention and prioritization, rather than to replace expert 

evaluation. 

Finally, the findings are derived from a specific 

national proposal dataset and may reflect the thematic 

structure, language patterns, and administrative 

characteristics of that corpus. For this reason, the 

generalizability of the results to other institutional, 

linguistic, or national research funding contexts should be 

considered with caution. 

Conclusion 

This study proposes an analytical framework for 
examining semantic proximity among research proposal 
titles using TF-IDF, LSA, and IndoBERT representations. 
The results show that each method offers distinct 

advantages, with TF-IDF providing stricter lexical 
discrimination, LSA capturing intermediate latent 
structure, and IndoBERT producing the broadest semantic 
clustering. These findings suggest that similarity-based 
analysis can serve as a useful decision-support component in 
proposal evaluation, particularly for early-stage screening. 

From a system perspective, the findings support the 

integration of similarity-based text analysis into research 

funding platforms to assist reviewers in identifying 

potentially overlapping proposal titles more efficiently. 

Such integration may improve the consistency, 

scalability, and transparency of preliminary proposal 

assessment, while still preserving the central role of expert 

judgment in interpreting thematic relevance and research 

contribution. 
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