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1 | INTRODUCTION

| Yasar Tonta’

Abstract

Delivering both relevant and topically diverse results is a key challenge in
information retrieval (IR). This study introduces a hybrid method that incre-
mentally refines rankings by combining probabilistic topic modeling (latent
dirichlet allocation [LDA]) with citation-based pennant retrieval grounded in
Relevance Theory (RT), optimizing for both relevance and diversity. A unified
scoring function fuses topic and citation cues, while a tunable weight parame-
ter makes the relevance-diversity trade-off explicit and transparent. Applying
this RT-guided approach to the iSearch corpus (435,000 physics papers, 3.7
million citations) across 65 queries, we evaluate relevance and diversity via
degree centrality, arXiv subject categories, and maximal marginal relevance
(MMR). Unlike prior methods that apply LDA or pennant retrieval
separately—or depend on post-hoc diversification such as MMR—this
approach integrates them directly and efficiently: LDA runs on local multi-
core CPUs, and pennant retrieval operates using sparse co-citation counts. The
combined technique retrieves both central and peripheral works, producing a
boundary-spanning effect that broadens conceptual coverage while improving
normalized discounted cumulative gain (NDCG) performance. Interactive
visualizations via LuminaCite depict how researchers can fine-tune results in
real time to reveal latent or interdisciplinary connections. Sensitivity and
robustness tests indicate that the proposed model is robust to hyperparameter
variation, first-stage retriever choice, and query reformulation.

context (Crestani, 2000; Ganguly & Jones, 2018;
Swanson, 1986a). Relevance in this sense is not solely

Information retrieval (IR) systems match user queries
with relevant papers, typically by aligning query
terms with the vocabulary used to describe content
(Chimah & Ude, 2020). Yet this seemingly straightfor-
ward task is complicated by term mismatches, includ-
ing synonymy, polysemy, and the inherent subjectivity
and variability of language across users, time, and

determined by lexical similarity but is shaped by users'
cognitive states, expectations, and effort (Mizzaro,
1998; Saracevic, 2007). Because of the complex and
dynamic nature of relevance, the ideal IR system
retrieving all and only relevant papers remains a theo-
retical construct (Mizzaro, 1997). In practice, relevance
rankings are indispensable tools that help users find
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satisfactory results efficiently, even when perfect
retrieval is unattainable (Lei et al., 2001; Tonta, 1992).

While IR systems typically rank papers by the degree of
term-matching or by their estimated probability of relevance
(Robertson, 1977), users often need more than just highly
similar or redundant results. Exploratory tasks particularly
benefit from diverse perspectives, varying subtopics, and
alternative applications of the queried topic. Diversity, there-
fore, emerges as an essential success criterion alongside rele-
vance for literature reviews, interdisciplinary research, and
creative problem solving (Kiiciiktung & Ferhatosmanoglu,
2011; Poetz & Priigl, 2010). An effective IR system should
retrieve topically relevant papers and encourage boundary
spanning, cognitive shifts, and serendipitous discovery
(Harter, 1992).

Topic modeling became a widely used technique for
generating relevance rankings by uncovering latent the-
matic structures in large collections. Among these, Latent
Dirichlet Allocation (LDA) is a prominent probabilistic
model that infers topic-word and document-topic distri-
butions from word frequency patterns (Blei et al., 2003;
Li & McCallum, 2006). However, its reliance on the “bag-
of-words” assumption limits its capacity to capture dee-
per semantic relationships, leading to terminological
ambiguities and topic overlaps (Guo et al., 2016; Nastasa
et al., 2024; Wu et al., 2007, 2008).

Citation-based methods provide an alternative path to
relevance estimation. Co-citation patterns offer insights
into conceptual proximity between papers and increase
IR performance significantly (Mayr & Mutschke, 2013).
They also allow for the detection of research communi-
ties and topical interest structures (Carevic &
Schaer, 2014; Han, 2020; Knoth et al., 2017; Kiiciiktung
et al.,, 2015; White, 2010). Citation-enhanced retrieval,
including literature-based discovery (Swanson, 1986b)
and pattern-based relationship extraction, reveals indirect
but meaningful connections across domains (Yang
et al., 2017). However, citation-based approaches depend
on citation accrual over time (“citation lag”) and often
require a predefined seed paper (Ke et al., 2015). The
search performance of the citation-based clusters can
vary unpredictably (Bascur et al., 2023).

Word- and citation-based methods suffer from domain-
specific vocabulary issues, citation delays, or dependence on
predefined seed papers. For example, LDA may overlook
synonymous or polysemous terms used across disciplines
while citation-based systems may miss relevant, recent, or
uncited papers (Kiicliktung et al., 2015; Zarrinkalam &
Kahani, 2012). Nevertheless, they can complement one
another. Combining citation data with topic modeling and
textual approaches improves recall, retrieves influential
works, and streamlines the performance of seed-based IR sys-
tems (Huang et al., 2016; Huang et al., 2018; Li et al., 2020;

Nguyen & Do, 2018; Sjogirde & Ahlgren, 2024; Wang
et al., 2013; Xia et al., 2012; Zhou et al., 2017). Since different
algorithms generate distinct sets of relevant papers, their inte-
gration promises richer, more complete retrieval, recognizing
the complex interplay between textual topics and citation
structures (Ballester & Penner, 2022; Croft, 2002).

This study proposes a hybrid retrieval approach inte-
grating LDA topic modeling with citation-based pennant
retrieval to produce rankings that are both topically rele-
vant and diverse. The goal is to generate rankings that
include both core and marginal papers that broaden the
scope of the query, thereby achieving incremental refine-
ment and boundary spanning. Pennant diagrams build-
ing on Relevance Theory (RT) and co-citation patterns
provide contextual depth that complements the probabi-
listic output of LDA. The resulting system allows users to
customize the relevance—diversity balance to suit their
specific research needs.

Recent advances in Large Language Models (LLMs)
offer alternative, semantic-rich approaches to retrieval
(Brown et al., 2020; Vaswani et al., 2017), but their opa-
que architectures limit transparency and control, espe-
cially in structured tasks like literature reviews. By
contrast, the proposed method provides an interpretable
and user-controllable mechanism for exploratory and
analytical search.

To assess its performance, we implemented the
method on the iSearch dataset. Results demonstrate that
augmenting LDA-based rankings with pennant retrieval
improves both relevance and diversity, offering a trans-
parent and adaptable solution for advanced academic
search.

The main contribution of this study is that it integrates
a topic model with White's pennant retrieval (2007a, 2007b)
and Sperber and Wilson's (1995) RT. This integration uses a
simple user-controlled weight that makes the balance
between relevance and diversity explicit and is compatible
with different seed selectors. We present an interpretable
RT-guided integration of pennant retrieval citation signals
and LDA topic cues, and release the LuminaCite prototype
and companion scripts to support transparency and reuse.
This study represents the first “large-scale” performance test
of pennant retrieval with expert relevance assessments
based on the iSearch corpus. Previous research on pennant
retrieval has primarily been exploratory and focused on case
studies (Akbulut, 2016; Akbulut et al., 2020; White, 2007a,
2007b, 2009, 2010, 2015).

2 | LITERATURE REVIEW

The quest for relevance remains the central notion in IR
(Lewandowski, 2009; Saracevic, 2007). Since the 1950s,
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relevance-based ranking and evaluation mechanisms
have underpinned the assessment of retrieval effective-
ness (Saracevic, 2007; Verma et al., 2016). Traditional IR
models emphasize topical relevance by exploiting textual
information (Carevic & Schaer, 2014; White, 2007b),
often neglecting novelty and diversity (Cosijn &
Ingwersen, 2000). Semantic gaps that arise when query
and document terms do not align demand retrieval strat-
egies that go beyond lexical matching. Approaches
addressing this include Natural Language Processing
(NLP) techniques broadly falling into word- and citation-
based categories (Cambria & White, 2014; Chen &
Décary, 2018). RT serves as a conceptual framework for
understanding how these methods operate and intersect.

2.1 | Word-based approaches

Probabilistic topic models uncover hidden thematic struc-
tures in large corpora by analyzing word co-occurrence
patterns (Boyd-Graber & Blei, 2010). LDA, a widely
adopted model, represents papers as mixtures of latent
topics, each characterized by a probability distribution
over words (Blei et al., 2003). This enables the extraction
of thematic information beyond binary keyword match-
ing (Griin & Hornik, 2011).

However, LDA's reliance on frequency-based and
context-independent assumptions requires large corpora to
produce coherent topics (Chen & Liu, 2014; Leydesdorff &
Nerghes, 2017; Nguyen & Do, 2018; Xie et al., 2019), while
paradoxically, increasing the number of topics may reduce
coherence (Hecking & Leydesdorff, 2018). Term-level com-
putation increases costs for large or multilingual corpora.
Its “bag-of-words” assumption disregards word order and
inter-document semantic relationships, limiting its ability to
model contextual richness (Chang et al., 2009; Ekinci &
Ilhan Omurca, 2020). The model also struggles with synon-
ymy and polysemy, thus introducing ambiguity. These limi-
tations can result in relevant papers being overlooked and
unrelated ones retrieved (Kiiciiktung et al., 2015). Moreover,
topic stability may be compromised due to the algorithm's
sensitivity to input order (Agrawal et al., 2018). Attempts to
mitigate these shortcomings include hybridizing LDA with
citation data, using semi-supervised learning, or integrating
context-aware models like BERT (Liu & Gu, 2023). Yet, fun-
damental semantic limitations persist.

2.2 | Citation-based approaches

Citation analysis compensates for the contextual limita-
tions of word-based methods by revealing intellectual
structure, thematic relationships, and scholarly influence.

Citations help map the conceptual landscape of scientific
fields. Incorporating citation information into IR algo-
rithms enhances ranking performance and supports rec-
ommender systems (Beel et al., 2016; Beel & Gipp, 2009;
Pao, 1993).

Two foundational citation methods are bibliographic
coupling (BC) and co-citation analysis. BC links papers
sharing references, identifying direct, static, and backward-
looking relationships (Akbulut et al., 2020; Carevic &
Mayr, 2014; Kessler, 1963; Vergoulis et al., 2019). Yet, it fails
to identify conceptually related works when few references
overlap (Ma et al., 2022; Martinho, 2022; Nandy et al., 2024;
Shen et al., 2019). In contrast, co-citation analysis captures
dynamic, direct, and indirect connections among disciplines
by measuring how often two papers are cited together and
maps the evolving intellectual structure of fields effectively
(Akbulut et al., 2020; Beel et al., 2016; Small, 1973; White &
McCain, 1998). However, co-citation methods require time
to accumulate data and can underperform in rapidly chang-
ing or under-cited fields. Topic-dependent variability also
influences clustering effectiveness: fields like medicine and
psychology are well represented, while natural sciences and
geography often are not (Bascur et al., 2023, 2025).

To address these limitations, RT offers a cognitively
grounded approach. Sperber and Wilson (1995) define
relevance as a trade-off between cognitive effect and the
processing effort. Higher relevance arises when signifi-
cant cognitive effects (e.g., insight or contradiction reso-
lution) are achieved with minimal mental effort. Howard
D. White operationalized this theory in IR through “pen-
nant retrieval” (White, 2007a, 2007b, 2009, 2010, 2015,
2016, 2018).

Pennant retrieval reinterprets the tf*idf formula from
Salton et al. (1975), replacing tf (term frequency) with co-
citation counts and idf (inverse document frequency)
with total citation counts. In pennant retrieval, tf repre-
sents cognitive effect or topical relevance of a seed paper,
and idf is a measure of processing effort or visibility.
Thus, a highly co-cited paper is considered cognitively
impactful whereas its total citation count represents ease
of processing. This presents a more holistic understand-
ing of relevance and yields a ranking that reflects both
topical similarity and cognitive utility.

The pennant approach also helps track conceptual
influence over time and identify interdisciplinary connec-
tions. For example, pennant retrieval outperformed the
Web of Science “related records” feature for Maron and
Kuhns' (1960) seminal paper, despite its sparse citation
profile (Akbulut et al., 2020). However, limitations per-
sist: it relies on seed papers, suffers from citation lag, and
may not independently capture diversity (Table 1 com-
pares these methods). These constraints highlight the
need for hybrid systems.
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TABLE 1 Comparison of basic citation analysis methods.
Bibliographic
Feature Co-citation analysis coupling Pennant retrieval (uses co-citations)
Definition The frequency with which two Two papers citing a Ranks papers co-cited with a seed paper based on

papers are cited together

Unit of analysis Cited papers

Nature Dynamic/forward-looking

Key strength Reveals evolving intellectual

structures of research areas

Key limitation Requires co-citations to

accumulate

Integration with No No
Relevance Theory

2.3 | Incremental refinement

High topical relevance alone is insufficient; diversity is
equally critical for exploratory tasks. Achieving both
simultaneously is challenging but essential, as diverse
results improve discovery, enhance user experience, and
engender serendipitous insights (Adomavicius &
Kwon, 2011; Bradley & Smyth, 2001; Herlocker et al.,
2004; McNee et al., 2006). Interdisciplinary results foster
broader understanding (Abramo et al., 2018; Akbulut,
2016; Rafols, Leydesdorff, et al., 2012; Rafols, Porter, &
Leydesdorff, 2012). The “filter bubble” effect of conven-
tional recommender systems can reinforce siloed reading
and citation habits by prioritizing items like past recom-
mendations, potentially hindering the cross-disciplinary
knowledge transfer essential for breakthrough discoveries
(Cunningham et al., 2025).

Relevance ranking algorithms typically prioritize a
list sorted by decreasing topical relevance, whereas
diversification strategies aim for a balanced list encom-
passing a broader spectrum of topics or perspectives (Li
et al., 2020). Techniques like maximal marginal rele-
vance (MMR) address this need by balancing query
relevance with novelty relative to already retrieved
items (Carbonell & Goldstein, 1998). Similarly, re-
ranking methods adjust topically ranked lists using fac-
tors such as diversity, popularity, or recency. Hybridi-
zation techniques like data fusion and cascade
computation combine complementary strengths of dif-
ferent methods, often outperforming single source
models (Baeza-Yates & Ribeiro-Neto, 1999; Jin et al.,
2008; Ma et al., 2022; Meng et al., 2002). Citation-based
clusters can effectively complement query-based
retrieval by capturing relevant but lexically dissimilar
papers (Bascur et al., 2023).

common third paper

Citing papers

Identifies historically
related research

Static view may miss
newer links

co-citation and total citation data

Papers co-cited with a seed article

Static/backward-looking Dynamic/forward-looking

Integrates Relevance Theory, emphasizes
cognitive effect and accessibility/diversity

Requires a seed paper; dependent on existing
citation data

Yes (core principle)

2.4 | State-of-the-art context and
study scope

Recent advances in IR are driven by LLMs and neural
retrievers, offering strong performance in semantic
retrieval, contextual understanding, and answer genera-
tion (Brown et al.,, 2020; Devlin et al., 2019; Metzler
et al., 2021; Vaswani et al., 2017). Retrieval-Augmented
Generation (RAG) architectures can further extend them
by incorporating external sources (Lewis et al., 2020).
They are often computationally demanding and less
interpretable than classical retrieval pipelines. Beyond
computational cost and interpretability, a more funda-
mental architectural distinction is also relevant: using
LLMs primarily for front-end query rewriting or expan-
sion does not in itself address how retrieved papers are
ranked. Although automatic query expansion improves
recall, added terms introduce noise when they drift from
the user's information need, thereby weakening ranking
quality (Carpineto & Romano, 2012). Recent empirical
evidence from Al-assisted discovery environments like-
wise suggests that such systems do not always provide a
clear topical relevance advantage over conventional
search results (Galbreath et al., 2025). By contrast, suc-
cessful systems such as PubMed Best Match adopt a two-
stage architecture combining first-stage retrieval with
machine-learning-based re-ranking to improve result
ordering (Fiorini et al., 2018).

Accordingly, rather than altering the query, this study
focuses on incrementally refining an initial LDA-based
ranking through transparent, traceable, and user-
controllable pennant-based post-processing. Our LDA
pipeline is locally computable and runs efficiently on
multi-core CPUs, while pennant retrieval operates over
co-citation counts. By contrast, LLM-based seed selection
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or re-ranking introduces additional latency and hardware
costs.

Moreover, beyond these architectural considerations,
LLMs' role in IR remains uneven. They often function as
Al-assisted interfaces layered over retrieval outputs rather
than as transparent retrieval mechanisms (Urs, 2025).
Research shows that LLMs struggle with complex queries,
that performance varies across models and domains, that
their longitudinal effect on IR benchmark studies is incon-
clusive, and that incomplete and fabricated answers remain
a persistent concern (Bogers et al., 2025; Ravuri et al., 2026;
Staudinger et al., 2026). Such fabricated outputs are linked
in part to prevailing evaluation practices penalizing uncer-
tainty and encouraging models to produce plausible but
false statements rather than explicitly acknowledging uncer-
tainty (Kalai et al., 2025).

Nonetheless, LLMs reshape IR at multiple levels,
including retrieval, user interaction, and the broader evalua-
tion ecosystem (Breuer et al., 2025). Here, we focus on
retrieval and examine whether LDA topic cues can be incre-
mentally refined with citation signals from pennant
retrieval in a transparent and user-controlled way. This
design remains compatible with LLM-guided seed selection
while preserving interpretability for literature reviews.

We also acknowledge the growing use of LLM-
assisted evaluation and its associated risks. Language
models assign relevance more liberally than human
assessors, are more likely to mark nonrelevant papers
containing query terms as relevant, and remain vulnera-
ble to spamming, bias, and hallucination effects (Alaofi
et al., 2024; Bogers et al., 2025). They cannot reliably
replace human judgment in automated relevance assess-
ment or seed selection workflows (Breuer et al., 2025;
Faggioli et al., 2024; Soboroff, 2025). Therefore, the pre-
sent study relies exclusively on established IR metrics.

This study does not aim to benchmark against current
end-to-end LLM-based systems, given the substantial dif-
ferences in dataset scale, task formulation, and computa-
tional requirements. Instead, it addresses a narrower but
well-defined problem: improving LDA-based retrieval
through pennant-based post-processing, grounded in RT,
to balance topical relevance and diversity in academic
search. Within this scope, we retained LDA as the main
first-stage retriever because it is interpretable, replicable,
and computationally efficient, while also providing a
transparent baseline for isolating the contribution of the
pennant-based post-processing step.

2.5 | Positioning the study and its
contribution

While topic models capture latent thematic structure,
they often provide limited contextual and relational

| JASIST BUIRER

nuance. Pennant retrieval, by contrast, is effective at
highlighting influential and conceptually related works,
but it depends on seed papers and existing citation patterns.
Although prior studies have combined topic modeling with
bibliometric signals in various ways (e.g., Nguyen &
Do, 2018; Zhou et al., 2017; Zou et al., 2021), few integrated
it with RT (e.g., Akbulut, 2022; Akbulut & Tonta, 2022).

This study addresses that gap by proposing and evalu-
ating a framework that incrementally refines LDA-based
rankings through context and influence signals derived
from White's pennant retrieval. It supports both topical
relevance and interpretable, user-controllable diversity
(Caballero & Akella, 2012; Jiang et al., 2014). Within this
framework, LDA contributes thematic breadth, corre-
sponding to cognitive effect across topics, whereas pen-
nant retrieval contributes citation-based coherence by
reducing processing effort around seed papers. We make
this trade-off explicit through transparent normalization
and weighting, making the integration process readily
interpretable to users.

This study does not introduce a new topic model or a
new pennant retrieval variant but develops an interpret-
able integration framework that makes the relevance-
diversity trade-off explicit, traceable, and adjustable. It
offers a transparent post-processing design for academic
retrieval to uncover conceptually related papers beyond
disciplinary boundaries, thereby supporting both rele-
vance and diversity in retrieval results. Additionally, it
presents LuminaCite, an interactive prototype platform
that enables user-driven query refinement and serves as a
proof of concept for the proposed method, demonstrating
its practical value for user-centered literature discovery.

This hybrid approach supports improved relevance
rankings and the discovery of marginal and interdisci-
plinary works. In doing so, it addresses common shortcom-
ings of standard IR systems, such as repetitive result sets,
echo chambers, and filter bubbles (Cunningham et al,
2025). By combining thematic extraction with citation-based
diversity through the LuminaCite platform, this study lays
the groundwork for future discovery-oriented and user-
controllable academic retrieval systems.

3 | DATA SOURCES AND
METHODS

3.1 | Data sources

This study used the iSearch test collection comprising some
435,000 physics papers from arXiv and over 3.7 million cita-
tions (Lykke et al., 2010). It also includes 65 search queries,
each embedded within a detailed scenario (“topic”) simulat-
ing a realistic information-seeking situation providing key-
words, describing information need, background knowledge,
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and an ideal answer. The “search_terms” provided in each
scenario were used as the operational query. Crucially, the
collection is enriched with expert relevance assessments for
65 queries, thereby offering a robust basis for evaluation.
Missing metadata such as subject categories was retrieved
from arXiv.org. Papers are distributed unevenly across physics
subcategories, “astrophysics” comprising 22% of all papers.
Some subject categories are listed under multiple archives.

The iSearch citation network is sparse (density = 0.0021),
with a median of five citations per paper (mean = 15). Co-
citation counts are correspondingly low (median = 1;
mean = 2), constraining the performance of the pennant
retrieval algorithm.

3.2 | Methods

This research employed both word frequency-based
approaches and citation relationships to generate rele-
vance rankings. Relevance was measured using centrality
values while diversity was assessed based on the primary
subject categories assigned in arXiv. Both intellectual
content and document context were considered. The pro-
cess creates an integrated list (LDA + pennant retrieval)
and personalizes the rankings (re-ranking) (Figure 1).

3.21 | Topic modeling LDA

LDA is a hierarchical Bayesian model assuming that each
paper is a probabilistic mixture of topics, and each word is

LDA Pennant Retrieval
Title + Abstract LDA output 4 Citations
— . —

Pre-processing The first N articles and their ]
Data cleaning references in the LDA output
Establishing the optimal Co-citation and total citation

number of topics counts

Integrated
LDA Pennant retrieval
output % output

Equalizing list lengths
Normalization
Integration

FIGURE 1 Relevance ranking process.

associated with them, enabling the estimation of a paper's
relevance to a specific topic as a probabilistic value.

Formula 1 expresses the underlying generative pro-
cess of the LDA algorithm and the joint probability of the
observed data: papers (p), words (W), topics (Z). Each
paper has a topic mixture (6, controlled by the parameter
a) determining the proportion of topics it comprises.
Each topic, in turn, has a unique word distribution (¢,
controlled by the parameter f) indicating which words it
likely contains. Each word in a paper is generated by first
probabilistically selecting one of the associated topics and
then probabilistically drawing a word from that topic's
distribution. The overall probability of the model is calcu-
lated by multiplying the probabilities of the formation of
paper-topic, topic-word, and word selection distributions
(Formula 1). In essence, it forms the mathematical basis
for probabilistically modeling the latent topic structure of
texts based on observed word data.

p(W,Z,0,¢p;a, )

= Hp(gj;a) Hp(fﬂﬁﬂ) HP(Zj,t|9j)P(Wj,t|(PZj,z) (1)
=1 i=1 =1

The success of this model largely depends on data quality;
therefore, a careful preprocessing and data cleaning process
was conducted before applying the LDA algorithm to the
iSearch dataset. It comprised lowercasing, stemming, and
tokenizing words in the titles and abstracts of papers and
excluding stop words for physics (ADS Team, 2008). After
removing 3617 papers (0.8%) with fewer than 25 words in
their metadata, the LDA algorithm was applied to the remain-
ing 431,196 papers using the Gensim (version 4.1.2) library in
Python (settings: alpha = “symmetric”, iterations = 50,
gamma_threshold = 0.001, minimum_probability = 0.01).

Four metrics (Arun et al., 2010; Cao et al., 2009;
Deveaud et al., 2014; Griffiths & Steyvers, 2004) were used
to determine the optimum total number of topics (k), a criti-
cal parameter for LDA (Gldser et al, 2017). It ranged
between 110 and 130 for the iSearch dataset (see https://
mugeakbulut.com/incremental_refinement/optimal_topic_
number_for_iSearch.html). One (Deveaud et al., 2014) was
excluded due to inconsistencies with the others as it was
developed for different evaluation contexts (Holliger, 2018),
and k was set at 130. The effect of Dirichlet prior parame-
ters, @ and f, on prediction performance is limited in large
corpora (Wallach et al., 2009; Zhang et al., 2015; Zhang
et al., 2016). Therefore, we adopted a symmetric document—
topic prior and standard convergence settings, consistent
with common practice for large corpora. The statistics
(e.g., unique word count, paper count) calculated before
applying the LDA algorithm to iSearch dataset are compati-
ble with a medium-sized model.
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FIGURE 2 Example pennant retrieval visualization.

3.2.2 | Pennant retrieval algorithm

This method calculates relevance based on co-citation
frequency using a modified tf*idf weighting formula
(Manning & Schiitze, 2000):

Relevance = tf xidf = (1+ log(tf)) « log(N/df)  (2)

Here, tf represents the number of co-citations a paper
shares with the seed paper(s), df denotes the total citation
count of the co-cited paper, and N is the overall size of
the iSearch dataset (N = 434,813 papers).

High relevance scores are obtained when (f and idf
values are similar (Akbulut, 2016). Pennant diagrams visu-
alize these relationships by plotting cognitive effect (1 + log
(tf)) against ease of processing (log(N/df)). Figure 2 shows
an example for Cooper (1988) as seed. Papers that appear in
section A tend to be semantically closer to the seed in terms
of relevance and specificity. The ones in sections B and C
are decreasingly less relevant, thereby making them harder
to associate with the seed.

323 |
design)

Seed selection strategy (modular

Pennant retrieval is effective for identifying core sources,
but requires seed paper(s), and ranking cannot be fixed
in advance because it depends on observed co-citation
counts. We mitigated these limitations by using pennant

retrieval as a post-processing step over an initial ranked
list: all papers in the collection remained available in the
final integrated ranking, while the influence of pennant
retrieval was concentrated on top of the list.

For seed selection, we identified the top five query-
relevant papers as seeds via LDA and applied pennant
retrieval to them (Figure 3). When seed selection is
noisy, post-processing based on co-citation can
amplify that noise within the local citation neighbor-
hood. This risk is especially relevant in sparse citation
settings. Therefore, we chose LDA-based seeds, as they
provided a transparent, replicable, interpretable, and
stable starting point to evaluate pennant retrieval's
contribution.

This modular framework is “seed-agnostic”. The
user-controlled downstream integration procedure of
min-max normalization remains unchanged regardless of
the first-stage retriever and is compatible with LDA and
dense retrievers of SBERT and SPECTER, as examined
later. We set the number of seeds to five to balance stabil-
ity and computational cost.

The platform operates over the iSearch collection. It
combines LDA, applied to titles and abstracts, with
citation-weighted ranking based on the pennant retrieval
algorithm. Query processing is accelerated through
Pandas-based data handling and parallel computation on
a macOS ARM64 system with a 10-core CPU. The plat-
form is implemented in Python 3.9.12 using the Flask
framework and an SQLite backend for efficient retrieval
management.
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FIGURE 3 Application of the pennant retrieval algorithm (for interactive version, see https://mugeakbulut.com/incremental

refinement/fig3.html).
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3.24 | Integration of rankings

The LDA algorithm produces a similarity score between the
query and all papers with summaries, yielding a fixed-
length ranking. In contrast, the pennant-based list varies in
length depending on co-citation frequency. To integrate
them, the pennant ranking is used as the base, and both

lists are equalized in length through interpolation or trunca-
tion. Scores from each are then normalized using min-max
normalization and merged (Figure 4).

We used Formula 3 for normalization:

Xnormalized = x— (3)
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The min-max values are converted to 0 and 1, respec-
tively, and all others are transformed into decimal
numbers in between (Thara et al.,, 2019). Papers
appearing in both rankings are assigned the higher of
their two normalized scores in the integrated list
(e.g., Paper Z). For papers lacking summaries
(e.g., Paper V), no LDA scores can be calculated. Yet,
they appear in the integrated list via pennant retrieval
if co-citation data exists. Once the list reaches its full
length, remaining high-scoring papers from the origi-
nal LDA list that were initially excluded are appended
to the end, beginning with the highest ranked
(e.g., Paper U onward in Figure 4). This approach
ensures topical relevance is preserved while filling the
tail end of the list with strong LDA-based candidates.

3.2.5 | Personalization of relevance rankings
The integrated ranking is adjusted to prioritize either
highly relevant or diverse papers depending on user pref-
erences. Users can modify the weights to emphasize
either the pennant retrieval or LDA scores (or some com-
bination thereof). When papers appear in both lists, their
scores in the personalized version reflect the emphasized
algorithm rather than the maximum of both normalized
scores.

3.3 | Platform interface and user
interaction

A key contribution of this study is LuminacCite, a proto-
type platform operationalizing the incremental refine-
ment model through an interactive interface. It
provides a dynamic search environment where users
can control the balance between relevance and diver-
sity using a slider and apply various filters (Figure 5).
Search results are visualized through interactive pen-
nant diagrams and topic distribution graphs, enabling
users to explore the semantic and citation structure of
the literature. When a subject is selected from the pen-
nant diagram, relevant papers are highlighted with
bold borders and dark colors.

The system defaults to w=0.5 (e.g., a 50-50
relevance—diversity ratio) unless otherwise specified.
The ranking is updated in real time as users adjust the
slider. Each result includes metadata, LDA, pennant,
and integrated scores (Figure 6). LuminaCite provides
both an intuitive and controlled IR experience,
enabling users to expand their queries and discover
new connections.

3.4 | Performance evaluation

Both relevance and diversity were evaluated. As only a
small fraction of papers in the iSearch dataset (<2%)
include relevance assessments, degree centrality within
the citation network was used as a proxy for relevance
(Giustolisi et al., 2020; Marujo et al., 2017; Ribeiro & de
Matos, 2011). Centrality scores were calculated within
each paper's primary arXiv subject category using the
NetworkX Python package. To assess ranking perfor-
mance, Discounted Cumulative Gain (DCG) and normal-
ized DCG (NDCG) metrics were applied.

DCG measures the performance of a ranking by sum-
ming the relevance scores of papers, with each score dis-
counted by the logarithm of its rank, assuming that
highly relevant papers are more useful when they appear
earlier in the ranking and thus given more weight. The
DCG at a particular rank position p is formally
defined as:

p reli
DCG = —_— 4
cG Zi:l log,(i+1) “)

where rel; is the relevance score of the paper at position i.

To allow for the comparison of rankings of different
lengths, DCG is normalized (NDCG) by dividing the
DCG score by the Ideal DCG (IDCG), which is the DCG
score of the best possible ranking up to position
p (Formula 5). An NDCG score of 1.0 indicates a perfect
ranking (Schuler et al., 2022).

NDCGp = DCGp/IDCGp (5)

NDCG is one of the most stable and sensitive IR perfor-
mance metrics (Sakai, 2007a). To assess the effectiveness
of the integrated method on LDA and pennant retrieval,
we applied a bootstrap resampling procedure and drew
10,000 random samples (with replacement) from the
query set. For each sample, we calculated the mean
NDCG values at various cut-off points along with confi-
dence intervals.

Diversity was measured by counting the number of
unique primary arXiv subject categories present in the top
50 results. As arXiv categories are independent of LDA
topics, they help avoid bias in measuring diversity. To
benchmark diversity performance, the MMR algorithm was
applied post-hoc to the ranking lists produced by LDA, pen-
nant retrieval, and their integration (rather than MMR algo-
rithm functioning as a primary ranking method). This
allowed for comparison between a standard method
(Shannon diversity index) and the inherent diversity gener-
ated by LDA and pennant retrieval algorithms.
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FIGURE 5 Screenshot of the interactive pennant diagram.
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A highly-asymmetric "psi'' factory" may be the best approach for studying DO anti-DO mixing.
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The latest results for the B Hadron sector at the Tevatron Collider are summarized. The properties of B Hadrons can be precisely measured at the
Tevatron. In particularly we will focus on the masses and lifetimes. The new Tevatron results for the CP violation in B Hadrons will be also discussed.
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FIGURE 6 Screenshot of the relevance ranking.

MMR algorithm selects papers with both high relevance query (Sim;) and dissimilarity to previously selected papers
to the query (Q) and minimally redundant (i.e., diverse), (Sim,). This balance is controlled by the parameter A
and improves IR performance (Yang et al., 2007). It starts (0 <1 <1), where higher values prioritize relevance and
with the paper most relevant to the query and then itera- lower ones favor diversity. The selection maximizes the fol-
tively adds new ones (D;) by balancing relevance to the  lowing function (Carbonell & Goldstein, 1998, p. 335):
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TABLE 2
and the integration function.

Comparison of maximal marginal relevance (MMR)

Integration

Feature algorithm MMR algorithm

Purpose Incremental Incremental
refinement via high refinement via
relevance values from  marginal relevance
LDA and pennant

Method Score merging Systematic re-

ranking

Input Term frequencies Paper-to-paper
(LDA), citations similarity and
(pennant) query-to-paper

similarity

Personalization ~Weighting of pennant 1 (lambda) control

and LDA algorithms

Abbreviations: LDA, latent dirichlet allocation; MMR, maximal marginal
relevance.

MMR = Arg max{D; € R|S} [,1 x Simy (D;, Q) — (1— 1)

X max{Dj € S}Simz (Di, Dj)}
(6)

where Sim;(D;, Q) is the relevance of paper D; to
query Q; Simy(D;, Dj) is the similarity between D; and
already selected paper Dj; R[S is the set of remaining
(unselected) papers; and 4 adjusts the relevance-diversity
trade-off.

MMR's goal of creating a relevant and diverse result
set closely aligns with that of the integration algorithm.
However, their approaches differ significantly; MMR
reduces redundancy through an iterative penalization
process based on a greedy approximation, which implic-
itly assumes that similar papers will cover similar aspects
(Santos et al., 2010). In contrast, the proposed integration
algorithm promotes diversity more naturally by combin-
ing distinct relevance signals (LDA and citation scores)
without penalization. Personalization is achieved via the
A parameter in MMR and algorithm weighting in the
integration approach (Table 2).

Finally, robustness tests were conducted to assess
whether performance remained stable under alternative
conditions. They examined sensitivity to the LDA topic-
number setting, tested whether the pennant post-
processing step remained effective when LDA was
replaced with two neural models, and evaluated robust-
ness to query reformulation using paraphrased variants
of the original iSearch queries. Together, these analyses
extend the performance evaluation beyond the main
ranking metrics and provide a broader basis for interpret-
ing the stability of the proposed framework.
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FIGURE 7 Comparison of algorithms based on relevance
values.

4 | FINDINGS AND DISCUSSION

The optimal relevance ranking developed in this study is
designed to include both highly relevant and thematically
diverse papers. To achieve this, LDA and pennant
retrieval algorithms were combined to generate rankings
prioritizing relevance and capturing topical diversity.
Rather than assigning a single overall score to each rank-
ing, we analyzed their specific characteristics.

4.1 | Features emphasized by algorithms
The first 50 results of LDA, pennant, and incrementally
refined integrated retrieval algorithms were evaluated for
relevance and subject diversity. Figure 7 shows average
relevance values across 65 queries at various cut-off
points. Relevance is calculated from the degree centrality
(centrality-as-relevance) scores of papers in the iSearch
collection, summing to 1 (Ribeiro & de Matos, 2011,
p. 280). Figure 8 presents Shannon diversity index values.

Pennant retrieved more relevant papers across all
cut-off points, while LDA ranked more topically diverse
papers higher. The integrated ranking captured the
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FIGURE 8 Comparison of algorithms based on Shannon

diversity index. For interactive version, see https://mugeakbulut.
com/incremental_refinement/fig7-8.html.

strengths of both: retrieving highly relevant papers and
expanding topical diversity.

This combined ranking mirrors MMR's conceptual
approach of balancing relevance and diversity. For vali-
dation, MMR was applied to all three rankings with the
relevance-diversity balance (4 = 0.5). Dotted lines in Fig-
ures 7 and 8 reflect the outcomes after MMR re-ranking.

MMR applied to pennant retrieval improved rele-
vance at all cut-off points but 15 by pushing similar
papers lower and elevating topically distinct yet still rele-
vant ones. As the pennant algorithm tends to load papers
on similar topics first, relevance scores generally decline
more steeply as cut-off thresholds increase. MMR coun-
teracts this by promoting marginal yet relevant papers to
the top. The small increase in relevance at cut-off point
15 for pennant retrieval (Figure 7) reflects this dynamic:
highly co-cited relevant papers are elevated in the rank-
ing even if they are on the same topic. They can still rise
in the rankings due to their strong co-citation scores, as
this is not penalized in pennant retrieval, unlike MMR.

When applied to the integrated ranking, MMR
improved relevance in the top 25 results. Beyond that,
the difference diminished, likely due to the influence of

pennant retrieval in the integrated model placing rele-
vant papers on similar topics at the top before adding
marginal ones. Since the iSearch corpus has low citation
density (0.0021), marginal papers appear earlier. In
denser corpora, such a shift would likely occur at later
cut-off points.

Regarding diversity (Figure 8), LDA outperformed the
others due to its word-based similarity model. Pennant
retrieved highly relevant papers with strong topical cohe-
sion. As unrelated papers rarely co-cite the same papers,
diversity in pennant-based rankings is lower, unless cited
papers span multiple disciplines (Waltman & Van
Eck, 2012).

However, applying MMR increased diversity across
all methods and cut-off points. Pennant retrieval, despite
its initial topical tightness, brought boundary-spanning
papers with cross-disciplinary connections into top ranks
when MMR promoted them based on high relevance but
low redundancy. These often-overlooked marginal papers
tend to be the most impactful for cross-disciplinary
discovery.

In summary, LDA supports topic diversity, while pen-
nant retrieval emphasizes relevance through citation pat-
terns. Their integration produces rankings that balance
core and marginal relevance, enhancing both topical
breadth and discovery potential.

4.2 | Overall performance evaluation of
rankings: DCG and NDCG

IR metrics should reward algorithms retrieving most rele-
vant papers early in the ranked list (Giner, 2022;
Sakai, 2007b). To assess ranking performance, we used
DCG and its normalized form (NDCG) that accounts for
the ideal ranking to make comparisons across different
algorithms. DCG evaluates the concentration of relevant
papers at the top of a ranked list. DCG values are divided
by the ideal relevance ranking to obtain normalized
values within the 0-1 range based on centrality-
as-relevance values of papers.

The pennant retrieval algorithm yields the highest
average DCG scores across 65 queries, indicating its
strength in retrieving highly relevant papers in the top
ranks (Figure 9). However, the integrated ranking outper-
forms all others when measured by NDCG in terms of
relative closeness of each ranking to the ideal one. Higher
NDCG values suggest that the proposed integrated algo-
rithm offers a ranking structure that more closely mirrors
the ideal relevance distribution.

Detailed analysis at various cut-off points
(Figure 10) further illustrates this trend. DCG values
increase across all algorithms as more papers are
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algorithms. Interactive version available at: https://mugeakbulut.com/data/incremental_refinement/fig9.html.
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FIGURE 10 Average discounted cumulative gain (DCG) (top) and normalized discounted cumulative gain (NDCG) (bottom) values of

algorithms at various cut-off points. For interactive version, see https://mugeakbulut.com/incremental_refinement/fig10.html.

retrieved (top), but the integrated model consistently
offers relevant papers at higher ranks. Its advantage is
likely due to combining the strengths of both methods:
like pennant retrieval, it places highly relevant papers

at the top, and, with support from LDA, it retains mod-
erately relevant yet topically diverse papers at reason-
able ranks. This yields a more balanced relevance
curve closer to the ideal.
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The limitations of the standalone algorithms are also
evident: pennant retrieval tends to load highly relevant
but thematically homogeneous papers in the top ranks,
while LDA seems to sacrifice relevance for diversity. Both
tendencies depress NDCG values. The integrated model
improves normalized gain by balancing the two and
delivers a more relevant and more stable ranking closer
to the ideal one. However, a bootstrap analysis compar-
ing the mean NDCG values of three algorithms did not
produce statistically significant differences (https://
mugeakbulut.com/data/LDA_pennant/paired_bootstrap_
10k.html). This outcome is likely attributable to inherent
dependencies across ranked lists and queries. The ranked
lists for each query share topic-model cues and citation-
based features. The pairs of performance values for each
query are not statistically independent (Wilbur, 1994,
p- 271). These violate the independence assumptions that
resampling-based inference relies on. Moreover, the dis-
tributions of NDCG values across retrieval methods are
not identical (Figures 9 and 10).

Within such contexts, bootstrap resampling may not
yield meaningful inferential distinctions beyond what
descriptive comparisons already convey. Given this, we
focus on descriptive analysis of performance trends such
as topical overlap, coverage, novelty, the effects of co-
citation density, and algorithmic behaviors of retrieval
methods.

4.3 |
novelty

Topical overlap, coverage and

We also evaluated performance using “coverage” and
“novelty” metrics (Figure 11), which measure their suc-
cess in accessing both known relevant and previously

Coverage

Novelty

100 100
75 - 75
D
% £
5 50 g 50
g )
3 z
25 25
0 0

unknown but potentially relevant topics, respectively. We
considered the topics of papers cited in the bibliographies
of the seed papers as “known relevant”’, otherwise
“unknown but potentially relevant” in the first 50 results.

The integrated ranking and LDA show similar
median coverage values, both outperforming pennant
retrieval. The integrated model exhibits a bimodal distri-
bution concentrated around 75% and 100% coverage, sug-
gesting that combining LDA and pennant retrieval
produces rankings with known relevant topics more
effectively and covers query topics more broadly.

For novelty, they achieved comparable median values
(50%). Occasional dips to 0% indicate that some rankings
are highly focused on core topics, especially in their top
results. That the pennant retrieval algorithm occasionally
reaches a 100% novelty ratio highlights its strength to
uncover marginal topics through sparse co-citation net-
works. LDA and the integrated model tend to hover
around 90%, indicating a more consistent but slightly
narrower range of topical discovery.

4.4 | Effect of co-citation density and
algorithm behavior

Co-citation density plays a critical role in shaping the
behavior of the pennant retrieval algorithm and, by
extension, the integrated ranking. To explore this, we
examined the effect of co-citation count (¢f) by grouping
queries into two categories: {f <5 and tf >5. Co-citation
density has opposing effects on relevance and diversity
(Figures 12 and 13). The integrated ranking achieves
higher relevance but lower diversity in relatively higher
co-citation density environments (¢f >5). Conversely,
diversity improves while relevance diminishes in sparser

FIGURE 11 Coverage and novelty

—&— LDA  —®— Pennant Integrated

values. For interactive version, see https://
mugeakbulut.com/incremental_refinement/
figl1l.html.
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relevance (MMR) effect for the integrated ranking (¢f threshold <5).

ones (tf <5). The effect of the MMR algorithm also varies
with co-citation density, boosting relevance primarily in
the top ranks in high-density contexts, but influencing a
broader portion of the ranking in low-density cases.

Contributions of LDA and pennant retrieval to the inte-
grated ranking shift modestly with co-citation density
(Figure 14). In lower-density environments (ff <5), both
algorithms contribute similarly (median =25). In
higher-density environments (¢f >5), pennant retrieval con-
tributes slightly more (median = 27.5) than LDA (22.5),
indicating that pennant retrieval exhibits a more pro-
nounced overall influence across the first half of the list
where co-citation patterns are more informative. Con-
versely, in sparser co-citation settings, LDA maintains
greater influence by establishing broader thematic breadth.
The integrated model demonstrates adaptability to varying
citation conditions, preserving the complementary strengths
of both approaches. Notably, even in corpora with low cita-
tion density such as iSearch, pennant retrieval still contrib-
utes effectively by identifying both core and marginally
relevant papers that LDA may overlook.

4.5 | Sensitivity and robustness tests

We examined the proposed model's sensitivity to LDA
hyperparameters and its robustness to alternative first-stage

(MMR) effect for integrated ranking (¢f threshold >5). For
interactive version, see https://mugeakbulut.com/incremental
refinement/figl2-13.html.

retrievers and query variants. As noted earlier, the number
of topics (k) is the most consequential LDA parameter. We
identified k = 130 as the best-supported configuration and
stress-tested whether the post-processing step depends on
this choice by also evaluating k = 50 and k = 200.

As expected, LDA's absolute performance varies with
k (Figure 15). The best-supported setting (k = 130)
yielded the highest median NDCG@10 (0.000103),
whereas the coarser configuration (k = 50) produced a
substantially lower baseline (0.000023), and the finer one
(k = 200) fell in between (0.000049). The pennant post-
processing step produced a stable positive effect across all
three settings and cut-off points.

Second, we examined whether the pennant post-
processing step generalizes beyond LDA-based seeding
by replacing the first-stage retriever with two neural
models while keeping the downstream citation-based
procedure unchanged. SBERT encodes documents as
dense semantic vectors optimized for general textual sim-
ilarity (Reimers & Gurevych, 2019), whereas SPECTER
incorporates citation information during pretraining
(Cohan et al., 2020). Both models were applied to the full
corpus, and the top five retrieved papers per query were
used as seeds in place of LDA-derived ones. This design
isolates post-processing from the choice of first-stage
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Contributions of latent dirichlet allocation (LDA) and pennant retrieval to the integrated ranking across co-citations. For

interactive version, see https://mugeakbulut.com/incremental_refinement/figl4.html.

k=50 k =130 (Optimal) k=200

0.0008
©  0.0006
Q
2
= 0.0004
2
=
s

0.0002 M —3

il M

10 20 30 40 50 10 20 30 40 50 10 20 30 40 50
Cut-off point Cut-off point Cut-off point
—8— LDA  —®— Pennant —®— Integrated
FIGURE 15 Effect of latent dirichlet allocation (LDA) hyperparameter k on retrieval performance. For interactive version, see https://

mugeakbulut.com/incremental_refinement/figl5.html.

retriever; any performance differences therefore reflect
variation in seed sets rather than changes in the down-
stream integration logic.

Pennant post-processing consistently improves the
mean NDCG across all cut-off points for both neural
retrievers (Figure 16), supporting the claim that the pen-
nant contribution is largely model-agnostic at the post-
processing stage (Query 10, an outlier, is excluded from
the SBERT panel). Moreover, it relies on a transparent
tf*idf-style formulation applied to citation counts and can
be visualized via pennant diagrams, whereas the similar-
ity scores of SBERT and SPECTER derive from high-
dimensional learned representations and are less directly
interpretable. Thus, pennant post-processing preserves
the explainability advantages of citation-based reasoning

even when paired with dense neural retrievers. Although
absolute performance depends on the quality of the ini-
tial retriever, the citation-based refinement step remains
effective across conceptually different seed generators.
Taken together, Figures 15 and 16 indicate robustness to
both within-model hyperparameter variation and
changes in the first-stage retrieval process.

Third, we assessed sensitivity to query variation, a
key dimension of out-of-distribution robustness (Liu
et al., 2023, 2025; Penha et al., 2022). We used users' nat-
ural language statements for each iSearch topic, rather
than the formal search terms used earlier, and generated
paraphrased variants using ChatGPT without altering
semantic content. Each variant was run on the iSearch
corpus and evaluated using the mean NDCG
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FIGURE 17 Robustness to query reformulation across
65 queries. For interactive version, see https://mugeakbulut.com/
incremental refinement/figl7.html.

performance averaged across cut-off points 5, 10, 20, and
50 for the original and paraphrased query variants. As
expected, performance declined for all methods
(Figure 17), LDA being more sensitive to query variants
(—26.0%) than pennant (—14.0%) and the integrated
method (—10.9%). Pennant retrieval achieved substan-
tially higher performance than the other methods, sug-
gesting that citation-based signals contribute to
robustness under paraphrasing. However, the final rank-
ing still reflects the behavior of the lexical first-stage
retriever.

Overall, the proposed model performs robustly under
suboptimal LDA hyperparameters, remains largely
agnostic to the choice of first-stage neural retriever, and
responds relatively well to query variation.

5 | CONCLUSION AND FURTHER
RESEARCH

This study explored the potential of integrating probabi-
listic topic modeling (LDA) with pennant retrieval, a bib-
liometric approach based on RT, to create rankings
optimized for both relevance and diversity. The pennant
algorithm consistently retrieves papers on similar and
query-relevant topics in the top ranks, followed by mar-
ginal yet potentially cross-disciplinary ones supporting
discovery. In contrast, LDA relying on word distributions
places marginally relevant papers at the top. Integrating
them produces relevance rankings that include both core
and boundary-spanning papers, increases relevance com-
pared to LDA alone, and effectively broadens topical
coverage.

The integrated ranking method preserves the unique
features and contributions of each algorithm. In LDA,
words with similar probabilities across topics are less
informative. Distinctiveness emerges when probabilities
are high for one (or a few) topics and low for others. In
pennant retrieval, discriminability is higher for papers
with similar total citation and co-citation counts, espe-
cially when the latter is relatively high. After normaliza-
tion and merging, the integrated model prioritizes papers
with discriminative characteristics in both.

The resulting ranking reflects the prevailing struc-
tures in the data. A strong probabilistic word distribution
increases the influence of LDA and plays a greater role in
providing thematic diversity in sparse citation environ-
ments. In contrast, a corpus with higher co-citation
density gives greater weight to pennant retrieval.
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The integrated method thus balances word frequency
and citation information while preserving each algo-
rithm's distinctive behavior. It adjusts the ranking
dynamically based on co-citation density of the corpus.

Overall, the integrated method demonstrated more
consistent performance closer to the ideal relevance dis-
tribution than either algorithm alone. Unlike MMR,
which relies on similarity penalization as a novelty-
centric strategy and may be insufficient for consistent
diversification on its own (Santos et al., 2012), the pro-
posed integration method remains neutral and preserves
the distinctive features of each algorithm without apply-
ing penalties. It also covers known relevant topics more
thoroughly.

An additional contribution is methodological: Limit-
ing LDA analysis only to titles and abstracts significantly
reduces computational time while maintaining effective-
ness. Combining summary texts with bibliometric data
offers an interpretable, customizable, and discovery-
oriented alternative for literature reviews and exploratory
research.

A key limitation of this study is its focus on a single
corpus. Citation patterns, abstract lengths, topic struc-
tures, and other factors vary across fields (Liu &
Fang, 2020; Samraj, 2005). To ensure generalizability,
broader validation is needed across domains, using
varying datasets in size including citation information,
full-texts/abstracts, subject classifications, and expert rel-
evance assessments. In addition, we acknowledge that
the bag-of-words nature of LDA cannot fully resolve syn-
onymy or polysemy and may yield low topic coherence in
small-sample corpora, while pennant retrieval is con-
strained by low citation density. Our integration does not
fundamentally remove these challenges but provides a
transparent, user-controllable mechanism that mitigates
them in practice.

The integrated approach shows strong potential but
requires further evaluation, including its computational
efficiency, dynamism, replicability, and scalability
(Ballester & Penner, 2022). LDA presents computational
challenges in large and dynamic datasets (Mahajan
et al., 1999). Our approach mitigates some of these issues,
yet it is critical to test it further on large-scale and
dynamic citation indexes (e.g., Web of Science), which
require licensing, LDA recalculation, and citation
updates. Scalability and replicability should be explored
using variable sample sizes and collections.

Moreover, identifying algorithmic biases or represen-
tation gaps in the integrated ranking is essential, espe-
cially regarding its impact on underrepresented research
areas or newly emerging terms. Fairness metrics should
be used to strengthen the ethical dimension of the
method (Xu et al., 2025).

These directions will inform the design of next gener-
ation hybrid IR systems that combine both structured
and dynamic topical and bibliometric data with probabi-
listic reasoning and user-controllable interfaces.
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