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Abstract

Inclusive Information Access (IIA) is an essential eld within infor mation science and tech-
nology aimed at providing equitable information access for individuals fom diverse back-
grounds. Despite its signi cance, research on IIA remains dispergkacross various domains,
making it di cult to gain a comprehensive understanding of the eld . This survey system-
atically examines the existing literature to map key themes, idetify research trends, and
highlight in uential contributions within 1lA. Using Latent Dirichl et Allocation (LDA) as
a topic modeling method, this survey provides insights into the evolution of major topics,
including publication trends, institutional engagement, and geographcal reach. By ana-
lyzing authorship networks and citation patterns, this survey identi es key contributors,
highly cited works, and in uential research institutions, provid ing a structured overview
of scholarly impact within 1lA. This survey aims to support researchers in navigating the
complex landscape of IIA and identifying avenues for future reseatt

Keywords:  Inclusive Information Access, Information Retrieval, Digital divide

1 Introduction

In the digital era, access to information has evolved beyond mere convesice, becoming
a fundamental human right (Bovens et al.,, 2000). Despite widespread aces, systemic
barriers related to age, gender, economic status, and disabilities coimue to impede eg-
uitable information access, underscoring the importance of Inclusig Information Access
(l1A) (Olphert et al., 2005; Hayes and Bulat, 2019). IIA seeks to ensure that al individuals
have equitable access to the digital information landscape, irrespé¢ige of their challenges.
This endeavor is not only about providing access but also about ensurm digital literacy,
enabling individuals to e ectively utilize and bene t from digit al resources.

The scholarly exploration of lIA, while crucial, is still in its early stages. There is
a growing consensus on the need for inclusive digital platforms and tosl(Van Dijk and
Hacker, 2003; Jaeger and Xie, 2009; Kiruki and Mutula, 2023), but comprehensive reaech
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that clearly outlines the scope of IIA and proposes actionable solutions iimited. As the
world becomes increasingly interconnected digitally, a nuanced unefstanding of II1A is vital.

Understanding the landscape of Il1A requires a comprehensive approacthat captures
its complexity and breadth. A survey is essential for systematicaly mapping the diverse
facets of IlIA, providing a structured overview that highlights foun dational contributions,
major research trends, and emerging areas (Munn et al., 2018). By consolidag frag-
mented knowledge across topics like digital inclusion, accessiliji technology, and informa-
tion retrieval, this survey o ers a detailed synthesis to guide researchers, policymakers, and
practitioners striving to address the information divide.

Additionally, this survey integrates machine learning techniquesto enhance the tradi-
tional survey process. By employing algorithms such as Latent Diricket Allocation (LDA)
for topic modeling (Jelodar et al., 2019), the survey uncovers themat patterns and pro-
vides insights into the eld's evolution over time. This combination of scoping methodology
with advanced computational tools ensures a more robust and e cient analysis, deliver-
ing a nuanced understanding of IIA's historical development, currat trends, and future
directions.

Despite the breadth of research on related areas like \digital inclusioh and the \digital
divide" there remains a lack of comprehensive surveys speci call addressing the unique
scope of IlA. Prior studies primarily focus on policy implications or scciocultural factors,
often overlooking the technological dimensions that shape IIA.

In this study, we de ne Inclusive Information Access (Il1A) as the design, implementa-
tion, and evaluation of information systems that enable equitable and e edive access to
digital content for individuals across the spectrum of physical, sensry, cognitive, socio-
economic, and linguistic diversity.

By combining bibliometric analysis and topic modeling, this reviewprovides a structured
synthesis of the IIA research landscape. It examines scholarly in ence, thematic evolution,
and cross-disciplinary engagement within the eld. The ndings reveal key trends, research
gaps, and emerging directions that can inform future development in IA. To achieve this,
the following research questions are addressed:

RQ1: What are the dominant research patterns including in uential aut hors, institu-
tions, and major publication sources in [IA?

RQ2: How have research topic in IlA evolved over time?

RQ3: What are the existing gaps in IIA research, and what directions shold future
studies explore?

By addressing these questions, this study provides a comprehsive overview of IIA re-
search, o ering insights into its development, key challenges, anghotential future directions.

2 Related work

The digital age has transformed the framework of information rights, shifting focus from
mere acquisition to equitable access for all. This change has brought Ihgsive Information
Access (lIA) to the center of scholarly and policy discussions, emph#zng its critical role
in the digital world. The 2003 World Summit on the Information Society high lighted this
by advocating for an inclusive Information Society (Bryne, 2005).
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Despite growing interest, a dedicated survey on IIA is lacking. Ths study aims to
Il this gap by examining current reviews on the \digital divide" and \d igital inclusion"
drawing on methodologies and ndings from these studies.

The concept of the digital divide, initially about access to technology, has evolved to
focus on skills and usage. Studies have shifted from physical access digital inclusion,
considering social, cultural, and economic dimensions (Van Dijk, 200€; &sons and Hick,
2008; Nemer, 2015). However, these primarily qualitative reviews lack emgcal validation
and overlook potential biases, highlighting the need for more rigorous rgearch.

The discourse on \digital inclusion" has explored various barriers, partcularly for older
adults, and emphasized the need for holistic approaches that address abcauses of digital
exclusion (Olphert et al., 200%; Weerakkody et al., 2012). Pinder (2004) and Jaegé€200€)
had linked digital inclusion to broader social inclusion, noting the gapbetween policy and
practice in ICT accessibility for people with disabilities.

Methodologically, studies have employed various approaches to surysg quantitative
literature, ranging from bibliometric analysis to topic modeling, each contributing to a
structured understanding of the eld (KKelly and Sugimoto, 2013; Istenic Starcic and Bagon,
2014; Chen et al.. 2020; Vassilakopoulou and Hustad, 2023; Perez-Escolar and Cenet, 2023).
However, these approaches have limitations, highlighting the needof more comprehensive,
interdisciplinary, and data-driven surveys to capture the evolving landscape of digital in-
clusion research.

The roots of lIA lie in special education, where initial e orts focused on individualized
education for students with disabilities. However, these e orts ®ll short in bridging systemic
gaps in equitable access to educational resources. Libraries, key to lplic knowledge, have
faced criticism for inadequate infrastructure for universal accesbility (Subramaniam et al.,
2013). Additionally, the engagement of students with disabilities in mocdern technology
remains low (Ezeani et al., 2017).

The lack of a universally accepted methodology for information sharing amog disad-
vantaged groups further complicates this issue (Hayes and Bulat, 20:19). Addssing this
requires increased funding for assistive technology infrastructie (Kiruki and Mutula, 2:023).
Information access challenges extend beyond physical access, encongiag comprehension
and interpretation di culties (Publishing, 2013). Despite e orts to simplify content for
disadvantaged groups, there's no consensus on evaluating these intentions (Jaeger and
Xie, 2009). A proposed multi-dimensional approach for IIA evaluation includes usability,
accessibility, ndability, comprehensibility, and reusabilit y (Grenon et al., 2023).

Accessible design benets not just those with impairments but soety as a whole
(LaCheer;, 2000). Considering that most people will experience disabili-like conditions
at some point, creating an electronic society based on IIA principless both an ethical and
practical imperative.

Bibliometric analysis is a powerful tool for examining research treds across various aca-
demic elds. It involves analyzing bibliographic data like publication volume, key sources,
prominent authors, citation rates, and relevant keywords (Snyder, 2019). This method
reveals the development of research themes, collaboration patterns, drthe overall intellec-
tual landscape of a eld. It identi es emerging topics and trends, guiding future research
and encouraging interdisciplinary work. However, for rigor, a bibliomeric analysis typically
requires a dataset of at least 500 publications (Donthu et al., 2021). In neweresearch areas,
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meta-analysis (Aguinis et al.,, 2011) and citation analysis (De Grootz, 2015) might b more
appropriate.

Citation analysis, a key aspect of bibliometrics, examines the intetextual connections
between scholarly works (Cronin, 2001). It identi es in uential publ ications by analyzing
citation patterns, thus assessing the impact of specic research cdributions (Alzahrani
et al., 2011). This analysis is useful for evaluating the citation metricsof articles, authors,
institutions, and other indicators of academic productivity, aiding in re ective assessment
and strategic planning (Nightingale and Marshall, 2012). However, citation analysis has
limitations and should be applied carefully (Chikate and Patil, 200€). It quantitatively
assesses citations from databases like Web of Science, Scopus, or Googleotar, often vi-
sualized through citation networks or graphs to study publication trends and co-authorship
dynamics.

3 Methods

For this survey, Web of Science (WoS) was selected as the principalatia source. Although
Web of Science (WoS) was chosen as the primary database due to its high-glity, peer-
reviewed academic sources, we acknowledge its limitations (S. Adriaae and Rensleigh,
2013). Future studies could supplement this dataset with Scopus, IEE Xplore, or Google
Scholar to enhance coverage and mitigate potential biases (Harzing and Alakanga2016;
van Eck and Waltman, 2019). However, for this study, WoS was preferred for i structured
citation data, facilitating bibliometric and topic modeling analyses.

Query statements were conducted in the Web of Science (WoS) Core Qettion on June
11, 2023, using a Topic search(TS), which inherently includes Title Abstract, Author Key-
words, and Keywords Plus. The query applied the terms \Inclusive hformation Access"
OR \Inclusive Access Retrieval", ensuring a focused retrieval of sidies addressing IIA.
The search was restricted to academic journal articles, conferencergceedings, and review
papers. The initial search retrieved 1,349 articles, which were rened by applying subject
category lters to ensure relevance to Information Science, Compute Science, and Infor-
mation and Communication Technology (ICT) topics, resulting in a nal dat aset of 299
articles for bibliometric and topic modeling analysis.

To ensure full reproducibility, the exact search query execuéd in WoS was as fol-
lows: TS=("Inclusive Information Access" OR "Inclusive Access Retrieval”) AND
DT=(Article OR Proceedings Paper OR Review) AND LA=English AND PY=<=2023

Also a Bibliometric analysis software has been introduced to improe graphical repre-
sentation for more organized and insightful visualizations. The goal of VOSwwer (Van Eck
and Waltman, 2010) is to produce maps that display bibliometric data. It can map phrases,
authors, or journals, o ering a simple yet e ective way to comprehend a scientic eld's
structure or the relationships between distinct concepts or writers. For data input, the soft-
ware uses a user-friendly drag-and-drop interface. In the form of netork maps, VOSviewer
creates representations that are easy to see and comprehend. In contta® CiteSpace
(Chen, 2014), where many basic features require a paid upgrade, VOSviewo ers these
functionalities for free, making it a more cost-e ective choice

To identify journals that are most actively contributing to the eld of IIA, we adopted
the h-index and g-index as bibliometric indicators (Hirsch, 200%; Egghe, 2006). Theh-
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index of a journal indicates that it has published h articles that have each been cited at
least h times, re ecting both productivity and consistent citation impac t. The g-index , on
the other hand, gives more weight to highly cited articles by identifying the largest number
g such that the top g articles received together at leastg? citations. These measures help
surface journals that are not only frequently publishing in [IA-relat ed topics but also whose
publications are being consistently cited within this eld.

To accomplish the domain topic modeling and evolution task, this studyintroduces the
Latent Dirichlet Allocation (LDA) topic model, supplements word vect ors using TF-IDF,
calculates similarity using cosine distance, and visualizes topicwlution through Sankey
diagrams (De Felice and Polimeni, 2020; Liu et al., 2022; Raza et al.,, 2019; Amjad and
lhsan, 2020; Zimmerman et al., 2021; Dhrangadhariya et al., 2020); Xiong et al., 2018; Owa
et al.,, 2021). The work ow is presented as Figure 1, and the specic procgses will be
elaborated in detail in this section.

Preprocess Text Model LDA Topics Evolve Topics

Clean Data | LDA Topici Extraction

: Determine Number of Topics

Identify Topics

Tokenize Text

Remove Stopwords

I |

Bind Time Zone Cluster Documents

Figure 1: Work ow Diagram for Topic Modeling and Evolution

LDA is a generative probabilistic model crucial in topic modeling andNatural Language
Processing (NLP). It assumes that each text in a corpus is composed of viamus topics,
and each word in the text is associated with one of these topics. LDA usea three-level
hierarchical Bayesian model with Dirichlet distributions to un cover these latent topics (Blei
et al., 2003).

In this study, LDA was employed to model the distribution of topics across documents
and the distribution of words within topics. The articles' titles, contents, and publication
years were retained for analysis. Text tokenization was performed usinthe Natural Lan-
guage Toolkit (NLTK)'s word _tokenize function (Bird et al., 2009), and stopwords were
Itered out using a unique list.

The evolution of the IIA eld was divided into three periods: 2000{2010, 2011{2016, and
2017{2023. The rationale for selecting these periods as the basis for sorting Iplications
is further explained in Section 4.1.. LDA's perplexity metric, which measures how well the
model's predicted probability distribution matches the actual di stribution of words in texts,
was used to determine the ideal number of topics. Lower perplexityscores indicate better
model generalization (Wallach et al., 2009). The in ection point in the perplexity curve
was chosen as the criterion for the optimal number of topics, adhering tadhe principle of
parsimony.

After setting the topic parameters, the LDA model was used to identfy topic terms for
each period, followed by manual labeling to enhance interpretabity by analyzing represen-
tative keywords and verifying them through a review of relevant articles. In this context,
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topic parameters refer to the prede ned values that in uence the model's structure and
output, including the number of topics (K ), which determines the granularity of thematic
categorization, and the Dirichlet priors ( and ), which regulate the distribution of top-

ics across documents and words across topics, respectively (Blei ek, 2003). Despite the
e ectiveness of LDA in identifying optimal topics and word distribu tions, manual interven-
tion was necessary for summarizing and generalizing topic words. To euge the reliability

of topic interpretation and minimize potential bias, a second reviewe independently ex-
amined the LDA-generated keywords, validated the manually assigned topidabels, and
cross-checked the phase boundaries used in the topic evolution analys Any discrepancies
were discussed and resolved collaboratively.

The study also faced challenges in calculating cosine distances for tmpevolution anal-
ysis due to low probability distribution weights of topic keywords. To overcome this, the
Term Frequency-Inverse Document Frequency (TF-IDF) techrique was used to identify
high-frequency words within each topic (Zimmerman et al., 2021; Sparck dnes, 1972). Doc-
uments under each topic for each year were combined into a single doment for TF-IDF
vector computation.

Cosine similarity, measuring the similarity between two texts based on the cosine of
the angle between their vectors in vector space, was used to estabili€onnections between
similar text sets (Wang et al., 2010; Ahad et al.,, 20165; Park et al., 2020). After normalz-
ing the modeling to obtain vector representations, cosine similaty was calculated between
texts. The study used topic vectors from TF-IDF computations to calculate cosine simi-
larity between topics across di erent phases. An evolutionary relatiorship was established
between topics when their similarity exceeded a prede ned theshold. The nal theme evo-
lution diagram was visualized using the Sankey method in the pyechas library (Chaudhuri,
2019).

To determine the optimal number of latent topics for LDA modeling, we trained a series
of models with topic numbers K ranging from 2 to 10. The selection was guided by the
perplexity score, a standard metric assessing how well the modgredicts a sample. The
in ection point in the perplexity curve indicated that K = 5 oered a balance between
model complexity and generalizability, aligning with the principl e of parsimony.

The LDA model was implemented using the Gensim library with symmetric Dirichlet
priors. We adopted the default hyperparameters, setting = 1=K and = 0:01, which
are widely recognized for providing robust results across diverseocpora. Given the ex-
ploratory nature of this study and the corpus size, these defaults wer considered su cient
for capturing meaningful topics.

Text preprocessing was conducted using the Natural Language Toolkit (NLK). This
process involved lowercasing all texts, tokenization, stopword remval using an extended
English stopword list, and ltering out punctuation and non-alphabetic characters. Stem-
ming or lemmatization was intentionally omitted to preserve domain-speci ¢ semantics and
enhance interpretability.

Topic quality was assessed both quantitatively and qualitatively. Peiplexity scores were
used for model comparison, and manual topic labeling was performed based dhe top
keywords per topic. Two independent reviewers collaboratively vatlated the labels to
mitigate bias and enhance semantic coherence. This semi-automated euation approach
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is common in topic modeling applications where full automation of thematt interpretation
remains limited.

4 Analysis and results
4.1 Publication Trend

Per the bibliometric framework delineated by Donthu et al. (2021), the temporal distri-
bution of publications functions as a multifaceted indicator, invaluable for assessing the
maturity and dynamism of a given research domain. Additionally, this temporal metric is
an essential gauge for evaluating the eld's evolutionary trajectory ove a designated period.
Key features such as the publication trend curve's growth rate and inexion points yield
incisive insights into the eld's dynamic uctuations. Such data prove indispensable for
macro-level analyses to appraise the eld's current scholarly promience and for predictive
models forecasting its developmental trajectory and emergent treds.
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30 1 ‘
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Number of citations
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Number of publications
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11 -1 200
10 —
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Figure 2: The number of annual research publications and citations

Upon statistical analysis of the temporal distribution of 299 publications, it became
evident that IlA research originated as early as 1991. In this seminal work, @rich (1991)
explored the role of the National Science Foundation Network (NSFNET) in providing ex-
pansive network access to academic and research communities. The papsccentuated
the dramatic escalation in network tra ¢ and underscored the imperativ e for international
collaboration and governance as the Internet began transcending national anglobal bound-
aries. This work marked the inaugural introduction of the term \Intern et Inclusive" which,
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although not identical to the current focus on A, resonated with the burgeoning in ux of
information in the digital age.

It is worth noting that, following the convening of the 9th Internation al Conference on
Computers Helping People with Special Needs, the concept of Design fédl (DfA) gained
recognition as a signi cant paradigm within the realm of Information Society Technologies
(IST) (Bsehler and Stephanidis, 2004). This concept aimed to guarantee universal access to
technology products and services by eliminating existing barries. After 2004, the volume
of publications pertinent to IIA consistently escalated, signalling an intensifying scholarly
engagement with the subject matter.

Speci ¢ data reveals that from 1991 to 2023, an average of 9.34 articles were pusitied
yearly. These articles have been cited 2751 times, with an average analucitation rate of
85.97. Analyzing Figure 2, it can be observed that the eld has undergone thre distinct
development phases.

From 1991 to 2010, the rst stage served as an exploration phase. The eld was stil
young, with only three papers published a year on average during thisiine. Due to the lim-
ited availability of documented outputs prior to the year 2000, with only two instances, the
initial phase of the study was adjusted to focus on the period from 2000 t@010. This mod-
i cation was implemented to better align the study's timeframe wit h the broader temporal
context, thereby enhancing the validity of subsequent analyses. fie second phase, which
lasted from 2011 to 2016, included fast expansion. At this time, the discifine produced 12
publications annually on average, and papers were getting many more citabins.

The third and current phase started in 2017 and is still in progress. Acadmic output
during this period was solid and consistent. The culmination was a reord-breaking 37
publications in 2021. These papers have rec lasted from 2011 to 2016 andations adlwk
is essential to keep in mind that the data for 2023 is insu cient becaus it only contains
items released up until August. However, according to the most recerdata, the number of
articles published has reached the Phase Il average, and the number oitations is higher
than the previous year.

In conclusion, there has been a steady increase in IlA research inaent years. Three
main developmental phases can be identi ed for this expansion: the oginal stage, which
lasted from 2000 to 2010, the middle phase, which lasted from 2011 to 2016, and the most
recent stage, which lasted from 2017 to 2023. Given the course it is taking, is logical to
assume that the eld will continue to grow in the future.

4.2 Publication Source

In the dataset under investigation, 231 academic journals are representle Among these,
a minority subset of 13 journals is remarkably proli c, each contributing more than three
articles to the corpus. In addition, 25 journals have contributed exadly two papers, while
the vast majority, with 193 journals, have each contributed a single péece to the eld.
This distribution suggests a highly skewed landscape where a few jonials are the primary
conduits for scholarly output in this area. The top 10 proli ¢ publication Sources in the
eld of 1IA are shown in Table 4.2. \Universal Access in The Information Society" despite
having the highest number of articles, has an h-index of 5 and a g-indexf 8, which are
not signi cantly higher than those of other journals. This suggests that while it may
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Rank Sources h-index g-index TC Articles
Universal Access in
! The Information Society 5 8 72 10
2 Journal of Documentation 3 8 80 8
3 Telecommunications Policy 5 6 109 6
4 Telematics and Informatics 4 4 182 4
5 IEEE Access 3 4 50 4
6 Ethics and Information Technology 3 3 26 3
7 Information Society 3 3 91 3
Journal Of The Australian

8 Library and Information Association 3 3 16 3
9 Interacting With Computers 2 3 14 3
10 International Journal Of 2 3 1 3

Electronic Government Research

Table 1: Top 10 Publication Sources

be a cornerstone in terms of volume, its overall impact, as measured bthese indices, is
comparable to other journals like \Telecommunications Policy" which has an h-index of 5
but a higher total citation count of 109.

This concentration of publications within a top-tier subset of journals suggests that
the eld is beginning to coalesce around a central academic nexus. Ygit's worth noting
that the area also enjoys contributions from a broad spectrum of journals indicating its
inherently multidisciplinary nature. Journals like \Ethics and | nformation Technology" and
\IEEE Access" exemplify this trend, highlighting the intersect ion of ethical, technological,
and policy dimensions within lIA research.

4.3 Publication Institution

For the purpose of locating potential partners in the eld, it is essential to comprehend
the institutional landscape of IIA research. In order to do this, the linkages between var-
ious research institutes based on their contributions to Il1A were nmapped using a network
visualization Figure 3.

The network visualization o ers a number of signi cant insights. First, each node in
the network has a size that re ects the number of publications the irstitution has pro-
duced, acting as a measure of research output. As an illustration, the \Uniersity System
of Maryland" node is clearly larger, demonstrating its considerable cotribution to IIA re-
search. Second, the strength and temporal characteristics of instittional collaborations are
indicated by the thickness and colour of the lines joining the nodes However, the lines
connecting the nodes are neither numerous nor particularly thick oreven almost obscured
by the institutional nodes, suggesting that institutional cooperation is not common overall.
This suggests the industry is still in an exploratory phase where ingtutions independently
look into di erent aspects of IIA.

The absence of signi cant inter-institutional collaborations in the Il A research landscape
is evident. However, Table 4.3 o ers a di erent perspective. Spei cally, the \University
System of Ohio" stands out with a high total citation count (TC) of 161, indicat ing its
substantial impact on the eld.

According to Table 4.3, it is clear that the institutions with the highe st publication
output regularly work with other institutions, indicating that inte r-institutional collabora-
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Figure 3: Institutional Cooperations
Institution Country NP F.”'SF Corre_spc_)ndlng TC PC
Institution Institution

University System of Maryland America 8 7 4 62 7.75
Escuela Politecnica Nacional Ecuador Spain 6 3 4 71 11.83
Universidade Estadual De Campinas Brazil 6 3 3 10 1.67
University of South Africa South Africa 5 5 4 64 12.8
Consiglio Nazionale Delle Ricerche Italy 4 3 1 7 1.75
Ku Leuven Belgium 4 4 3 12 3
Pennsylvania Commonwealth .
System of Higher Education Pcshe America 4 4 0 15 375
Queensland University of Technology Australia 4 4 4 41 10.25
Universitat D Alacant Spain 4 2 0 60 15
University of Maryland College Park America 4 4 0 23 5.75
University System of Ohio America 4 4 0 161 40.25

Table 2: Institutional Contributions

tion greatly boosts eld developments. Notably, the Queensland Univesity of Technology
stands out for having a high preference for external cooperation; each afs four papers
was co-authored with other institutions. This highlights the univer sity's proactive strategy
for creating relationships, which may work as a catalyst for encouraging rinovation and

research excellence in the eld.

In conclusion, the state of collaboration is generally lacklustre. Nevetheless, institutions
with the highest publication output exhibit a stronger propensity f or cooperation. So, the
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Country Articles SCP MCP Percent MCP Ratio TC Avg. Article Citations
USA 57 51 6 0.191 0.105 578 10.1
UK 22 15 7 0.074 0.318 180 8.2
Brazil 21 20 1 0.07 0.048 101 4.8
Australia 19 14 5 0.064 0.263 154 8.1
Canada 16 14 2 0.054 0.125 122 7.6
South Africa 12 9 3 0.04 0.25 129 10.8
India 12 10 2 0.04 0.167 78 6.5
Italy 9 8 1 0.03 0.111 15 1.7
Portugal 8 8 0 0.027 0 9 11
China 7 5 2 0.023 0.286 167 23.9

Table 3: Top 10 Publication Countries

lack of connections between these academic institutions raises thepsibility of collaborative
research and knowledge sharing being underutilized.

Therefore, it is essential that future studies concentrate on estalishing collaborative
frameworks while appreciating individual institutions' contribu tions. Such a strategy could
enhance the IlA research environment by ensuring a more comprehsive and broad spec-
trum of perspectives while accelerating eld progress.

4.4 Publication Country

Understanding the worldwide geography of this study topic requires uierstanding the
contributing nations in the eld of 1IA. With the use of citation rates, this analysis will
be able to pinpoint the nations that produce the most research, contiute to it in the
most meaningful ways, and have the most overall in uence. The techigue comprises a
thorough analysis of the literature with a focus on the number of papers pblished in each
nation, the average number of citations per article, and the proportion of nulti-country to
single-country publications.

According to the data, 64 nations or areas have contributed to the worldwice I1lA re-
search e ort. Table 4.4 further categorizes the contributions by Singe Country Publications
(SCP), Multi-Country Publications (MCP), Percent of MCP, MCP Rat io, Total Citations,
and Average Article Citations. For instance, the United States leads with 57 articles, of
which 51 are SCPs, and has an average citation rate of 10.1. This indicates higlesearch
output and signi cantly impacts the academic community. With just se ven articles, China
has an average article citation rate of 239, highlighting the impact and qualityof its research
in this eld.

In the realm of scienti ¢ collaboration, the network visualization Figur e 4 o ers a com-
pelling snapshot of the intricate relationships between various coutmies in terms of their
research output. The graph reveals several key trends and patterns @t merit further
scrutiny.

For the purpose of this analysis, data for England and Scotland are aggregated ued
the United Kingdom (UK). The United States and the United Kingdom promine ntly lead in
both the volume of publications and the extent of their academic collaboraion in the eld
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Figure 4: Collaborations of Countries

of l1IA research. This suggests a signi cant strategic partnership, reecting a high degree of
synergy and shared research interests.

Additionally, other strong international collaborations are evident, such as the partner-
ship between the United Kingdom and Germany, and the cooperation betwen Ecuador and
Spain. These relationships, likely driven by shared research obgtives or complementary
expertise, highlight the global nature of scienti ¢ research.

Factors like common language and educational systems might facilitate the U.SU.K.
collaboration, while cultural and historical connections could in uence the Ecuador-Spain
partnership.

Overall, the data underscores the global and interconnected nature ofIA research,
emphasizing the importance of international collaboration in advancing krowledge. This
suggests that the future of IIA research relies on a collective, globaltinclusive e ort.

4.5 Authorship

Proli ¢ authors serve as the cornerstone of any research eld (Brito etal., 2023), and
this is no less true for the domain of 11A. Between 1991 and 2023, a total of 840 authors
have contributed to the body of literature on IIA. This study employs Price's Law, a
well-established bibliometric principle, to identify core cortributors within the expansive

178



A survey of Inclusive Information Access

authorship network (Price, 196%). According to this law, authors with more than two
publications can be considered as core authors.

However, the application of this criterion revealed that as many as 52 authcs had
published more than two articles. This introduced complexity into the analysis due to a
high number of tied rankings among authors with fewer publications. This is most likely
due to the small total number of articles studied, as well as the fact tlat the eld is still
in a developmental stage. To provide a more focused view, the crit®on was adjusted to
spotlight authors with three or more publications, as detailed in Table 45.

Author h-index g-index TC NP PY start
Baranauskas MCC 2 3 10 6 2009
Lujan-mora S 3 5 68 5 2015
Sitbon L 3 4 40 4 2017
Stephanidis C 3 4 37 4 2004
Bonacin R 1 1 3 4 2010
Acosta T 3 3 57 3 2018
Brereton M 2 3 33 3 2018
Neris VPD 2 2 7 3 2009
Maietti F 1 2 5 3 2018

Dos reis JC 1 1 3 3 2010

Table 4: Top 10 core authors

By adopting this more stringent criterion, the study aims to o er a mor e focused view of
the most impactful authors, thereby elucidating the intellectual landscape of IIA research

A review of articles published by core authors in the eld reveals dierent research focus.
Baranauskas MCC, Bonacin R, Dos reis JC, and Neris VPD engaged in the design and
construction of inclusive social networks tailored to the speci ¢ dharacteristics of Brazilian
society. Lujan-mora S and Acosta T primarily evaluated the accessibilly features of various
web pages. Sitbon L and Brereton M concentrated on extending learning qmrtunities in
information technology for individuals with intellectual disabiliti es, while also encouraging
their participation in information retrieval tasks. Stephanidis C pr oposed semantic-based
user modeling to facilitate the adaptation of web-based user interfags. Maietti F, on the
other hand, focused on tasks related to the preservation of inclusiveultural heritage.

This diversity in research topics underscored the multidisciginary nature of I1A and
highlighted the range of approaches that were employed to address its cqutex challenges.

Expanding upon the foundational research previously discussed, a stial representation
of author collaboration networks, as shown in Figure 5, was generated using VBviewer.
In this graph, it is noteworthy that among authors with more than two publi cations, there
are 12 who have published independently, while the rest have @aged in collaborations
to varying degrees. However, the majority of these collaborations ocauwithin the same
institution.

The eld may still be in its early stages because the frequency and ensity of partnerships
are often low. The small number of partnerships also raises the probaliy that many writers
are working alone, which may reduce the variety of viewpoints and resach methods in the
subject.
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Figure 5: Collaborations of Authors

Given this context, it stands to reason that more varied and frequent artnerships
ought to be promoted. The research environment in IIA may be consideably enhanced by
encouraging interdisciplinary and interinstitutional cooperation, which would also provide
researchers with a deeper knowledge of the complexities of the el

4.6 Citation

To gain a deeper understanding of the in uential works shaping the eld of Information
Inequality and Accessibility (11A), it's useful to examine the most cited publications. Table
4.€ lists these key articles, which serve as important benchmarkaithe existing body of
knowledge and guide future research directions. The subsequengations will delve into the
details of each article, highlighting their contributions and signi ¢ ance in the IIA landscape.

Title Global Citations Local Citations

Web of Science (WoS) and Scopus:
The Titans of Bibliographic Information 269 0
in Today's Academic WorldPranckut € (202:.)
Digital inclusiveness - Longitudinal
study of Internet adoption 138 2
by older adultsLam and Lee [2006)
Consumers' acceptance of information

and communications technology 137 0
in tourism: A reviewUkpabi and Karjaluoto [22017)
5G mobile technology: A surve/Mitra and Agrawal (201E) 122 0
Mobile health technology
adoption across generations: 109 0

Narrowing the digital divide=ox and Connolly (2018

Table 5: Top 5 Cited Articles
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A comprehensive overview of two major bibliographic databases, Web of@&nce (WoS)
and Scopus, is provided by integrating information from the database owers with the
latest research ndings (Pranckute, 2021). The investigation's primay area of interest
is information accessibility. Similar to another study which used the review method to
examine consumer adoption of web-based services, social media, and mehinformation
systems in the tourist industry, did not speci cally address how inaccessible e-tourism is for
populations with limited access to information (Ukpabi and Karjaluoto, 2017).

Lam's study explored the use of the Internet by the elderly, showng that training
improves their online con dence and willingness to use the Intenet (Lam and Lee, 2006).
Fox's 2018 research (Fox and Connolly, 2018) found that older adults are hesitarto use
mobile health technologies due to mistrust and privacy concerns, suggting the need for
designs and education that enhance their con dence and understandingf privacy.

Mitra (Mitra and Agrawal, 2015) o ered a thorough review of 5G development activities.
However the terms \inclusive" and \access" pertained to the hardwarés compatibility with
the technology. It is a di erent topic than the one explored in this study. This also re ects
the confusing nature of nomenclature in the 1A eld.

While the above publications receive the most global citations, only ongpaper receives
two local citations, indicating a potential gap between local and global acaémic signi cance.
This could imply that although these publications are acknowledged and rentioned in the
larger academic world, the 1A research environment may not nd them to be as signi cant
or pertinent.

The signi cance and methodological rigor of the research they embody aredith re ected
in highly cited articles, which act as signi cant landmarks in the academic landscape. Table
4.6 displays the top ten cited articles in research in the eld of IlA, re ecting the multifaceted
nature of the eld.

Title Local Citations

Transforming our world: the 2030 Agenda
for Sustainable DevelopmertResolution et al. (2015)
Development as freedomSer (20010) 7
Digital divide: Civic engagement, information poverty,
and the Internet worldwideNorris (2001)
Cache template attacks: Automating attacks
on inclusive f Last-Levelg cachesGruss et a. (2015)
User-Sensitive Inclusive Design in
Universal Access in the Information Society August 2011Newell et al. (2011)
Social network sites: De nition, history, and scholarshipBoyd and Hlison (2007)
Digital divide research, achievements and shortcomingsVan Dijk and Hacér (2003)
User acceptance of information technology: Toward a uni ed viewwVenkateh et al. (2003)
The impoverished life-world of outsidersChatmari (1996)
Basic formal education quality, information technology,
and inclusive human development in sub-Saharan AfricaAsongu and Odhiamk (2019)

7

oo a

N

Table 6: Top 10 Cited Reference

The most highly cited reference in the dataset is \The 2030 Agenda for Sustinable
Development (Resolution et al., 2015)". Within this seminal work, the objective to \Make
urban areas and habitations inclusive, secure, robust, and sustainablemerges as the most
frequently cited content, followed by discussions on inclusivy in learning and work environ-
ments. Collectively, citations to this article underscore the foundational premise in the eld
of lIA that access to the Internet, emergency services, and informabn and communication
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technologies constitutes a fundamental human right. Sen (2000) emphasidethe impor-
tance of 1A, advocating for equipping those without information access vith the necessary
tools for self-reliance. Van Dijk and Hacke- (2003) identi ed four types of digital divide
access: motivation, physical, skills, and usage, underscoring the ad for comprehensive
theoretical frameworks, clear de nitions, multidisciplinary appr oaches, qualitative analysis,
and long-term studies in this area. This has in uenced later researcho Il these gaps.

A survey of the literature revealed a large worldwide digital divide between high-income
and low-income countries. This nding forms the basis for future study into \e-government"-
related issues in the area of IIA (Norris, 2001). It is important to remember, though, that
the growth of \e-government” should not exclude people who are alreadyriformationally
underprivileged, as doing so risked widening the digital divide aleady present. The research
on sub-Saharan Africa has garnered considerable internal citations (Asongu aOdhiambo,
2019). The study posits that the low prevalence of mobile phone usage in theegion
is constrained by inadequate primary education, thereby highlighting a signi cant digital
divide in comparison to global information development levels.

To strengthen ties between designers and users, Newell et al. (2011) eauraged the
adoption of a moderately inclusive and user-sensitive design philophy. According to the
research, the use of inclusive design principles successfullgduced a variety of obstacles
that people with impairments encountered when using technology. Inthe eld of \inclu-
sive design" this work served as a foundational study, and subsequentsearch used this
methodology as a point of reference (de Almeida Neris et al , 2021). Additiondf, Newell
conceded that it was impractical to create goods that were accessibletall potential users.
As a result, the article substituted the terms \inclusivity" and \sensitivity" for \univer-
sality" and \centrality" respectively, de ning a more achievable an d, in many cases, more
appropriate goal. Venkatesh et al. (2003) introduced the Uni ed Theory of Accetance and
Use of Technology (UTAUT) model, which synthesizes eight prominent malels from the
user acceptance literature. Performance expectancy, e ort expeetncy, social in uence, and
enabling conditions are the four main factors identi ed by the UTAUT mod el. This study
o0 ers important insights for future research on universal information access since it focuses
largely on how information is accepted in traditional cultures.

Many studies drawing on the characteristics of social networks, propse the use of user-
speci ¢ data during retrieval to o er customized responses, a stategy that holds promise
in the realm of inclusive design (Boyd and Ellison, 2007). However, the mactical imple-
mentation of this approach can encounter ethical challenges, particulayl concerning data
privacy. Additionally, the re-collection of specic data could compromise the method's
broad applicability.

To summarize, the highly referenced literature is divided intothree categories, including:
1. The importance of study in the eld of IIA 2. The global digital divide in its context 3.
The underlying theories and procedures for inclusive design.

4.7 Topic Evolution

Figure 6 shows a thorough theme evolution map for the eld of IlIA spanning the years
2000 to 2023, building on the LDA topic modeling methodology described befa. Each
phase's individual color blocks correspond to di erent topics. These blocks' sizes show how
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many articles fall under each topic. The connections between blocks neighboring phases
represent the relationship between them and the course of progressi. A relationship
between two themes from di erent phases implies that a theme has wlved or changed
through time.

— 2017-2023Topic inclusive technology
2011-2016|Tepic. inclusive design 2
2000-2010[Topic accessibility
2011-2016[Topic web accessibility 2017-2023(Topic inclusive design
2000-2010[Topic digital inclusion
ar
2011-2016|Topic sustainable development B 2017-2023[Topic ict
2017-2023(Topic ic
2000-2010[Topic social inclusion
2000-2010[Tapic disability . "
7-2023[Topic e-government
2011-2016[Topic ict 4 : J
- 2023|Topic information retrieval

2000-2010[Topic digital divide - .
2017-2023(Topic e-learning

2011-2016[Topic library access

Figure 6: Theme evolution

Based on the thematic evolution diagram, the eld of IIA has evolved from its initial
focus on broad concepts such as accessibility, digital inclusion, siat inclusion, disability,
and the digital divide. It has shifted towards more specialized topis like inclusive design,
web accessibility, sustainable development, ICT, and library acces. Currently, the research
landscape is increasingly concentrating on practical scienti c and tehnological methods,
particularly in areas such as usability, e-government, information rerieval, and e-learning,
which exhibit signi cant potential for further development.

5 Discussion

In the evolving landscape of IlA, this section focuses on inclusiveechnology and infor-
mation retrieval, laying the groundwork for future advancements in inclusive information
retrieval study. A comprehensive literature review on the topic of inclusive design has al-
ready been conducted by Li et al. (2023), serving as a valuable resource ithis domain.
The goal of inclusive technology is to make information and communication teknologies
available to everyone, regardless of age, physical condition, or socioe®mmic status. This
eld has gained a lot of attention in recent years as researchers focus oni drent target

populations, such as the elderly and those with visual or hearing impaiments. They use
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Key Contributions Target Population Methodology
TV-based service to enhance well-being Elderly User-centered design
and self-esteem Epelde et al. (201.3)
iLiBra platform to streamline communi- | Hearing impairments Assistive technology platform
cation using sign language icons da Costa with sign language
et al. (2019)
| Drawxi, an audio-haptic tool for collabo- | Visual impairments and | Sensor-based solutions
rative diagram creation Chiplunkar et al. | limited sight

(2019)

Real-time tracking model for social inter- | Visual impairments Head-mounted HoloLens de-
actions Grayson et al (2020) vice

Force-FeedbackTablet (F2T) for interact- | Visual impairments Haptic architecture

ing with 2D data Gay et al. (2021)

Table 7: Summary of Inclusive Technology

various methods and technologies to tackle the specic challenges fageby these groups,
ultimately contributing to the larger objective of providing univ ersal access to information.

Table 5 provides a comprehensive summary of research articles with clear focus on
technology in the eld of inclusive technology, outlining their contr ibutions, target popula-
tions, and methodologies.

Current technology in this eld primarily aids those with visual imp airments, using
audio conversion to overcome visual challenges. However, incorporatintactile feedback
could enhance understanding of complex information. For individuals vith hearing loss,
the focus is on converting content into sign language. Technologies for thelderly prioritize
usability and clarity.

Yet, there's a notable lack of comprehensive research on |IA for peoplwith cognitive
impairments, including learning disabilities, attention de ci t disorders, and dementia. Cur-
rent research inadequately addresses the unique challenges faced these individuals in
understanding and retaining information.

In a sequence of investigations focused on the development of inclue social network
systems in Brazil, a novel methodology for personalized system degi is introduced(Neris
et al., 2009; Almeida et al., 2009; Reis et al., 201.0; dos Reis et al., 2010; Dos Reis e al.,
2014; de Almeida Neris et al., 2021). This methodology diverges from traditional arch
solutions that rely on lexical-syntactic information processing. Indead, it advances an
innovative approach to web ontology design by amalgamating semantic modelmtechniques
with a content-based strategy for ontology creation. This inclusive seacth mechanism yields
semantic search results that are universally applicable, while simtaneously honoring the
unique preferences and needs of individual users.

Complementing this, the inclusive design literature (summarizd in Table E) provides
a methodological foundation for creating digital environments that are not orly accessible,
but also participatory and personalized. These studies emphasize thintegration of user-
centered and participatory design frameworks, ergonomic data visualizabn, and interface
design patterns such as progressive disclosure, ensuring that digit systems are exible
and responsive to diverse user needs. Importantly, they also demstrate how co-design
workshops and iterative evaluation processes help translate user imghts into usable interface
prototypes, reinforcing inclusivity at the design level.
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Title

Attuning Speech-Enabled
Interfaces To User And Con-
text For Inclusive Design:
Technology, Methodology
And Practice

Accessing User Information
For Use In Design

Providing Universally Ac-
cessible Interactive Serviceg
Through Tv Sets: Implemen-
tation And Validation With
Elderly Users

User-Centered Design Jour-
ney for Pattern Development

Addressing Brazilian diversity
in personal computing sys-
tems with a tailoring-based
approach

Author (Year)

Neerincx et al. (200€)

McGinley and Dong

(2009)

Methodology

Accessibility analysis and it-
erative re nement of speech-
based multimodal interface.

Tool concept development
and co-design workshop to
improve ergonomic user data
communication.

Epelde et al. (2011)

User-centered design using in-
terviews and focus groups to
model older adults' needs.

Joshi et al. (2017)

Almeida Neris et al.

(2020)

User-centered design with it-
erative evaluation of Ul so-
lutions; developed the pro-
gressive disclosure pattern via
case study.

Participatory tailoring ap-
proach integrating PLuRaL
and FAN frameworks; applied
in inclusive system design.

Table 8: Summary of Inclusive Design

Title

Addressing  Uni-
versal Access In

Social Networks:
An Inclusive
Search Mecha-
nism

A Reference
Ontology For
Digital Scientic

Journals Applied
To Systematic
Literature Re-
view Processes

Reis et al. (2013)

Ghisi et al. (2012)

Author (Year)

Methodology

Semantic search design
using Web ontology
and Organizational
Semiotics; evaluated
via case study in a
social network system.

Used reference ontology
with  batch/on-the-y
processing to enhance
interoperability and in-
clusiveness in scientic
literature retrieval.

Table 9: Summary of Information Retrieval

Building upon these foundations, research on inclusive information etrieval (IIR) has
begun to emerge as a critical subdomain within 1lA. As summarized in Tabé &, current
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e orts in this space have explored the use of semantic web technologgReis et al., 2013),
organizational semiotics, and reference ontologies to develop more accédsiand adaptive
search mechanisms. These approaches aim to reduce the cognitive anddiistic barriers
often encountered by users with low digital literacy, enabling thean to retrieve information
using familiar, meaningful terms rather than system-generated quer syntax. However,
these early investigations remain limited in scope and scale, suggesy a pressing need for
more innovation in retrieval algorithms, interface design, and user mdeling to support a
wider range of impairments and contexts.

As attention increasingly shifts toward inclusive approaches in Infomation Retrieval
(IR), recent research has moved beyond traditional, text-dominant keyword-based systems
toward more adaptive, context-aware, and user-centered IR framework These systems are
designed to accommodate a broader spectrum of user pro les. For instaeg several studies
(Guo et al., 2018; Zhang et al., 2020; Erbacher et cl., 2022) have emphasized theegra-
tion of interactive retrieval frameworks that support cognitive o oading.  Such systems
allow users to re ne queries through dialog-based or visually guided ireractions, thereby
alleviating the need for precise keyword formulation. This paradigm sfift aligns with the
broader goal of reducing cognitive and linguistic load, particularly for uses with learning
di culties, neurodiverse conditions, or limited language pro cien cy.

In parallel, other research (Hsieh et al., 2022; Zheng et al., 2024) has invegtted the
role of multimodal information retrieval, enabling users to access cotent through combina-
tions of text, speech, and images. These systems are particularly bertial for individuals
with visual impairments, low literacy, or temporary accessibility challenges|such as users
navigating complex physical environments. Multimodal interfacesexpand the expressive
capacity of users and diversify input modalities, further contributing to the development of
inclusive IR systems.

Furthermore, the integration of user modeling and personalization inb IR systems has
become increasingly sophisticated. Recent studies (Kladouchou et.22025) have explored
the use of real-time behavioral data, user preferences, and even péiglogical signals to
dynamically adjust retrieval results. Such advancements enable IRsystems to more accu-
rately anticipate users' needs and deliver content in formats alignedwith their individual
capabilities and preferences (Zheng et al , 2024; Ji et al., 2024).

To achieve an inclusive information retrieval system, a multidiséplinary approach is
essential. This involves integrating inclusive design princips to create user interfaces for
various impairments, employing inclusive technology to enhance sesory accessibility, and
utilizing specialized information retrieval algorithms for relevant personalized results. The
aim is to address the various challenges in providing equitable accgdo information.

Recognizing limitations is critical, including potential data over sight from other databases
and issues with keyword selection that resulted in incomplete or exaneous data. The nd-
ings are preliminary and may lose relevance over time. Although machinéarning can help
with theme recognition, accurate topic labeling still requires human interpretation.

Future research areas are highlighted, focusing on the need for tecbtogy that caters to
a wide range of disabilities, particularly cognitive impairments, as well as the development
of inclusive information retrieval systems. Addressing these isges has the potential to
signi cantly advance the eld of Inclusive Information Access, improving e ciency and
accessibility for a broader audience.
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6 Limitations and Future Work

Recognizing the limitations of this study is essential. First, depite the fact that the Web
of Science is a credible bibliographic source that is acknowledged amd the world, it is
still possible that pertinent data from other databases may have beerignored. Second, the
study's keyword selection procedure failed to consider any poteml ambiguities, which led
to the inclusion of super uous information in the dataset. An incomplete dataset was also
produced due to several important keywords being accidentally l¢fout due to an early lack
of a thorough grasp of the area. Moreover, the study's dependability may dcline with time,
it should be viewed as o ering preliminary advice. Lastly, it is crucial to recognize that even
though machine learning approaches may extract themes with topic wordérom hundreds
of papers, correct labelling of these topics still needs thorough liteature reviews. Results
from machine learning can lead to future studies, but they cannot comjetely replace human
interpretation and comprehension of the literature.

While this study o ers an exhaustive analysis of the IIA domain, it also delineates
several uncharted territories warranting future exploration. A critical area of concern is
the creation of technology designed to accommodate individuals with a rage of disabili-
ties. Subsequent research could particularly target populations with cognitive impairments,
aiming to integrate and innovate adaptive technologies that elevate the ger experience for
these groups.

When data were gathered, little study was done on the use of LLM in IIA. Although
research on Al and LLM has been expanding rapidly, with models such as Ch&PT and
GPT-4 transforming natural language processing and information retriewal (IR), their par-
ticular uses in inclusive information retrieval and accessibility were still in their infancy.
In recent years, however, advances in Al-enhanced assistive tecblogies, adaptive retrieval
systems, and LLM-driven conversational agents demonstrate the growingale of intelligent
systems in breaking traditional barriers to information access (Zhu € al. 2023). These
developments align with broader e orts in inclusive technology and inbrmation retrieval
(IR) to ensure that digital content is available, navigable, and comprehensible for all users,
including those with disabilities and those from underrepresentd linguistic or cognitive
backgrounds.

In order to improve accessibility for a variety of user groups, recetresearch highlights
the potential of LLM in augmenting assistive technologies by facilitating multimodal in-
teractions through text, audio, and image-based inputs (Adnin and Das, 2024; Raet al.,
202%). By enabling users to engage in natural discourse instead of intricatkeyword-based
searches, Al-driven conversational agents are proving crucial in infenation retrieval and
improving the accessibility and navigability of digital content (IMar tnez et al., 2024). For
users with impairments and those from low-resource language backgrounds particular,
these technologies, when combined with real-time translation and comnt simpli cation
models, present a potential path toward overcoming linguistic and ognitive limitations (Fu
et al., 2025).

Even with these developments, there are still signi cant obstacls to overcome in or-
der to guarantee fair, transparent, and bias-free Al-driven retrieval Research emphasizes
the necessity of fairness-aware ranking algorithms that enhance acc@bility-aware content
ranking and reduce biases in training data (Sitbon et al., 2023). Future esearch must
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concentrate on explainability and trustworthiness to make sure uses can understand and
evaluate Al-generated responses as Al-generated material becomes more andnma inte-
grated into search and retrieval systems. Furthermore, the creationof fully inclusive Al
solutions that meet practical accessibility requirements will dgoend on the advancement of
co-design approaches, in which impaired users actively participateni system development.
In order to make sure that information retrieval systems empower varous user groups rather
than exclude them, it will be essential to incorporate universal dsign principles into every
phase of Al model training, evaluation, and deployment going ahead.

Furthermore, there is a speci c need to focus on the design of inakive information re-
trieval. This would involve developing methods and technologies thato er a more inclusive
approach to information retrieval for individuals with disabilities. By doing so, we can em-
power them to independently access information, allowing for a moreseamless integration
into the information-driven world.

Future academic contributions can signi cantly contribute to the adv ancement of the
IIA area by addressing these highlighted gaps and obstacles. With a broadser base catered
to, it would become more productive, e cient, and inclusive.

7 Conclusion

In conclusion, this study thoroughly analyzes the |IA area, shedding ight on its evolving

trends in terms of publication timelines, institutional contribu tions, and geographical dis-
tribution. Even while the area is expanding year over year and theres a de nite tendency
toward globalization, it has not yet developed strong academic partnerstps. The study
o ers an early knowledge of the present status of research in the IIA sgtor through a ci-

tation analysis of signi cant researchers and notable papers. The study dmonstrates the
thematic evolution within the 1lA eld using LDA for topic modeling in conjunction with

the earlier ndings. It highlights the present state of research in inclusive technology and
information retrieval, pointing out certain areas that need more investigation. The paper
also outlines the di culties and knowledge gaps in the IIA area, o erin g a guide for the
next research projects. By providing a comprehensive overvig of the IlA area, this study,

unlike prior studies, bridges a signi cant gap in the literature and acts as an invaluable
resource for researchers. The highlighted possible study diredms also provide insightful
information that can guide future scholarly activity.
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Abstract

Medical case retrieval plays a crucial role in clinical decision-maikg by enabling healthcare
professionals to nd relevant cases based on patient records, diagnostimages, and textual
descriptions. Given the inherently multimodal nature of medical data, e ective retrieval
requires models that can bridge the gap between di erent modalitis. Traditional retrieval
approaches often rely on unimodal representations, limiting their alility to capture cross-
modal relationships. Recent advances in dense model-based technes have shown promise
in overcoming these limitations by encoding multimodal information into a shared latent
space, facilitating retrieval based on semantic similarity. This pager investigates the po-
tential of dense models to enhance multimodal search systems. Weauate various dense
model-based approaches to assess which model characteristics hdlve greatest impact on
retrieval e ectiveness, using the medical case-based retrievaiask from ImageCLEFmed
2013 as a benchmark. Our ndings indicate that di erent dense model appoaches sub-
stantially impact retrieval e ectiveness, and that applying the Com bMAX fusion method
to combine their output results further improves e ectiveness. Extending context length,
however, yielded mixed results depending on the input data. Addionally, domain-speci c
models|those trained on medical dataloutperformed general models traine d on broad,
non-specialized datasets within their respective elds. Furthermore, when text is the dom-
inant information source, text-only models surpassed multimodal malels.

Keywords:  Medical Search, Multimodal Retrieval, Dense Retrieval

1 Introduction

The increasing volume of digital medical records and imaging data has made edical case
retrieval an important tool for clinical decision-making (Sivarajkum ar et al., 2024). Physi-
cians and researchers often need to retrieve relevant cases that skeasimilar characteristics
with a given medical query, which may include text and images. Thisretrieval supports
comparing diagnostic outcomes, exploring treatment options, or gaining isights from his-
torical cases. However, the multimodal nature of medical case data|often mnsisting of
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both textual descriptions (e.g., reports, diagnoses) and visual conten(e.g., radiographs,
MRIs)|poses signi cant challenges for retrieval systems. Traditional information retrieval
methods frequently rely on text-based searches, which may faild capture the intricate rela-
tionships between textual and visual data fully. The challenge liesin e ectively integrating
these modalities to improve retrieval accuracy and relevance, i.e to retrieve results that
are not only topically relevant but also visually and semantically aligned with the query.
Recent advances in deep learning, particularly in dense model-badeapproaches, o er
new opportunities for multimodal retrieval. Multimodal models encode multiple modalities
into a shared latent space, allowing for retrieval based on cross-modaemantic similarity.
In this paper, we explore whether dense multimodal models can ougxrform traditional
retrieval methods by addressing the challenge of integrating text ad images through dense
representations within a multimodal framework. To evaluate the e ectiveness of various
dense model-based approaches, we focus on the case-based retriewdktfrom Image-
CLEFmed 2013. The ImageCLEFmed 2013 dataset is distinguished by its multimdal
collection of text and images, along with relevance judgments that are keyor e ectiveness
evaluation. To guide our investigation, we pose the following research ugstions:

RQ1 Which characteristics of dense models have the greatest impact on trgeval e ective-
ness in multimodal search systems?

RQ2 How does the e ectiveness of dense multimodal models compare toaditional search
systems in medical case retrieval, and what factors in uence their elative e ective-
ness?

To answer RQ1, we conduct a series of experiments, exploring di erent resultfusion
methods and dense models. These experiments analyze how factoikel context length
and domain speci city, particularly within the medical domain, in u ence retrieval e ective-
ness. Our ndings show that dense model approaches signi cantly inuence results, with the
CombMAX fusion method yielding the best e ectiveness, speciaied domain-speci c models
surpassing general ones, context length extensions producing mictee ects, and text-based
models outperforming multimodal models when text is the primary information source.
To answer RQ2 , we perform a comparative analysis against the leading submissions from
the ImageCLEFmed 2013 case-based retrieval task, which predominantly epfoyed tradi-
tional sparse approaches. The results suggest that dense retrieval h@dyreat potential,
particularly for improving semantic similarity searches across di erent modalities.

2 Related work

Our work explores dense retrieval models for multimodal medical ad bc search, a eld
that builds upon two key areas: medical case retrieval and multimodal @ision. Medical case
retrieval has evolved from traditional text-based methods, such as kgword search, query
expansion, and relevance feedback, to multimodal systems that intgrate various types
of medical data. While systems like PubMec! which use keywords, Boolean operators,
and MeSH terms to re ne search results, remain foundational in biomeétal information

1. https://pubmed.ncbi.nim.nih.gov/
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retrieval (Jin et al., 2024; Lu et al., 2009), they are primarily text-centri c. In contrast, real-
world clinical scenarios often demand the integration of heterogeneous &lence, including
both textual and visual data, to support accurate diagnosis and treatment.

Multimodal retrieval systems integrate multiple evidence types by combining informa-
tion from di erent modalities. Early examples include MedGIFT (G roup, 2009), which
allows independent text or image-based searches, and img(Anaktisi) @joris et al, 2009),
focused on image-based retrieval across medical datasets. Later approachkiss NovaMed-
Search (Mourao and Martins, 2013), fuse textual and visual data to improvecase retrieval
performance. The ImageCLEF medical retrieval task (Msller and Kalpathy-Cramer, 2010)
introduced fusion techniques speci cally for case retrieval, emhasizing the integration of
textual and visual information. Comparisons of di erent fusion methods in medical case
retrieval tasks were further explored by Garcia Seco de Herrera eal. (2015).

Multimodal fusion systems combine information from diverse sourceto support decision-
making by creating a context-aware representation. Fusion techniges include early fusion,
late fusion, and hybrid fusion, which blend aspects of both approachesBayoudh et al.,
2022; Zhang et al., 2021; Bruni et a.. 2014).

Early fusion combines raw data or features from multiple modalities atthe beginning
of the data processing pipeline, allowing a more thorough cross-modabrrelation analysis.
However, it often requires data standardization, such as dimensionalj reduction, to ensure
compatibility across modalities. In contrast, late fusion integrates information from di erent
modalities at the decision stage, where each modality is processeddependently before
merging results through operations like concatenation or averaging (Fenet al., 2021.)). This
approach o ers more exibility and can better handle individual modali ty errors but often
fails to capture complex cross-modal dependencies and interactioZhang et al., 2027.).

Recent studies have explored deep learning-based multimodal fis for medical tasks.
Li et al. (2024) reviewed deep learning-based information fusion techniges for medical
image classi cation, highlighting their role in enhancing medical dedsion-making. Similarly,
Cui et al. (2023) provided a comprehensive review of deep multimodalusion of image and
non-image data for disease diagnosis and prognosis, demonstrating the growiimportance
of multimodal techniques in biomedical applications. These works uderscore the need for
optimized fusion techniques tailored to medical retrieval tasks.

In this work, we focus on late fusion strategies to aggregate individual reults (e.g.,
derived from di erent modalities) into a nal score. This choice i s motivated by the desire to
leverage the strengths of individual modality-speci ¢ models whie maintaining exibility in
handling di erent data types and potential errors within each modality. Within late fusion,
there are score-based methods (e.g., CombSUM, CombMNZ) that merge normakd scores
and rank-based methods (e.g., CombMAX) that prioritize document order (Hsu and Takse,
2005). Rank-based methods are further categorized into positional (e.g., @da Fuse (Aslam
and Montague, 2001), and Reciprocal Rank Fusion (Cormack et gl., 2009)) and majoritaan
(e.g., Condorcet Montague and Aslam, 2002)), with positional approaches assigninvotes
by rank and majoritarian methods using pairwise comparisons between @cuments.

Despite extensive exploration of image{text multimodal models, thér applications in
the biomedical eld remain under-researched, particularly in areassuch as clinical case
retrieval. Guo et al. (2024) provided a detailed survey on advancementin these models,
emphasizing their impact on biomedical multimodal technologies. A mgor breakthrough
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in multimodal retrieval was the introduction of CLIP (Radford et al., 2021) , which learns
joint representations of images and text through contrastive learning. CLP has shown
strong zero-shot and few-shot learning capabilities across diverse age-text tasks, making
it a central component in many recent multimodal retrieval systems including our work.

Although more recent approaches such as ColPali (Faysse et al., 2025) have emed, CLIP
remains a foundational model that in uenced the development of our sytem, particularly

given its relevance at the time of our experiments.

Building on these insights, our study addresses the speci ¢ chadinges in medical case-
based retrieval tasks by evaluating various dense model-based approah The ndings
contribute to a deeper understanding of which dense multimodal aproaches are most ef-
fective for biomedical applications, contributing to the broader dewlopment of image-text
retrieval technologies in this domain.

3 Methodology

This section presents the methodology for achieving the research goalscluding de ning
the retrieval task, presenting the experimental pipeline, and dtailing the experimental
variables considered and how they will be varied to assess their inggt on the nal results.

3.1 ImageCLEFmed 2013 case-based retrieval task

We selected the case-based medical retrieval task from ImageCLEFmed 20(@Barcia Seco de
Herrera et al., 2013) due to its multimodal collection of text and images and he availability
of relevance judgments, which are crucial for evaluating a search sysin. To our knowledge,
this was the only available dataset with these characteristics, makig it our best choice. The
task simulates a clinician's diagnostic work ow by nding articles f rom a vast collection of
biomedical literature (PubMed Central?) that could aid in di erential diagnosis, based on
a given case description and images of a patient's case. The dataset indies 75,000 articles
and 35 query topics (i.e., cases), all following a well-de ned strature, and a total of 300,000
images. Each article is structured into sections such as the titleauthor names, abstract,
full text, gures, and captions, while the query topics, also divided into sections, contain a
detailed case description and several relevant images.

Our analysis of the dataset revealed signi cant heterogeneity in the t&tual component,
with text sections ranging from concise titles (average of 21 tokens) tdulltexts (up to
90,605 tokens). For the visual component, it was found that images in relevantrticles
di er notably from query images. Article images are mostly graphs and charts while query
images are medical exam images, creating a disadvantage for visual retrievaCompound
images, which contain multiple sub-images within a single frame, alsadd complexity.

In ImageCLEF, the articles were evaluated for relevance based on theirantribution to
di erential diagnosis, using a three-point scale: relevant, partly relevant, or non-relevant
(Kalpathy-Cramer et al., 2015). Analysis showed that physicians prioritized textual infor-
mation over visual content in their decision-making. The images in re¢vant articles di ered
signi cantly from the query images, suggesting that visual content played a secondary role
in their relevance assessments. Consequently, it is unlikelyhtat a system relying solely on

2. https://www.ncbi.nlm.nih.gov/pmc/
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visual information could e ectively retrieve relevant articles. Furthermore, Garcia Seco dz2
Herrera et al. (2017) observed that incorporating visual data into a multimodal approach
did not enhance retrieval e ectiveness for the speci ¢ topics of the ImageCLEF task.

A total of 15,028 relevance judgments were made across all query topics, witbnly
0.57% of the collection judged per topic, as detailed in Section 5.7. The liited judgments,
especially the lack of relevant documents, posed challenges, as alsoted by Garcia Seco
de Herrera et al. (2015). This impacted top results in the case-based taswith relatively
low scores, where MAP scores ranged from 0.0281 to 0.2429, depending on retaktype
(visual, mixed, or textual), as discussed in Section 5.6. Mitigation eorts are explored in
Section 6.

3.2 Experimental multimodal retrieval pipeline

To systematically experiment with and evaluate dense model-basedpproaches, we built
a functional prototype of the retrieval system. The source code is opdy available on
GitHub. 3 The work ow is organized into ve key steps:

1. Dataset collection and article encoding . In this step, raw data is processed and
encoded into dense embeddings.

2. Storage and indexing of embeddings : The encoded articles are represented in an
embedding space and indexed for e cient retrieval. We used Fais% (Johnson et al,,
2021) version 1.8.0 with the GPU implementation, employing its HNSW inde with
squared Euclidean (L2) distance, which preserves ranking while iproving e ciency
by avoiding square root calculations.

3. Query encoding : Query documents are transformed into embeddings followed by
a similarity search, using Faiss, against the pre-computed indexeeémbeddings of the
articles for retrieval.

4. Results fusion : Results from multiple retrieval approaches are combined, matching
each section of the query with corresponding sections in the articlevhich may contain
textual or visual information.

5. Retrieval : A ranked list of documents based on the fused results is produced

3.3 Experimental variables

With the functional pipeline established as the foundation for expeimentation, we have the
exibility to adjust and re ne various elements of the system. Thr ough this process, we
systematically assess how di erent changes impact the e ectivengs of the retrieval task.

3.3.1 Results fusion

Since the documents consist of multiple distinct sections, eaclsection of the article doc-
ument must be compared with each section of the topic document, redting in multiple

3. https://github.com/catarinaopires/eval-multimodal-medical-case-retrieval
4. https://faiss.ai
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ranked lists that require results fusion. For instance, when compang a topic description
with article images, we need to compute the similarity between thetextual description and
each article image, generating multiple ranked lists. To obtain a singt nal ranking, we
then apply one of the result fusion methods.

We experiment with CombSUM, CombMAX, and CombMNZ, given their demonstrated
e ectiveness within the Comb family, introduced by Shaw and Fox (1994). For each docu-
ment i, the score after fusion can be computed as:

N (i)
CombSUM(i) = Sk(i); Q)

k=1
CombMAX (i) = max(S);8S Dj; (2)
CombMNZ (i) = N(i) CombSUM(i); 3)

where S (i) is the score of thei-th document in the k-th result list, N (i) refers to the
number of times a document appears in the result lists, andD; denotes the set of scores
(S) assigned to documenti across all result lists in which it appears.

3.3.2 Models

Our study explores the use of dense models in multimodal searchpdusing on how var-
ious model architectures and capabilities impact retrieval e ectiveness, particularly when
handling both text and image data. The models employed, primarily ushg HuggingFacé®
implementations in Python, include CLIP's ViT-B/16 variant (Radford et al., 2021), Long-
Clip B/16 (.’hang et al., 2024), a ne-tuned version of CLIP that extends the token capacity
from 77 to 248 for longer text{image pairs, PubMedCLIP (Eslami et al., 2021.), a ne-tuned
CLIP model for medical image-caption tasks, as well as Llama 3 (Gratta ori et al, 2024)
with 8 billion parameters and LLaVA-1.5 (Liu et al., 2023) with 7 billion paramete rs.

One of the challenges in multimodal retrieval is managing di erent madalities. A key
decision is whether to use a multimodal model that processes bottext and images together
or to handle each modality separately using unimodal models. While CIP e ectively man-
ages visual data, it struggles with long texts due to its limited token @apacity. Aggravating
this problem, Zhang et al.'s experimental ndings suggest that the e ective length of text
that CLIP can handle optimally is no more than 20 tokens, beyond which it struggles to
utilize the additional information e ectively. This limitation can r esult in the loss of crucial
information necessary for accurate retrieval. Although models like LongCLP attempt to
address CLIP's token limit by increasing token capacity, alternatives like large language
models (e.g., Llama 3) may be better suited for handling lengthy textinputs.

The main strength of multimodal models lies in their capacity to encapsulate data across
various modalities within a shared latent space, facilitating comparson and relationship es-
tablishment. In contrast, employing unimodal models would compromise this key capability,
impeding cross-modality comparisons. Nevertheless, it is feasiblto mitigate the limitation
of unimodal models in cross-modality comparisons by homogenizing data odalities into a

5. https://huggingface.co/
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singular format, like text. A potential solution is to convert visual dat a into text through
image descriptions, allowing unimodal models to handle the transfaned data exclusively
in text format. Using a multimodal generative model such as LLaVA, images ardranslated
into textual descriptions, which can then be compared with existng text-based content.
Transforming visual data into text-based representations facilitates the comparison of im-
ages and text within a uni ed latent space, even when using text-ony models.

Finally, our study evaluates the potential bene ts of domain-speci ¢ models, such as
PubMedCLIP, over general-purpose models like CLIP for improving multimodal search
systems in medical information retrieval.

4 Experimental setup

This section presents the experimental setup, outlining the phnned experiments along with
their objectives and focus. It also presents the evaluation metris used to assess the impact
of each approach and details the computational resources employed for exgimon.

4.1 Experiments

To address the outlined research questions, we conducted ve expelents, focusing on
model variations to investigate how di erent factors in uence retr ieval e ectiveness.

Exp. 1 Results fusion e ectiveness: Firstly, we will evaluate the impact of using di er-
ent results fusion approaches, such as CombSUM, CombMAX, and CombMNZ, by
applying them to retrieval outputs from CLIP and comparing their e ec tiveness.

Exp. 2 E ect of context length: Our second experiment will examine whether the con-
text length of a model in uences the obtained results. To explore this, we will
compare the e ectiveness of the CLIP model with the LongCLIP model.

Exp. 3 Domain-speci ¢ model e ectiveness: Our third experiment will investigate
whether a domain-speci ¢ model can outperform a general-purpose mad. This
experiment will involve comparing the e ectiveness of PubMedCLIP against CLIP.

Exp. 4 Unimodal vs. Multimodal e ectiveness: Our fourth experiment examines
whether a unimodal approach can outperform a multimodal baseline withthe dataset
at hand. This will involve comparing the outcomes of Llama against CLIP.

Exp. 5 Dominant data type approach: The fth experiment assesses whether selecting
a dominant data type (text) and converting visual content to a textual represen-
tation can outperform the baseline, which uses the original multimodaldata. To
investigate this, we will compare the e ectiveness of searches ugj the existing
topic sections with those using LLaVa's generated topic image descriptioet This
comparison will involve all utilized models, not just the text model Llama.

4.2 Measure

Following established methodologies and metrics from ImageCLEFmed 2013, envreport
MAP as the primary metric, along with GM-MAP (Geometric Mean, or GMAP), b pref,
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and P@10/@30 as complementary metrics. The highest scores in each columre dolded,
and statistically signi cant results are marked in the tables, based ona two-tailed paired
permutation test with 100,000 permutations. A Holm-Bonferroni correction was applied
at the 0.05 signi cance level (95% con dence interval) to account for muliple comparisons
when evaluating the e ectiveness of di erent dense model-basedpproaches on the selected
dataset. In addition, we report e ect sizes (Cohen'sd;), standard errors (SE), and 95%
con dence intervals (Cl), computed for each comparison relative to its respective baseline.

4.3 Computational resources

Initial experiments were conducted on a server equipped with v NVIDIA GeForce RTX
2080 Ti GPUs, each with 11GB of VRAM, which provided su cient resources for run-
ning smaller models like CLIP. As the complexity of the experimens increased, the com-
putational tasks were migrated to a more advanced computing environmentmanaged by
SLURM (Jette and Wickberg, 2022). This setup featured multiple GPUs, including NVIDIA
Tesla V100 and NVIDIA A100 models, with 32GB and 80GB of VRAM, respectively. Some
steps were run without GPUs and on the less advanced setup to minime resource usage
when possible.

5 Results

The overall results for all experiments are summarized in Table 1, vth the scores presented
as averages to provide an overview of e ectiveness across all topics. Ationally, e ect sizes,
standard errors, and 95% con dence intervals are reported for all statisttally signi cant
comparisons f < 0:05, Holm-Bonferroni corrected) in Table Z. To evaluate each proposed
approach, we conducted individual searches for each section of the top@mcuments against
each section of the article documents, testing all possible combinatns. Thus, the results
tables are organized by topic section (Description, Images) and articleestion (Title, Ab-
stract, Fulltext, Images, Captions). The scores represent the outomes of comparing each
section from the topic (left-most label) to each section from the artide (row-label).

5.1 Results fusion e ectiveness

The rst experiment examines the impact of di erent result fusi on methods|CombSUM,
CombMAX, and CombMNZ|without altering the underlying CLIP model. CombS UM
serves as the baseline for comparison, and the e ectiveness resulisr each method are
presented in the top section o Table 1. Since topic descriptions and #cle titles, abstracts,
and fulltexts are directly compared, results fusion is unnecesssr Therefore, CombMAX
and CombMNZ scores remain unchanged from the baseline and are omitted fronhé table.

CombMAX consistently outperforms the baseline, particularly when cmparing topic
images to article images and captions. The medium e ect size indicatethat the observed
improvement is likely to be meaningful in practice, even if not lamge, indicating better
prioritization of relevant documents at the top results. In contrast, CombMNZ produces
results nearly identical to CombSUM, with no meaningful improvements observed.
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An example of CombMAX's advantage is seen in topic 29, where the query inclugs
two head CT scans, and a relevant article (per grels) contains one matéhg CT and one
unrelated MRI. CombMAX ranked the article 16th by emphasizing the strongest match,
while CombSUM ranked it 124th due to the MRI diluting the overall score. This highlights
CombMAX's strength when a single strong match determines relevance.

Overall, CombMAX emerges as the most e ective result fusion method in
this context , consistently outperforming CombSUM and CombMNZ across most metrics.

5.2 E ect of context length

The second experiment investigates the impact of context length by emparing CLIP (77
tokens) with LongCLIP (248 tokens), using CombMAX across all runs. The basehe in-
volves CLIP, and the experiment assesses whether longer context lgths improve results by
maintaining the same fusion method for comparison. Results are at the badbm of Table 1.

Results indicate that CLIP generally performs better with short texts like titles and
captions, aligning with its original training setup. LongCLIP shows mixed results: it slightly
improves e ectiveness on longer inputs such as abstracts, but ofteanderperforms on shorter
texts, with some statistically signi cant drops. Visual comparisons show varied results
across models, likely due to di erences in the text{image alignmentlearned during training.

In summary, while context length in uences retrieval e ectiveness, a longer
context does not consistently yield better results . The bene ts of longer context
length depend on the type and structure of the input data.

5.3 Domain-speci ¢ model e ectiveness

The third experiment evaluates whether a domain-speci ¢ model,PubMedCLIP, outper-
forms the general-purpose CLIP model in biomedical retrieval tasks, sing CombMAX. As
shown in the bottom portion of Table 1, the goal is to determine if ne-tuning a model for
a speci ¢ domain yields better results than a model pre-trained ondiverse data.

While statistical signi cance is limited, PubMedCLIP generally pe rforms better, partic-
ularly in retrieving abstracts and article images. Its improvements suggest stronger domain
alignment, especially in extracting abstract-level semantics and isual information. How-
ever, inconsistent e ectiveness across certain queries, re ¢ed in lower GM-MAP, indicates
challenges in handling di cult or ambiguous topics.

In summary, the results show that the domain-speci ¢ model (PubMedCLIP) out-
performs the general-purpose model (CLIP) for biomedical searches , achieving
higher e ectiveness in retrieving relevant cases.

5.4 Unimodal vs. Multimodal e ectiveness

The fourth experiment evaluates whether a unimodal text model, Lma, can outperform a
multimodal model, CLIP, using the CombMAX fusion method. Since Llama handles only
textual input, it is evaluated solely on text-based searches, whileCLIP also includes mixed
and visual comparisons (see bottom of Table 1) to assess the e ectivenesd unimodal
compared to multimodal models.

207



Pires, Nunes, and Teixeira

Llama generally outperforms CLIP across most textual inputs, particularly with longer
texts like abstracts and fulltexts, re ecting its stronger language modeling capabilities and
training on longer contexts. The observed medium e ect sizes suggeshat these improve-
ments are not only statistically signi cant but also practically meanin gful. A clear example
is topic 29, where Llama ranked a relevant article at the top, while CLIP placed it at
309. The key factor is context length: CLIP's 77-token limit only covered the introduc-
tion, missing critical content, whereas Llama, with its 8,192-token capady, processed the
entire article, including two case studies and conclusions. Thignabled a deeper semantic
understanding, crucial to determining the relevance of the artick to this case description.

While CLIP performs slightly better on short texts like titles, Llam a surprisingly sur-
passes it on image captions as well, possibly due to CLIP's limited tokercapacity when
handling complex topic descriptions.

Overall, Llama consistently outperforms CLIP in nearly all textual sections,
as well as in mixed and visual searches . Llama's superior e ectiveness highlights its
strength with purely textual content, while CLIP's multimodal cap abilities o er no signi -
cant advantage in this context. This supports the hypothesis from Seabn 3.1 that textual
information is prioritized over visual content for this task under ev aluation .

5.5 Dominant data type approach

The fth experiment assesses whether converting visual conteninto text and prioritizing
text can outperform a multimodal approach. This is tested by comparing searches using
existing topic sections with those using LLaVa-generated image descripns (labeled \Gen.
I. Desc."). While the focus is on the e ectiveness of these generatl descriptions, mixed
searches that combine them with article images are also analyzed to asseswltimodality
against unimodality. Instead of relying solely on the text-only Llama model, all models
are tested using the CombMAX fusion method. To ensure fair comparisos, each setup is
assessed against the corresponding model with statistical relevantests conducted against
the \Topic Description" and \Images" sections. Results show that nearly all metrics are
statistically signi cant for at least one baseline, supporting multip le signi cant conclusions.

The generation of image descriptions imposed a token limit of 1024 per image tensure
detail and prevent truncation, but actual token counts ranged from 47 to 133, aeraging
79 tokens. Descriptions typically began with high-level features, sch as color or sub gure
count, and then moved on to more speci ¢ details within the image. Howeer, the evaluation
revealed mixed accuracy due to the model's lack of medical domain nédning, resulting
in some errors and inconsistencies. Additionally, a recurring issel was the inconsistency
between the topic-generated image descriptions and the image captiondj ering in detail,
wording, length, and intent. This mismatch, shown by an example in Fgure 1, contributed
to the observed e ectiveness di erences.

For CLIP and LongCLIP, visual searches consistently outperformed those ugsg gener-
ated descriptions, suggesting that these text surrogates fail to captre the necessary detail
or alignment with article content, potentially due to errors in the de scription generation pro-
cess and varying levels of detail. PubMedCLIP showed some improveemt when comparing
generated descriptions to article abstracts, but e ectiveness dopped sharply in visual com-

208



Evaluating Dense Model-based Approaches for Multimodal Med ical Case Retrieval

(a) Query image example with LLaVa-generated description: (b) Article image example with

\The image is a black and white medical image of a person's caption: \CT scan showing an
abdomen, likely an X-ray or CT scan. The abdomen is lled adrenal metastasis to the con-
with various organs, including the liver, spleen, and pan- tralateral gland, 2 years after a

creas. The liver is located on the left side of the image, while right nephrectomy for primary
the spleen is situated in the middle, and the pancreas is on RCC.".

the right side. There is a small arrow pointing towards the

right side of the image, possibly indicating a speci ¢ area of

interest or a point of reference. The overall image provides

a detailed view of the internal organs within the abdomen.".

Figure 1: Example of similar abdominal CT scan images, both showing an arrow @inting to
a region but with completely di erent descriptions in terms of wording and medical detail.

parisons. Llama, relying solely on text, also performed worse with genated descriptions
than with original topic descriptions, likely due to di erences in wording mentioned above.
The experiment assessed whether using text as the dominant data pe could outperform
a multimodal baseline. While a comparison between the unimodal Llamamodel and the
multimodal CLIP model was obvious, intended to test text-only versus multimodal e ec-
tiveness, it was not entirely fair due to di erences in models andaugmented data. Results
showed that Llama with generated image descriptions did not surpass CLIPthough the
comparison is inequitable. The experiment suggests that comparing aitle images with
generated captions and topic images could further explore whether visal searches have
an advantage over mixed searches, as in the previous experiment the itimodal approach
showed no advantage over the unimodal. However, in this experimenall textual searches
using generated descriptions performed worse than their multimod al baselines,
likely due to limitations in the generated data . Additionally, the misalignment be-
tween topic and article captions hindered e ectiveness, supportig prior conclusions that
topic and article images di er signi cantly. Despite this e ective ness disparity, CLIP and
LongCLIP performed best in visual searches, while PubMedCLIP excedld in comparisons
involving topic images and article captions, bene ting from medical domain ne-tuning.

5.6 Comparative analysis against top submissions

To contextualize the e ectiveness of our retrieval system, we comare it to the top submis-
sions from the ImageCLEFmed 2013 case-based retrieval task. However, thc®mparison
is not entirely fair due to di erences in evaluation methodology. In a typical ImageCLEF
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Table 3: Top submissions from ImageCLEFmed 2013 Case-based retrieval task (2018png-
side our highest scores for the same task. Asterisk (*) mark results disissed in Section 6.

Runid | Retrieval type | MAP  GM-MAP  bpref P10 P30

5 SNUMedinfo9 (Choi et al., 201%) Textual 0.2429 0.1163 0.2417 0.2657 0.1981
3 FCT _.CB_MM _rComb (Mourao et al., 201%) Mixed 0.1608 0.0779 0.1426 0.1800 0.1257
§ FCT _SEGHIST_6x6_LBP (Mourao et al.. 2013) Visual 0.0281 0.0009 0.0335 0.0429 0.0238

_Llama CombMAX (desc. & cap.) Textual 0.0686 0.0123 0.1171 0.1057 0.0667
¢ £ PubMedCLIP CombMAX (img. & cap.) Mixed 0.0224 0.0041 0.0760 0.0457 0.0314
° 5 PubMedCLIP CombMAX (img. & img.) Visual 0.0530 0.0057 0.1011 0.0714 0.0429

. Llama CombMAX (desc. & cap.) Textual 0.1210 0.0301 0.1171 0.1629 0.1267
4 § PubMedCLIP CombMAX (img. & abs.) Mixed 0.0767 0.0144 0.0832 0.1514 0.1229
O @ PpubMedCLIP CombMAX (img. & img.) Visual 0.0967  0.0134  0.1011 0.1257 0.1105

g Llama CombMAX (desc. & full.) Textual 0.0419 0.0293 0.0733 0.1657 0.1448
4 % CLIP CombMAX (img. & title) Mixed 0.0229 0.0130 0.0425 0.1143 0.0905
© % PubMedCLIP CombMAX (img. & img.) Visual 0.0282 0.0146 0.0515 0.1257 0.0914

evaluation campaign, the top 30{60 results from each submitted run are mergedo create
judgment pools of approximately 1,000 cases per topic, which are combinegd create pools
of approximately 1,000 cases per topic, which are then manually assessd€ialpathy-Cramer
et al., 2015). Since our retrieved documents were not included in tisi pooling process, only
an average of 19.73% of our retrieved articles were judged across all topicstrimducing a
considerable margin of uncertainty in the e ectiveness evaluation.

As shown in Table &, even our best-performing setup falls signi canty behind the top
submissions, but we achieved better results in purely visual seches using all the studied
multimodal models (CLIP, LongCLIP, PubMedCLIP) compared to top visual s ubmission,
which relied on sparse feature extraction methods. This suggests #t dense approaches
can capture more relevant information. However, in mixed and textual sarches, our sys-
tem signi cantly underperformed. The top submissions enhanced tleir text components
using an external corpus (MEDLINE) to perform term expansion, contributing to their
success. Although we used a somewhat similar approach using the medieseci ¢ model
(PubMedCLIP), its inherent token capacity limitations prevented it from handling the large
textual sections e ectively, likely explaining the discrepandes in retrieval e ectiveness.

5.7 Summary

From the ve experiments, we can draw several conclusions. The mayity of the e ect sizes
fall within the small and medium ranges. No large e ects d,  0:8) are observed, indicating
that while meaningful di erences exist, they are generally modest We begin by analyzing
the overall results shared across all experiments and summarizinghe key ndings.

In the ImageCLEFmed 2013 case-based retrieval task, a total of 709 documentseve
judged as relevant and 14,319 as non-relevant across 35 query topics, with meten 372 and
480 documents judged per topic, covering only about 0.57% of the 75,000 artict®llection
per query topic. This small sample size, due to the pooling techmjue, may limit the com-
pleteness of relevance assessments. Ideally, all documents stiblk judged to ensure a more
accurate evaluation, as unjudged documents are often assumed non-reéex (Clough and
Sanderson. 2013), potentially overlooking relevant ones and a ecting reteval e ectiveness.
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Our overall results are lower than the top submissions of the task. Tle bpref measure
consistently yields better results than MAP across all experimens, indicating that more
unjudged documents were retrieved, some of which could be relevanOn average, no more
than 19.73% of our retrieved articles were judged across all topics, limitig the evaluation.
While bpref accounts for incomplete relevance judgments, it only fauses on the ranking of
relevant over non-relevant documents. The highest percentage of figed retrieved articles
corresponds with the highest MAP achieved, suggesting that unjudged dicles might be
relevant. Conversely, the lowest percentage of judged articles rated in our lowest MAP
score (0.0002), yet it did not show the lowest bpref measure. This di eence highlights the
known property of MAP, which treats all unjudged articles as non-rele\ant, while bpref
handles incomplete judgments by considering only on judged documés

From all the experiments, we conclude that for the dataset used, CombMX is the
best fusion method out of the ones tested (Exp. 1). Context length a ed¢s e ectiveness
(Exp. 2), showing both advantages and disadvantages based on the input data. @nain-
speci ¢ models are better suited for their respective domains (Ep. 3). Text-based models
can outperform multimodal models when text is the primary information source (Exp. 4).
Finally, text searches based on generated descriptions signi cantlynderperform those using
the original model on both text and visuals, probably due to limitations in the augmented
topic section (Exp. 5).

6 Mitigating incomplete judgments

Many missing judgments in the ground truth may a ect reliability of r esults and conclusions.
This can be addressed by adapting the evaluation or expanding the groundrtith.

Adapting the evaluation focuses on the subset of the dataset with exishg ground truth.
This approach, explored in Section 6.1, evaluates system e ectivenaswithin this subset,
providing a partial but informative picture. It is a simple, pract ical method using existing
data, but it has limitations. The evaluation assumes that the subset repesents the entire
collection, which requires careful interpretation as it does not povide a complete evaluation.

Expanding the ground truth can be achieved through manual or semi-superised tech-
nigues. While manual annotation is the most straightforward method, it is often infeasible
due to the need for domain experts, as well as its time-intensive anaostly nature. In
contrast, semi-supervised learning involves using a small labededataset to train a model
that predicts relevance for unlabeled documents. This method, x¥plored in Section 6.2, can
e ciently label large datasets with minimal manual e ort, but its accur acy heavily depends
on the quality of the initial labeled data and the model's generalization capabilities.

6.1 Retrieval on judged documents

Using trec_eval, we re-ranked our runs and excluded all unjudged documents fronthe
retrieved set, enabling us to calculate metrics solely based on thedged documents, whether
relevant or non-relevant. Table 4 presents the overall results for dlexperiments, considering
only the judged documents in the retrieval set. E ect sizes, stamlard errors, and 95%
con dence intervals are also reported for all statistically signi cant comparisons in Table 2
under \Subset". We analyze these results and compare them with those dhined without

excluding unjudged documents, as discussed n Section 5.
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As expected, the bpref values remain unchanged since this metric rdady excludes
unjudged documents, aligning with this new approach. However, the dier metrics (MAP,
GM-MAP, P10, P30) consistently improve over the previous results. Noably, the MAP
reaches 0.1210|nearly twice the highest MAP when unjudged documents are mcluded.
Precision also stands out, reaching 0.1714 for P10 and 0.1562 for P30.

Overall, the scores approach those of the best-submitted runs, partularly for mixed
retrieval. While our approaches outperform visual retrieval, they remain below the top
textual retrieval submission, as seen in the \Ours subset" sectiorof Table 3.

Since we did not have access to the top submitted runs from the Imagel(EF 2013
competition, it was not possible to re-rank or directly evaluate our mocels against those
exact submissions. Instead, by evaluating only on the o cial judged pool of ImageCLEF
2013, our leave out unjudged results scenario ensures a consistent arairfcomparison, as it
uses the same set of documents assessed in the original campaign. Thigpagach mitigates
biases from unjudged documents and aligns our evaluation methodology witlthe o cial
judging process as closely as possible, reinforcing the validity of oicomparisons.

Importantly, the analysis of retrieval e ectiveness considering orly judged documents
con rms that the conclusions presented in response to the researajuestions remain consis-
tent and valid. The main trends observed in model e ectiveness andusion strategies hold
true under this evaluation strategy, supporting the robustness of our ndings.

6.2 Using expanded relevance judgments dataset

We expanded the ImageCLEFmed 2013 case-based retrieval task relevance@ments (grels)
dataset using an MLLM-as-a-Judge approach (Pires et al., 202'5), which used Gdam 1.5
Pro to simulate human assessment, increasing the original grels from5,028 to 558,653
relevance judgments. Table 5 presents the overall results for allxperiments using the
expanded dataset, which we analyze and compare to those from the original gis. We
also report e ect sizes, standard errors, and 95% con dence intervalsdr all statistically
signi cant comparisons in Table 2 under \Expanded Qrels".

Overall, the expanded grels yield 16 statistically signi cant resuts, one more than the
original grels. The ndings align with previous observations, reinfordng key observations:
CombMAX emerges as the most e ective result fusion method in this melical context;
di erent context lengths impact e ectiveness, but LongCLIP's larger context does not con-
sistently outperform shorter ones, as seen with CLIP; the domain-sp& ¢ PubMedCLIP
surpasses the general-purpose CLIP for biomedical searches; the Llamaodel consistently
outperforms the CLIP model; and all textual searches using generated escriptions under-
perform compared to their multimodal baselines.

Compared to the results with the original grels, some MAP values show arncrease, but
the improvement is not substantial. Notably, Llama continues to achiewe the highest MAP
when comparing topic descriptions with article captions. However, he top MAP value is
still seen with the original grels. In contrast, GM-MAP, P10, and P30 congstently show
clear improvements, while bpref exhibits a substantial declie across all experiments.
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The slight variation in MAP values can be attributed to the nature of the e xpanded judg-
ments dataset. Despite a signi cant increase in the number of judgmats, approximately
99% were labeled as not relevant. Among all the gathered metrics, MAP and GMVAP
are the most a ected by dataset imbalance, as they depend on the ranking ofelevant
documents across the entire retrieved list. In contrast, preci®n focuses only on a xed
number of top-ranked results (e.g., top 10 and top 30), making it less seiitsse to overall
dataset distribution. While bpref is designed to mitigate the impact of missing relevance
judgments, it is still in uenced by dataset imbalance due to the limited number of relevant
documents in the ranked list. Since most of the previously excludd unjudged documents
are now considered non-relevant, a decline in metric values was egpted.

Compared to the top submission of the ImageCLEFmed 2013 competition, we hidlght
the precision values listed under the \Ours expanded" section of Take 3, which closely ap-
proach the top mixed retrieval results. This indicates that the number of relevant documents
retrieved in the top 10 and 30 results is similar to the top submissios.

7 Conclusions

To the best of our knowledge, our paper is the rst to apply dense modks to multimodal
medical case retrieval. Our work investigates the e ectiveness of icerent dense-model ap-
proaches in improving multimodal ad hoc search, focusing on retri@ng articles relevant to
medical di erential diagnosis. The ndings underscore the limitati ons of the dataset in a
dual-modality search scenario, as incorporating visual data did not enhace retrieval e ec-
tiveness. The lack of improvement in retrieval e ectiveness wadikely due to the physician
assessors' preference for textual information. Most documents in t judgment pool were
retrieved through textual searches (33 submissions), while far fegr submissions focused on
visual (5 submissions) or multimodal (4 submissions) tasks. This agns with the experimen-
tal results, which revealed a clear emphasis on text-based retrieV in the retrieved article.
Compounding the issue, no more than about 20% of our retrieved articles aoss all topics
were initially judged, leaving a substantial margin of uncertainty in the evaluation process.

We addressed the challenge of highly incomplete relevance judgmenby adapting the
evaluation by excluding unjudged documents from our retrieval setsand using an expanded
relevance judgment set that covered all missing judgments across periments. These strate-
gies led to major improvements, with increases in nearly all metigs, especially precision,
bringing scores closer to top submissions. Importantly, the overalindings remain consistent
with those obtained using the original grels, reinforcing their robustness.

To answerRQL1 : \Which characteristics of dense models have the greatest impact on re-
trieval e ectiveness in multimodal search systems?; the results indicate that various dense
model characteristics in uence retrieval e ectiveness. Contet length plays a crucial role,
with di erent lengths o ering both advantages and disadvantages depending on the input
data. Truncated versions of larger texts were used due to the modeldoken limits, po-
tentially omitting important information. The Llama 3 model, which has the largest token
capacity among the models tested, attained the highest MAP in Experinent 4 (Unimodal vs.
Multimodal e ectiveness), demonstrating the value of larger contex lengths. Additionally,
domain-speci ¢ models signi cantly improved retrieval e ectiv eness over general-purpose
models.
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To answer RQ2 : \How does the e ectiveness of dense multimodal models compare to
traditional search systems in medical case retrieval, and what fetors in uence their relative
e ectiveness?", the experiments suggest that dense retrieval holds great potentialpartic-
ularly for semantic similarity searches across di erent modalities However, limitations in
context length hinder e ectiveness, as multimodal models are ofta trained on shorter in-
puts, resulting in lower e ectiveness than top submissions. Nontheless, our approaches
excelled in visual retrieval, suggesting that a multimodal large langage model, especially
if ne-tuned for the medical domain, could greatly enhance e ectiveness, though at a high
computational cost.

Future work could focus on improving both textual and visual data integration to en-
hance multimodal medical case retrieval. For textual data, handling laige inputs more ef-
fectively through text-splitting techniques could enable a morethorough analysis, as Llama,
despite its large context length, struggles with longer instances. Sjiting fulltexts into logi-
cal sections and encoding them separately may improve retrieval ectiveness. Additionally,
testing a uni ed description generator, such as LLaVA or a ne-tuned variant for the med-
ical domain, could help resolve inconsistencies observed in the [t experiment (Dominant
data type approach) due to di erent generators. On the visual side, exploring medical im-
age modality classi cation to Iter out non-relevant images and compound gure separation
to isolate relevant sub gures could reduce retrieval noise. As suggestl by Garcia Seco de
Herrera et al. (2015), these techniques have the potential to improvecase-based retrieval
but require further investigation and integration. Finally, integrat ing the top-performing
textual and visual search methods, combining sparse and dense modelcould further en-
hance the accuracy and e ectiveness of multimodal search systems.ufure studies could
also extend experiments to additional datasets, reinforcing the rdings and broadening ap-
plicability. Additionally, topic-level analysis of system behavior remains important future
work to better understand model strengths and limitations across di erent query topics.
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Abstract

In recent years, Information Retrieval (IR) has evolved from ad hoc doament retrieval

to passage and answer retrieval, incorporating downstream Natural Language Pressing
(NLP). This led to remarkable progress in models when evaluated on earlyrecision, yet
at the same time, the potential to improve recall aspects has receivkless attention. This
paper investigates an extremely high-recall task by a reproducibity study on a massive
collection of merger and acquisition documents in due diligence passagetrieval. We

have replicated previous work using Conditional Random Fields (CRF)and introduced a
Python version of the e ective CRFsuite approach. In addition, we explore the utility of

open-source and closed-source Large Language Models (LLMs) with zero-shot arehfshot
learning techniques on 50 di erent due diligence topics. Our ndings reveal the potential
for few-shot learning in due diligence, delivering acceptable lesls of performance in terms
of recall, marking an essential step towards developing advanced dueiligence models
that minimize the dependency on extensive training data typically required by domain-
speci ¢ IR and NLP models. More generally, our results are an important rst step toward
developing advanced due diligence models for any legal information need

Keywords: Information retrieval, Legal search, Due diligence passage retrieval

1 Introduction

The general public often thinks that \Search" is a solved problem, as maern Informa-
tion Retrieval (IR) and Natural Language Processing (NLP) models exhibit high precision:
the top retrieved results will likely be relevant to our user. While precision is of obvi-
ous importance, high recall is of equal or even greater relevance in many giessional and
domain-speci ¢ IR applications. These use cases necessitate highcadl because the criti-
cal implications of overlooking key information present a signi cant challenge. They also
present needle-in-a-haystack problems that are very challengingof NLP and text classi -
cation, as the labels are extremely unevenly distributed: collegbns are large, and a tiny
fraction contains relevant information.

These aspects are particularly critical in specialized applicationsuch as legal due dili-
gence for mergers and acquisitions. Due diligence refers to a systatit legal process where
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No. Text Pred. Ref.
1 (@) the arithmetic mean of the rates (rounded upwards to four decimal B 1
places) as supplied to the Agent at its request by the Reference Bargk
#C#
2 515cm B 1
3 the Reference Bank is a contributor to the applicable Screen Rate 1 1
4 \Revolving Facility Loan\ means a loan made or to be made under B B

the Revolving Facility or the principal amount outstanding for the tim e

being of that loan

\ Rollover Loan \ means one or more Revolving Facility Loans # C # B B
6 and] B 1

(6]

Table 1: Text classi cation using CRFsuite PA on sentence-level daha: 1 denotes relevant,
B denotes non-relevant, using the KIRA due diligence data (Roegids Hudek, and
McNulty, 2018)

a potential buyer evaluates a company's assets, liabilities, contractal obligations, and asso-
ciated risks before completing a transaction. The goal is to uncover hiden risks and ensure
informed decisions, making it essential to retrieve all potentiall relevant information from
complex legal documents. In this context, the manual extraction of keyinformation from
extensive legal documents is labor-intensive and prone to signi cainnancial risks (Klaber,
2013; Sherer, Ho man, and Ortiz, 2015; Sherer, Ho man, Wallace, et al., 2016). This fom
of legal document retrieval extends beyond mere document retriead, demanding a nuanced
understanding of complex legal terminologies and stipulations to ensw that no potential
liabilities are overlooked. This leads to relatively generic topis and a formidable challenge
in sentence or passage retrieval, with extremely high recall requaments to nd relevant
passages. Table 1 shows an example where a retrieved sentence is cared with the an-
notated relevant sentence for the topic change of control de nition credit agreement' This
example highlights both the di culty of matching semantically relev ant content and the
noise introduced by text extraction processes (e.g., tokenizatiorerrors, OCR noise). As a
case in point, the references includ®.15 cmas a relevant sentence, as it was included in a
larger passage annotated as relevant to the topic. Such challenges, common large-scale
document analysis, directly a ect the reliability of automated due diligence systems.
There is great variability in contractual agreements, and the speci ¢ acuracy required
for mergers and acquisitions due diligence underscores the need foodels capable of adapt-
ing to a wide array of legal contexts and jurisdictions. There is great interest in developing
advanced IR and NLP approaches for automating this intricate process, whig led to an
emerging literature on nding essential risk passages in large corpora degal documents
(Parikh, Poojary, and Gupta, 2023; Moriarty et al., 2019; Roegiest, Hudek, and M&ulty,
2018). In addressing these challenges, the study by Roegiest, Hudek, aiMcNulty (2018)
entitled \ A Dataset and an Examination of Identifying Passages for Due Diligencéis of
particular interest. This research highlights the importance of framing legal due diligence
as an IR task, particularly in dealing with issues such as high recall andineven data dis-
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tribution, which are critical to preventing oversights in sensitive legal environments. The
study's contributions include developing a specialized dataset ath evaluation data of due
diligence passage retrieval. This paper aims to perform a reproducility study of Roegiest,
Hudek, and McNulty (2018) and present an extended analysis that enables futre research
on automated high-recall information retrieval and passage extraction in legaldocument
analysis.

Motivation and Objectives of our Study We structure our work in two phases. First,
we rigorously reproduce and validate the original study by Roegiest, Hudk, and McNulty
(201€), ensuring the robustness of their methods. Second, we extertde analysis by ex-
ploring whether recent advances in Large Language Models (LLMs) can o er pradtal
alternatives in high-recall, low-annotation settings common in due dilgence tasks.

Our study focuses on four main objectives:

Reproducibility = We aim to reproduce the original experiments using the same data and
analytical tools; in addition to this, we speci cally adapt the CRFsui te (PA) algorithm
implementation in Python to con rm cross-framework compatibility.

Robustness We compare standard text processing to the original paper's tailored pepro-
cessing and feature engineering techniques like using a custamed “punkt' trained on
1M EDGAR documents, n-gram inclusion, case normalization, and POS tagging.

Large Language Models Analysis We explore the e ectiveness of open-source LLMs
for the due diligence problem, and compare to proprietary LLMs in zero-sbt and
few-shot scenarios using prompt-based methods.

Resources We o er an implementation of the CRFSuite and other models, including mod-
ern LLMs, within a Python environment. Moreover, we create a subsetof the original
data to analyse the e ectiveness of of LLMs for the due diligence problem

The rest of this paper is structured as follows. Next, &2 details the used due diligence
dataset. & summarizes the original paper and experimental setup.€4 details our repro-
duction and replication of the main results. &€ details an LLM approach to due diligence.
Finally, &€ discusses our ndings and draws conclusions.

2 Kira Data and Evaluation Subset for LLMs

This section discusses the used due diligence dataset, framing euliligence as a high recall
information retrieval problem.

Kira Dataset Roegiest, Hudek, and McNulty (2018) developed the Kira Systems collec-
tion to support academic research by identifying key information within legal documents.
This dataset comprises 4,412 legal documents, primarily related to cadit agreements per-
tinent to mergers and acquisitions, annotated across 50 topics that re et due diligence
needs. These documents contain over 15 million sentences, with signi cant portion re-
maining unannotated, posing a challenge in pinpointing relevant infomation within such
a voluminous dataset. Despite the high prevalence at the document iel, with two-thirds
of the documents containing relevant examples, the prevalence of spically annotated
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sentences is notably low, ranging from 0.01% to 0.7% per topic. This indates a much
ner granularity in targeting sentence-level relevance over docment-level, underscoring the
complexity of accurately identifying crucial information.

Legal professionals, including law students and experienced lawy&® meticulously an-
notated each document to ensure the accuracy and legal validity of the armtations. This
rigorous process ensures that the annotations not only re ect genuine al analysis but are
also precisely aligned with the intricacies and requirements of de diligence. For instance,
an example from the dataset illustrates the dataset's utility in extracting key information
for due diligence, highlighting conditions that a ect transaction risk pro les:

In the event of a Change of Control, the Borrower must provide writtn notice
to the Lender within 30 days, triggering a reassessment of the loan ters.

The dataset comprises real-life legal contracts spanning 50 topics, eaegttcompanied by
expert-generated titles and descriptions. We used these titlesnd descriptions to create
prompts for LLMs, guiding them to generate appropriate responses for the @mplex due
diligence task. These clear and detailed descriptions provide thauanced context required
for accurate model predictions. For example, "Evidence of Loans' - one ohé 50 annotated
topics- is described as:

To avoid any future debate as to how much the borrower owes, this tieaptures
provisions that typically set out that a lender's internal records or accounts are
conclusive evidence of the amount owed to the lender by the borrower andhy
further be evidenced by a promissory note by the borrower to the lender.

LLM Evaluation Subset To evaluate the performance of Large Language Models (LLMs),
we created an evaluation subset from the Kira dataset, selecting all fevant sentences along
with a random subset of 1,000 non-relevant sentences per topic due to cgmtational and
time constraints. These were not passages in the traditional sense, daselected sentence
was required to be at least 240 characters long to reduce the risk of truration during LLM
inference. We chose this threshold to Iter out fragmented or brokensentences, such as
artifacts, such as ##C##, that often occur during text segmentation.  Additionally, sen-
tences shorter than 240 characters may lack su cient context for LLMs, increasing the risk
of unpredictable outputs in prompt-based inference. Running inérence over the entire Kira
dataset with LLMs would have been prohibitively expensive and timeeonsuming, which is
why we opted for a smaller evaluation subset.

This smaller subset was designed to maintain enough challenge for a faivauation while
making the LLM experiments computationally feasible. Although this setup reduces class
imbalance compared to the original dataset, it still simulates the lowprevalence condition
typically encountered in real-world due diligence tasks. Each topidncludes a xed number
of 1,000 non-relevant sentences to allow uniform testing across topicsshile the number of
relevant ones varies considerably.

Our evaluation subset is signi cantly smaller than the original Kira dat aset, as we retain
only a few thousand of the sentences per topic from the original 15 million The subset
remains imbalanced, with a lower fraction of relevant sentences congred to non-relevant
ones. This imbalance, though less severe than in the full data, contires to in uence model
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behavior. Speci cally, the non-relevant category is xed at 1,000 sent&ces per topic, while
the relevant category ranges from 15 to 1,307 (median 124, average 210).

This subset provides a manageable yet meaningful benchmark for explimg the utility of
current LLMs in Due Diligence. While we don't claim equivalence to the full Kira dataset,
this design enables fair comparative evaluation in a practical setting, \ithout requiring
large-scale inference runs.

Although the reduced class imbalance might a ect absolute performance nteics (e.g.
precision), our primary goal is to compare models under consistent contions. Since all
LLMs and baselines are evaluated on the same balanced subset, the relativenkings and
comparative insights remain valid.

3 Overview of Original Study

This section summarizes the original paper and experimental setup,>@loiting large-scale
train data for traditional machine learning models.

The original study (Roegiest, Hudek, and McNulty, 2018) proposes the use of adnced
information retrieval techniques to automate the due diligence proess in mergers and acqui-
sitions, aiming to replace the traditional, labor-intensive scrutiny of legal documents. The
research focuses on developing a reliable tool capable of pinpointingey passages within
extensive legal texts|a crucial task given the high recall needs and the rarity of relevant
information. Utilizing machine learning, speci cally Conditional Rand om Fields, this ap-
proach enables precise detection and extraction of critical data pointshat indicate potential
risks in mergers and acquisitions transactions. This work not only enhaoes the precision
and e ciency of legal evaluations but also signi cantly contributes to t he eld by advanc-
ing the application of machine learning in complex legal scenarios. Belo is a detailed
description of the methodology, evaluation measures, and key takeawayfsom the study.

Methodology  The original study employs multiple models for sentence-level lassi ca-
tion, each designed to capture dierent aspects of the due diligencdgask. Conditional
Random Fields (CRF) are used via CRFsuite, treating each sentencas an independent
instance. The term "entity" in this context refers to relevant se ntence-level segments, not
named entities. Features used capture lexical, structural, and toc-related characteristics.

CRFsuite is trained with both Passive-Aggressive (PA) (Crammer et al, 2006) and
LBFGS (Nocedal, 1980) optimizers. PA is particularly suited for high-reall tasks like legal
due diligence, as it updates only on errors, promoting more inclusive lassi cation. This
mirrors the con guration used in the original study (Roegiest, Hudek, and McNulty, :2018).
For PA, we used a moderate aggressiveness setting (c = 0.1), the secondriant of the PA
algorithm (type = 2), and capped the maximum number of training iteration s at 100. For
the LBFGS optimizer, we similarly limited training to 100 iterations to maintain consistency
in convergence time.

In addition to CRFsuite, the original setup also included SVMhmm, which applies
Support Vector Machines for sequence modeling of sentences, o ed improved non-linear
discrimination over traditional HMMs.

Separately, Vowpal Wabbit (Langford, Li, and Strehl, 202E) is used to train a logistic re-
gression classi er on the same sentence-level features. Con guratigrinclude --holdout _off
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--loss _function logistic --passes 50 , and when bigram features are used:-ngram 2 -b
24,

We retain all three models|CRFsuite, SVMhmm, and logistic regression |directly from
the original study to ensure reproducibility and comparative consigency across methods.

Evaluation Measures The original paper evaluated performance using two distinct met-
rics to measure the e ectiveness of sentence and passage classi aati We follow the same
setup and compute precision, recall, and F1 scores for the relevantass only, as the task
focuses on retrieving legally important content while ignoring non-elevant text. Macro-
averaging across both classes is not meaningful in this context, whereecall of relevant
content is critical. First, in sentence-levelevaluation, precision, recall, and F1 scores are
calculated by treating each sentence as a separate data point. This déctly re ects how well
the model isolates relevant due diligence material at the sentencevel. Secondannotation-
level evaluation assesses a model's ability to label text sequences acatgly by treating
groups of sentences as uni ed entities (a paragraph), unlike sentemelevel evaluation's fo-
cus on individual sentences. For example, imagine a legal document whe sentences 5
through 10 pertain to a speci ¢ legal issue important for a due diligencetask.

Suppose a model correctly classi es some of these six sentencesalgevant. In that case,
our user will still have discovered the relevant due diligenceriformation, and we can regard
this as a success. Hence, annotation-level evaluation is a more leniemteasure that can be
interpreted directly by our legal user, having located all the relevant information agged
for further inspection.

4 Reproduction and Replication

This section details our reproduction and replication of the main residts. The rst part

discusses reproducing the original experiment results and impmenting the CRFsuite al-
gorithm in Python. The second part focuses on replicating the CRFsuie algorithm with
simpler features and evaluating its performance.

4.1 Reproduction

We rst reproduced the experiments from the original study using the same code, feature
data, parameters, and algorithm versions on the same platform. According to te ACM
Artifact Review and Badging Guidelines (v1.1), this quali es as areproduction : adierent
research team repeating the original experimental setup to verify pblished results.

The original study by Roegiest, Hudek, and McNulty (201€) used CRFsuite br sentence-
level classi cation with feature vectors derived from a custom prepocessing pipeline. While
the source code for this pipeline was not released, the authors sharebe resulting feature
representations, enabling us to replicate their CRF results exatty. For a detailed breakdown
of this preprocessing pipeline and feature engineering, see thext section.

4.1.1 Feature Engineering from Original Paper

The original study applied custom preprocessing to address challges speci c to legal texts.
A key step involved adapting the punkt sentence segmentation algorithm for legal docu-
ments. Legal lings from the EDGAR repository often include non-standard punctuation,
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Source Model Precision Recall F1-Score
CRF-PA 0.92[0,91,0.93] 0.85 [0.83,0.88] 0.88 [0.87,0.90]
CRF-LBFGS 0.94 [0.93,0.95] 0.80 [0.77,0.83] 0.86 [0.84,0.88]
(a) Original SVM-HMM 0.93 [0.89,0.96] 0.69 [0.64,0.74] 0.78 [0.74,0.82]
VW-Tuned 0.92 [0.91,0.94] 0.62 [0.58,0.65] 0.74 [0.71,0.76]
VW-Sent 0.90 [0.89,0.92] 0.65 [0.62,0.68] 0.75[0.72,0.78]
CRF-PA 0.9235 [0.91,0.93] 0.8473 [0.83,0.88]0.8812 [0.87,0.90]
CRF-LBFGS 0.9440 [0.93, 0.95] 0.8091 [0.77,0.83] 0.8691 [0.84,0.88]
(b) Replication SVM-HMM 0.9273 [0.89, 0.96] 0.6881 [0.64,0.74] 0.7755 [0.74,0.82]
VW-Tuned 0.9240 [0.91, 0.94] 0.6225 [0.58,0.65] 0.7396 [0.71,0.76]
VW-Sent  0.8993 [0.89, 0.92] 0.6460 [0.62,0.68] 0.7487 [0.72,0.78]
(c) Python CRF-PA 0.9211 [0.91,0.93] 0.8509 [0.83,0.88] 0.8826 [0.87,0.90]

(d) Text Features CRF-PA  0.9405 [0.92, 0.95] 0.7214 [0.68, 0.76] 0.8089 [0.78, 0.84]

Table 2: Sentence level evaluation: Comparison between (a) the originakesults; (b) repli-
cation results; (c) Python re-implementation; and (d) CRF replication with text
features; Square brackets indicate the 95% con dence intervals.

enumerated clauses (e.g., \Section 5(b)"), and inconsistent formattirg, which cause o -the-
shelf sentence splitters to perform poorly. The customizegunkt variant was developed to
handle such structures, ensuring accurate sentence boundaries|aritical factor for reliable

sentence-level classi cation.

Beyond segmentation, the authors engineered lexical and semantic feats tailored to
this domain. These included bigram and trigram token features derivedfrom word2vec
embeddings trained on over 1 million EDGAR documents. Token vectorswere clustered
using k-means, and cluster IDs were used as features to capture broadsemantic patterns.
This approach was particularly bene cial in the low-resource, high-recall setting of due
diligence.

Feature generation and classi cation leveraged the Vowpal Wabbit toolkit, combining
both in-house feature sets and VW's n-gram hashing capabilities. This ybrid setup enabled
e ective learning of both domain-speci ¢ and generalizable patterns,providing robust input
to CRF, SVMhmm, and logistic regression models.

Our study successfully reproduced the original study's work, feusing on models like
Conditional Random Fields (CRFs) via CRFsuite (PA, LBFGS), SVM-HMM, an d two
Vowpal Wabbit (VW) con gurations: VW Tuned and VW Sent. These models wer e key
for analyzing legal documents in mergers and acquisitions due diligeldn the original study.

Our ndings a rm the original study's reliability and impact, endorsi ng the methods
proposed by Roegiest, Hudek, and McNulty (2018). The detailed metrics sth as precision,
recall, and F1 scores, along with their 95% con dence intervals shownni square brackets,
are provided in Table Z(a,b) and Table 3(a,b) respectively. The close ratch of our results
with the original study, consistently within two decimal points, ¢ on rms the success of our
reproduction e orts.
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Source Model Precision Recall F1-Score

CRF-PA  0.92[0.90,0.93] 0.94 [0.94,0.95] 0.93 [0.92,0.94]
CRF-LBFGS 0.97 [0.96,0.98]  0.85[0.83,0.88]  0.90 [0.89,0.92]
(a) Original SVM-HMM  0.92[0.88,0.95]  0.84 [0.81,0.88]  0.88 [0.84,0.91]
VW-Tuned  0.84 [0.80,0.87]  0.83 [0.81,0.86]  0.83 [0.80,0.85]
VW-Sent  0.79 [0.75,0.83]  0.88 [0.86,0.90]  0.82[0.79,0.85]

CRF-PA  0.9189 [0.90,0.93] 0.9436 [0.94,0.95] 0.9300 [0.92,0.94]
CRF-LBFGS 0.9720 [0.96,0.98] 0.8540 [0.83,0.88] 0.9033 [0.89,0.92]
(b) Replicaton ~ SVM-HMM  0.9160 [0.88,0.95] 0.8426 [0.81,0.88] 0.8752 [0.84,0.91]
VW-Tuned 0.8377 [0.80,0.87] 0.8326 [0.81,0.86] 0.8265 [0.80,0.85]
VW-Sent  0.7885 [0.75,0.83] 0.8811[0.86,0.90] 0.8224 [0.79,0.85]

(c) Python CRF-PA  0.9190 [0.90,0.93] 0.9428 [0.94,0.95] 0.9298 [0.92,0.94]
(d) Text Features CRF-PA  0.9272[0.91, 0.94] 0.8624 [0.84, 0.88] 0.8893 [0.87, 0.90]

Table 3: Annotation level evaluation: Comparison between (a) the original resits; (b)
replication results; (c) Python re-implementation; and (d) CRF re plication with
text features; Square brackets indicate the 95% con dence intervals

4.1.2 Python code for CRFsuite

We also reproduced the CRFsuite experiments within a Python emironment using the
sklearn-crfsuite package. This Python-based setup served two purposes: rst, to con-
rm that CRFsuite's performance remains consistent when integrated with standard Python
NLP work ows; second, to make the reproduction accessible to a broadecommunity fa-
miliar with Python tools. Importantly, we did not modify or re-imple ment the CRFsuite
algorithm, our work simply wraps the existing CRFsuite functionality using Python bind-
ings.

Our ndings, demonstrating consistent model performance, are detded in Table 2(c)
and Table 3(c) for sentence level and annotation level, respectively.

4.2 Replication

We extend our analysis beyond just reproduction. The original paper ues proprietary
features, and we try to reproduce these from the source text. We cafully align our text
features with those used in the original paper, focusing on the begperforming CRF model.
For our experiments, we utilized the Python implementation of CRFsuite, which is available
through sklearn-crfsuite. We speci cally chose the Passive Aggresa (PA) version of the
CRFsuite algorithm, favored for its slight bias toward recall. We adhered to the same CRF
parameters as in the original study.
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Feature Type Description

Token Attributes Token, lower, is rst, is last, is capitalized, i s all caps, is all lower
Morphological pre x-1, pre x-2, pre x-3, su x-1, su x-2, su X-3

Contextual prev token, next token, is numeric

N-Gram unigram, bigram, trigram

Table 4: Token-level features employed in the analysis

4.2.1 Feature Engineering

We directly used raw sentences with their corresponding labelérom the original dataset,
bypassing the featured data used for reproducibility. Our featue engineering approach
closely follows the spirit of the original paper, adapted for our own setp.

We customized the Punkt tokenizer using 1 million legal sentenceso improve sentence
segmentation. Token-level features include lowercase form, capitahtion, numeric ags,
pre xes/su xes, and part-of-speech tags. These are aggregated into spams binary vectors
to represent each sentence.

In addition, we added basic sentence-topic compatibility signals sut as word overlap
with the topic title and description, sentence length, and characte count|useful for reduc-
ing noisy matches.

While binary n-grams and POS tags individually provided marginal improvements, we
observed better performance when they were combined with custoreéd tokenization and
case normalization. This is consistent with the observations reportecdby Roegiest, Hudek,
and McNulty (2018), who noted that binary token n-grams were most e ective when used
alongside carefully tuned preprocessing pipelines.

4.2.2 Results

Roegiest, Hudek, and McNulty (2018) released preprocessed feature vers for all docu-
ments based on proprietary in-house trained and optimized preprocesng, allowing us to
reproduce and replicate their experiments above. We study the ectiveness of going back
to the source text with \normal" preprocessing choices as used in IRNLP to understand
the impact of their advanced proprietary preprocessing in the origiral paper.

The results are in Table 2(d), and Table 3(d) looking at the sentencedvel and an-
notation level precision, recall, and F1-score respectively for our wsion of the CRFsuite
(PA) model working on the source text. This model scores sentenckevel recall (72.14%)
and F1-score (80.89%). This is lower than the proprietary in-house preprcessing results
in Table 2(a,b) before, scoring sentence-level recall (85.09%) and Flae (88.26%). This
considerable di erence both highlights the value of the proprietary preprocessing, as well
as that traditional classi cation models like CRF require tailored feature engineering in
order to excel. Similarly, our standard pre-processing model sces annotation-level recall
(86.24%) and F1-score (88.93%). This is lower than the proprietary preprocssing results in
original study before, scoring annotation-level recall (94.28%) and F1-scor2.98%). These
scores show the value of the proprietary preprocessing and that the odel, on relatively
standard preprocessing, obtains high levels of e ectiveness.
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Our feature set did not incorporate some of the advanced n-gram features deribed in
the original study, as they were proprietary. Although the EDGAR documents are publicly
available, the Kira Systems features are based on training a word2vec ouel on proprietary
labels and then clustering to create enriched bigram and trigram featoes. Our main aim
here is to assess the e ectiveness of standard NLP preprocessingtaiques, similar to those
used in other IR tasks. The development of optimized features tailord for this speci c task,
while promising, is left for future work.

To summarize, we can reproduce and replicate the experiments fraimg the high-recall
due diligence task as an information retrieval experiment, both usingthe original code
and with a Python version using the precomputed proprietary features. Additionally, we
can replicate the results by returning to the original text, which avoids the proprietary
preprocessing of the original paper and enables the model to be apptido new data outside
the Kira dataset.

5 An LLM Approach to Due Diligence

This section explores an LLM-based approach to due diligence.

The models discussed in earlier sections are based on extensivedtdd training data and
hand-crafted feature engineering. Although e ective, these traditional approaches assume
task-speci ¢ supervision at scale, an assumption that is often impradtal in legal domains,
where annotating data requires costly expert input. This limitati on becomes more pressing
when applying these models to new or evolving legal topics, where aptated data may be
sparse or unavailable.

An alternative class of models, including semantic similarity methods such as Sentence-
Transformers, could address some of these challenges by encodingteanes into embedding
spaces and retrieving semantically similar passages. However, suchm@paches typically re-
quire additional infrastructure for retrieval (e.g., dense indexing), and may still fall short in
capturing task-speci c instructions or legal nuances not present inthe training data. These
methods also struggle with long, multi-sentence contexts or when m®-grained classi cation
decisions are required.

Recent Large Language Models (LLMs) o er a compelling alternative. Not only do
they support zero-shot and few-shot learning, but they also allow us toinject detailed
task guidance directly into the prompt, enabling inference withou additional training or
indexing. The Kira dataset, originally designed for human assessors, @udes rich topic titles
and descriptions that align well with LLM prompt inputs. This motivates us to evaluate
whether LLMs, when guided by these descriptions and a small number oéxamples, can
perform due diligence classi cation e ectively, even without large-scale labeled training
data.

To this end, we investigate multiple open-source and closed-sourdel Ms across zero-
shot and few-shot prompting conditions, comparing their performance agaist supervised
models on a curated subset of the original dataset.
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5.1 Related Work

Generative Al models like GPT-4 (Achiam et al., 2023), Llama (Touvron et al., 2023), and
Gemini (Mesnard et al., 2024), have signi cantly advanced Information Retieval (IR) and
NLP tasks (Ma et al., 2024; Shi et al., 2024). These models can perform complex tes
such as document analysis, summarization, and contract review (Pradgeand Lin, 2024;
Jang and Stikkel, 2024; Roegiest, Chitta, et al., 2023). Their performance cammprove
further with zero-shot and few-shot learning methods (Yu, Quartey, and Schilder, 2022;
Sanh et al., 2022; Wang et al., 2024), or in-context learning, which requiresttie to no ne-
tuning. This is especially valuable in legal due diligence, where fasnd accurate document
interpretation is crucial.

Zero-shot and few-shot learning, combined with prompt engineering, h&e shown suc-
cess in legal applications. Roegiest, Chitta, et al. (2023) reported that ppmpt engineering
with GPT-3.5-Turbo outperformed traditional contract analysis method s in accuracy and
consistency. Similarly, Jang and Stikkel (2024) demonstrated GPT-4's gperior recall in
mergers and acquisitions tasks, though models like BERT and Legal-BERTdgged. How-
ever, these studies also have limitations. Roegiest, Chitta, et al(202%) focus solely on
guestion-answering tasks and do not explore full-scale due diligee¢ which involves re-
trieving information from diverse legal documents. Jang and Stikkel(2024) demonstrated
GPT-4's high recall for due diligence tasks on the Kira dataset but limited their study
to a single topic (1243) and 100 samples rather than the complete set of 50 di @ent due
diligence topics in the Kira dataset.

5.2 Experimental Setup

Models In this analysis, we have explored the application of open-source LLMsnicluding
dolphin-2.9-llama3-8B, Meta-Llama-3.1-8B, and gemma2-9B (Hartford, Atkins, and Fenan-
des, 2024; Dubey et al., 2024; Mesnard et al., 2024), alongside OpenAl's latest progtary
GPT-40-mini model (OpenAl, 2024), which is optimized for fast and less corplex tasks.
We tested these models for all 50 topics in our dataset, facilitating a gdect comparison
between proprietary and open-source models. These models werdesged based on their
performance within the Ollama framework as of July 2024 (Ollama, 2024), knowndr their
local execution capabilities, ensuring data privacy and adaptabilityto projects with limited

computational resources.

We also assessed the earlier CRF-suite model trained on the entidataset, using the
same evaluation set as the LLMs. This directly compares the performance dfLMs against
a traditional model trained on a large domain-speci ¢ dataset. We evaluatethe trained
model over the exact same test data, ensuring we select the partitar instance of the
model depending on the test split the passage was in initially.

We utilized Ollama platform to run open-source models like Dolphin- Llama 3, Lla-
ma3.1, and Gemmaz2, which were tasked with classifying input data as "ReVant' or "Not
Relevant.' Additionally, we used the OpenAl API to run the GPT-40-min i model. The
performance of these models was assessed using metrics such as iBiat, Recall, and F1-
score. To assess the comparative performance of the open-source and aibseurce models
against the CRF-Baseline across 50 topics, we conducted a series of paireample t-tests.
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Topic Title Description

1086 Evidence of Loans To avoid any future debate as to how much the borrower
owes, this topic captures provisions which typically set out
that a lender's internal records or accounts are conclusive
evidence of the amount owed to the lender by the borrower
and may further be evidenced by a promissory note by the
lender.

1244 Collateral Documents Where lenders take security/collateral, the rights and obli-
/ Security Documents gations of all parties involved are typically contained in sep-
arate documents called “Collateral Documents' or “Security
Documents'. This topic assists in identifying such docu-
ments to ensure that there are obligations within the credit
agreement for the borrower and other obligors to enter into
such documents and to comply with the obligations therein.

1247 Coverage Ratio Coverage covenants are negative covenants requiring bor-
/ Interest Cover rowers to maintain enough income to service interest pay-
ments and/or principal repayments under the loan. These
are often calculated as ratios between (i) EBITDA (i.e.,
earnings) and (ii) interest, principal repayments, and/or
other regular charges under the credit agreement. This
topic captures which, if any, of the various coverage
covenants apply.

Table 5: Descriptions of selected legal due diligence topics

Prompts  We exploit the detailed descriptions provided in the KIRA data set. Table 5
shows descriptions of selected legal due diligence topics (1086, 1244, 1247)e$a topic titles
and descriptions, originally crafted to guide human domain experts, ale serve as detailed
task statements that may help direct the LLMs toward the correct labels. Note that while
the supervised models from the original study use task-speci ¢ feaes based on the topic
descriptions (such as word overlap and similarity), they do not leverge the full descriptive
text or example-based prompts, as we explore with LLMs in this paof the study.

In addition, we used zero-shot and few-shot example prompts, where ithe few-shot
case, we show three relevant and three non-relevant examples. Deliil examples are shown
in Appendix B. These components were used to build task-speci ¢ pmpts. Speci cally,
we provide an increasing amount of information in the prompts, varying Title Only, Title
+ Description, and Title + Description + Examples prompts using the templates shown in
Appendix A.

5.3 Results

Table 6 shows the performance of Dolphin-Llama3, Gemma2, Llama3.1, and GPT-40-mi
was evaluated across 50 topics under three di erent prompt con gurations Title Only,
Title + Description , and Title + Description + Examples . For reference, we also report the
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Prompt Precision Recall F1-Score
Supervised (Inference on Evaluation Data)

CRF-Baseline 0.9991 [0.99, 1.00] 0.8863 [0.87, 0.90] 0.9379 [0.93, 0.95]
Dolphin-llama3

Title Only 0.4391 [0.37, 0.50] 0.7449 [0.70, 0.79] 0.5029 [0.45, 0.55]
T. + Description 0.6512%[0.59, 0.71] 0.7677 [0.72, 0.82] 0.65497 [0.61, 0.70]
T. + D. + Examples 0.3969 : [0.34, 0.45]0.9261% [0.90, 0.94] 0.5241' [0.47, 0.58]
Gemmaz2

Title Only 0.7202 [0.65, 0.78] 0.7118 [0.66, 0.77] 0.6781 [0.63, 0.72]
T. + Description 0.8198Y [0.77, 0.87]  0.7929[0.75, 0.84] 0.7779[0.74, 0.81]
T.+ D. + Examples 0.7974Y: [0.75, 0.85] 0.8734% [0.84, 0.91]0.8134% [0.78, 0.85]
Llama3.1

Title Only 0.6657 [0.59, 0.74] 0.3984 [0.33, 0.46] 0.4542 [0.39, 0.52]
T. + Description 0.8943%[0.86, 0.93] 0.6168[0.55, 0.68] 0.6916 [0.64, 0.74]
T. + D. + Examples 0.8243% [0.78, 0.87] 0.8176% [0.78, 0.85]0.8016% [0.77, 0.83]
Gptdo-mini

Title Only 0.8354 [0.78, 0.89] 0.7044 [0.65, 0.75] 0.7347 [0.69, 0.77]
T. + Description 0.8853% [0.85, 0.93] 0.7007[0.65, 0.75] 0.7560 [0.72, 0.80]

T. + D. + Examples 0.9360% [0.91, 0.97] 0.6638 [0.61, 0.72] 0.7537 [0.72, 0.79]

Table 6: Performance Metrics Across Di erent Prompt Con gurations for Dol phin-llama3,
Gemmaz2, Llama3.1, and Gpt4o-mini. Signi cant di erences: Y for p < 0:001 and
Z for p < 0:0001 when compared toTitle Only, for p< 0:05 and for p < 0:001
when compared toTitle + Description , for non-signi cant di erences

CRF-Baseline, the supervised CRF model trained on the full Kiradataset but evaluated
on the same LLM evaluation subset, serving as a direct benchmark against thLLMs on
identical data. We are particularly interested in comparing the performances of open-
source models to the closed-source model. We make a number of obsgions. First, we
observe that more in-context learning, adding more context, is generajl bene cial. The
Title Only setting yields inconsistent results, especially br Dolphin-llama3 and Llama3.1.
Including Title + Description re nes focus, boosting F1-score, particularly in Gemma2
and GPT-4o0-mini. Few-shot learning (Title + Description + Examples ) enhances recall
(Dolphin-llama3: 93%, Gemma2: 87%) but reduces precision, indicating arade-0 between
generalization and false positives. Second, we observe that open-sounc®dels perform
competitively with the closed-source model. Although GPT-40-mini ouperforms on title-
only, the open-source models Llama3.1 and Gemma2 benet more from the adibnal
context information, and their performance is highest on the few-shot éarning prompts.
Third, the LLM's performance is approaching the extensively trained CRF baseline closely.
Although the CRF-baseline achieves near-perfect precision and F1-ete, this is only possible
after exhaustive training on labeled data, whereas the LLMs exhibit promsing performance
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without further training or ne-tuning. In particular, some models exhibit competitive

recall, which is of key importance in legal due diligence. Obviating he need for extensive
training is a key strength as labeled train data is usually not availablein real-world due
diligence use case.

Our results show the potential of LLMs with few-shot learning for due dligence, deliver-
ing acceptable levels of performance in terms of recall under simpéid, but class-imbalanced
conditions. Although these results cannot be directly compared to themodels on the entire
Kira dataset as used in the rst half of the paper, this is a promising result to develop new
models that do not depend on the availability of large-scale training dat. This approach
can complement traditional models, which excel in the context of masse train data, and
also would facilitate the development of further advanced due diligene models for any legal
information need.

5.4 Analysis

We conduct further analysis, addressing the following questions:How does the choice of
examples in few-shot prompting a ect LLM performance? To what extent can LLMs pick
up speci c legal topics? Do the descriptions and examples provideuscient guidance for
the particular risk the topic targets? Do other closed-source modelgxhibit similar perfor-
mance? To address these questions, we conducted three targeted exjments, including
some on the selected topics also explored by Jang and Stikkel, 2024. We dse the three
topics, 1086, 1244, and 1247, already shown in Tab e 5 above, based on their complgxit
Topic 1086 was the least complex, where the Kira Baseline performed biesTopic 1247
showed moderate di culty, leading to lower performance, while Topic 1244 was the most
challenging, yielding the poorest results across models.

5.4.1 Prompt Sensitivity Analysis

Prompt consistency is a signi cant challenge in natural language processg, as minor vari-
ations in prompt structure can lead to vastly di erent outcomes (Roegiest, Chitta, et al.,
2023). This study focused on a binary classi cation task to distinguish ketween relevant
and non-relevant information. We investigated the robustness of our prorpting mechanism
using Gemmaz2, the best-performing open-source model from our pratinary evaluations.
To assess the performance and consistency of the model, we employfedr distinct sets of
examples in the prompts, resulting in four unique prompt con gurations, referred to as P1,
P2, P3, and P4. Each prompt variation incorporated di erent examples to provide contex-
tual information, which is the main factor di erentiating each prompt. We then analyzed
the performance of these prompts across all 50 topics, comparing their avage metrics.

The results suggest that the model remains robust across modest vari@ns in the
examples included within the prompt. While some uctuations in precision and F1-score
are observed, the recall values remain consistently high, indicatig the model's stability in
identifying relevant sentences.

However, we acknowledge that the number of prompt con gurations exploré is limited
to four manually selected sets. Although these were chosen to re eateasonable diversity
in content and phrasing, broader generalizability remains an open questn. Further work
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Prompt Sensitivity Precision Recall F1-Score

P1 0.7974 [0.75, 0.85] 0.8734 [0.84, 0.91] 0.8134 [0.78, 0.85]
P2 0.7983 [0.75, 0.85] 0.8685 [0.84, 0.90] 0.8118 [0.78, 0.84]
P3 0.8028 [0.76, 0.85] 0.8678 [0.84, 0.90] 0.8174 [0.78, 0.85]
P4 0.7845 [0.73, 0.83] 0.8711[0.84, 0.90] 0.8048 [0.77, 0.84]

Table 7: Prompt Sensitivity Analysis varying the examples for Gemma2: Nosigni cant
di erences were found among the con gurations for Precision, Recall, of~1-Score

could evaluate a larger and more systematically sampled set of prompts toharacterize the
sensitivity of LLMs better to prompt variation in high-recall legal retr ieval tasks.

5.4.2 Cross-Topic Analysis

LLMs demonstrate that the prompts accurately capture the specic topic, as evidenced
by the signi cant performance drop in cross-topic evaluations (Table 8). In this setup, we
de ne the \Prompt Topic" as the topic whose title, description, and ex amples are used to
construct the prompt. The \Test Topic" refers to the topic on which t he model is evaluated.
In cross-topic experiments, we deliberately mismatch these, usg the prompt of one topic
while testing on a di erent topic, to examine whether LLMs rely on topic-speci c cues
or general patterns. Our goal is to assess how sensitive the models are the intended
task framing and whether performance holds when the prompt does not coespond to the
evaluated topic.

While models perform well when the Prompt Topic matches the Test Topic, their ability
to classify unseen topics is highly constrained, with F1 scores appaching zero in many
cases. This suggests that the model's predictions are indeed guiddwy the topic context
provided in the prompt, and not by generic patterns in the data.

As the di erent risks in each topic are closely related, models coulgerform well without
precisely capturing the topic's legal meaning. This also validates ouexperimental subset
for evaluating LLMs for due diligence passage retrieval.

The models tend to perform well by simply distinguishing relexant passages from ar-
bitrary non-relevant ones, without fully capturing topic-speci ¢ nuances. This tendency,
where models exploit super cial patterns such as length, phrasingpr distributional prop-
erties rather than true semantic alignment, is a well-known issuein many NLP datasets
(Gururangan et al., 2018; McCoy, Pavlick, and Linzen, 20139). To mitigate this, we made
particular e orts to sample non-relevant passages with a similar lengthand word distribu-
tion as the relevant ones, ensuring a fairer and more realistic evaluabh setup.

5.4.3 Open-source and Closed-source Models

We anticipated closed-source models to outcompete open-source mdsleyet found that

open-source models exhibit performance that meets and sometimes a@eds the closed-
source models used in our LLM experiments. But is this due to the us of the smaller
model GPT-40-mini?
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Model 1086 1244 1247
Prec Rec F1 Prec Rec F1 Prec Rec F1

Prompt for Topic 1086

Dolphin-llama3 0.30  0.99 0.46 0.08 0.53 0.14 0.017 0.04 0.026
Gemma2 0.71  0.90 0.79 0.20 0.17 018 0.00 0.00 0.00
Llama3.1 0.74  0.75 0.75 0.07 0.04 0.05 0.00 0.00 0.00

Prompt for Topic 1244

Dolphin-llama3  0.21 0.69 032 013 097 024 001 0.04 0.02
Gemma2 0.00 0.00 0.00 039 097 055 000 0.00 0.00
Llama3.1 0.00 0.00 0.00 045 097 0.62 000 0.00 0.00

Prompt for Topic 1247

Dolphin-llama3  0.21 0.24 0.23 0.0161 0.048 0.0240.40 0.89 0.55
Gemma2 0.11 0.0091 0.0169 0.00 0.00 0.000.82 0.77 0.80
Llama3.1 0.05 0.0091 0.0158 0.00 0.00 0.000.84 0.77 0.80

Table 8: Performance Results of Prompt Testing: Cross Topics Analysis (mpts matching
the topic are underlined)

Including GPT-40 (Hurst et al., 2024) in our evaluation provides insights into whether
an alternative closed-source model o ers greater stability than GPT-4omini. Additionally,
we evaluated the recent open-source DeepSeek-R1:8B (Guo et al., 2025) deb on these
topics. DeepSeek-R1 was released shortly before we nalized theusty. Due to time and
computational constraints, we restricted its evaluation to a subset ofthree representative
topics (shown in Table 9), rather than including it in Table 6, which spans all 50 topics.

We show the results for three selected topics for the Title + Desdption + Examples
prompt for all models in Table 9. The results for other prompt conditions are provided in
Appendix C.

We observe that the GPT40 model performs marginally better than the snaller GPT40-
mini model and that the DeepSeek-R1:8B model is less e ective thatthe GPT40 models.
Again, the closed-source models do not consistently outperform the omesource models.

We observe that GPT-40 consistently delivers strong performance, articularly in F1
score and precision, in the three topics. However, it does not unifonly outperform the best
open-source models, especially in recall, where models like Dbip-Llama3 and Gemma2
show competitive or higher values on certain topics. This highlights hat while closed-source
models like GPT-40 achieve high precision and balanced F1 scores, opsaurce models can
o er comparable recall performance, which is critical for high-recall tasks like due diligence.
Therefore, the advantage of closed-source models is not absolute and varidepending on
the metric and task focus.

This is an encouraging outcome, as it signals that the e ectiveness of thenodels cannot
be attributed solely to proprietary training and instruction-tuni ng. Instead, it highlights
the value of detailed task descriptions that were originally crafted for human annotators
and are now reused in prompt design for LLMs.
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Model 1086 1244 1247
Prec Rec F1 Prec Rec F1 Prec Rec F1

Dolphin-llama3 0.30 0.99 0.46 0.14 0.98 0.24 0.40 0.89 0.55
Gemma2 0.71 0.90 0.79 0.39 0.98 0.55 0.83 0.77 0.80
Llama3.1 0.74 0.75 0.75 0.46 0.98 0.62 0.84 0.77 0.80
GPT40-mini 0.90 0.64 0.75 0.60 094 0.73 0.95 0.70 0.81
GPT40 0.91 0.79 0.85 0.59 0.91 0.69 0.94 0.78 0.85
DeepSeek-R1:8B 0.58 0.86 0.69 0.26 0.98 0.41 0.63 0.83 0.72

Table 9: Performance Metrics Across Few-shot Prompt Con gurations (T+D+ Examples)
for Dolphin-llama3, Gemma2, Llama3.1, GPT40-mini, GPT-40 and Deepseek-
R1:8B across three topics 1086, 1244, 1247.

6 Discussion and Conclusions

We conclude this paper by discussing our ndings and drawing conclsions. Our study suc-
cessfully replicated the legal document retrieval research by Regiest, Hudek, and McNulty
(201€), providing a solid foundation for addressing challenges related t@ large dataset
of 15 million sentences. We con rmed that traditional machine learning models, such as
CRF, can benet from optimized feature engineering, similar to the proprietary in-house
text preprocessing used in the original work.

We extend our reproducibility study with an analysis of recent Large Language Models
(LLMs), evaluating their potential for legal due diligence tasks. Unlike traditional models
that rely on extensive labeled training data, LLMs demonstrated the ability to classify legal
text with minimal supervision using few-shot and zero-shot learnirg approaches. Our nd-
ings highlight that while traditional models excel with large-scale training data, LLMs o er
a exible alternative that can adapt across di erent topics and domains using prompt-based
approaches. The extensive labeled training data, as available in the KRA collection (Roegi-
est, Hudek, and McNulty, 2018), is costly to create and usually not readily ®ailable. It
remains an open question how well the trained classi ers generalizeotdi erent applications,
including other languages, countries, business practices, or otheegdal frameworks.

The KIRA collection contains very detailed topic descriptions for typical due diligence
tasks. These were used by the legal and regulatory professionals annotatjrthe original
due diligence data. These descriptions were not used in any way in thtrained models
of (Roegiest, Hudek, and McNulty, 2018), which were exhaustively traind on the labeled
corpus. Our LLM experiments do not utilize the labeled training data in any way. Interest-
ingly, we demonstrate that these detailed task descriptions are crual for creating e ective
prompts.

It is an attractive idea to closely couple the instructions of the human legal professional
and the technology-assisted review models used by them, using idiécal instructions. Com-
pared to annotating extensive corpora, the e orts involved in drafting precise instructions
are minimal. This makes it easy to tailor the instruction to other languages, countries,
business practices, or other legal frameworks. In addition, rather tharrelying on relatively
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generic due diligence topics, such as the 50 topics used in the KIRAata, one can envision
updating the instructions to focus on ner-grained topics or tailorin g them to the specic
case at hand.

Our exploratory experiments with LLMs for due diligence demonstrate their promise
and suggest several avenues for further analysis to enhance their eeveness. In future
research, we plan to investigate a larger set of models and transition &m sentence-level data
to cleaned-up passage-level data, providing more context for modelshis is also of interest
to further study modern models in terms of high recall and skewed lass distributions.

Finally, the primary motivation of this reproducibility study was t o promote further
research on the challenging task of high-recall legal document and passagetnieval, and
to thoroughly analyze these models using simpli ed approaches simdk to those employed
in other IR/NLP models. We have made all the code available on GitHub, enalling easy
replication of our experiments in Python.
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Appendix A. Prompt Templates
A.1 Title Only

This con guration has the least context; we only provide the topic titl e generated by experts,
omitting any descriptions or examples (as shown in Table 10). This metbd takes advantage
of the model's intrinsic ability to interpret the task on its own an d is, therefore, a direct
test of the model's pre-trained knowledge.

Objective:
Your task is to determine if the provided text contains ‘relevant' information concerning
" topic title . This involves identifying information directly related to the specified

topic, which in a legal or financial document might pertain to specific clauses, terms,

or conditions.

Instructions for Response Format:

Analyze the text provided and determine its relevance based on the specifics of ° topic
title ' and its implications. Provide your analysis in the following format:

Answer: [Relevant/Not Relevant]

Text for Analysis:
“input _sentence '

Table 10: Prompt template for Title Only analysis

A.2 Title + Description

This con guration provides more context than the Title Only setting by including expert-
generated descriptions but no examples (as shown in Table 11). It testwhether these
descriptions e ectively guide the models in understanding thetask, making it a valuable
assessment of how well expert-written descriptions enhance thaverall performance of LLM
models.

Objective:
Your task is to determine if the provided text contains ‘relevant' information concerning
“topic title . This involves identifying information directly related to the specified

topic, which in a legal or financial document might pertain to specific clauses, terms,
or conditions.
Topic Definition:

" Topic description

Instructions for Response Format:

Analyze the text provided and determine its relevance based on the specifics of ° topic
title ' and provided ° topic description ‘. Provide your analysis in the following format:
Answer: [Relevant/Not Relevant]

Text for Analysis:
“input _sentence '

Table 11: Prompt template for Title + Description analysis
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A.3 Title + Description + Examples

In this approach (Table 12), the prompts were given with additional context, including the
topic title, description, and six examples|three labeled as "Relevant' and three as "Not
Relevant." By incorporating these examples, the few-shot prompts povide the model with
speci ¢ guidance and improve its focus, enabling a more precise andformed analysis.

Objective:
Review the provided text to determine if it contains relevant information concerning
“topic title  '. Relevant information directly discusses risks or specifics related to

the topic title, pledged in financial transactions.

Topic Definition:

" Topic description

Examples: Here are examples for each class

Relevant:

[

Not Relevant:

“[.]

Instructions for Response Format:

Analyze the text provided and determine its relevance based on the specifics of ° topic
titte ' and its implications. Provide your analysis in the following format:
Answer: [Relevant/Not Relevant]

Text for Analysis:
“input _sentence '

Table 12: Prompt template for Title + Description + Examples (few-shot ) analysis with
three examples per class

Appendix B. Few Shot Examples

Table 13 shows detailed examples used in the prompt for Topic 1242.

Appendix C. Detailed Per Topic Results

Table 14 shows the results of di erent prompt con gurations across all malels, including
GPT-40 and Deepseek-R1:8B, on three selected topics (1086, 1244, and 1247).

GPT-40 demonstrates slightly more consistent performance across di&nt prompt con-
gurations, maintaining stable F1 scores across the Title Only, Title + Description, and
Title + Description + Examples settings. However, its improvements over GPT-40-mini are
marginal, with no signi cant performance gap between the two models. This suggests that
GPT-40 shows better stability but does not provide a substantial advantage over GPT-40-
mini in legal classi cation tasks.

Deepseek-R1:8B demonstrated reasonable recall improvements in thétle + Descrip-
tion + Examples setting. Its overall performance remained below that of GPT-40, partic-
ularly in precision, indicating a tendency towards overclassi cation. These ndings high-
light that LLM performance in legal due diligence remains highly dependat on structured
prompting. While closed-source models like GPT-40 o er stability, their advantages over
well-optimized open-source alternatives remain limited.
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Relevant Examples

Non-Relevant Examples

Prompt 1

™ Consolidated Fixed Charge Coverage Ratio " shall
mean , for any Test Period , the ratio of (a) the sum of (
i) Consolidated Adjusted EBITDA for such Test Period

minus (ii ) the aggregate amount of Consolidated Cap-
ital Expenditures for such period ( other than nanced

with the incurrence of Indebtedness ( other than Loans
hereunder or under the Term Loan Agreement ) ) to (
b ) Consolidated Fixed Charges for such Test Period .'

™ Fixed Charge Coverage Ratio " shall mean , as of any
date , the ratio of (i) EBITDAR to ( ii ) the sum of (
A') Debt Service plus ( B') Rents , in each case for the
immediately preceding four scal quarters ended on or
closest to such date ;'

™ Consolidated Interest Coverage Ratio " means , as of
any date of determination , the ratio of ( a ) Consol-
idated EBITDA for the period of the four prior scal
quarters ending on such date to ( b ) Consolidated In-
terest Charges for such period .'

"The Australian Security Agreements , upon execution
and delivery thereof by the parties thereto , will create
in favor of the Collateral Agent ( or the Australian Se-
curity Trustee ) , for the ratable bene t of the Secured
Parties , a legal , valid , enforceable and perfected First
Priority Lien in the " Collateral " ( as de ned in the
relevant Australian Security Agreements ) of the Loan
Parties party to such documents to the extent set forth
therein .'

“In the event of any con ict between the accounts and
records maintained by the Administrative Agent and
the accounts and records of any Lender in respect of
such matters , the accounts and records of the Admin-
istrative Agent shall control in the absence of manifest
error '

*( b)) neither the Administrative Agent nor any other
Secured Party has any duciary relationship with or
duty to any Grantor arising out of or in connection
with this Agreement or any of the other Loan Docu-
ments , and the relationship between the Grantors , on
the one hand , and the Administrative Agent and the
other Secured Parties , on the other hand , in connec-
tion herewith or therewith is solely that of debtor and
creditor ;'

Prompt 2

“provided that with respect to cost savings or synergies
relating to any Sale , Purchase or other transaction ,
the related actions are expected by the Borrower Rep-
resentative to be taken no later than 18 months after
the date of determination .'

™ Interest Coverage Ratio " means the ratio as of the
last day of any Fiscal Quarter of (i ) Consolidated
Adjusted EBITDA for the four-Fiscal Quarter period
then ending , to (ii ) Consolidated Corporate Interest
Expense for such four-Fiscal Quarter period .'

“for the period of the four prior scal quarters of the
Parent Borrower ending on the Calculation Date to ( II

) Consolidated Interest Expense paid or payable in cash
during such period ( together with any sale discounts
given in connection with sales of accounts receivable
and / or inventory by the Consolidated'

“In addition , each new Wholly-Owned Subsidiary that
is required to execute any Credit Document shall exe-
cute and deliver , or cause to be executed and delivered
, all other relevant documentation ( including opinions
of counsel ) of the type described in Section 6 as such
new Subsidiary would have had to deliver if such new
Subsidiary were an Obligor on the Second Restatement
E ective Date .'

*( b)) Each of the Arranger and the Lenders autho-
rises the Agent to perform the duties , obligations and
responsibilities and to exercise the rights , powers , au-
thorities and discretions speci cally given to the Agent
under or in connection with the Finance Documents
together with any other incidental rights , powers , au-
thorities and discretions .'

*( b)) Any such request shall be made to the Adminis-
trative Agent not later than 11 #C# 00 a.m. ( Chicago

, lllinois time ) , twenty ( 20 ) Business Days prior to the
date of the desired Borrowing or issuance ( or such other
time or date as may be agreed by the Administrative
Agent and , in the case of any such request pertaining
to Letters of Credit , the applicable Fronting Bank , in
its or their sole discretion ) .'
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Model/Prompt 1086 1244 1247
Prec Rec F1 Prec Rec F1 Prec Rec F1

Dolphin-llama3

Title Only 0.14 075 024 015 094 025 072 060 0.65
T. + Description 0.68 087 076 033 096 049 0.88 0.66 0.76
T.+D.+Examples 030 099 046 014 098 024 040 089 0.5
Gemmaz2

Title Only 039 060 047 0.20 1.0 0.38 092 0.68 0.78
T. + Description 090 072 080 033 098 049 091 0.76 0.83
T.+D.+Examples 071 090 079 039 098 055 0.83 0.77 0.80
Llama3.1

Title Only 0.03 001 002 034 057 043 093 0.16 0.27
T. + Description 090 034 049 055 0.89 0.67 093 0.65 0.76
T.+D. + Examples 0.74 075 075 046 098 062 0.84 0.77 0.80
GPT40-mini

Title Only 020 076 032 033 09 049 092 072 081
T. + Description 083 079 081 047 094 063 092 0.67 0.77
T.+D.+Examples 090 064 075 060 094 073 095 0.70 0.81
GPT40

Title Only 028 067 039 038 09 055 095 0.67 0.79
T. + Description 092 078 08 037 09 053 091 0.76 0.83

T.+D.+Examples 091 0.79 085 059 091 069 094 0.78 0.85

DeepSeek-R1:8B

Title Only 0.13 084 023 007 098 014 029 0.88 0.44
T. + Description 044 087 059 021 09 035 062 0.78 0.70
T.+D.+Examples 058 086 069 026 098 041 063 0.83 0.72

Table 14: Performance Metrics Across Di erent Prompt Con gurations for Dol phin-llama3,
Gemmaz2, Llama3.1, GPT40-mini, GPT-40 and Deepseek-R1:8B across three top-
ics 1086, 1244, 1247.
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Abstract

By incorporating fairness into the ranking function at retrieval tim e through topic term
weights, this paper suggests a way to at the same time achieve e ectévand fair rankings
in document collections. The topic term weights are calculated usig the eigensystem of a
matrix that linearly combines e ectiveness and fairness matrices m a single matrix, whose
main eigenvector provides the weights. The latter can then be utilkzed as a new topic
representation, thus providing a fair ranking while minimizing the impact on e ectiveness.
The experiments described in the paper demonstrate that the propasd approach works.

Keywords:  group fairness, probability ranking principle, eigensystem

1 Introduction

Many information management systems strive to suit the user's infornation needs by pro-
viding access to enormous data repositories and delivering optimal oabmes by organizing
output data in several formats. Ranking is a common form used by recommeder and
Information Retrieval (IR) systems. Because of the introduction of normative conceptions
such as fairness or equality in the late 2010s, all of these systems havegigled to balance
both user satisfaction and producer or author visibility. Visibility is crucial for ensuring
that diverse voices and perspectives are represented in the inforation ecosystem.

In IR, one nds that the principal task has traditionally been articulat ed in terms of
relevance: retrieve those documents most likely to be relevantd a user's query or pertinent
to a topic.! Much e ort has been devoted to the construction of models that estimat,
more or less precisely, this elusive probability of relevance. Whin this framework, the
representation of both documents and queries as weight distributios over terms is critical.
To be specic, a documentd is at retrieval time assigned a usually non-negative score
measuring the likelihood that the IR system will retrieve it to respond to a given topicg.
Let X
y(d;0) = w(t;d) (t;q) 1)

t2qg\ d

be the retrieval score given to the document to answer a topic, wherw(t; d) is a function
capturing the association between termt and document, such as term frequency, probabilis-

1. In this paper, we also use \topic" because the test collections utilized in the experiments include topics
rather than real queries.

© 2025 held by the author(s) License: CC-BY 4.0 WWW: https://irrj .org DOI: 10.54195/irrj.23480
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tic relevance score, or contextual embedding similarity, and (t;g) has analogous meaning
yet it is usually set to 1. Next, we rank the retrieved documents baed on their score. Topic
term weights are often set to a constant value, e.g., 1, because expemmters have no clue,
nor do users provide information as regards the importance of topic terms

One particular concern is that retrieval systems may systematicaly under-rank docu-
ments associated with certain categories, especially when these araderrepresented in data
or associated with less frequent terms. We consider the problem o#if ranking|that is,
ranking documents most likely to be relevant to a user's query or prtinent to a topic and
fairly representative of the categories to which they refer. The poblem bears some resem-
blance to the approaches for fairness in classi cation: one adjusts theniuence of particular
inputs to ensure parity across outputs. In IR, however, the problen is compounded by the
necessity of preserving relevance.

The di culty also recalls the remarks made by Robertson (1977) on the trade-o be-
tween optimal ranking and clustering. According to Robertson, ranking documents by
decreasing their relevance to information contradicts the clusterhypothesis, which states
that the best document clusters should be ranked rst. This is because relevant documents
tend to cluster together more than non-relevant documents. This dlistering e ect can lead
to a situation where the most relevant documents are not necessarilyhe top-ranked ones,
as they may be grouped with other relevant documents in the same clter. As a result,
this trade-o requires careful consideration when designing retreval systems to balance the
bene ts of both ranking and clustering e ectively.

To obtain a fair yet e ective ranking, a suite of options is available to the designers
of a system. One option is to directly permute document rankings andoptimize a certain
function of utility that balances both e ectiveness and fairness. Another option is to in-
directly obtain a new ranking by changing the term weights. It is in the manipulation of
the term weight distributions that we encounter opportunities not only to improve retrieval
e ectiveness but also to simultaneously address broader concernaptably that of fairness.
Suppose we identify that certain terms|associated with marginalized topics, communities,
or discourses|are chronically underweighted in a baseline model. Byexplicitly increasing
the weights of such terms during re-ranking, we can enhance the visility of documents per-
taining to these underrepresented areas. A possible procedureay start from the ranking
function (1) which can be expanded as:

X
y(q; 0 = w(t; d)x(t;q) (2
t2q\ d

where x(t; q) is the weight assigned to the term. The crux here is that by usingx, we can
raise or lower the pro le of particular topic terms, thus reshaping the nal ranking also to the
aim of making the ranking fairer than the initial ranking. As a consequene, the variation of
a topic term weight should not only award the terms that promote relevant documents and
demote non-relevant documents, it should also award the terms that ppmote underrepre-
sented category documents and demote overrepresented category docents. The challenge
is to balance promotions and demotions.

However, a naive reweighting that elevates fairness at the cost of useatisfaction is un-
likely to be acceptable. Thus, the art lies in achieving a balance warein gains in fairness do
not substantially degrade e ectiveness, or where modest losses inextiveness are justi ed
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by substantial fairness improvements. Such intervention, to beclear, need not be ad hoc;
on the contrary, a principled approach was adopted in this work.

Group fairness is concerned with the balanced exposure of groups. In¢hevent of IR,
group fairness is concerned with the balanced exposure of the groups of @doment author's
organization to the end users which interact with a system to retrieved documents and
meet information needs. The requirement of group fairness derivesdm the hypothesis
that minority organization groups are less likely exposed to the end useby means of the
retrieved documents.

We considered group fairness and addressed the problem of fair ranking &sllows. An
initial list of documents most likely to be relevant to a user's query or pertinent to a topic is
ranked by some baseline method. By assigning weights to individualdrms according to their
topical relevance, one may modulate the in uence of di erent queryor topic components on
the nal ranking. This method may, under suitable conditions, yield improved e ectiveness.
But our claim here is more ambitious: that topic term weighting, suitably construed, can
serve also as an instrument of fairness. The topic term weights thusesve a dual role:
guiding the model toward content representation and simultaneouslyadjusting for societal
disparities encoded in the data.

2 Previous Work on Fairness and Information Retrieval

The problem of fairness in IR is novel in the sense that explicit décussions of fairness
have only relatively recently entered the vocabulary of IR researbers, in part due to a
broader societal concern with bias, accountability, and transparencyn algorithmic systems,
as witnessed by Baeza-Yates (2018). But it is not novel in the sense that gnsystems that
provide ranked outputs have always made distinctions, highlightedsome items and omitted
others, and thereby implicitly favored some items over others, asrivestigated in result
diversi cation; see McDonald et al. (2022); Chapelle et al. (2011). The queson, then, is
not whether IR systems are fair, but rather: how do they treat the concept of fairness, and
ought they be doing more?

Actually, the classical IR framework was never designed with fairnesén mind, at least
not as a rst-class concern. The objective was to retrieve documer#t that are relevant
to a given query or pertinent to a given topic; see Van Rijsbergen (1979)Salton (196&).
Relevance was at the center of the whole process; see Robertson et 41982). The evalu-
ation framework, exempli ed by Cran eld-style test collections, b uilt upon this centrality
of relevance: precision, recall, average precision, and later, NDCG, laterve to measure
relevance.

But of course, as the scope of retrieval systems has expanded|from digitallibraries to
web search, from enterprise to social media|the stakes have changed.In recommending
job ads, loan oers, or news articles, the system is not only re ecting ®sme notion of
relevance, which itself is complex as well explained by Saraceviid975, 20074,0) and by
Mizzaro (1997), but it is also patrticipating in a social process, one in \Wich the distribution
of attention, opportunity, and information may have signi cant consequences. A discussion
was provided by Balagopalan et al. (2023) which applied concepts from social iences,
information retrieval, and machine learning to empirically investigate if breaches of criteria
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for combining e ectiveness and fairness had an in uence, and if so, he to avoid such
concerns.

Let us take an example. Suppose a job search platform retrieves and ranksogitions
for a user based on their pro le, queries, topics, and past interactios. The system may
optimize for click-through rate or predicted user satisfaction. But what if this optimization
consistently results in showing high-paying technical roles tomale users and lower-paying
service jobs to female users, even when their quali cations are silar? |Is the system \fair"?
In the traditional sense of relevance, perhaps it is|if those results align with inferred user
preferences. But from a broader societal view, the answer is moredubling.

This disjunction|between individual relevance and societal fairn ess|is at the heart
of the fairness-in-IR discussion. It invites a number of further questions. Can we de ne
fairness in retrieval systems in a rigorous way? If so, how might we nmasure it? And|most
crucially|how might it trade o against other objectives, notably relevan ce?

Several proposals have emerged in recent literature. One line of wolttempts to de ne
group fairness in ranked outputs: ensuring that members of di erentgroups (say, based
on gender or ethnicity) are represented equitably in the top-k resits; see Binns (2020);
Jaenich et al (2024); Melucci (20244,b, 2025%a,b); Morik et al. (2020); Sakai et al. (2023).
Another strand focuses on individual fairness, the idea that similarindividuals (in some
feature space) should receive similar outcomes; s=e Biega et al. (2018)nBs (2020); Draws
et al. (2021); llvento et al. (2020); Kletti et al. (2022); Xiao et al. (2017). Both of these
concepts, while intuitive, face considerable practical challengesGroup fairness may require
knowledge of sensitive attributes (which may not be available or legdy permissible to use);
individual fairness depends critically on the de nition of similarity (which is itself a value-
laden and context-sensitive choice).

In retrieval settings, the notion of fairness becomes further comptated by the ranked
nature of outputs. Not only must one consider which items are retrieved but also where
they appear in the ranking. Users typically examine only the top few resilts|so the
fairness implications of a system are concentrated in those positions A group may be
underrepresented although the documents that belong to the group areanked not far from
the top-k hits. As a result, measures of fairness must be sensitivio rank position, much
as traditional e ectiveness measures are.

Here, one might consider analogues of well-known metrics. For instancéjormalized
Discounted Cumulative Gain (NDCG) gives more weight to items at higher ranks|see
Janwelin and Kekalinen (2002). One might de ne Discounted Cumulati ve Fairness, where
the representation of groups in top ranks is weighted more heavily. Butthis, too, intro-
duces tension. A system that seeks to maximize NDCG may produce r&ings that are
highly e ective but group-imbalanced; a system that enforces stri¢ fairness constraints
may compromise on user satisfaction. This tension is real, and it cannot & wished away.

Some researchers have proposed re-ranking methods to address thisst, produce a
ranking based on relevance; then, adjust it to improve fairness. Adjsting a ranking for
fairness may require demoting highly relevant items, which can dgrade performance|we
adopted this approach in our previous work; see Melucci (2024a,h, 2025a,b). Alteatively,
one may attempt to build fairness into the scoring function itselfithis, however, raises
di cult questions of how to balance relevance and fairness at the modélevel. It is indeed
this approach and the di culties thereof we addressed in this work. Another approach was
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reported by Bigdeli et al. (2021), where the authors empirically invesigated the tradeo
between fairness and e ectiveness and saw if it is possible to inease fairness while preserv-
ing equivalent retrieval utility. They investigated if this is f easible by rewriting the input
query using a bias-aware pseudo-relevance feedback system.

Recent work by Jaenich et al. (2025) proposes generative query reformulatn to improve
fairness without compromising relevance|an approach closely aligned with the goals of this
paper. Instead of modeling fair reranking as this paper proposes, Jaetii et al. (2025) found
that Large Language Models (LLMs) may provide a signi cant improvement in some cases
yet at the expenses of high computational costs.

3 Are Test Collections Fair?

The focus on relevance has driven the design of experiments in IR andh particular, the
preparation of test collections. The test documents are harvested &m various sources
and assembled in a repository according to some categories and objectivest the time
of document harvest, a set of test topics is selected. The experiamts consist of document
retrieval, i.e., an IR system retrieves documents and selectshbse likely relevant to a topic.
At retrieval time, the system ranks the retrieved documents by likelihood of relevance to
topics. A test collection also includes relevance assessments.i.some users judge document
relevance to topics.

The preparation and the use of a test collection can a ect IR fairness in derent ways.
At harvest time, designers and experimenters may a ect the distibution of documents,
topics, and relevance assessments because of data availability, soarauthoritativeness,
technological reasons, language barriers, or cultural bias. At retrieval tine, a system may
a ect the distribution of the retrieved documents because of stopvord removal, stemming,
or distribution of document and topic terms. When ranking documents, a system may
a ect the distribution of ranked documents because of fairness-unaare term weighting.
The relevance assessments of a test collection may also a ect the tiution of ranked
documents by categories because of the assessors' bias towards unpotéel categories and
against protected categories.

Consider a topic g and a document subsetX . In this paper, we de ne the score ofX
with respect to g as X
y(a; X) = y(g; 0 :

d2 X
The score ofX measures the degree to which a user will nd relevant information fom the
documents in X if s/he examines all the documents. In other terms, the score oK is a
measure provided by the system of the \quantity" of relevance found h X . Following the
foundations of probability theory, the probability of X with respect to a topic is de ned as

Py(q;X) .

Pr(X) = :
0 CHY
Let Y be another document subset. In this paper, we de ne

Pr(X;Y) .

Pr(X;Y)=Pr( X\ Y) Pr(XjY) = PI(Y)
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Let Pr(CjX) be a measure of category exposure withinrK and can therefore be used to
measure fairness. LelC be a set of categories.
The Gini index of mutability

X
G(CX)=1 Pr(CjX)?
c2C

measures fairness for each distribution conditioned toX . Gini's measure of mutability was
reported more than a century ago in (Gini, 1912, pages 142{144), but no English trariation
has been available until Ceriani and Verme (2024) published \an abridged andcommented
translation of this second part of" Gini's book. The translation is crucial since mutability
is commonly misunderstood with variability and the former is often ignored. We believe it
is bene cial to deliver a quick presentation.

When a category, such as gender, is observed in a group of people, an unoreiéfist of
category values is eventually produced. An unordered series cannot fi@ extreme values,
nor can median or average values be derived; this is why variance and qualgs cannot be
calculated. Nonetheless, an unordered series can have its relativeefluency estimated.

Let X be a set of individuals, andC = Cg;:::;Cy, be a collection of categories such
that Cx X and C-\ Cy = ;. Let fx = jCkj5X]j, wheren = jXj. When an individual
belongs toCy, one deviation 1 f¢=n from the relative frequency andm deviationsf-=n;" =
1,k L;k+1;::;m from the other relative frequencies are observed. The sum of the
variances caused by witnessing thé-th value in one individual is

n fk_

1 fy=n+fi=n+ + fx 1=n+ frey=n+ +fm=n=2

nfk

Because thefy individuals display the k-th value, the overall deviation will be 2f—

After seeing the attribute in each individual, the overall deviation is
2 X0
= fu(n fi):
n
k=1

Because each individual is considered twice, once for negative deviahs and once for pos-
itive deviations, the average deviation can be written as

1 X0
G(CKX) = 2 fr(n fy)
k=1
xn fie 2
=1 0 €
k=1

Equation (3) is Gini's index of mutability for the set X with respect to the collection of
categoriesC; see the original book by Gini (1912) as well as Ceriani and Verme (20:24)'s
article for a commented translation.

The test collections from the Text Retrieval Conference (TREC) Fair tracks in 2021 and
2022 were used to measure the extent to which fairness can be a ectedee Ekstrand et al.
(2022¢, 2023) and Section 5. At TREC, evaluation takes place in two steps, i.e.raining and
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Track Category  Group Pr( C) Track Category  Group Pr( C)
2021 gender Female 0.056 || 2022 locations  S. Africa 0.003
2021 gender Male 0.239 || 2022 locations  W. Africa 0.002
2021 gender Third 0.000 || 2022 locations  C. America  0.005
2021 gender Unknown 0.706 || 2022 locations N. America  0.228
2021 locations  Africa 0.022 2022 locations ~ S. America 0.008
2021 locations  Antartica 0.002 2021 locations  Antartica 0.000
2021 locations  Asia 0.099 2022 locations  C. Asia 0.001
2021 locations  Europe 0.212 2022 locations  E. Asia 0.018
2021 locations  LAC 0.031 2022 locations  S. Asia 0.021
2021 locations  N. America 0.187 2022 locations ~ W. Asia 0.010
2021 locations  Oceania 0.026 || 2022 locations  S.-E. Asia 0.009
2021 locations  Unknown 0.422 2022 locations  Melanesia 0.000
2022 gender Man 0.231 || 2022 locations  Micronesia 0.000
2022 gender Non-binary ~ 0.000 || 2022 locations  Caribbean 0.003
2022 gender Woman 0.055 || 2022 locations  E. Europe 0.023
2022 gender Unknown 0.714 || 2022 locations  N. Europe 0.114
2022 locations  ANZ 0.032 2022 locations  S. Europe 0.021
2022 locations  E. Africa 0.002 2022 locations ~ W. Europe 0.062
2022 locations  N. Africa 0.001 2022 locations  UNK 0.258

continue in the next column 2022 locations  Unknown 0.179

Table 1: This is the initial distribution of the test document across categories and groups.
This distribution is the result of harvesting the data included in the test collection. It is
worth noting that the proportions di er by one or even two orders of magnitu de. LAC
refers to Latin America and the Caribbean, and ANZ to Australia and New Zealand

testing. At training time, the participants design and train their o wn system con gurations
by using the full, past data. At testing time, the participants sub mit the runs by using a
new set of topics without knowledge of the relevance judgments, though

The test collections show thatthe distribution of documents appears as biased towards
males, Europe, and Northern America (NA). Let C be a subset of documents of a certain
category. Document harvest creates the initial distribution Pr(C) reported in Table 1.
Besides the fact that the test collections are biased, the order of maghide of Pr(C) of
males, NA, and European location documents in uences the subsequernphases. Note
that the unknown locations and genders take a quite signi cant portion of the collection.
In principle, they should not be considered as a category because thenknown category
documents cannot contribute to the calculation of the index of mutability. The values of
the Gini index reported in this paper consider the proportion of unknonws|the puri ed
values of the proportion of unknowns can be obtained with the following &pression:

P 2
y ceemuPUCOOT e erciuy< 1

where U is the subset of items of the unknown group.

After document retrieval, the distribution of retrieved documents remains as biased to-
wards males, Europe, and NA thus implying that the state-of-the-art search algorithms
reproduce the bias observed after collections are harvested. L& be a subset of documents
retrieved to match g. Retrieval decomposes PrC) into the Pr( CjB)'s in Table 2. Retrieval
creates document sets in which the distribution by category di ers a little from the distribu-
tion Pr( C). In particular, the exposure of Africa and unknown groups has been mada little
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Track Phase Category Group Pr( CjB)||Track Phase Category Group Pr( CjB)
2021 train locations Africa 0.017 |[2022 train locations S. America 0.004
2021 train locations Asia 0.087 [|2022 train locations S.-E. Asia 0.009
2021 train locations Europe 0.09 [|2022 train locations S. Africa 0.002
2021 train locations LAC 0.023 ||2022 train locations S. Asia 0.012
2021 train locations N. America  0.192 (|2022 train locations S. Europe 0.013
2021 train locations Oceania 0.024 ||2022 train locations UNK 0.26
2021 train locations Unknown 0.567 ||2022 train locations Unknown 0.155
2021 test gender Female 0.005||2022 train locations W. Africa 0.0
2021 test gender Male 0.017(|2022 train locations W. Asia 0.009
2021 test gender Unknown 0.978(|2022 train locations W. Europe 0.058
2021 test locations Africa 0.003 ||2022 test gender Man 0.025
2021 test locations Asia 0.045([2022 test gender Unknown 0.97
2021 test locations Europe 0.134 ({2022 test gender Woman 0.004
2021 test locations LAC 0.004 ||2022 test locations ANZ 0.027
2021 test locations N. America  0.162 [|2022 test locations Caribbean 0.003
2021 test locations Oceania 0.024(/2022 test locations C. America  0.002
2021 test locations Unknown 0.627 ||2022 test locations C. Asia 0.001
2022 train gender Man 0.065 |[2022 test locations E. Africa 0.001
2022 train gender Unknown 0.926 ||2022 test locations E. Asia 0.016
2022 train gender Woman 0.01||2022 test locations E. Europe 0.011
2022 train locations ANZ 0.028 [|2022 test locations Melanesia 0.0
2022 train locations Caribbean 0.003 ||2022 test locations Micronesia 0.0
2022 train locations C. America  0.002 ||2022 test locations N. Africa 0.0
2022 train locations C. Asia 0.001 ||2022 test locations N. America  0.227
2022 train locations E. Africa 0.0 ||2022 test locations N. Europe 0.109
2022 train locations E. Asia 0.022 ||2022 test locations S. America 0.003
2022 train locations E. Europe 0.02 ||2022 test locations S.-E. Asia 0.01
2022 train locations Melanesia 0.0 [|2022 test locations S. Africa 0.002
2022 train locations Micronesia 0.0 [|[2022 test locations S. Asia 0.008
2022 train locations M. Africa 0.0 |[2022 test locations S. Europe 0.01
2022 train locations N. Africa 0.0 [|2022 test locations UNK 0.22
2022 train locations N. America  0.281 [|2022 test locations Unknown 0.302
2022 train locations N. Europe 0.12 ||2022 test locations W. Africa 0.001
2022 train locations Polynesia 0.0 |[2022 test locations W. Asia 0.009

continue in the next column 2022 test locations W. Europe 0.038

Table 2: This is the breakdown of retrieved documents by category and grup. Each topic's
top 1,000 ranked documents were retrieved. Because some topic setsdamother eld to
extract topic terms, the documents were retrieved to answer qugtions based solely on the
topic title. The sum of document scores was calculated by category. Beaise the top 1,000
ranked documents produce the highest scores, the reported propdons can be regarded
as a reliable estimate of the proportion obtained if the sum of all documenscores were
calculated. LAC refers to Latin America and the Caribbean, and ANZ to Australia and
New Zealand.

larger than before retrieval against the exposure of the other categories. heever, males,
NA, and Europe still remain the majority because of the prior probability determined at
collection harvest time. Note that Table 2 makes a distinction between\train" and \test"
because retrieval took place at two di erent phases during the TRECFair tracks. Table 3
summarizes Table 2 by using the Gini index.

After document ranking, the distribution of retrieved documents remains as biased, and
the Gini index of mutability does not increase or signi cantly decrease Let D be a subset
of documents retrieved at certain ranks, such as the retrieved dagnents ranked between
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Track Phase Category G(CjB)
2021 train locations 0.729

2021 test gender 0.065
2021 test locations 0.653
2022 train gender 0.207
2022 train locations 0.845

2022 test gender 0.088
2022 test locations 0.832

Table 3: This table reports the Gini index of mutability with respect to each category
measured for the retrieved documents from each subcollection.

the rst and the tenth position of the rst retrieved page. 2 Ranking allocates the retrieved
documents into ranks at which the distributions Pr(CjB;D) by category and pages may
di er from Pr( CjB). Figure 3 of Appendix A depicts the Gini indexes of the 100-document
rankings segmented in 10-document pages such that pagancludes the retrieved documents
ranked from 10(p 1) +1 to 10p. Ten-document pages are common in many applications.

After relevance assessmentthe trade-o between fairness and e ectiveness arises Let
A be a subset of documents relevant tag. Assessment decomposes RE({B; D) into the
Pr(CjA;B;D)'s. Figure 4 of Appendix A depicts the proportion of relevant documerts
that are ranked in each page, the latter being called \precision at pagey" whereas Figure 3
of Appendix A depicts the Gini index. The heatmaps depicting the dstribution of accuracy
across the 10 document pages reveal that the top pages have the highest pigon values
and the lowest Gini index of mutability. However, the trade-o betw een accuracy and Gini
index is less pronounced in the location category than in the gender catpry. Note that,
the heatmap was necessary because of which is absent from the recovery e ectiveness
measurement. Regarding the latter, a one-dimensional heatmap was usedstead of other
chart types because the x-axis represents the page, just like witkequity heatmaps.

As a summary, a document page on average includes three to four NA documts, three
European documents, one to two Asian documents, and the remaining dmments are from
the other locations. In parallel, ve or six documents refer to males whereas other genders
are basically absent from the ranking pages. Ranking con rms the unbalaned distribution
of documents by categories; for example, the top ten ranked documentsn average are
four North American documents, three European documents, and the reraining three are
distributed over the other four locations. After assessment, theikelihood of relevance results
as unbalanced over the locations. NA and Europe are the most likely locabins of relevant
documents in the top-ranking pages. The retrieval phase little redices the imbalance against
some unprotected categories.

4 Eigensystem for Topic Term Weighting

Given a document collection and the indices thereof, a way to achie fair rankings is
allowing the system to re-rank the retrieved documents. Re-raking retrieved documents
has the downside of reducing e ectiveness, since the top-rankecklevant documents might
be moved away from the top ranks. An alternative approach|which is adopted in this

2. InIR, Search Engine Retrieved Page (SERP) means the dynamic webpage listing the links to the retrieved
documents.
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paper|is to incorporate fairness in the ranking function at the retrie val time. The way is
paved by the topic term weights.

The selection of the topic terms and the weights thereof can, in theoryimpact ranking
and, as a consequence, category exposure. The topic terms' impact on rankg by means of
the number of terms, the document term weights, and the topic termweights. The number
of terms and the document term weights depend on the test collectiomnd on the weighting
scheme adopted by a retrieval system|therefore, they can hardly be dvanged to accomplish
the goal of fair ranking. A simple example, which might even seem trivial arises when the
documents of a privileged category are longer than those of a disadvantaged egjory. Since
term weights increase with the length of the documents in which tley appear, those from
the privileged category will be shown before those from the disadvantagkcategory.

However, a system could in principle adjust topic term weights if ®me information about
category exposure and distribution were available|in this paper, the t opic term weights
are automatically adjusted to promote the retrieved documents of unpotected groups by
minimizing the impact on e ectiveness. The retrieval document score can be utilized to this
end in combination with category-document distribution, since doament scores are sums
of products between document term weights and the correspondingapic term weights.
Accordingly, the document term weights remain unchanged, whereas thtopic term weights
can be adjusted to incorporate some information about category exposure, thaimaking
protected categories exposed as unprotected ones.

Topic term weights can be adjusted to change the score of the documentaatching the
topic term. In particular, the weight of a topic term can be increased if the term occurs
in documents of protected categories more frequently than in docum#s of unprotected
categories. The scores of protected documents can thus be increasemtbke fairness into
account. If topic term weights were adjusted to take fairness into acount, the ranking would
also be adjusted to increase the exposure of the documents of unprated categories.

for all topic g do

e 1% - unary representation of q

Ye Be -- rank documents matching e

B  term-document occurrence matrix

Q equation (4)

X main eigenvector ofBB BB

y  Bx -- rank documents matching x

C retrieved document-group matrix

compute fairness and e ectiveness measures
end for

Figure 1. The computational approach of Eigensystem for Topic Term Weightirg (ET) is
summarized in this pseudo code.

ET aims to maximize both fairness and e ectiveness by automatically reveighting topic
terms and re-ranking documents that are retrieved to answer the tofc of which terms are
equally weighted. Consider Eq. (2): ET nds the function called x in a principled way.
To this end, a k-dimensional vector space over the real eld represent& topic terms. The
main eigenvectors of a symmetric matrix provide an alternative k-dimensional vector to
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represent topics. Moreover, the main eigenvectors of the symmeti matrix maximize a
function measuring e ectiveness and fairness. The function takes quadratic form whose
matrix is the parameter. The computational approach is summarized in Figue 1.

In mathematical terms, considern 2 N retrieved documents,k 2 N topic terms, m 2
N;m > 1 categories, andr 2 N;r > 1 relevance grades. LeB 2 R" ¥ be the term-to-
document matrix where aB's element is the weight of a term in a document, i.e.w(t;d).
Let C 2 R™ " be the documents-to-categories matrix where an element is the degeeof
membership of a document to a category. Suppose th€'s column is non-negative and
sums to 1. LetCB be the terms-to-categories matrix, which is inR™ K. Let

x2 R¥ 1
be the topic term weight vector such that
kxk=1 :

Given a topic and a set of retrieved documents, letBx be the retrieved document scores,
which are in R" 1. Let

y = Bx
be the retrieved document normalized scores. Without loss of generis, y can be assumed
as non-negative. UsingL 1 normalization, let

y = Bx=1Bx
where 12 f 1g" 1. Therefore,
y 0 1Y=1:

Using L, normalization, suppose the rows ofC are normalized. The sum of scores of the
retrieved documents of each category is given by

p=Cy

wherep 2 [0;1]™ ! and sumsto 1, i.e.,pis a probability distribution, since the C's columns
are non-negative and sum to 1 ay does. The Gini index of mutability becomes

The index ranges between 0 and 1 1=m. Let's replace p with Cy, and let ¢ be the j-row
of C:

P’ =(gy)(GY) = (anigy) = (YE)(gy) = y&gy :

Therefore, 0 1
X 2 X 0 0 X 0
= yqy=y"@ JgAy=yRQy
j =1 J =1 J =1
where
X 0
Q= gg (4)
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As y = Bx, the Gini index becomes a function ofx de ned as
G(x)=1 xBDBx:

The latter is a symmetric quadratic form since BIQB is symmetric. Moreover, G is a

continuous function in a closed interval; therefore, a maximal point dbes exist according to
Weierstrass' theorem. The maximum ofG is achieved wherx is one of the main eigenvectors
of | BYQB. As a consequence, a ranking of retrieved documents exhibits the highest
fairness if the topic terms are weighted according tax and then is obtained by Bx. Let

F=yY
be the sum of squared retrieved document scores. As= BX,
F=F() Fx=xBBx

can be viewed as a measure of the likelihood that an-document ranking represents relevant
information to the topic. The main eigenvector of BB determines then-document ranking

for which F is maximum. If y is a measure of probability of relevance of then items, the

maximal value of F is a necessary condition of the Probability Ranking Principle (PRP),

which has been used, in one form or another, by various people since M. Blaron and

J. L. Kuhns. W. S. Cooper gave a formal statement of the principle as reprted by S. E.

Robertson; see: Robertson (197'7).

If a reference retrieval system's response to each request is anking of the
documents in the collections in order of decreasing probability of usfulness to
the user who submitted the request, where the probabilities areestimated as
accurately as possible on the basis of whatever data has been made availalde
the system for this purpose, then the overall e ectiveness of thesystem to its
users will be the best that is obtainable on the basis of that data.

Apart from the ranking by non-decreasing probability of usefulness or elevance, the optimal
probability estimation is one key concept of the principle. The estmation of the probability
that the i-th item is relevant or useful is provided by (1) or (2), depending onwhether the
topic term weights are subject to estimation or not, respectively.

Whereasw(t; d) can be referred to as relevance and then to e ectivenes(t; q) can be
leveraged to integrate fairness and e ectiveness when ranking doooents. The potential
provided by x is then what the PRP requires to make a ranking optimal, sincex can
integrate w, thus providing alhopefully|better estimation of the probability of u  sefulness
to the user.

The objective of a fair ranking is to maximize both e ectiveness and &irness; therefore,
F + G should be maximized, i.e., bothF and G should be. As bothF and G are functions
of x, then F + G is also a function ofx, i.e.,

F+G=(F+G)x):
Therefore,

(F+G)(x)= FX)+ G(x)= xBBx+1 xBWBx = x{BB +1 BYWB)x:
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It follows that the maximal point of F + G is one of the main eigenvectors of
BB+1 BYOB:

Therefore, nding the maximum point of ( F + G)(x) means nding the maximum point of
x{BB + 1 BXB)x wherel is the k k identity matrix. The latter is a quadratic form

in the operator BB +1 BB whose maximum point is one out of the main eigenvectors.
For any z such that z% = 1, we have that

zZ4BB +1 BDOB)z=z4BB BLOB)z+1:

The latter reaches its maximum value if z is one out of the main eigenvectors called Eigen-
system for Topic Term Weightings (ETs) of B8 B%QB.

Actually, any vector of the subspace spanned by the ETs are maximal point®f F + G.
Indeed, a quadratic form may in general have more than one maximal point caesponding
to the ETs, since multiple eigenvectors may share the same largestgenvalue. In particular,
there might be more than one ETs becaus®®B BYQB might not be primitive, and one
cannot leverage Perron and Frobenius' theorem stating that a primitive matrix has one
main eigenvector; see Seneta (206).

The multiplicity of the ETs is of little importance, though, since on e eigenvector out of
them is su cient to maximize F + G. Nevertheless, the ETs are still mutually orthogonal,
and therefore they represent alternative topic term reweighting €hemes. Finally, note that,
as the scale of the eigenvalues @& B may largely di er from those of BAQB, the matrices
BB and BQB should be divided by the respective main eigenvalue.

5 Experiments
5.1 Data and Measures

The test collections from the TREC Fair tracks in 2021 and 2022 were used towaluate
the algorithms. The experimental data were obtained from Wikimediz®; see Ekstrand
et al. (2022a, 2023). The public availability of the experimental collectionsmakes the
utilization for an empirical study such as that reported in this section acceptable despite
the unavoidable limitations of any dataset, as explained by Ekstrand et al (202%). Apart
from the experimental documents, the test collections also compsie a series of experimental
inquiries, the metadata (information about category membership), and &aluations of the
documents' pertinence. Table 4 reports on the test collections' rain statistics.

2021 2022
Number of documents 6,280,328 | 6,475,401
Average document size (bytes) 6,748 3,197
Number of train topics a7 46
Number of test topics 22 20
Average number of train topic words 5.38 61.3
Average number of test topic words 2.72 3.35

Table 4: The main statistics of the test collections

3. https://en.wikipedia.org/wiki/WikiProject
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The 2021 and 2022 Fair Ranking Tracks were an ad hoc retrieval methodology where
participants were given a collection of documents and a series of topicto rank documents
based on relevance to a speci ¢ WikiProject* The challenges shared a topic set, corpus,
fundamental problem structure, and fairness aim. The topics were pgpared from WikiPro-
ject subjects, documents being English Wikipedia articles, ankings being lists of articles
that editors may consider relevant to the topics|NIST assessors annotated the retrieved
documents with binary relevance scores for given topics|and articles being fairly exposed
based on geographical location and gender.

As for the 2021 track, the categories were de ned by gender and geographic logahs, the
latter being used for training. Within TREC, \training" refers to th e experimental phase
for tuning the participating systems and precedes \test,” which is the actual measurement
of the e ectiveness of the systems for the reference year, test dat and gender, which was
only used for the test data.

The 2022 Fair Ranking Track required the participants to deal with a larger number of
categories other than geographic location and gender. As for the 2022 track, the cagories
were de ned by geographic locations, gender, age of the topic, occupatioa)phabetical order
of name, age of the article, page popularity, and replication of articles in otler languages as
detailed by Ekstrand et al. (2022k). In order to compare the tracks, the exeriments were
only carried out with geographic locations and genders for the 2022 track as well

The experiments were carried out with the following input:

" the experimental topics completed with the relevance assessmemnt
" the experimental document identi ers completed with category memberships, i.e.:

{ gender-based category with male, female, or non-binary, also known as \thd";
{ geographical location-based with di erent continents or subcontinentregions;

" the experimental full-text documents.

the document retrieval scores returned by an experimental searcBystem to compute
A on the basis of both: (Elasticsearch v 7.17.1 and the standard con guration thesof
were utilized.)

{ either title-only topics or full topics, and
{ either title-only document or full document;

For each topic, the list of relevant documents was retrieved from thetest collection. A
term-based representation of the topic was built by concatenating thewords found in the
topic elds, such as title and keywords. If there were at least two topc terms, a list of
retrieved documents was ranked by (1). Then = 100 documents retrieved for each topic
were ranked by Fielded Best Match 25 (BM25F); as said, ten-document ages are common
in many applications, and Figure & of Appendix A can still be readable if ten pages are

observed. Each document was scored by
X
BM25F(t; d)
t2d\ q

4. https://en.wikipedia.org/wiki/WikiProject
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where
XX
BM25Fy = IDF ¢ SAT gt
=1 t=1
and L
N ni+ 3 fat(ky +1
IDF; = log 1 + L2 SATy = da(ka + 1) —
Nt+ 3 far+ ki 1 b+ b

and " refers to a eld such as title or abstract, f4. is the frequency oft in d, n; is the
number of documents indexed byt, sy~ is the size of” of d, k; = 1:2 and b = 0:75 are
hyperparameters, IDF stands for Inverse Document Frequency, SAstands for \saturation,"
and BM25F stands for Fielded Best Match 25. Note that the topic term weight is assumed
to be 1, thus not rescaling BM25F.

In parallel, an e cient implementation of B and C was obtained by in-memory, sparse
matrices. The ranking obtained for the topic was browsed, and the Compessed Sparse
Row (CSR)-based representation of each matrix was allocated. Using th€SR-based rep-
resentation, the “-th matrix non-zero entry v of row i and columnj was allocated into three
array entries as follows:

value['] = v;row[] = i; column[]=j :

In this way, the CSR-based matrices forA, B, and C were allocated wheren = 100, k topic
terms, and m categories.

The eigensystem was then computed, thus obtaining an ETq) of a given topic. To
be speci c, using the ad-hoc subroutines for the CSR-based repsentations, the products
R =B®B and S = BB were computed. BothR and S were divided by the respective
main eigenvalue to make their scale neutral. Each document was then seored by

X
BM25F(t; d)ET(t; q) :
t2d\ q

where ET(t; q) is the eigenvector component of a term of the topic that determined tte
ranking. Note that the topic term weight is ET( t;q), thus rescaling BM25F according to
the ET.

For each 2 R selected from a prede ned set of values that was decided at the expier
mentation time, the eigensystem ofQ = R S was computed. TheQ's main eigenvector,
X, was multiplied by B, thus obtaining the n-dimensional vectory = Bx of document
scores recomputed by using non-unitary topic term weights. In thisway, this ranking was
compared with the ranking obtained by Be, where e 2 1K is the n-dimensional vector ye
of document scores recomputed by using unitary topic term weights Note that the entries
of the main eigenvector of Q might be non-positive. As a consequence, thg might not
be non-negative. To work around the issue of negativity ofQ, G was obtained as follows:
First, y was translated toy +min y and then L ;-normalized, thus obtaining a non-negative,
normalized retrieval score vector. Then,Q was computed.

The following measures were computed for each topic, i.e., for each belse ranking and
the re-rankings thereof: ®

5. A re-ranking is a ranking of documents rescored by an ET.
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~ Gini's index of mutability ( G),
"~ Precision at 10-document page P), and
" a Global Measure, i.e.,M = G P.

The latter function is non-decreasing for bothP and G|it aims at measuring the extent to
which reranking documents may not decrease if not even increase ectiveness or fairness.
The sum of G and P is not appropriate because they are derived from di erent measure-
ment units and phenomena. Instead, there are some justi cations for miiiplying di erent
guantities, such as those used in Macroeconomics. Other fairness amures are occasionally
used, such as Attention-Weighted Rank Fairness (AWRF); see: Raj andEkstrand (2022).
Other measures of e ectiveness, such as NDCG and Average Precision (APare also avail-
able. The former was de ned for non-binary relevance grades, which areat applicable in
our case. The latter considers relevant document ranks|we used it in the previous work;
see Melucci (2024a,b, 202%a,b). We preferred to investigate the same issufom a dif-
ferent perspective and then use di erent measures. AWRF assungan attention model,
but we wanted to avoid additional assumptions and take an assumption-freepproach. A
comparison, albeit indirect, can be made by observing the results iiMelucci (2025h).

5.2 Main Results

Overall, ET can yield fairer and more e ective rankings than the baselire depending on
and on category. Figures Z and 5(a) of Appendix A depict the baseline values oM and
the values ofM for each and page and both tracks as a whole. As a summary, moderate
to high delta values (1.00{1.75) yield the most improvement in the global masure under
gender bias correction. Moreover, peak gains are concentrated around theidale-ranking
pages (5{7). Finally, too high or too low delta settings tend to be less ective, especially
on the tails of the ranking. As for location, bias mitigation for location yield s strong and
consistent improvements, especially from delta 1.25 onward. In adtion, the ranking system
appears to bene t more clearly from fairness adjustments for location han for gender, likely
due to higher initial disparity. Pages 5 and 6 are again the sweet spot for faness or utility
gains. In order to understand what may a ect the global measure, the resiis have been
reported by measure, i.e.,G and P. Both measures increase as does, and in particular
the mid-ranked pages show the largest values. Both measures cannot becneased at the
top-ranked pages, where e ectiveness and fairness remain relativelow. Figures 5(b) and
5(c) of Appendix A depict the values of G;P for each and page and both tracks as a
whole.

Figures € and 7 of Appendix A show thatET can improve fairness to varying degrees in
most cases The variations of the Gini index of mutability clearly depend on the fairness,
i.e., bias against some groups caused by the harvest and retrieval phase$his bias can
lead to unequal outcomes, which the ET method seeks to address bydistributing weights
more equitably. By analyzing the Gini index, we can better undersaind the impact of
these adjustments on fairness across di erent demographic groups. Forxample, gender
appears to be the most biased category, and as a result, the little variatins of G achieved
by ET should be considered as quite large. In contrast, categories withealatively high
Gini index values can become more equitable than the baseline to vamg degrees. This
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track | phase | category training M testing M

2021 | test gender 1.25 0.046 0.039
2021 | test locations 0.0 0.466 0.453
2021 | train locations | 0.25 0.461 0.458
2022 | test gender 1.25 0.156 0.100
2022 | test locations 15 0.467 0.465
2022 | train gender 1.25 0.322 0.287
2022 | train locations 2.0 0.528 0.524

Table 5: The maximum for each track, phase, and category was determined for the training
topic set and used to calculateM = G P for the test set. Except in one case, using> 1
enhances e ectiveness and fairness.

shift towards greater fairness can lead to improved outcomes for undegpresented groups,
fostering inclusivity and fairness in decision-making processe By concentrating on these
adjustments, a more equitable environment that serves the intersts of all parties involved
can be established.

As shown in Figures 6 and 3 of Appendix A,ET may decrease e cacy for most cases
even for only the top pages, whereas e ectiveness can enhance for thedvor bottom pages.
Heatmaps illustrate that precision at top pages decreases as grows. As grows, the
decrease in precision slows or even becomes an increment when bsavg from top to bottom
pages. This shows that, while the top pages may lose precision, the nite and bottom pages
may bene t from changes to the browsing parameters. As a result, thé variety emphasizes
the necessity for personalized solutions that improve user expernce across various levels
of content. This necessity for personalized solutions highlights themportance of adaptive
algorithms that can cater to individual user preferences and behavics.

Considering known groups only slightly changes the overall resultsn Section 2, we
discussed the signi cant proportion of papers whose group is known and tpothesized that
this proportion may a ect the metrics of fairness. The issue is simiar to the lack of rele-
vance judgments, making it di cult to develop e ective relevance feedback algorithms in
IR. Despite a signi cant number of unknown-group documents, we found that the overall
e cacy of ET is barely a ected. Figure ¢ of Appendix A depicts heatmaps of the results
obtained by omitting these documents. The consistent performanceof ET suggests that
the presence of unknown-group documents does not signi cantly commpmise the fairness
metrics we are investigating. Therefore, the conclusion should not dinge. This nding
demonstrates the robustness of our approach in handling varying levelsf group knowledge
within the dataset.

Topic term weighting based on ET and > 0 is a good decision in terms of global
measure, to some extent depending on the track, phase, and catego@ross-validation has
been used to determine the bestelta for each track, phase, and category. To accomplish
this, the topic set was divided into training and test sets using the 3=4;1=4 rule. The
training set included 75% of the topics, while the test set include the remaining 25%.
The training set was selected at random and repeated twenty times. Th fairness and
e ectiveness measuresG and P, were calculated for each page and. The global measure
was then computed and averaged across the pages to produce a global measurneréinking
purposes. Table 5 shows that should be greater than 1 to achieve the best performance
in terms of M, except for one case.

263



Melucci

Fairness: 2021 train locations E ectiveness: 2021 train locations

1 2 3 4 5 6 7 8 9 10| 1 2 3 4 5 6 7 8 9 10
:25 :02 :01 :04 04 :03 :02|:0 0 :01 :03
:50 :04 :04 :04 :02 :0
75 :04 02 04 :01|:0 :01 :03
1:00 || :02 :05 :0 :0 :04 :02 :04
1:25 01 0 |:0 :04
1:50 || :04 :03 0 01 :01 :02
1:75 || :02 02 0 0 |:0 :01 :0 :01
2:00 || :02 :04 :0 :0 0 |:0 :0 :01 :03 01

Table 6: The table reports the p-values for each and page for the year 2021, the training
phase, and the category \geographical location". The blank cells indicate norsigni cance.
If a cell is not blank then the number is the p-value observed{the laver the p-value the
more signi cant the variation of either G or P caused by with respect to the baseline for
the given track, phase, and category.

The darker areas of the heatmaps daot always correspond to signi cant variations in
fairness or e ectiveness To provide a measure of the statistical signi cance of the results,
the Wilcoxon signed-rank test was conducted, and only the cases wherhe p-value was
less than or equal to 0.05 were considered signi cant. The Gini index ash precision were
observed for each track, phase, category, topic, and ten-document page for= 0 and then
for each > 0 as mentioned previously. So, a page of ten documents obtained with= 0
was compared to the corresponding one with a certain> 0. See Table 5.

The original bias against a category may impact on the signi cance bthe variations
and as a consequence fairness can hardly be improved if the initial cdiions as rather
unfavourable. The following table shows that the signi cant variations are less frequently
signi cant with gender than in the case of locations:

Fairness: 2021 test gender E ectiveness: 2021 test gender
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

0:25 0:04 0:04 0:25

0:50 0:5

0:75 0:04 0:03 0:75

1:00 0:02 1:00 | 0:0 0:02

1:25 0:02 1:25 | 0:0 0:05 0:05 0:02
1:50 1.5 | 0.0 0:05 0:02
1:75 1:75 | 0:0 0:05 0:02
2:00 2.0 | 0.0 0:05 0:02

As for the 2021 test set and the location category and the 2022 sets, a very few diences
were statistically signi cant as reported in Appendix 3.

The experimental results presented in this section are express using two distinct mea-
sures of e ectiveness and fairness, namelg and P, which are then summarized into an
overall measure,M = G P. This is not the only possible suite of measures. In conclusion
to this section, the results obtained with the measurement propose recently by Sakai et al.
(202%) are presented in order to provide a comprehensive overview andhopefully, make
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them comparable with other experiments. In the work by Sakai et al. (2023),a measure
called the Global Fairness and Relevance (GFR) is introduced, de ed as follows, and which
is reproduced in this work with the same notation as the authors of this neasure:

GFR(L) = WoRELEVANCE( L) + w1GF(L) (5)

where RELEVANCE( L) is a measure of the utility of the ranked list L and Global Fairness
(GF) measures the user-perceived di erence of fairness betweea \fair" ranking and the
actual ranking. In particular,

NS

GF(L)=  DECAY(L;k)DISTRSIM( L;k)

k=1
where DECAY measures the event a user accesses tketh item in L and DISTRSIM how
far the distribution of groups is from an ideal, uniform distribution. E xpression (%) has
been computed for each topic of every track, phase, category, and, and for each of the
following methods implementing the three functions occurrirg in (5):

" DECAY: Expected Reciprocal Rank (ERR) and Ranked Biased Precision RBP),
" DISTRSIM was de ned as
1 DIVERGENCE( pijp )

where p is the observed group distribution and p is the fair group distribution and
DIVERGENCE was either Jensen-Shannon Divergence (), Root Normalised @ler-
aware Divergence (RNOD), or Normalised Match Distance (NMD)®

We were interested to the trend of GFR as increases to check whether GFR tends to
increase, decrease or keep stable if the importance to the fairnessemator in the calculation
of the eigentopics increases. The average of the GFR values obtained foaah topic was
then calculated for each track, phase, category, and and classi ed by the aforementioned
methods used to implement the three functions of (5). Table 7 sumrarizes the results
where the average and the standard deviation values of GFR have been comigd over all
the possible combinations of the methods used for decay and distriltion similarity.

Table 8 breaks the GFR values down the decay and distribution simirity methods.
Overall, GFR makes an improvement of fairnessand e ectiveness visible for di erent decay
and distribution similarity methods. The variations of GFR while increases depend on the
variations of the measures of e ectiveness and fairness. For example, & the ERR-based
decay method the variations of precision and fairness are reported balv on the left and on
the right, respectively:

All 2021 | 2022 | Gndr | Locat | Train | Test All 2021 | 2022 | Gndr | Locat | Train | Test
0:0 || 0:495 | 0:386 | 0:576 | 0:282 | 0:507 | 0:608 | 0:41 |[ 0:162 | 0:135 | 0:181 | 0:039 | 0:249 | 0:19 | 0:14
0:25 || 0:481 | 0:365 | 0:568 | 0:272 | 0:491 | 0:571 | 0:414|| 0:19 | 0:167 | 0:208 | 0:05 0:27 0:26 | 0:138

0:5 0:48 | 0:363 | 0:567 | 0:265 | 0:494 | 0:57 | 0:412]| 0:191 | 0:169 | 0:207 | 0:049 | 0:269 | 0:265 | 0:135
0:75 || 0:468 | 0:346 | 0:56 | 0:257 | 0:477 | 0:566 | 0:395|| 0:185 | 0:171 | 0:197 0:05 | 0:273 | 0:247 | 0:139
1:0 || 0:442 | 0:294 | 0:553 | 0:17 | 0:464 | 0:574 | 0:343|| 0:215 | 0:232 | 0:203 | 0:121 | 0:311 | 0:243 | 0:195
1:25 || 0:432 | 0:286 | 0:543 | 0:152 | 0:449 | 0:568 | 0:331|| 0:209 | 0:223 | 0:198 | 0:101 | 0:305 | 0:239 | 0:186
1:5 || 0:433 | 0:28 | 0:548 | 0:15 0:45 | 0:567 | 0:333|| 0:212 | 0:221 | 0:206 | 0:101 | 0:312 0:24 | 0:192
1:75 || 0:434 | 0:278 | 0:552 | 0:15 0:45 | 0:569 | 0:333|| 0:212 | 0:221 | 0:206 | 0:101 | 0:313 | 0:24 | 0:192
2:0 || 0:431 | 0:278 | 0:547 | 0:15 | 0:449 | 0:561 | 0:334|| 0:209 | 0:219 | 0:201 | 0:101 | 0:305 | 0:241 | 0:185

6. The details have been described by Sakai et al. (2023) in ther paper.
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All 2021 2022 Gndr | Locat Train Test
0:0 | 0:33 0:10 | 0:27 0:08 | 0:38 0:01 | 0:15 0:08 0:39 | 0:41 0:06 | 0:28 0:10
0:25 | 0:34 0:10 | 0:27 0:07 | 0:39 0:01 | 0:15 0:08 0:39 | 0:42 0:04 | 0:28 0:10
0:5|0:34 0:11 | 0:27 0:07 | 0:39 0:01 | 0:15 0:09 0:39 | 0:42 0:05 | 0:28 0:10
0:75| 0:33 0:11 | 0:26 0:08 | 0:38 0:01 | 0:15 0:09 0:38 | 0:41 0:05 | 0:27 0:10
1:0 | 0:33 0:12 | 0:26 0:09 | 0:38 0:02 | 0:13 0:10 0:39 | 0:41 0:06 | 0:26 0:11
1:25 1 0:32 0:13 | 0:25 0:08 | 0:37 0:01 | 0:11 0:10 0:38 | 0:41 0:05 | 0:25 0:11
1:50:32 0:12 | 0:25 0:08 | 0:38 0:01 | 0:11 0:10 0:38 | 0:41 0:05 | 0:26 0:12
1:75 | 0:32 0:12 | 0:24 0:08 | 0:38 0:01 | 0:11 0:10 0:38 | 0:41 0:06 | 0:26 0:12
2.0 | 0:32 0:12 | 0:24 0:.08 | 0:38 0:01 | 0:11 0:10 0:38 | 0:40 0:06 | 0:26 0:12

Table 7: The average GFR the standard deviations thereof have been computed over
the mean GFRs obtained for each decay or distribution similarity method and classi ed
by track, phase, and category. These averages measures the scale for eadch, phase,
and category. The standard deviations suggest that there is variability fom a method to
another, being the methods used for gender showing less variationsetween methods than
the other criteria.

The variations of GFR then depend on the weights assigned to precision ahGF in Ex-
pression (%). The need of deciding the weights can be considered tlsympton of a GFR's
weakness. First, the sum of two di erent measures can often be prokimatic if these quanti-
ties measure di erent phenomena because of di erent measure urst for instance. Second,
the indications provided by GFR strongly depend on weights, thus askng a question left to
the future work as Sakai et al. (2023) admit.

6 Final Remarks

Group fairness is considered in this paper, but there is the quegin of whose fairness we are
talking about. In other circumstances, fairness may be de ned in tems of what is displayed
(e.g., job ads or products). In such a case, search result diversitwould be an acceptable
phrase if the items were not a liated with real organizations who prot fr om exposure. To
be precise, fairness should be de ned in terms of the producers @uthors, particularly in
systems that serve multiple stakeholders. There is a third possility as well: that fairness
pertains to subjects of content, such as people mentioned in news actes or search results,
the latter being best termed as a privacy issue. Finally, topics mjht be pertinent to fairness:
some topics might not be acceptable in some contexts, whereas they are ather contexts.
In sum, the multi-stakeholder nature of IR further complicates fairness de nitions.

So where does this leave us? First, we must recognize, at the rigif looking generic,
that fairness is not a property of an algorithm alone, but of a system in contat. Despite the
trend to consider the distinct phases of search, a fair system is arpduct of design choices,
data distributions, user behaviors, and societal norms. No amount of tehnical tinkering
will yield a \perfectly fair" system if the underlying assumpti ons are awed or the inputs
are biased. Second, fairness cannot be divorced from trade-os. We mushake explicit
our priorities|between relevance and (fair) representation, betwe en user satisfaction and
(fair) societal impact. Third, evaluation becomes a central challenge Unlike relevance,
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(a) ERR (b) RBP

All 2021 | 2022 | Gndr | Locat | Train Test All 2021 | 2022 | Gndr | Locat| Train Test
0:0 | 0:328 | 0:261 | 0:379 | 0:161 | 0:378 | 0:399 | 0:275 0:34 | 0:278 | 0:387 | 0:145 | 0:404 | 0:416 | 0:283
0:25 | 0:336 | 0:266 | 0:388 | 0:161 | 0:380 | 0:416 | 0:276 || 0:344 | 0:273 | 0:397 | 0:146 | 0:399 | 0:424 | 0:284
0:5 | 0:335 | 0:266 | 0:387 | 0:157 | 0:381 | 0:417 | 0:273 || 0:342 | 0:273 | 0:394 | 0:141 | 0:401 | 0:423 | 0:281
0:75 | 0:327 | 0:259 | 0:378 | 0:154 | 0:375 | 0:407 | 0:267 || 0:333 | 0:261 | 0:387 | 0:138 | 0:39 | 0:413 | 0:273
1:0 | 0:329 | 0:263 | 0:378 | 0:145 | 0:388 | 0:409 | 0:269 || 0:323 | 0:247 | 0:381 | 0:111 | 0:391 | 0:413 | 0:257
1:25 | 0:321 | 0:254 | 0:370 | 0:126 | 0:377 | 0:403 | 0:258 0:32 | 0:246 | 0:376 | 0:103 | 0:384 | 0:413 | 0:251
1:5 | 0:323 | 0:250 | 0:377 | 0:125 | 0:381 | 0:404 | 0:262 0:32 | 0:241 | 0:379 | 0:102 | 0:384 | 0:409 | 0:253
1:75 | 0:323 | 0:250 | 0:378 | 0:126 | 0:382 | 0:404 | 0:262 0:32 | 0:239 | 0:381 | 0:102 | 0:384 | 0:41 | 0:253
2:0 | 0:320 | 0:248 | 0:374 | 0:125 | 0:377 | 0:401 | 0:259 || 0:318 | 0:239 | 0:377 | 0:102 | 0:381 | 0:407 | 0:251

(c) JsD (d) RNOD

All 2021 | 2022 | Gndr | Locat | Train Test All 2021 | 2022 | Gndr | Locat | Train Test
0:0 | 0:327 | 0:261 | 0:377 | 0:153 | 0:379 | 0:403 | 0:271 || 0:338 | 0:285 | 0:377 | 0:154 | 0:396 | 0:409 | 0:284
0:25 | 0:334 | 0:264 | 0:387 | 0:155 | 0:38 | 0:411 | 0:277 || 0:343 | 0:284 | 0:388 | 0:154 | 0:394 | 0:427 | 0:28
0:5 ] 0:329 | 0:26 | 0:38 | 0:151 | 0:375 | 0:401 | 0:274 || 0:344 | 0:286 | 0:388 | 0:149 | 0:399 | 0:434 | 0:277
0:75 | 0:322 | 0:256 | 0:371 | 0:147 | 0:369 | 0:395 | 0:267 || 0:334 | 0:272 | 0:381 | 0:146 | 0:389 | 0:42 | 0:27
1:0 | 0:317 | 0:244 | 0:371 | 0:127 | 0:375 | 0:402 | 0:253 || 0:332 | 0:274 | 0:376 | 0:132 | 0:398 | 0:418 | 0:269
1:25 | 0:309 | 0:242 | 0:36 | 0:115 | 0:363 | 0:396 | 0:245 || 0:328 | 0:265 | 0:375 | 0:118 | 0:391 | 0:417 | 0:261
1:5 | 0:311 | 0:24 | 0:365 | 0:114 | 0:366 | 0:398 | 0:247 || 0:329 | 0:262 | 0:379 | 0:117 | 0:394 | 0:415 | 0:265
1:75 | 0:313 | 0:24 | 0:367 | 0:114 | 0:368 0:4 | 0:247 || 0:329 | 0:261 | 0:38 | 0:117 | 0:393 | 0:415 | 0:264
2:0 | 0:311 | 0:239 | 0:364 | 0:114 | 0:365 | 0:397 | 0:246 || 0:325 | 0:26 | 0:375 | 0:117 | 0:388 | 0:411 | 0:261

(e) NMD

All 2021 | 2022 | Gndr | Locat | Train Test
0:0 | 0:338 | 0:262 | 0:395 | 0:152 | 0:398 | 0:41 | 0:283
0:25 | 0:342 | 0:261 | 0:403 | 0:152 | 0:395 | 0:422 | 0:282
0:5 | 0:342 | 0:263 | 0:402 | 0:147 | 0:399 | 0:426 | 0:28
0:75 | 0:333 | 0:251 | 0:395 | 0:145 | 0:389 | 0:414 | 0:273
1:0 | 0:329 | 0:247 | 0:39 | 0:125 | 0:395 | 0:412 | 0:266
1:25 | 0:324 | 0:242 | 0:385 | 0:112 | 0:387 | 0:412 | 0:258
1:5 | 0:324 | 0:235 | 0:391 | 0:111 | 0:388 | 0:406 | 0:262
1:75 | 0:324 | 0:234 | 0:392 | 0:111 | 0:388 | 0:407 | 0:262
2:0 | 0:321 | 0:232 | 0:387 | 0:111 | 0:384 | 0:404 | 0:259

Table 8: In these tables, GFR has been detailed by decay and distrition similarity meth-
ods. There are no big di erences except for scale.

where judgments can be solicited from assessors (albeit imperfeg}las noted by (Voorhees
and Harman, 2005, page 24) for example, fairness is often a normative question as ndtey
(Balagopalan et al., 2023, page 2658), Fang et al. (2024), Zehlike et al. (202 2a,b) for example.
What counts as a fair outcome may vary across contexts, cultures, and comrmmities. Thus,
fairness evaluation may need to rely not only on quantitative metrics hut also on qualitative
assessments, stakeholder consultation, and ethical re ection.

Regarding evaluation, two questions naturally arise. First of all, can da@ument collec-
tions be fair in general? Since document collections are built from kyader sources, such
as catalogs, portals, or subsets of the web, they will necessarily re ¢¢he content present
in those same sources. Therefore, if the content of the sources contaitbiases, the collec-
tions will also contain them. For example, in the Fair Track collections, there is a clear
bias in favor of males, Europe, and North America. Does this bias represérthe actual
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content? Unfortunately, yes. The statistics presented in Sectior3 speak for themselves.
These statistics also suggest that bias might not be eliminated by an automated system
that retrieves and ranks documents in response to a topic, nor by a s who evaluates the
retrieved documents as relevant or not, since users, like the autirs of the documents, are
a ected by the same prejudices.

Nevertheless, the approaches to balance e ectiveness and group faisg like the one
illustrated in this paper, ignore the context from which groups and categories are normed
in the sense that only the frequency distribution of items over grogps counts. Such a view
may inevitably be seen as speci c or even restrictive to the eyesf social experts; however,
the balance is also a matter of statistics and computation. Computation plgs a crucial
role in quantifying disparities, yet it often fails to capture the nuanced realities of social
dynamics. Therefore, integrating qualitative insights alongside quatitative methods is
essential for a more comprehensive understanding of fairness and &#veness in decision-
making processes.

We are aware that the conclusions drawn from this paper may be conditioad by the
context and the objectives of the experimental data. This specic test collections are a
niche use case. The de nition of bias would likely change in the case of geral-purpose
search in which not only Wikipedia articles are retrieved and typical web queries are sent
to a search engine.

Fairness in information retrieval requires us to broaden our view of wiat retrieval sys-
tems are for and whom they serve. It asks us to re ect not only on what our sgtems
retrieve but on what they leave out|-and whom they may leave behind. In doing so, we
may discover that fairness, like relevance before it, is not a stati concept but a moving
target|one that will evolve as our systems and our societies do.
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Appendix A. Heatmaps
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Figure 2: The heatmaps of this gure depicts the baseline global measureM = G P
by track (2021, 2022), phase (train, test), category (location, gender). It is he baseline
M = G P because ET was not activated in this case, i.e. = 0. These heatmaps
should be read in conjunction with Figures 3 and 4. In particular, Figure 4 not surprisingly
shows that the baseline precision is higher at the top pages than at the btdm pages for
all tracks, phases, and categories. Therefore, the variations of the baseé global measures
mostly depend on the variations of Gini's Index as depicted by Figure 3. In sum, the
rankings tend to be biased with respect gender to a larger extent thariocation.
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Figure 3: The rankings provided by a retrieval system are generally dsed against certain
groups, particularly non-males and non-Western regions, with the exgation of location-

based groups in the 2022 track.
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Figure 4: Retrieval e ectiveness is relatively high, with minor variations across the 10-
document pages. However, the top two pages are the most dense of relevatacuments.
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(& M = G P as for gender and geographic location
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Figure 5: The gure shows heatmaps of global measures! = G P for each 10-document
page, ranging from 0 to 2. The heatmaps show that precision is no longer theighest at the
top pages, indicating that the global measures observed may depend on botrariations of
Gini's Index and precision. Improving M = G P requires increasing , indicating that ET
is e ective in improving fair, e ective retrieval and ranking, as w ell as controlling variations
of fairness and e ectiveness. Some improvement can also be seen imder, which is the
most di cult bias due to the high prevalence of males in the test collection.
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(& M = G P asfor2021,train, (b)) M = G P asfor 2021, test(c) M = G P as for 2021, test
geographic location set, geographic location set, gender

(d) M = G P asfor 2022, training set, gender(e) M = G P as for 2022, training set, geo-
graphic location

(f) M = G P as for 2022, test set, gender (g) M = G P as for 2022, test set, geographic
locations

Figure 6: In contrast to Figure 5(a), these heatmaps showM = G P values by track,
phase, and category.
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(a) G as for 2021, training set, (b) G as for 2021, test set, geo-(c) G as for 2021, test set, gen-
geographic location graphic location der

(d) G as for 2022, training set, geographic loca- (e) G as for 2022, training set, gender
tion

(f) G as for 2022, test set, geographic location (g) G as for 2022, test set, gender

Figure 7: Unlike Figure 5(b), these heatmaps showG values by track, phase, and category.

277



Melucci

(a) P as for 2021, training set, (b) P as for 2021, test set, geo-(c) P as for 2021, test set, gen-
geographic location graphic location der

(d) P as for 2022, training set, geographic loca- (e) P as for 2022, training set, gender
tion

(f) P as for 2022, test set, geographic location (g) P as for 2022, test set, gender

Figure 8: These heatmaps showP values by track, phase, and category, rather than com-
bining tracks and phases as in Figure 5(c).
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(@ M = G P as for gender and geographic location

(b) G as for gender and geographic location

(c) P as for gender and geographic location

Figure 9: Unknown group membership appear to have a minor impact. Comparéeatmaps
to Figures 5(a), 5(b), and 5(c).
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Appendix B. Statistical Signi cance Testing
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Abstract

Text embeddings have become essential for representing docuntenin Information Re-
trieval (IR), yet their high-dimensional nature often limits inte rpretability. To bridge this
gap, we introduce a novel mapping framework that aligns embedding dirensions with top-
ics derived from both probabilistic and neural models. Using three &ndard collections
and three embedding methods, we demonstrate that embedding featas consistently map
to a subset of coherent topics, even as the total number of topics variesNe further quan-
tify this correspondence with a Mean Mapping Speci city Improvement Rate, showing that
mapped topics exhibit signi cantly higher speci city than the global topic set if the embed-
ding dimensions are set properly. A stability analysis over varyingembedding dimensions
con rms the stability of the mapping across random feature samples. Ourcontributions are
three-fold: A general-purpose mapping method that visualizes and fonalizes correspon-
dences between embedding features and topic representations; pirical evidence that text
embeddings and topic models are not independent descriptors but camutually validate
each other's semantic structures; A numeric indicator that captures the degree to which
embedding features correspond to high-quality topics, providinga new tool for evaluating
embedding interpretability and guiding dimensionality reducti on choices. These ndings
suggest that topic-embedding mapping can serve both as a diagnostic for dradding quality
and as a means to visualise embedding dimensions more human-integiable, advancing
the practice of collection description in IR.

Keywords: Embedding Interpretability, Language Model Explanability, Topic Mo delling
1 Introduction
Text representation is a key task for collection description and organiation in information
retrieval (IR) and related areas. Word embedding has become a widely axpted strategy for

representing words with xed-length vectors. However, the repesentation of longer texts
and collections of texts is more challenging than word representationslficitti et al., 2023).
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In this work, we study the interpretability of text embeddings for documents by linking them
to a fundamentally di erent but more interpretable collection des criptor, topic modelling.

Topic modelling and text embedding are two approaches to semantic esentation of
document collections. Although text embedding has been extensilg examined as an ef-
fective method for capturing semantic characteristics of words andndividual documents,
topic modelling is more typically used to extract shared semantic mformation among doc-
uments in a collection. The common structure of embedding models sually includes a
neural network, an encoding method for the input documents, and a pede ned length of
output vectors. Some of these models have achieved strong performanén IR tasks, in-
cluding document classi cation, query formulation, and recommendaton systems (Mikolov
et al., 2013; Wulc and Moens, 2015; Ganguly et al., 2015). Due to the e ectivenss of
embedding techniques in such applications, a variety of re nemets have been proposed
for conventional topic models using text embeddings (Wu et al., 2020). Tle applications
of text embedding in topic modelling include smoothing the bag-ofwords representations
as inputs (Seifollahi et al., 2021; Gupta and Patel, 2021); capturing rich serantic features
of short texts (Meddeb and Romdhane, 2022; Zuo et al., 2023; Murshed et al., 2022); dn
constructing new topic model structures with pre-trained languagemodels (Sia et al., 2020;
Meng et al., 2022; Jin et al., 2021).

The many approaches for incorporating text embeddings into topic modding re ect
the relatedness of these two techniques. In this paper we argue thahe document repre-
sentations and topical characteristics of the collection loosely corrgmond to each other and
should not be considered as independent sources of information. Ingtd, we can exploit one
to increase the interpretability of the other. If we take a more geneal view of text embed-
dings, noting that the primary objective is to learn representations of individual documents,
the features also re ect collection-wise semantic characteristie of the collections that were
used for training. Likewise, an objective of topic modelling is to captre collection-wise
features to describe the documents as a whole. Therefore, studyd the connection between
the two document representations helps us to understand how théndividual dimensions of
an embedding capture the semantics of the collection.

A challenge in exploring correlations between topic modelling and tet embeddings is
that they are assessed under dierent principles. In IR, a typical evaluation of a model
involves a pipeline for assessment and validation. For example, to evahte the performance
of a new text embedding model, it is usually compared with a state-cthe-art baseline model
within a series of tasks. However, the use of a pipeline may be an olzstle to understanding
the correspondences and di erences between distinct kinds of algithm. There are two
reasons why a baseline model is not suitable for this research. Firsinterpretability of text
embedding is not a property that has been de ned and quanti ed explicitly, and a single
measure of embedding is insu cient to understand the interpretability of text embeddings
in general. Second, a lack of interpretability does not suggest any dia impact on the
performance of a model in standard tasks. Therefore, we seek a di ent approach to study
interpretability in a way that can assess text embeddings and topic nodellings within a
uni ed narrative of collection description.

To address the challenges in the interpretability of text embeddigs discussed above, we
design experiments with the following objectives.

282



Exploring Embedding Interpretability

~ To investigate the relationship between topic modelling and text enbedding as docu-
ment representations for retrieval purposes;

" To improve the interpretability of text embeddings by exploitin g the mapping to
topics;

" To explore novel approaches to evaluate the e ectiveness of collecin descriptors
beyond a standard model-testing pipeline.

The contributions of this work are three-fold: First, we propose a newmapping method
between topic models and text embeddings that visualises the corspondence between
topics and embeddings in a range of ways. Second, we demonstrate that t@pmodels and
text embeddings are not independent sources of information as documenepresentations,
and further that their correspondence can be used to verify the pdormance of each other.
Third, we propose a numeric indicator S, to quantify the degree of correspondence between
topic models and text embedding with our proposed mapping method.

The paper is organised as follows: In Section 2, we review relevant litature on topic
models, topic speci city, and text embedding. In Section 3, we desribe our proposed map-
ping strategy and discuss the theoretical implications with respetto collection description.
The experiments and results are presented in Section 4. Finally, & conclude in Section 5.

2 Related work

We rst discuss several state-of-the-art text embedding method used for collection descrip-
tion and organisation, as well as strategies used for studying embeddingterpretability.
We also introduce the general principles of topic modelling and howthe quality of top-
ics generated by such models is evaluated; and speci cally discussrecent measure, topic
speci city, which we introduced in earlier work (Yuan et al., 2023).

2.1 Text embedding

Text embedding aims to transform natural language into high-dimensionalvectors. The
embeddings have di erent levels of granularity, with the rst emb eddings that were proposed
focusing on vectorised representation of individual words (Mikolowvet al., 2013). More recent
embeddings focused on longer text representation (Le and Mikolov, 2014). ordi erentiate
between these two types of embedding, we refer to the former agord embeddingand those
representing longer texts astext embedding

Early embeddings were mostly designed to represent words, wherdé objective is to
represent words as vectors in a high-dimensional semantic space; tinember of dimensions
of the semantic space can be xed or user-speci c depending on the cetruction of the
system (usually a neural network) used to train the embeddings. Tlese embeddings can
be categorised as language models, as they aim to optimise based on the likelod of
generating target sequences of words. As a word embedding is usually mkndent on the
contextual features around the target word, there is a trend when usig large collections to
obtain pre-trained embeddings. These can then be further tuned fola speci c application.
Examples of word embeddings includéVord2Vec (Kim et al., 2017; Mikolov et al., 2013),
GloVe (Pennington et al., 2014), and BERT (Devlin et al., 2019). These embedihgs are
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pre-trained representations of words that capture semantic featuresof natural languages
(Senel et al., 2022).

In more recent work, new proposed embedding approaches aim to transforgentences or
even passages into vectors of the same length (Le and Mikolov, 2014; ReimersdaBurevych,
2019; Ganesh et al., 2016; Incitti et al., 2023). Le and Mikolov (2014) introducedoc2Vec
embedding, which takes the general structure of/ord2Vec embeddings and adds an addi-
tional word-like vector to represent paragraph-wise information. There are also text embed-
dings that use a pre-trained language model; for example, Reimers and @Gevych (2019)
proposedSentence-BERT, which adds a pooling process on top of the BERT structure and
yields a xed-length vector to represent the input sentence. Cespite the strong performance
of these embeddings in IR tasks such as query expansion, the intergtability remains a
challenge in understanding what is captured by the embeddings, in art because text em-
beddings are constructed from word embeddings that are already di cult to interpret.

Sentence embeddings have been widely applied in IRVord2Vec (Mikolov et al., 2013),
which generates semantic representations of words using a skip-gramadel, has been used
to improve query formulation and re nement (Ganguly et al., 2015). Vuli c and Moens (2015)
built cross-language retrieval models with their bilingual skip-gram model. The success of
text embeddings is because the focus of study in IR is usually on doments; sentence
embeddings can convert documents with varying lengths into xediength representations.
The document embeddings can then be used to calculate distances tiveen documents in
multiple downstream tasks, such as clustering (Kim et al., 2017), coliction organisation
and retrieval (Zuccon et al., 2015; Tanabe et al., 2018; Guo et al., 2022; Zhan et al., 2020),
and recommendation (Karvelis et al., 2018; Yang et al., 2016; Hassan et al., 2018).

2.2 Interpretability of embeddings

Interpretibility refers to the users' ability to comprehend d ecisions made by a machine learn-
ing model and to predict the outputs of this model given a certain tak (Miller, 2019). Mur-
doch et al. (2019) de nes interpretable machine learning as “extractiorof relevant knowledge
from a machine-learning model concerning relationships either cdained in data or learned
by the model'. In the context of this work, the interpretability of embeddings describes
the extent to which users can understand in real-world terms what he dimensions of the
embedding capture.

Studying the interpretability of embeddings helps us understard how embeddings cap-
ture the semantics of texts and may, for example, assist with model uning for a specic
purpose. To make an embedding interpretable, an intuitive solutionis to learn what the
individual dimensions represent and what features they capture irnterms of the source text.
The desirability of interpretability became apparent because it waschallenging to explain
the performance of the early word embedding models such as Word2vec (kblov et al.,
2013) and GloVe (Pennington et al., 2014), as well as contextualised embeddingsich as
ELMo (Peters et al., 2018) and BERT (Devlin et al., 2019). These models learthe semantic
features of raw texts and output xed-sized vectors to represent vords. The output embed-
dings serve as base representations for more complex models (Senebé, 2022). Studying
the interpretability of word embeddings helps us to understand these more complex models.
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Techniques for studying the interpretability of embedding can be categorised into two
types: task-based interpretation and vector-space interpretation. An example of task-based
interpretation is intrusion detection (Prouteau et al., 2022), which involved an evaluation
framework for the interpretation of word embedding with a word intrusion task. For the
dimension of interpretation of embedding, the set of words with high wéghts in this dimen-
sion must be semantically coherent. Therefore, interpretabilityis measured by the number
of intruder words in the set. More recently this approach has been exnded to use word
embeddings rather than raw words to achieve task-based interpretatin of longer text em-
beddings. For example, Jha et al. (2023) proposed Contrastive Long DocumeriEncoder
(CoLDE), a transformer-based framework to capture document similarty at three di erent
levels of granularity within or across documents. The ne-grained sinilarity scores generated
by the framework not only aid better interpretability of the documen ts but also support im-
proved understanding of long-text embedding behaviours. CoLDE and dier interpretable
encoders help with answering one question: When the embeddings tfo documents are
similar, to what extent can humans understand why they are similar? Havever, the focus is
on interpreting the similarity between documents rather than on interpreting the embedding
space.

There is also research that approaches the interpretability challege by exploring the
vector space of the embeddings. Ethayarajh (2019) studied contextualesd word embeddings
by comparing the geometry of embedding spaces, where the intuitionsithat for a word in
di erent contexts, the embeddings are di erent. They used cosire similarity to compute the
distance between the two embeddings of a word in di erent contexts The signi cance of
this work is that it provides a quantitative measure of semantic di e rence when the meaning
of a word is extended or varied. It served as a foundation to many quantitaive studies on
embedding interpretability for more complex embeddings driven ly large language models
(LLMs), and also as an inspiration of this work, on quantifying semantic di erence among
various embedding approaches at the document-collection level.

Despite the di erences in these approaches to evaluation of interpetability, these tech-
nigues tend to consider the interpretability of an embedding as bmary: that is, if an embed-
ding does not satisfy the criteria of the assessment, it is consided as a non-interpretable
embedding method. Nauta et al. (2023) viewed interpretability as a mutifaceted charac-
teristic and argued that a quantitative way of measuring interpretability should result in
a multidimensional view that indicates the degree to which certainproperties are satis ed.
However, despite the survey's identi cation of a promising reseath direction for visualiz-
ing multidimensional embedding interpretability, follow-up w ork has been scarce, primarily
because there is a lack of a suitable semantic proxy for studying engldings of long texts
that is both intuitively human-readable and rigorously quanti able.

In addition to evaluating interpretability with intrinsic measur es, interpretability can
also be evaluated by downstream tasks that depend on the interpretality of embeddings.
Tasks that require an understanding of text semantics can be used as argxy to evaluate
the performance of text embeddings. For example, Senel et al. (2022) udesentiment anal-
ysis, question classi cation, and news classi cation to evaluate thei proposed interpretable
embedding, bidirectional imparting, or Bilmp. However, it is not clear how interpretability
contributes to the performance of embeddings in the tasks. Tao et al. Z023) proposed a
deep learning-based framework for interpretable text classi cation,IDelL. The framework
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consists of three main components: feature penetration, instance aggredah, and feature
perturbation. They also evaluated models constructed by this fram&ork by two tasks,
fake news detection and social question categorisation. Methods simil to this one can be
considered as a combination of the task-based approach and vector space anayapproach
to interpretability.

New embedding approaches have been proposed that are inherently imgetable by
controlling the semantic features captured in each dimension. The Wrd2Sense model
uses the LDA topic model (discussed further below) to extract tre distributions of word
sense and form an alignment to the dimensions of the output embedding$énigrahi et al.,
2019). Subramanian et al. (2017) proposed sparse interpretable neural embeddis which
transforms traditional embeddings such as word2vec into interpretabé embeddings based
on the denoising k-sparse autoencoder.

While research of this kind is focused on generating interpretablembeddings, there is
also work that seeks to use interpretable embeddings for downstreartasks such as text
classi cation. Singh et al. (2023) proposed a novel approach to augmenting imtrpretable
models for text classi cation with LLMs. They used LLMs for training but not inference so
that the models can be trained in a decoupled way and have shown thathis method can
be used to solve practical tasks such as language zone identi cation in neascience.

A key feature that interpretable embeddings share is vector sparsit Since the shared
goal of these embeddings is to generate interpretable document reentations and col-
lection descriptions, higher dimensional vectors can capture more dails of the collection
than vectors with smaller dimensions. To describe the same amount ofnformation, the
interpretable embedding vectors are usually sparser than traditiomal non-interpretable em-
beddings. When embeddings are learnt, they are learnt for a certain tds For a language
model, the task is to generate word sequences that maximise the likhood of a target sen-
tence. Therefore, the features learnt need to address the aspect ohtural language. The
underlying assumption is that the embeddings remove and reorganisehe original features
in the natural-language representation and generate new features that bé&tr suit the task.
In contrast, non-interpretable embeddings are usually pre-trainedfor general purpose use.
They should re ect the characteristics of the source collection wihout obvious bias towards
any aspect of the semantics.

Overall, while these interpretability studies have considerel signi cant aspects of how
embeddings encode information, a uni ed, scalable framework for longexts is still absent.

Our approach addresses this gap by combining vector-space and task-baseerspec-
tives into a visual framework of embedding interpretability and can serve as a basis for
more transparent and tunable embedding methods. Unlike studies tht focus on improving
or benchmarking embedding models, our framework is embedding-agnast it operates on
any document-level vector representation and evaluates how such émeddings can be inter-
preted through their correspondences with topic models, rather tlan on their downstream
performance.

2.3 Topic modelling

Topic modelling is an approach to learning representative themes from collections of du-
ments. Early topic modelling approaches include statistical moded such as latent semantic
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indexing (LSI) (Deerwester et al., 1990), non-Negative Matrix Factorisation (NMF) (Gillis
and Vavasis, 2014; Wang and Zhang, 2012), and singular value decomposition (SVD) (Zhg
and Wang, 2022; Steinberger and Jezek, 2005). These models follow a sharedmuiple: the
di erence between term frequency within a document and term fequency in the collection
as a whole is used as an indication of topicality. The limitation of these mdels is that
topic modelling based on term frequency is coarse, so the performaa®f such models can
be poor when topics are used in downstream tasks in which speci ¢ sgantics is required.

Latent Dirichlet Allocation ( LDA) (Blei et al., 2003), which is a representative and
widely used probabilistic topic model, addresses the limitation ofstatistical models. In con-
trast to statistical models, LDA does not rely solely on the decomposition of the document
term matrix; instead, it assumes that the distribution of terms is conditioned on a set of la-
tent topics and that the distribution of topics is conditioned on the collection of documents
(Blei et al., 2003). For many yearsLDA has been the most robust topic modelling approach
as evaluated by topic coherence (Newman et al., 2010; Mimno et al., 2011; Morstatteind
Liu, 2017), topic diversity (Bu et al., 2021), and perplexity (Blei et al., 2003).

Recent research seeks to use word embeddings and other forms of neunattworks to
improve traditional topic modelling methods, including LDA, by providing richer forms
of input documents and topical structures. Cheng et al. proposed bterm topic modelling
(BTM), which learns term co-occurrence generation patterns instad of single-term sequence
patterns in order to resolve the sparsity issue of term co-occurrete in short texts. BTM
replaces the original term representations with embeddings that corist of multiple words
and has achieved better topic coherence and diversity compared to sesal baseline models.

There has been a trend of using pre-trained language models on top of th@weventional
topic models to solve some particular problems: Han et al. proposed the ured neural
topic model by utilising contrastive learning with conventional term-based representations
and pre-trained language models to detect keywords from semanticallyaherent clusters;
GaussianLDA (Das et al., 2015) replaced the original term representation in conventional
LDA with word embeddings drawn from a multivariate Gaussian distribution; and in the
CluWords topic model (Viegas et al., 2019), the term representation in Non-egative Matrix
Factorisation (NMF) is replaced by the representation of the nearest tem from a pre-trained
word embedding model to form a meta-representation of the documest which enhances
the representation of both syntactic and semantic information. The stake of the art of
embedding-enhanced topic modelsBERTopic, generates topics by clustering the document
embedding representations learnt from a pre-trained language model ahcalculating class-
based TF-IDF vectors as the topic representation for each cluster (Gootendorst, 2022).

2.4 Topic speci city

Our recent work on topic modelling evaluation provides a theoreticalfoundation for as-

sessment of topic quality from the perspective of document represitation. To evaluate the

degree to which a topic is representative of a subset of documents & collection, Yuan et al.

(2023) proposed thetopic speci city measure. Topic speci city can be used on any topic
model that represents documents as a vector of percentages or weighgjs of topics, including

conventional topic models such ad. DA and neural topic models such aBERTopic.
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Figure 1: An illustration of the bimodality of topic weight distribution over a collection.
This gure is reproduced from Yuan et al. (2023).

The derivation of this measure is associated with the phenomenon dfimodality that
generally exists in topic models. Figure 1 shows how bimodality appars when an ideal
topic is generated from a document collection: when a topic is used tdescribe a collection,
the topic only shows high weights in those truely relevant documerg while existing as
background noise in the rest of the collections. By plotting topic weigh of individual
documents against the number of documents, a topic with good qualityusually shows two
peaks in the distribution plot - we call this shape bimodality.

Topic speci city is a quanti cation of the bimodality phenomenon. The intuition behind
topic speci city is that a topic that is descriptive should have hi gh weights in a small subset
of the documents and low weights for the remainder of the documentslif we consider the
topic weights of a single topic over the collection as a distribution, ve should be able to
nd a threshold (the base) that di erentiates the described subset from the background
collection. Adopting the notation of the original paper, the specicity S of an arbitrary
topic t; is de ned as

1
S(t) = 3 1)
where ; is the average distance between prominent documents and the base ard is
the base of the weight distribution of the topic. High specicity means that the topic
clearly discriminates between the subset in which it is prominat and the remainder of the
collection.

The basely can be calculated using the median of the topic's weight distributionover the
collection, the third quartile of the distribution, or a Gaussian Mix ture Model (GMM). The
way we choose is by GMM since this is a complete mathematical simulain of distribution
mixtures without any manual intervention. Hence, for a background distribution X,
N( n; 2),the baseb and the mean ; are de ned as

b=2,+ 2
P oo (8 b)
= —"ZDj‘Di'j 3)
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where D; is the prominent document set in a document collectionD for topic t; and fid is
the weight of topic t; for each documentd 2 D;.

The range of topic speci city scores is 0{1, where 0 means that the topic isot descriptive
of any document, and 1 means that the topic is only representative of a sgci ¢ document.
Values between 0.2 and 0.4 are generally observed to be high topic-spedy scores.

Speci city is more sensitive to noise in the topics than other coheence-based measures,
which makes it suitable for use in contexts where robust sensitity to topic quality is
required. In addition, topic speci city quanti es how individu al documents are described
by a limited number of topics, directly capturing the “aboutness' of topics on collection
level. These properties make topic speci city a valid measure of tojz quality for our use
case and a reliable proxy for embedding semantic interpretation.

3 Methodology

We describe our approach in this section. First, we describe the dmument collections and
models used for the experiments. Then, we use an illustration of ebedding and topic
model representations of document collection to explain the logic b@nd the correspon-
dence study. Next, we describe our proposed mapping approach, a quatative measure of
mapping quality, and a feature sampling approach for the stability analyss of the mapping
performance.

3.1 Collections

In our experiments, we used three document collections. The smialst document collection
contains 5,000 documents and the largest 20,000. The following describesete collections
and their corresponding topics:

wiki : A sample of 5,000 documents from a Wikipedia dump. We randomly selecte
1,000 documents from ve categories each to create our labelled dataset. Ehcategories
chosen are culture, geography, health, history, and mathematics.

20NG: Contains 18,846 documents that were collected from the BBC News websiterhe
documents are grouped into 20 news categories (Lang, 1995).

wsj:  Contains 98,733 Wall Street Journal articles collected as part of the TREC déks
(Voorhees and Harman, 2005). Due to computational limitations, we randomly sedcted
20,000 documents from the collection. This is an unlabelled collectionand hence the
natural number of topics is unknown. 3

1. Categories are selected as in https://en.wikipedia.org/wiki/Wikipedia:Contents/Categories
Pages were crawled on 2 September 2022. The dataset is availalel upon request.

2. 20 News Group dataset is available at http://people.csail.mit.edu/jrennie/20Newsgroups/

3. The Wall Street Journal (WSJ) collection used in TREC evalua tions is part of the proprietary Tipster
and TREC disks distributed by the Linguistic Data Consortium (L  DC). It is not publicly available and
requires a license agreement for access.
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3.2 Model selection

For text embeddings, we select the models that are particularly deigned for sentence or
long-text vectorisation, namely Doc2Vec and Sentence-BERT. Note that there are many

embedding approaches that have outstanding performance in IR tasks, i they are mostly

term-based embeddings and not suitable for the task at hand. For fair compdson and a
deeper illustration of the alignment between topics and embedding datures, we generate
three types of sentence-based embeddings in our experiments.

Doc2Vec Le and Mikolov (2014). An extension of the Word2Vec model, which was
described earlier in Section 2.1. In addition to word-level modellg, Doc2Vec adds another
vector that captures the sequence characteristics of the sentenda the document as part
of the input. To train Doc2Vec embeddings, the documents need to be tokenised and
lemmatised rst and the number of dimensions needs to be pre-de Bd. The default number
of dimensions is 400.

Sentence-BERT . An extension of the conventional BERT model, which was described
in Section 2.1. It uses a pre-trained language model as the input to genate document-level
embedding vectors. UnlikeDoc2Vec, the dimensionality of Sentence-BERT embeddings is
xed and depends on the pre-trained language model used for training. Th number of
default dimensions is 384.

RepLLaMa . A retrieval-enhanced embedding method built on the LLaMA transformer
architecture (Ma et al., 2024). During ne-tuning, RepLLMa is trained w ith a document-
level retrieval objective so that its hidden-state representatons capture rich semantic align-
ments across documents. The model outputs xed-length vectors (g., 4096 dimensions).
For fair comparison, the dimensions of embeddings are reduced to a rangetwveen 10 and
200 using random projection. This adjustment prevents performance iderences from being
confounded by representational capacity and aligns the embedding dinmsionality with the
scale of the topic space. That is, for the selection of collections, theumber of topics is
much lower than the dimension ofRepLLaMa, 4096. In addition, using random projection
preserves pairwise distances between documents. According thé Johnson-Lindenstrauss
lemma (Johnson and Lindenstrauss, 1984; Bingham and Mannila, 2001; Achlioptas, 2003),
dimensionality reduction for extremely sparse high dimensional spazmay be achieved with-
out substantial loss of geometric information.

3.3 Text embedding features

As introduced in Section 2.1, text embeddings are document represéations that interpret

documents of varying lengths as vectors of xed dimensions. Intuitvely, for a set of text
embeddings learnt from the same collection, we can interpret the diransions of the em-
beddings as the signature facet shared by all documents from a documiecollection. If we

learn a set of embeddings for a document collection, we can represetfite collection as a set
of feature vectors. Figure 2 shows an illustration of a document-featte matrix that repre-

sents the entire collection. The rows are text embeddings of the duments; the columns
represent the semantic aspects shared by all the representations tife documents. In other
words, the column vectors are the semantic characteristics of the calkttion described by
the document embeddings. From now on, we refer to these collectiorepresentations learnt

290



Exploring Embedding Interpretability

Figure 2: Both the text-embedding matrix and the topic model are derived from the same
document collection. Unlike conventional use of text embeddings whe document vectors
(rows) are compared, this mapping operates on the embedding-featuresetors (columns) of
the embedding matrix. Each embedding feature forms a vector overtte document collec-
tion, having the same dimensionality (number of documents) as a tog vector from the topic
model. To align the two representations, we compute the cosine sirarity between each em-
bedding feature and each topic vector, identifying the closest pas as feature{topic matches
that characterize semantic correspondences between the embeddimand topic spaces.

by embeddings asembedding features In previous attempts to create interpretable em-
beddings, the dimensions of the embedding vector are usually enced as collection-wise
topics or concepts. This is a reasonable assumption based on the expedtatility of the
embeddings. If the assumption is correct, we should be able to obserthese topics from
the collection regardless of the embedding method, that is, for the mbeddings that learn
the features implicitly from the collection, the dimensions shoud also re ect a semantic
aspect of the collection.

Assuming that these embedding features are representations of cotiigon topics implies
that the embedding features should have a large overlap with other fans of topic repre-
sentation, such as LDA topics. However, LDA topics and embedding featugs are produced
by completely di erent principles and mechanisms: the documenrtopic representations are
derived from probabilistic inference based on the topic-term distibutions of topic models
while the embedding features are learnt by the likelihood of a targe sequence of words
described in a xed number of dimensions.

A key factor that di erentiates these two types of collection representation is inter-
pretability; topics can be interpreted as the distribution of topic weights over the collection,
whereas the embedding features are simply real-valued numbers ahigh-dimensional space.
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This can be veri ed by a bimodality check: If we take the weights of atopic in a document

collection and plot them as a distribution, a good topic should have a bimodal shape.
However, for dense embeddings, if we take the values of an embeddingature in the same
collection and plot the distribution, the embedding features usualy have a normal distribu-

tion. The bimodal distribution is what the sparse embeddings are inended to achieve. In
other words, a single feature should describe a small subset of the daments, while being
irrelevant to most of the documents in the collection. These featues are also intended to
be disjoint, so that they only matter to certain documents if the documents contain the
semantic information described by the features.

Hence we conclude that topics and embeddings are not equivalent { an unsprising
conclusion perhaps, but also one that provides a basis for the next gbs in our investigation.

3.4 Topic-embedding mapping approach

We propose mapping methods between embedding features and topic mels. For a docu-
ment collection D, we learn an embedding representatior/ with shape jDj jVj . Then we
train a topic model T and infer the document-topic representation with shapejDj |T j
As explained in the previous section, there argVj embedding features andjT j topical
representations learnt to describe the same collection.

Mathematically, both V and T can be regarded as projections of the same set of doc-
uments D into di erent lower-dimensional subspaces. Each subspace enced the same
underlying semantic structure, though derived through di erent optimization objectives.
To quantify the similarity between these subspaces, the comparimn metric should depend
on the directional alignment of their vectors rather than their absolute magnitudes, since
both embeddings and topic weights can be arbitrarily scaled. Thereforecosine similarity is
used, as it measures the angular proximity between vectors, captung semantic alignment
while being invariant to scale. This makes it particularly suitable for comparing representa-
tions that express relative importance or association strength, as in te case of embedding
features and topic distributions.

The mapping between topics and embedding features is the process of nding thdi-
mensions of the embedding space and the topical space that are close to kaither. For a
set of candidate embedding features and a set of candidate topics, we de a feature-topic
pair as a mapping if the candidate embedding feature and the topic havéhe largest cosine
similarity of any pair formed in the candidate sets. According to the mapping, we can
categorise the topics of a topic model into two types:mapped topics which occur in at least
one pair of the mapping; andun-mapped topics which are topics that are not in any pair
of the mapping.

The mapping is conducted on the basis of embedding features. For eackdture from
the embedding representationv 2 V, rst compute the cosine similarity with each topic
from the topic model t 2 T ; then map feature v with topic t if it has the largest cosine
similarity with feature v, that is, argmax,,t cosine(v;t); and add feature v to the mapping
set of topic t and removev from the embedding representation, that is,V V v. This
mapping is performed without applying a similarity threshold, as the goal is to assign every
embedding feature to the most related topic, thereby ensuring cormlete feature coverage
for interpretability analysis rather than ltering out weak associati ons. Theoretically, one
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topic can be mapped to zero or more embedding features. The one-to-mamature of the
mapping contributes to the interpretability of embedding featur es.

Feature Vector Sparsity Justi cation. One of the common observations w.r.t. embed-
ding features is that they are highly sparse. Intuitively, it seems inappropriate for a very
sparse vector to be mapped to a dense topic vector. However, featureeetors and topic
vectors are representations of di erent spaces; the sparsity of feate indicates the e ective-
ness of this feature in representing a particular aspect of a small fiset of the collection.
The features are supposed to be sparse for the optimal descriptivesg of the collection.
An equivalent quanti er of the sparsity of embedding features is the bimodal shape of the
topics of a topic model. An informative topic should be able to di erentiate the documents
that belong to it from the rest of the collection. If we consider the topic weight distribution
over all documents in a collection, it is highly skewed; for most of tle documents, the topic
is irrelevant and therefore has a weight very close to zero; for a smallubset of documents,
the topic is the dominant topic and hence has very large weight. Now, if weake the topic
weights as a vector, it is also a sparse vector. But the representatiomf the topic, the
distribution of word weight in a topic, is always a dense vector, regardess of the speci city
of the topic.

3.5 Mean mapping speci city di erence

In the previous section, we explained how the mapping mechanism lates the embedding
features to topics. If there is a good mapping, this can aid in the intepretability of text
embedding. To demonstrate how this mapping can aid interpretability, we use a variant
of topic speci city, which measures the extent to which a topic represents a particular
characteristic of the document collection.

To measure the quality of a topic model with speci city, we calculate the mean speci city
scores over a set of topics generated by a topic model. Intuitivelyjf the features learnt
from the text embedding approach are more representative than the corentional topical
features, the mapped topics of these features should have higher speity than the overall
speci city of all topics. Hence, we can quantify the increase in topicspeci city by computing
the di erence between the mean speci city of topic sets that wereoriginally generated by
the topic model and the topic sets after mapping using the embeddig features.

Using a topic model T as a reference, the quality of a set of embedding features can be
expressed by the mean mapping speci cityS® as follows:

P
SO: ﬁT OSt N t (4)
121 0Nt
where N; is the number of features of the embedding representation mapped ttopic t,
TO T s the set of topics that have at least one mapped embedding feature, an&
denotes the speci city score for topict.

We can determine how using only the mapped topics can impact the spécity of the
topic model. At one extreme, all features can be assigned to the topic ith the highest
speci city; conversely, at the other extreme, all features can be rapped to the topic with the
lowest speci city. These two extremes create a boundary around he the mean speci city
of the topic model can vary after the mapping is performed. Thereforewe can derive a
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measure of the alignment between text embeddings and topics within d@ounded range of
[ 1;1]. We call this measure theMean Mapping Speci city Improvement Rate, denoted by
S, and de ne it as follows:

8

S S0 s o . ,
S(TeT)= | mawer (8) mingr (59 | Toer (S8 mner (8

0; otherwise.

where S and S° denote the mean speci city over the topics in T and T° respectively.

S quanti es the degree of alignment between embedding features and tap speci city:
a positive value indicates that more features are mapped to topics withabove-average
speci city, while a negative value suggests that features are more lily mapped to topics
with below-average speci city. When all topics have identical sgeci city (i.e., zero variance),
the denominator becomes zero; in such cases, the measure is set to 0, asimprovement
in speci city can be de ned.

3.6 Embedding feature sampling

To assess the stability of S under di erent random projections, we vary the number of
projected dimensions and repeat the projection with di erent random seeds. This measures
how robust the mapping from embedding features to topics is when th embedding space
is randomly re-parameterized.

We use the same three corpora and embedding methodsséntence-BERT, Doc2Vec,
RepLLaMa) as before. Each original embedding matrix isE 2 R® N, whereD is the num-

denote the range of target dimensions (e.gf min = 10, fmax = N, step s = 10).
For eachf 2 F , we perform B independent random projections:

1. Generate a random projection ofE into f dimensions using a di erent random seed
for each draw, producing Ef(') = RandomProj( E;f; seed =i).

2. Apply the mapping procedure from Section 3.4 to aIignEf(i) with the chosen topic
model, yielding a set of (feature, topic) mappings.

3. Compute S on the mapped topics and record the score for this projection.

Thisyields B S values for eachf . We summarize the results by reporting the mean and
standard deviation of S over the B random seeds, thereby quantifying mapping stability
as a function of projection dimension.

4 Experiments

With the proposed mapping method and the feature sampling approach desibed in Sec-
tion 3, we design a set of experiments to reveal how topic models conlrutes to the in-
terpretability of text embeddings. As for all the visualisation tasks of semantics of texts,
the experiment processes include both quantitative measuremés and visual interpreta-
tions. It ensures the interpretability study to generate not only numbers but also human-
interpretable outcomes.
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Figure 3: Average topic speci city over all topics when ranging over nunber of topics for
LDA. The curve's turning point marks where the mean speci city scorelevels o, indicating
that adding more topics beyond this point yields diminishing returns and primarily intro-
duces noise, as evidenced by subsequent drops in speci city. VW the choice is somewhat
arbitrary within this acceptable range, we found it su cient for our pu rposes. We elaborate
on this decision in the sectionExperiments.
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Figure 4: Average topic speci city over all topics when ranging over nunber of topics for
BERTopic. The optimal number of topics is determined in the same way as forlLDA.
(In Plot (c) on WSJ, the top topic always scores 1|re ecting a single ver y speci c core
topic|but this does not a ect our elbow choice, since we rely on the mean curve rather
than the max/min scores.)

The experiments can be roughly divided into three components: Deatrmination of the
optimal topic model; Visualisation of topic evolution and mapping; Stability analysis of
embedding semantics. These components are described in sectiohd, 4.2, and 4.3.

4.1 Determining optimal numbers of topics

To show that our proposed mapping approach is valid for most topic models, he two
we select are the most representative in their categoriest. DA is the most commonly used
statistical topic model and the foundation of many derivatives; BERTopic is a representative
of the state-of-the-art neural topic models using pre-trained embddings as input.
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Due to the dierent nature of these topic models, they usually conwerge to di erent
numbers of topics,k. Hence, we use a slope-plot with respect to topic speci city to deermine
the optimal number of topics for each selected topic model. First, wedo a grid-search over
the topic models by varying the number of topics from 10 to 200 with a st@ of 10 for both
models in all collections. Next, for each run of the model, we calculat¢he speci city score
per topic and plot the mean speci city per topic model run against the number of topics.
As the number of topics increases, the topic model will have more nogstopics with low
speci city scores; even the topic with high quality will break, and eventually all topics end
up with low speci city scores. Therefore, we end up with a declhe of speci city scores. The
last thing is to determine the optimal number of topics using the sbpe. The tuning point of
the curve represents the optimal number of topics for the chosen togi model and collection.
It re ects a balance where the number of coherent topics is su ciertly objective without
being excessive, while noisy topics begin to separate out from the Huof meaningful topics.

The precise location of the turning point is not critical, especialy when the slope of
the curve is relatively at. In such cases, there often appears to be range of values that
can reasonably be considered part of the turning region. Selecting anyepresentative value
within this range is su cient, as the exact nhumber of noisy topics has limited impact on the
subsequent mapping. In contrast, the number and quality of coherent dpics play a more
important role in determining the e ectiveness and interpretability of the embedding-to-
topic alignment.

The results of LDA and BERTopic of each collection are shown in Figures 3 and 4. For
LDA, the optimal humbers of topics for collection 20NG, wiki , and wsj are chosen at 70,
80, and 50, respectively. ForBERTopic model, the optimal numbers of topics are 40, 80,
and 50. We will use these model runs for the following mapping expements.

4.2 Embedding interpretability by mapping

We now examine the correspondence between the topics and the emlddg features. An
intuitive assumption of embedding features is their high semanticgranularity compared to
topics. Therefore, for a topic of good quality, the amount of information represented by the
topic can be decomposed into multiple embedding features. We argueh&it mapping can
help us identify topics that are more representative of individual documents, since topics
with mapped features are closer to text embeddings than are other topi& Our aim is to
demonstrate that, regardless of the number of features, which can be satler or larger than
the number of topics, features tend to map to topics with higher spetcity, and at times
multiple features are mapped to a topic that best captures documendevel characteristics.

Intuitively, when there is an equal number of features and topics iwolved in the mapping,
some topics will be left out due to their lack of similarity to any of the features. However,
when there are fewer features than topics, it is possible that each &ure is mapped to a
di erent topic. In that case, the mapping would fail to distinguish t he "good' topics from the
rest. This phenomenon is consistent for various number of topics and ebedding features
on all three collections. Note that topics with high speci city scores that are not mapped
to any features are close to an already mapped topic, and therefore the mapmy approach
could not allocate a feature to them.
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Mapping Specificity Sweep: 20NG + DOC2VEC + LDA
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Figure 5: An example of using the mapping to visualise topic evolution. Aseries ofLDA
models of 20NG collection are mapped to the Doc2Vec embedding features of the same
collection. When the number of topics is small, topic speci citiesare very high, but the
mapping indicates the topics are likely to be too broad compared to thesemantic dimensions
captured by the embeddings. As the number of topics increases, topispeci cities are
dropping gradually due to the decomposition of large topics, yet the featves tend to map
to the "good' topics towards the right upper corner of the plot.

Figure 5 illustrates use of the mapping framework to visualize topic golution, in which
we apply LDA models to the 20NG collection and map them to the Doc2Vec embedding
features derived from the same corpus. When the number of topics ismsll, the resulting
topics exhibit high speci city scores. However, the mapping revals that these topics are
often overly broad relative to the semantic dimensions captured by he embeddings. As the
number of topics increases, speci city scores gradually decline duto the decomposition of
large, general topics into more ne-grained ones. Nevertheless, the magd features tend
to concentrate in the upper-right region of the plot, indicating that t hey consistently align
with a subset of coherent topics even as the overall topic structurdoecomes more granular.

We present mapping results for both topic models in Table 1. Based on th optimal
number of topics selected by the elbow method in the previous sfg we random project
each embedding and reduce them to the same number of features for eachllection. The
mapping is then conducted between the topic models and embeddinéeatures for each
collection. To illustrate the trend, Figure 6 provides an example ofthe mapping between
LDA and Sentence-BERT and the mapping betweenBERTopic and RepLLaMa.

These results demonstrate the interpretability of embeddings intwo ways. First, mapped
topics usually have higher speci city scores, suggesting better escriptiveness of document
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Collection Topic model Embedding Mapped Unmapped
Doc2Vec 0:105 Q064 Q040
LDA Sentence-BERT  0:111 Q062 Q049
wiki RepLLaMa 0:118 Q066 0:053
Doc2Vec 0:140 Q129 Q011
BERTopic Sentence-BERT  0:158 0:109 Q049
RepLLaMa 0:134 Q118 Q016
Doc2Vec 0:097 Q051 Q046
LDA Sentence-BERT  0:095 Q045 Q051
2ONG RepLLaMa 0:118 Q052 Q066
Doc2Vec 0:200 Q059 Q141
BERTopic Sentence-BERT  0:191 Q058 Q132
RepLLaMa 0:208 0:070 0:138
Doc2Vec 0:105 Q078 Q027
LDA Sentence-BERT  0:129 Q075 Q054
Wi RepLLaMa 0:133 Q080 Q053
Doc2Vec 0:183 Q143 Q041
BERTopic Sentence-BERT  0:264 Q153 Q111
RepLLaMa 0:341 0:135 0:206

Table 1. Average topic{speci city scores (mapped vs. unmapped). Dierences of average
speci city of mapped and unmapped topics are shown in column .

collection. Since the embedding features are mapped to these togicthe mapping results
can be considered as validation of the embedding descriptivenesse&®nd, mapping multiple
embedding features to the same topic suggests greater coverage of thensatics of a topic
than an embedding feature. As embeddings generally have many more dimsions than
the number of topics in a topic model, the granularity of information is higher in the
embeddings. Consequently, to describe a concept in a documenbltection, text embeddings
can use multiple features to decompose the concept. Therefore, a paitial way to utilise
the mapping results is to summarise what the embedding features ekcribe by visualising
the topics to which they are mapped. The topics can also be used to groufhe embedding
dimensions into categories and serve as labels for better interpretality.

As a qualitative case study, we provide examples of mapped and unmappetbpics
in Appendix A to illustrate how the proposed mapping framework manifests in practice.
For instance, in the WSJ collection, topics such as\president, executive, chief, vice, o -
cer, chairman, name, director, board" and \share, stock, trading, dividend" are frequently
mapped to Sentence-BERT features, indicating coherent, colledn-relevant semantics that
align with the quantitative S results. In contrast, unmapped topics such asfood, restau-
rant, franchise" or \insurance, policy, premium" exhibit weaker internal coherence and
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Figure 6: Example visualisations of topic-model-to-embedding mappigs. The number of
scatter points for each collection corresponds to its optimal number of dpics.

lower speci city scores. These examples complement the quantitive analysis by providing
intuitive evidence that mapped topics tend to be more interpretable and semantically con-
sistent, supporting our claim that the mapping can serve as a diagnostitool for embedding
interpretability.

4.3 Stability analysis via feature sampling

The consistency of the mapping outcome is essential to the interptability of embedding
features. With the goal of generating human-interpretable represerdtions of embedding
features, the mapping to a topic model should generate robust and repducible results so
that the mapped topics can describe semantics of the embedding feates being represented.
To address this concern, and to conclude our exploration on the correspalence between
topic models and text embedding, we seek to show the stability of th mapping approach
by varying the number of sampled features via the method describe in Section 3.6.

After sampling features with random projection for 100 runs on each settigs of the three
embeddings, we found that the topic model might be the ceiling of theinterpretability of
embedding features. Surprisingly, the optimal number of featureds highly dependent on
the topic model and less relevant to the embedding method { that is there is likely to exist
a limit on the granularity of semantic interpretability that a topic mo del can o er for a
given document collection, regardless of the embedding methods eg.

As the pattern seems consistent among these collection and topic modebmbinations,
we present two of them as an example. Figure 7 show the mean and a min-mamnge
of S over 100 samples of embedding features with varying feature dimerwmis from 10
to 100 on 20NG collection and wiki collection. Each subplot represents the trend of S
of a embedding method. It is clear that the trend is nearly identical among embedding
methods while di ering between collections. For20NG, the peak of mapping performance
occurs when embedding features are reduced to 10 dimensions, coangd to 50 dimensions
for wiki . Note that the topic models used for this mapping experiment are consitent
throughout all variations on the number of features.
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Our stability analysis reveals that each topic model enforces its owrsemantic grain size
on a collection, meaning that the optimal embedding dimensionality reects the model's
capacity to distinguish speci ¢ topics without introducing noise. As for future study, we
will explore whether structured dimensionality-reduction methods, such as PCA or encoder-
based models, can sharpen this stability peak and further improveriterpretability. We also
plan to apply our stability framework to alternative topic modeling par adigms (for example,
non-negative matrix factorization or hierarchical Dirichlet processes) to uncover algorithm-
speci ¢ limits on semantic granularity and guide model selection.
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Figure 7: Trend of S when mapping to the optimal LDA model with varying feature
dimensions on (left column) 20NG and (right column) wiki collections over 100 samples
by random projection. Rows correspond to embedding models: (1) SBRT, (2) Doc2Vec,
and (3) RepLLaMA.
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5 Conclusion

Text embeddings have long been studied as a tool for collection desption and organisation,

but embedding interpretability remains a challenge, particularly at the collection level.

There isn't a reliable correspondence measure between text emtddings and human-readable
representations. However, recent advances in topic modelling evahtion have provided us
with a tool to measure the descriptiveness of topics. To our knowlége, no prior work
has considered comparing topic models and text embeddings as distincepresentations of
document collections or explored how they correspond.

In this paper, we propose exactly such a proxy: a robust, collectionevel semantic
representation derived from topic-model mappings, coupled with a geci city metric that is
both human-interpretable, via topic keywords, and quantitatively t ractable. The mapping
allows us to conduct a systematic comparison between topical represtation and embedding
representations of the same collection. The mapping con rms as corregmdence between
topic modelling and text embedding as collection description tools We have proposed a
numerical indicator of mapping performance,mean mapping Sspeci city improvement rate
which captures the change in the mean speci city score over mappedopics to that of
the original set of topics. This indicator, with values ranging from [ 1; 1], can help us to
identify embedding features that correspond to descriptive topcs and hence enhance the
interpretability of embedding approaches.

This work has three contributions. First, we proposed a mapping mettod between topic
models and text embeddings that contributes to the interpretability of embedding features
with an arbitrary number of dimensions. Second, we show that topics andext embedding
are not two independent sources of information when used as documenépresentations by
using embedding-based mappingetween topics and embedding features; topics can be used
as a proxy to infer conceptual information captured by embedding featires. Third, we suc-
cessfully quantify information loss in embeddings using the dimesion reduction technique
with the mean mapping speci city improvement rate; the measure @n be used for com-
parison between di erent embedding techniques for semantic stdies. These should allow
selection of topics for tasks such as collection or document annotation, andan plausibly
provide veri cation that the generated embeddings and topics are of goodjuality.

However, this approach also has limitations. The quality and interpretability of the
mapping are dependent on the topic model's coherence. Poorly de retopics can lead
to misleading correspondences. Moreover, biases inherent in th#ataset may propagate
through both topic modelling and embedding representations, in uencing the observed re-
lationships and speci city scores. Future work should explore techiques to mitigate these
e ects, such as bias correction and topic re nement strategies.

Overall, by mapping embeddings to topic models, we create a multitnensional in-
terpretability visualisation framework that is a step beyond simple binary judgements on
interpretability, scales to longer texts at collection level, and candirectly in uence down-
stream semantic tasks. It bridges the gap between task-based explanati and vector-space
analysis of existing studies on embedding interpretability, and o ers a systematic approach
for understanding and tuning embeddings in real-world applications.
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Appendix A. Qualitative Mapping Performance Tables

In this Appendix we show examples of mapped and unmapped topics to ilistrate the quan-

titative results in the body of the paper. Although strong conclusionscannot be drawn from

these illlustrations, intuitively the mapped topics tend to be more interpretable (or seman-
tically consistent) than the unmapped { noting that we have included cases even though
they are counterexamples, such as topic 60 in Table 4 and topic 19 in Table 5.

Embedding TopicID #Feat. Keyword Description
2 9 think, go, like, know, time, get, want, thing, come, way
Doc2Vec 22 7 god, jesus, church, christ, sin, love, christian, bible, lord,
say
0 6 space, earth, planet, moon, launch, solar, orbit, space-

craft, system, mission

52 8 price, sell, new, sale, oer, good, buy, include, inter-
Sentence-BERT ested, like
62 7 game, play, period, goal, score, shot, lead, pt, espn, win
22 6 god, jesus, church, christ, sin, love, christian, bible, lord,
say
2 21 think, go, like, know, time, get, want, thing, come, way
ReplLLaMa 45 18 armenian, turkish, turk, turkey, russian, armenians,
genocide, muslim, population, village
15 8 window, problem, thank, help, run, work, know, try,
use, like
24 orthodox, son, slipper, till, candida, italy, beast, ab-
Unmapped stract, explore, presentation
68 keyboard, sub, rgb, virtual, thanx, custom, interior, sil-

icon, plastic, sh

54 dry, push, playback, evolution, depth, clean, pop, edu-
cational, reverse, quit

Table 2: Mapped and unmapped topics for the 20NG collection with LDA. The “Feat'
column is the number of features matched to the corresponding topic.The "Unmapped'
row is three unmapped topics.
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Embedding TopiclD #Feat. Keyword Description
8 13 smiley, manhattan, beauchaine say, blow bronx, man-
Doc2Vec hattan sea, bronx away, queen stay, say queen, stay
blow, sink manhattan
4 8 gun, homosexual, people, right, gay, drug, sex, moral,
think, man
2 6 car, price, new, bike, sell, sale, engine, good, appear,
buy
8 7 smiley, manhattan, beauchaine say, blow bronx, man-
Sentence-BERT hattan sea, bronx away, queen stay, say queen, stay
blow, sink manhattan
2 7 car, price, new, bike, sell, sale, engine, good, appear,
buy
1 6 key, encryption, chip, clipper, government, use, mes-
sage, algorithm, phone, system
0 8 game, team, play, player, win, year, season, hockey,
RepLLaMa league, hit
30 7 Dbattery, discharge, concrete, charge, acid, temperature,
heat, lead, reaction, dirt
1 6 key, encryption, chip, clipper, government, use, mes-
sage, algorithm, phone, system
35 donation, copyright, shareware, john, notice, author,
Unmapped commercial, copy, fee, jan
29 helmet, pocket, jacket, piece, liner, t, pant, woman,
clothing, foam
28 mouse, driver, ball, problem, apple, mouse driver, win-

dow, roller, load, button

Table 3: Mapped and unmapped topics for the 20NG collection with BERTopic. The “Feat.’
column is the number of features matched to the corresponding topic.The "Unmapped'
row is three unmapped topics.
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Embedding TopiclD #Feat. Keyword Description
24 empire, roman, emperor, war, city, army, king, battle,
Doc2Vec byzantine, rome
14 philosophy, theory, knowledge, view, philosopher,
school, idea, truth, nature, world
43 oil, water, gas, fuel, air, increase, re, energy, carbon,
chemical
12 roman, rome, empire, italy, emperor, latin, romans,
Sentence-BERT greek, italian, city
66 university, publish, society, science, laplace, mathe-
matic, research, write, book, professor
16 culture, cultural, people, group, country, right, human,
united, social, community
45 language, italian, dialect, speak, latin, romance, french,
RepLLaMa vowel, word, italy
25 integral, function, theory, series, theorem, set, problem,
calculus, mathematic, mathematical
24 empire, roman, emperor, war, city, army, king, battle,
byzantine, rome
60 bridge, arch, build, river, stone, aqueduct, span, con-
Unmapped struct, roman, welding
76 madhava, motto, sine, trigopnometric, series, school, seal,
magister, arc, acta
48 instrument, curl, cosmetic, musical, rope, perfume, hair,

hand, scallop, ensemble

Table 4: Mapped and unmapped topics for the WIKI collection with LDA. The " Feat.'
column is the number of features matched to the corresponding topic.The “Unmapped'

row is three unmapped topics.
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Embedding TopiclD #Feat. Keywords
0 12 roman, rome, emperor, empire, city, caesar, century,
Doc2Vec senate, romans, military
30 5 plants, plant, species, taxonomy, glossary, organisms,
ora, animals, biology, botany
3 4 italian, sardinian, language, dialect, catalan, speak,
italy, calabria, occitan, romance
0 14 roman, rome, emperor, empire, city, caesar, century,
Sentence-BERT senate, romans, military
4 7 greek, the, of, was, and, were, in, empire, greeks, to
2 5 letter, letters, vowel, alphabet, syllable, used, greek,
style, form, character
19 10 displaystyle, x2212, x2061, integral, x222b, int, func-
RepLLaMa tion, x221e, x03c0, integrals
0 8 roman, rome, emperor, empire, city, caesar, century,
senate, romans, military
47 8 shen, chinese, china, dynasty, confucian, confucius, han,
mao, dynasty, ruler
56 milk, feed, livestock, dairy, animal, production, farm,
Unmapped feed, cow, bee
73 babylon, assyrian, city, assyria, king, makuria, baghdad,
bc, antioch, mesopotamia
55 oil, fuel, bitumen, gasoline, sands, diesel, petroleum, as-

phalt, crude, re nery

Table 5: Mapped and unmapped topics for the WIKI collection with BERTopi c. The "Feat.'
column is the number of features matched to the corresponding topic.The "Unmapped'
row is three unmapped topics.
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Embedding TopicID #Feat. Keywords
48 6 business, market, big, industry, time, go, small, cost,
Doc2Vec analyst, buy
47 5 bush, party, political, campaign, election, democratic,
president, state, candidate, vote
40 4 like, people, time, know, day, go, come, get, man, old
28 8 president, executive, chief, vice, o cer, chairman, name,
Sentence-BERT director, old, board
24 6 share, stock, common, exchange, cent, trading, close,
outstanding, inc, dividend
46 4 drug, health, medical, care, hospital, research, patient,
fda, test, study
39 12 sell, agreement, group, inc, unit, corp, sale, agree, ac-
RepLLaMa quire, transaction
24 6 share, stock, common, exchange, cent, trading, close,
outstanding, inc, dividend
28 6 president, executive, chief, vice, o cer, chairman, name,
director, old, board
13 food, restaurant, franchise, chain, india, fast, spanish,
Unmapped taylor, knight, rice
33 san, pacic, california, francisco, southern, santa, rail-
road, georgia, diego, forest
43 insurance, steel, life, insurer, cellular, premium, policy,

national, corp, industry

Table 6: Mapped and unmapped topics for the WSJ collection with LDA. The “Feat.'
column is the number of features matched to the corresponding topic.The "Unmapped'

row is three unmapped topics.

311



Yuan, Rashidi and Zobel

Embedding TopiclD #Feat. Keywords
0 6 share, say, company, million, stock, year, market, inc,
Doc2Vec new, sale
1 5 bonds, bank, yield, treasury, rate, dollar, issue, million,
price, market
3 4 rise, increase, rate, adjust, month, year, unemployment,
economist, consumer, price
0 17 share, say, company, million, stock, year, market, inc,
Sentence-BERT new, sale
3 6 rise, increase, rate, adjust, month, year, unemployment,
economist, consumer, price
23 4 kodak, polaroid, cannon, shamrock, Im, camera, tape,
recorder, say, video
0 26 share, say, company, million, stock, year, market, inc,
RepLLaMa new, sale
46 4 islam, moslem, koran, ayatollah, mosque, iran, khome-
ini, indonesia, religion, islamic
1 3 bonds, bank, yield, treasury, rate, dollar, issue, million,
price, market
38 constitution, convention, church, woman, constitu-
Unmapped tional, madison, amendment, people, document, hof-
mann
31 pri, salinas, mexico, election, pinochet, party, opposi-
tion, mexican, gen, haiti
28 south, africa, black, african, apartheid, anc, south

african, government, white, south africa

Table 7: Mapped and unmapped topics for the WSJ collection with BERTopic The "Feat.'
column is the number of features matched to the corresponding topic.The “Unmapped'

row is three unmapped topics.
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Abstract

Our world today is facing a con uence of several mutually reinforcing crises each of which
intersects with concerns of social justice and emancipation. This paper is a provocation
for the role of computer-mediated information access in our emancipatory struggles. We
de ne emancipatory information retrieval as the study and development of information
access methods that challenge various forms of human oppression, and situates its activi-
ties within broader collective emancipatory praxis. The term "emancipatory" here signi es
the moral concerns of universal humanization of all peoples and the elimination of op-
pression to create the conditions under which we can collectively ourish. To develop an
emancipatory research agenda for information retrieval (IR), in this paper we speculate
about the practices that the community can adopt, enumerate some of the projects that
the eld should undertake, and discuss provocations to spark new ideas and directions for
research. We challenge the eld of IR research to embrace humanistic values and com-
mit to universal emancipation and social justice. We also invite scholars from elds such
as human-computer interaction, information sciences, media studies, design, science and
technology studies, social and political sciences, philosophy, law, environmental sciences,
public health, educational sciences, as well as legal and policy experts, civil rights advo-
cates, social justice activists and movement organizers, and artists to join us in realizing
this transformation. In this process, we must both imagine post-oppressive worlds, and
reimagine the role of IR in that world and in the journey that leads us there.

Keywords: IR and society, Emancipatory praxis, Technology and power

1 Introduction

The old world is dying, and the new world struggles to be born: now is the time
of monsters.

Antonio Gramsci

Our world in crises. Our world today is facing a con uence of several mutually reinforc-
ing crises pushing us universally, but notably not uniformly, towards precarity. The recent
COVID-19 pandemic did not only result in over seven million deaths (Mathieu et al., 2024)
and disrupt everyday lives globally; it also laid bare and further reinscribed existing politi-
cal, economic, and social hierarchies that are saliently colonial and racialized (Papamichail,
2023), gendered (Carli, 2020; Madgavkar et al., 2020), casteist (Mondal and Karmakar,
2024), and ableist (Lund and Ayers, 2022). Likewise, the dangers of recent and impending
climate catastrophes as well as the discourse around mitigative actions are inextricably inter-
twined with concerns of racial (Sultana, 2024; Williams, 2022; Patnaik et al., 2020; Stefani
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et al., 2021), gender (Gender and Alliance, 2016; Women, 2022), and disability (Cram et al.,
2022) justice. Increasing global wealth and income inequality (Chancel et al., 2022) both
mirrors historical dimensions of marginalization and is contributing to erosion of democracies
worldwide (Rau and Stokes, 2025). Globally, we are still reckoning with the ongoing lega-
cies of settler-colonialism (Wolfe, 2006) and present-day neocolonialism (Nkrumah, 1965),
recontesting women's rights to bodily autonomy (Beck et al., 2024), and witnessing growing
assaults on transgender people's right to exist (Foundation, 2023; Horbury and Yao, 2020).

The range of crises we face in the twenty- rst century requires us to reckon with multiple
intersecting and co-constituting processes of hierarchical organization of our society and as
a consequence with the systemic dehumanization, marginalization, and oppression of those
designated to its bottom rung. Therefore, any attempt at addressing the crises of our times
must begin with recommitment to the principles of social justice and universal humanization
of all peoples and support for emancipatory struggles against social, economic, political,
cultural, religious, sexual, and bodily oppression. This paper is a provocation for the role of
computer-mediated information access in these struggles. Our aim is to challenge the eld
of information retrieval (IR) research to reimagine itself as what it can (or, ought to) be if
grounded in humanistic values and committed to universal emancipation and social justice,
and to encourage the community to explicitly articulate and make conscious choices about
the values and incentives that shapes our eld of computing. This is also an invitation
to scholars from elds such as human-computer interaction (HCI), information sciences,
media studies, design, science and technology studies (STS), social and political sciences,
philosophy, law, environmental sciences, public health, educational sciences, as well as legal
and policy experts, civil rights advocates, social justice activists and movement organizers,
and artists to join us to collectively reimagine radically new sociotechnical futures and realize
desired transformations.

The information reaches out. IR, the eld of computing that is concerned with the
design and study of information access systems, such as web search and recommender sys-
tems, has its roots in library science and linguistics (Harman et al., 2019). Early IR research
was primarily concerned with the design of e ective indexing mechanisms that enable fast
pattern-based lookup of text from large corpora. The modern-day successors of these sys-
tems, however, go far beyond serving the function of simple lookup. Modern search systems
observe and model collective behaviors of how their users interact with retrieved information
to infer intent behind user queries, and to predict users' future needs and actions. Some
of these systems may proactively surface new information and breaking news, recommend
commercial products and services, and even suggest activities and actions for the user to un-
dertake. Conversational systems, such ChatGPT, Microsoft Copilot,? and Google Gemint,
may be entrusted to summarize retrieved information in response to users' search queries,
e ectively shifting the burden of assessing the relevance and trustworthiness of retrieved
information and their contextual interpretation from the user to the statistical models un-
derlying these systems. These systems a ect what information and perspectives receive
exposure which shapes consumer behavior, political discourse, and culture (Grimmelmann,

1. https://chat.openai.com/
2. https://copilot.microsoft.com/
3. https://gemini.google.com/
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2008; Gillespie, 2019; Hallinan and Striphas, 2016), and directly in uence material outcomes
for people (Singh and Joachims, 2018; Datta et al., 2014).

Today's search and recommender systems are, therefore, much more than passive lookup
tools. These systems have become embedded in our online social discourse, both shaping
and being shaped by our values, cultural identities, sociopolitical beliefs, and shared un-
derstanding of our environment and ourselves. We could choose to see this transformation
of information access systems from passive lookup tools to agents of in uence as the infor-
mation reaching out and permeating every aspect of our individual and social lives akin
to how Grudin (1990) described the transition of computers from applications in narrow
specialist domains to their present-day ubiquitous presence in our lives as the computer
reaches out .

Importantly, these systems and platforms may privilege certain perspectives and ways of
knowing over others as forms of epistemic injustice (Fricker, 2007) that entrench social hier-
archies and intensify oppression. Or, alternatively they could serve to raise up marginalized
voices and challenge the status quo. Access to information is critical to collective sense-
making of our place and relationships in this world. Therefore, it is unsurprising that
throughout history authoritarian forces have tried to control what information is dissem-
inated and how. In both historical and ongoing con icts, we can observe these struggles
for control over both traditional media (e.g, newspapers, radio, and television) and online
media (i.e., social media and other online information access platforms). For the oppressed,
they serve as medium for building shared understanding and solidarity necessary for social
movements and collective action. For the oppressor, they represent sites to apply force
to censor information and perspectives and manipulate public opinion. Information access
platforms, therefore, represent sites of con ict between exploitation and liberation. How
should we then re ect on and reconcile the implications of IR research and development on
our communities and our collective liberation? In this paper, we assert that the eld of
IR would benet from critically re ecting on how our work relates to current sociopoliti-

cal orders and our possible sociotechnical futures, and argues for reimagining IR research
grounded explicitly in the adoption of humanistic and emancipatory values and aspirations.

2 What is emancipatory IR?

We de ne emancipatory IR as the study and development of information access methods
that challenge all forms of human oppression, and situates its activities within broader col-
lective emancipatory praxis. The term emancipatory here signi es the moral concerns
central to this eld of study of universal humanization of all peoples and the elimination

of oppression to create the conditions under which we can collectively ourish. Historically,
the term emancipation has taken on various meanings in context of diverging intellectual
traditions (Susen, 2015). It described the abolitionist struggles against slavery, but later
came to signify a broader vision of dismantling all forms of structural oppression. Examples
of structural oppression in this context include colonialism, racism, patriarchy, casteism,
transphobia, religious persecution, and ableism. Emancipatory thinking in humanities have
manifested in many forms, including Marxism, Critical Theory, feminism, and decolonial-
ism. Emancipatory IR aims to be informed by and incorporate these dierent theories
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and epistemic frameworks in the conception and design of information access methods and
systems.

This framing recognizes information and access to information both as profoundly polit-
ical, and enacts research and development activities such as, formalization, theorization,
design, experimentation, publishing, open sourcing, deployment, platform governance, and
community building in service of universal struggles against all forms of structural oppres-
sion. It rejects the techno-deterministic premise that there is a single pre-determined path
forward for information access technology development, and challenges the community to
employ re exivity to uncover the deeply embedded values, incentives, and sociotechnical
imaginaries that shape the eld of IR. It recognizes the agency of the eld and its con-
tributing members in shaping the world, while respecting that the challenges and necessary
interventions are both fundamentally sociotechnical in nature. Therefore, the theories and
practices of this eld must be co-developed with cross-disciplinary collaboration including
with scholars from HCI, design, information sciences, media studies, STS, social and polit-
ical sciences, philosophy, law, environmental sciences, public health, educational sciences,
as well as with legal and policy experts, civil rights advocates, social justice activists and
movement organizers, and artists, among others.

Emancipatory IR challenges us to employ technological research and development in
service of dismantling hierarchies of oppression and challenge power. It discourages non-
performative academic gaze, and urges this research to be situated in movement building,
and calls for recognizing the role of movement building practices within this research. It en-
courages us to prioritize praxis i.e., research activities and re ections directed at structural
change over proxy metrics of success e.g, state-of-the-art performances and leaderboard
rankings that do not translate to scienti ¢ or social progress). And above all, it challenges
the eld to move beyond the restrictive view of IR research that emphasizes algorithmic
advances as measurable on shared benchmarks and leaderboards to a more expansive view
of IR research situated in a project of a ecting social good and universal emancipation.

Emancipation research in other elds. To develop an emancipatory IR research agenda,
we can take inspiration from other scholarly elds that have incorporated humanistic val-
ues and emancipatory aspirations. Young et al. (2021) surveyed the body of emancipation
research in information science, and identi ed four components of emancipation prevalent
in the literature: Agency (i.e., freedom to act), dialogue (.e., freedom to express), inclu-
sion (i.e., freedom to belong), and rationality (i.e., freedom to think). Wright (2020) de nes
emancipatory social science as an intellectual enterprise seeking to generate scienti ¢ knowl-
edge relevant to the collective project of challenging various forms of human oppression .
Wright outlines a framework that enumerates three speci ¢ tasks for the eld: (i) System-
atic diagnosis and critique of the world as it exists, (ii) envisioning viable alternatives, and
(iii) elaborating a theory of social transformation. According to Wright, emancipatory social
science is a theory of a journey from the present to a possible future: the diagnosis and
critique of society tells us why we want to leave the world in which we live; the theory of
alternatives tells us where we want to go; and the theory of transformation tells us how to
get from here to there how to make viable alternatives, achievable .

In HCI, Bardzell and Bardzell (2016a, 2015) discuss emancipation under the heading of
humanistic HCI, which they de ne as research and practices in the eld that deploy human-
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istic epistemologies and methodologies. They note that emancipatory HCI is a fundamental
goal of virtually all humanistic HCI . Related, several strands of HCI research incorporate
epistemologies, theories and practices that are anti-oppressive and emancipatory (Smyth
and Dimond, 2014), feminist (Bardzell, 2010; Bardzell and Bardzell, 2011; Bardzell et al.,
2011; Bardzell and Bardzell, 2016b; Bardzell, 2018), queer (Light, 2011; Klipphahn-Karge
et al., 2024), postcolonial and decolonial (Irani et al., 2010; Dourish and Mainwaring, 2012;
Sun, 2013; Akama et al., 2016; Irani and Silberman, 2016), anti-racist (Abebe et al., 2022),
anti-casteist (Vaghela et al., 2022a,b), anti-ableist (Williams et al., 2021; Sum et al., 2024),
post-capitalistic (Feltwell et al., 2018; Browne and Green, 2022), and anarchist (Keyes et al.,
2019; Linehan and Kirman, 2014).

Similarly, in the elds of machine learning (ML) and arti cial intelligence (Al) there are
several works that call for perspectives and design interventions that are anti-oppressive and
emancipatory (Kane et al., 2021; Saxena et al., 2023), anti-fascist (McQuillan, 2022), decolo-
nial (Adams, 2021; Mohamed et al., 2020), anti-casteist (Kalyanakrishnan et al., 2018; Sam-
basivan et al., 2021), and abolitionist (Benjamin, 2019; Barabas, 2020; Earl, 2021; Williams
and Haring, 2023). In data science, D'ignazio and Klein (2020) and Guyan (2022) dis-
cuss how feminist and queer epistemologies can inform the eld, and Monroe-White (2021)
adopted Wright's framework (Wright, 2020) to propose an emancipatory agenda for data
science to mitigate the harms to marginalized populations.

Towards emancipatory research in IR. Belkin and Robertson (1976) acknowledged
information science's social responsibility nearly half a century ago. But it was not until more
recently that this perspective gained serious traction within the IR community, starting with
the SWIRL (Culpepper et al., 2018) and the FACTS-IR (Olteanu et al., 2019) workshops.
Subsequently, there has been a wide range of IR research on fairness (Ekstrand et al., 2021),
explainability (Anand et al., 2022), and addressing misinformation (Zhou and Zafarani,
2020) among other societally-motivated topics. However, the eld has been largely reluctant
to acknowledge the saliently political nature of this work leaving the underlying colonial,
cisheteropatriarchal, and capitalist values that has (and continue to) critically shape the
eld of IR unchallenged. Even IR conference tracks dedicated to research that tries to
a ect social good have often side-stepped the deeply sociopolitical question of de ning what
constitutes social good (Mitra and Heuss, 2025).

This has led to several recent calls to explicate and critically examine the norms and
values (Vrijenhoek et al., 2023; Trippas and Culpepper, 2025) shaping the eld as well as the
sociotechnical futures that the IR community wants to realize through their research (Mitra,
2025; Azzopardi et al., 2024); while also reasserting the interdisciplinary roots of IR (Zangerle
et al.,, 2025). This year, the ECIR IR-for-Good track's call for paperé explicitly de ne
IR-for-Good as IR research and practices that contribute towards realizing more equitable,
emancipatory, and sustainable futures(Mitra and Heuss, 2025), and updated the list topics
relevant to the track to shift the emphasis from desired attributes and interventions in IR
systems €.g. fairness and accessibility) that were the norm in previous years® to desired
justice-oriented real-world outcomes €.g. racial, disability, and sexuality justice) that IR

4. https://lecir2026.eu/calls/call-for-ir-for-good-papers
5. https://ecir2025.eu/call-for-ir-for-good-papers/
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research should try to realize. They also require papers to include explicit discussion on
their theory of change.

Several of these developmentsi.e., Trippas and Culpepper (2025); Azzopardi et al.
(2024); Mitra and Heuss (2025) were prompted by conversations based on an earlier preprint
of this current manuscript. In this work, we argue that moving forward the IR community
should adopt emancipation as an explicit objective for the eld.

3 Practices, projects, and provocations

To develop an emancipatory research agenda for IR, we speculate about the practices that
the community can adopt, enumerate some of the projects that the eld should undertake,
and discuss provocations to spark new ideas and directions for research. However, the list
of practices, projects, and provocations discussed here are neither immutable nor complete.
It is ultimately the responsibility of the community engaged in emancipatory research to
regularly re ect on, produce evidence-based critique, challenge, and reshape its agenda to
a ect tangible progress in our collective struggles against dehumanization, oppression, and
marginalization. It may be worth reemphasizing at this stage that due to the saliently
sociotechnical nature of the challenges in this area, the practices, projects, and provocations
too will rarely be purely technological or reside strictly in the domain of computing, and
must be informed by perspectives from outside of the eld of computer science and the lived
experiences of marginalized peoples. We illustrate the practices, projects, and provocations
described in this section in Figure 1.

3.1 Practices of emancipatory IR

We adapt Wright's emancipatory social science framework (Wright, 2020) to develop a frame-
work for the practices of emancipatory IR. Like Wright's, our framework consists of diag-
nosing and critiquing, imagining viable alternative futures, and elaborating our theories of
change.

Diagnose and critique. The starting point for emancipatory IR research is identifying
the ways in which existing IR methods and systems, the cost of IR research and development,
and the arrangements within the IR community may contribute systemic harms to peoples,
act contrary to aspirations of social and political justice, and impede emancipatory struggles
of the peoples. These harms may include:

" Suppressing voices of the oppressed and marginalized
Enabling surveillance and public opinion manipulation

Imposing representational harms through derogatory portrayal, stereotyping, or era-
sure in presentation of retrieved results

Imposing allocative harms to groups through under-exposure of their content in re-
trieved results or under-exposing groups to socioeconomic opportunities

Exploitation of ecological resources and labor for IR research and development that
mirror racial capitalism and coloniality
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" Capture of IR research by the military industrial complex that pushes the eld to dis-
proportionately prioritize economic and military interests over concerns of knowledge
production, public health education, and information literacy, and produce technolo-
gies that serve as tools of oppressiore(g., for surveillance)

Concentration of extreme power and wealth among few individuals and institutions in
ownership of popular information access platforms

Lack of representation and diversity within the IR community leading to propping
up colonial, cisheteropatriarchal, and capitalist values and erasure of feminist, queer,
decolonial, anti-racist, anti-casteist, anti-ableist, and abolitionist perspectives

Diagnose and critique must extend to the policy and regulatory landscape, such as analyzing
the European Union's General Data Protection Regulation (GDPR) (Regulation, 2016) and
Digital Services Act (Regulation, 2022) in the context of our emancipatory goals which we
identify as critical future work.

Imagine viable alternative futures. The second practice of emancipatory IR is to
imagine and develop desirable, viable, and achievable alternatives to our IR technologies
and ways of organizing our communities with the aim of addressing the harms and injustices
identi ed in the diagnosis and critique stage. Previous work (Mitra, 2025) have argued that
the IR community should explicitly articulate the sociotechnical imaginaries (Jasano and
Kim, 2009, 2015) that in uence the design and development of IR technologies and platforms;
and enquires what would IR systems look like if designed for futures informed by feminist,
gueer, decolonial, anti-racist, anti-casteist, anti-ableist, and abolitionist thoughts, and if the
focus of IR research was not to prop up colonial cisheteropatriarchal capitalist structures
but to dismantle them? This is a call for us to imagine post-oppressive worlds, and the role
of IR both in that world and in the journey that leads us there.

We intentionally do not speculate about any speci c futures in this paper. To satisfy that
ask, IR needs spaces and processes for design futuring (Fry, 2009). The goal of futuring here
is not just to envision a plurality of alternative utopian and protopian futures, but also to
build shared understanding, aspirations, and commitment towards emancipatory outcomes
through that participatory process. After all, the act of exercising one's imagination itself
can be liberating, or as Benjamin (2024) calls it an invitation to rid our mental and social
structures from the tyranny of dominant imaginaries .

Elaborate theories of change. Our nal practice concerns with the development of
theories of change (Weiss, 1995; Brest, 2010; Taplin and Clark, 2012; Wikipedia contributors,
2013) that makes explicit how we aim to realize the alternative futures in the face of current
realities and how our own work contributes towards those goals. This should be grounded in
theories of power and co-developed with cross-disciplinary scholars, legal and policy experts,
activists, artists, and others to realize real structural changes. This involves both developing
new research agendas as well as experimenting with and realizing new arrangements within
the IR community and critically re ecting on our relationships with other institutions ( e.g,
industry and government). To provide concrete examples, we next discuss potential projects
that we believe emancipatory IR should invest in.
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Figure 1: lllustrating the practices, projects, and provocations of emancipatory IR. The
hexagons at the center represent several potential projects. The empty hexagons
indicate that the set of mentioned projects are not complete, and the community
should over time identify new ones and shape existing ones, as appropriate. Sur-
rounding the projects is the framework of practices of emancipatory IR that are
relevant to all projects in this area, consisting of (i) diagnose and critique, (ii)
imagine viable alternative futures, and (iii) elaborate theories of change. Provo-
cations to spark new ideas and research directions are depicted as a nudging hand.

3.2 Emancipatory projects in IR

Next, we enumerate some of the potential projects relevant to emancipatory IR. Such ex-
amples are useful for readers to get a more concrete sense of the aspirations and type of
work relevant to this eld, and can also serve as a starting point for developing a more
thorough research agenda. Ultimately, the direction and what speci ¢ project we invest

in must be decided and iterated on over time by those who see themselves as part of this
community, which we must ensure includes more than just IR researchers and technologists
as we emphasized previously.

Safeguard against capture. A central concern of emancipatory IR should be to ensure
that our information access platforms cannot be easily captured by few privileged individu-
als and institutions or authoritarian regimes, and also to ensure that access to information
services cannot easily be blocked by authoritarian regimes in times of protests to suppress
dissent. These concerns and initiatives are timely in the face of the 2024 edition of the World
Economic Forum's Global Risks Report (Forum, 2024) that calls out technological power
concentration as one of the top global risks for the upcoming decade, and broader grow-
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ing concerns about the alignment of tech industry with authoritarianism and fascism (Kang,
2025; Gebru and Torres, 2023; Varoufakis, 2024; LaFrance, 2024; Duran, 2024; Akbari, 2025).
In the social media landscape, there have been recent announcements (Mastodon, 2025; Bsk,
2025) of formation of new non-pro t foundations for managing key social media ecosystems
and platforms, speci cally with the goal to safeguard against billionaires' control over our
digital public squares. In IR, there has also been recent investments to create open infras-
tructures for internet search, such as the Open Web Search projeét.

While decentralization of IR infrastructure and federation may be critical for protect-
ing against capture, it is also important to acknowledge that in a world shaped by white
supremacy, colonialism, patriarchy, cisheteronormativity, neuronormativity, ableism, and
casteism as organizing sociopolitical forces, the decentralization of the technological infras-
tructures in themselves do not constitute su cient conditions for creating safe and welcoming
online spaces for historically marginalized peoples nor to ensure these platforms align with
our emancipatory aspirations (Hendrix and Flowers, 2022). Instead, the challenges that
we face require both decentralized technology infrastructure, as well as social innovations
in the formation of new global governance structures for the ownership, management, and
moderation of these platforms to ensure that the voices of the oppressed and marginalized
are uplifted, not suppressed.

Safeguard against surveillance. IR applications such as web search, recommender
systems, and targeted digital advertising have been major drivers of surveillance capital-
ism (Zubo, 2019). An important commitment IR can make towards anti-oppression is

to ensure that the eld is neither creating the technologies and infrastructures for surveil-
lance, nor creating additional demands for such infrastructures out of commercial interests.
User behavior data have been the secret sauce for many successful commercial IR plat-
forms. For example, in search, user interactions with search result pages are continuously
logged and modeled at incredible scale to provide better search relevance to customers. It is
therefore not surprising that modeling of user clicks (Chuklin et al., 2015) and even cursor
movements (Diaz et al., 2013) have historically garnered substantial interest in IR research.
However, this creates demands for unscrupulous surveillance of users on these platforms. In
response, di erent regulatory safeguards have been proposed, including notably the princi-
ples of data minimization de ned in Article 5 of the GDPR (Regulation, 2016).

To safeguard against surveillance, the IR community must imagine alternative ways of
building its systems that does not necessitate such large-scale data collection to simply make
these platforms usable. We must both push the boundaries of e ective retrieval methods
in the absence of user behavior datand develop new protocols for collection, storage, and
application of user data that implements stricter safeguards for user privacy and require
stricter and more meaningful user consent for access by the platforms. We need to explore
both technological innovations (such as, homomorphic encryption) as well policy safeguards
and changing social norms around data stewardship and transparency of how institutions
collect, store, and use data, and implement concrete safeguards to ensure that authoritarian
governments and their institutions cannot get access to this data which may enable harass-
ment and intimidation of activists, journalists, and marginalized populations. Lastly, we
should be wary of potential dual-use of IR technologies such as the impact of improved

6. https://openwebsearch.eu/
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cross-lingual search on surveillance of foreign individuals, institutions, and governments
and be critical of and refuse funding for such research that comes from governments and
security agencies.

Safeguard against manipulation. Misinformation and disinformation pose serious threats
to democracies worldwide (Lewandowsky et al., 2023; Ecker et al., 2024; Lewandowsky,
2024). The 2024 edition of the World Economic Forum's Global Risks Report (Forum,
2024) ranks misinformation and disinformation as the top global risk for the subsequent
two years. A study spanning six years, 26 countries, and several election periods nd that
political misinformation is particularly salient in current wave of radical right populism and

its opposition to liberal democratic values and institutions (Térnberg and Chueri, 2025).
Curtailing spread of online misinformation and disinformation that aims to dehumanize im-
migrants, the colonized, the poor, trans and nonbinary, and racially marginalized peoples,
is critical to our social justice e orts and our e ort to build solidarity with each other.

Beyond misinformation, we must also pay close attention to new vectors of public manip-
ulation that may become plausible in near future based on our current technological trends.
A particularly worrying development in this area is the recent emergence of persuasive
Al (Burtell and Woodside, 2023; Carroll et al., 2023; Park et al., 2023; El-Sayed et al.,
2024). The massive trove of detailed data on user behavior and preferences combined with
the capabilities of generative Al to produce persuasive language and visualizations could
create tools of mass manipulation and pose serious risks to functioning of global democra-
cies (Mitra et al., 2024). Imagine every time you searched online or accessed information via
your digital assistant, the information was presented to you exactly in the form most likely
to alter your consumer preferences or political opinions. Or, consider Al-generated digital
characters in ads and videos that appropriate marginalized identities to say or act in ways
that real members of that community may be strongly opposed to a new form of Digital
Blackface (Johnson and Joe, 2023). Emancipatory IR researchers must engage in evidence-
based critique of such technology development and push for policies and community norms
that push back against research in support of such applications within the eld before more
such applications of Al materialize and are normalized.

Safeguard against dehumanization and inequitable outcomes. Emancipatory IR
should concern itself with ensuring that IR systems do not lead to representational harms
(e.g., denigration, stereotyping, and erasure) of historically marginalized peoples and in-
equitable outcomes which may further reinscribe historical sociopolitical and economic op-
pression and exploitation. Over the last several years, there has been several works on fair-
ness in IR. These have typically focused on fairness of quality-of-servicee.g., (Mehrotra

et al., 2017, 2018; Neophytou et al., 2022; Wu et al., 2024) and fairness of exposure
e.g, (Biega et al., 2018; Singh and Joachims, 2018, 2019; Diaz et al., 2020; Zehlike and
Castillo, 2020; Patro et al., 2020; Wu et al., 2022). However, there is less clarity on how
much this body of fairness research has practically in uenced material changes in popular
IR platforms (Mitra, 2025). Fairness research in the emancipatory context must move be-
yond just formalization and theorization of fairness; it must recognize and be grounded in
the understanding of historical injustices and structural violence, and must ensure that this
research opposes dehumanization and material inequities in the real world. This includes
also contending with the politics of classi cation (Crawford, 2021) and critiquing practices
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in fairness research, such as in context of gender fairness (Pinney et al., 2023), that may
themselves perpetuate further harm.

We must also hold institutions that own and operate IR platforms accountable to mea-
surable equitable and humanistic outcomes. If an institution invests in fairness research but
does not operationalize them in their products, then that research only serves to launder
institutional reputation and is counter to our real emancipatory goals. To hold institutions
accountable, our research agenda should also include challenges of auditing IR platforms
and also explore other regulatory, sociopolitical, and technological mechanisms of account-
ability that are grounded in the recognition of the structural power inequities that make it
challenging to do so.

Promote emancipatory pedagogy. Emancipatory IR must abandon any false notions
of neutrality between the oppressor and the oppressed, and develop frameworks situated
in theories of power to uplift marginalized voices and make spaces for emancipatory ped-
agogy. It must expressly refuse to serve as a soapbox for the powerful and wealthy. To
make this further challenging, we must do so without concentrating the power to de ne
oppressor-oppressed relations in the hands of platform owners. Can we, for example, learn
from Freire's (Freire, 2020) anti-oppressive pedagogy to imagine IR systems that do not
merely retrieve but provide spaces for dialogical interactions between information seekers?
Can we build communities of experts who can provide context from critical scholarship to
inform search results and aid in our collective sense-making and solidarity-building on topics
relevant to our emancipatory struggles? What if we go beyond xing under-representation
of marginalized groups in, say, image search results for occupational roles and reclaim those
digital spaces as sites of resistance and emancipatory pedagogy (Mitra, 2025)?

Emancipatory IR must also critically interrogate the relationship between information
access platforms and the publishers and news media. Kim et al. (2024) nd media indoctri-
nation as one of the strongest predictors of autocratic survival. In light of these dynamics,
we must reexamine how platforms can support local newsrooms that often do critical work
in reporting on issues relevant to marginalized populations. In this context, support must
include both ensuring these publishers get exposure in search results as well as innovations
in platform business models that can support local newsrooms nancially, such as through
revenue sharing.

Visibilize and mitigate ecological and human costs of IR research and devel-

opment. We must also be concerned of the cost of doing IR research and operating IR
platforms. This includes ecological costs (Scells et al., 2022; Zuccon et al., 2023), such as
energy and water consumption and harmful emissions, as well as the appropriation of data
labor and impact on the wellbeing of workers. Belkhir and Elmeligi (2018) estimate that
Information and Communications Technology industry on the whole will account for 14% of
global emissions by 2040. In the US, data centers are projected to consume around 6% of the
total national electricity by 2026 (Halper, 2024). Appropriation of data labor includes both
uncompensated appropriation of works by writer, artists, and programmers (Cohan, 2023;
Coldewey, 2023; Vincent, 2023, 2022; Shrivastava, 2023; Burke, 2023, 2024; Vincent and Li,
2021; Vincent, 2020; Appel et al., 2023; Marr, 2023; Chesterman, 2024; Chayka, 2023; Gert-
ner, 2023; Vincent and Li, 2023) and under-paid crowdwork for data labeling (Perrigo, 2023;
Williams et al., 2022; Tan and Cabato, 2023; Altenried, 2020; Hao and Hernandez, 2022; Xi-
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ang, 2023; Hao and Seetharaman, 2023). The latter mirrors historical patterns of global
labor exploitation and racial colonial capitalism (Hao, 2022; Birhane, 2020; O'Gorman,
2023; Klein, 2023; Couldry and Mejias, 2019; Muldoon and Wu, 2023; Tacheva and Ra-
masubramanian, 2023), and have been associated with severe mental health cases among
crowdworkers (Booth, 2024; Hao and Seetharaman, 2023). Other concerns include land use
for data centers and how that a ects communities living on those lands and indigenous
sovereignty (Rubayita, 2025; Verma, 2024).

Emancipatory IR must invest in accurate accounting, reporting, and reduction of the
ecological and human cost of our research. This includes the cost of training models and
experimentation, the cost of human annotations, and the cost of air travel for conference at-
tendance, among others. It includes a commitment towards not pursuing research directions
whose cost include accelerating climate change and broader adoption of virtual conferencing
to minimize air travel. It also includes the recognition that these costs cannot just be min-
imized by building more e cient models e.g, because of Jevons paraddxor automated
labeling methods, and that the solution as always is at the intersection of the social, the
political, the economic, and the technological.

Community building and organizing. The work of building an emancipatory research
agenda must start with building an emancipatory research community. We need to create
safe spaces where researchers from the IR community can engage and meaningfully interact
with a diverse set of scholars, designers, legal and policy experts, activists, and artists to
co-develop an agenda for this eld. We must re ect on the current social and organiza-
tional arrangements within the eld and our relationships with other institutions, such as
industry and government. We must take on the di cult challenge of critiquing the fund-

ing mechanisms that enable IR research and its role in privileging certain areas of research
explorations and technology development that are counter to our emancipatory aspirations
and social justice. We must reimagine these arrangements, build counter-structures, and
establish new means of funding emancipatory IR research that can sustain itself in the
face of attack from the privileged, powerful, and wealthy. We must nurture a culture in
our community that recognizes and encourages direct actions to challenge power, such as
demonstrating and whistleblowing (Hicks, 2025), and create support mechanisms to protect
individuals from reprisal from those whose power and visions we want to challenge. We must
ensure that our community is inclusive and representative of marginalized peoples and that
we view their lived experiences with structural oppression as critical to informing research
in our eld. And we should view emancipatory IR as situated in broader movement building
against marginalization, dehumanization, and oppression.

3.3 Provocations

Emancipatory IR must leverage instruments of provocation to challenge our thinking and
help us reimagine radically alternative futures. Expanding on previous call (Mitra, 2025)
to safeguard the IR community from falling victim to crises of imagination (Haiven, 2014),
we posit that the inception of emancipatory IR must not be in a vacuum, but must be
informed by emancipatory ideologies borne of our historical and ongoing struggles, including
feminist, queer, decolonial, anti-racist, anti-casteist, anti-ableist, and abolitionist thoughts.

7. https://en.wikipedia.org/wiki/Jevons_paradox
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Our challenge is not only to imagine radically new emancipatory futures, but also to put into
practice those desired values and build pre gurative counter-structures both in the form of
new technological designs and sociopolitical rearrangements within our communities. The
task to change technology is inextricably linked to the task of changing ourselves and our
own social arrangements. The practice of re exivity becomes important in this context to
articulate (and critique if necessary) our own values, positionality, and incentives, as well as
our relationships with institutions and social structures that we in turn intend to change. Itis

in this process that we desperately need to engage scholars outside of computing, learn from
generations of activists and movement organizers who have been engaged in emancipatory
struggles, and let ourselves be in uenced by the artists and writers that dare to imagine
radically free futures and humanistic social structures.

4 Discussion

4.1 The emancipatory in emancipatory IR

For emancipatory IR to be authentically emancipatory, this work must not be simply limited

to an intellectual exercise. Our scholarship must be a piece of a broader movement building
praxis grounded in ongoing struggles in our world against marginalization, dehumanization,
and oppression. Our critiques must be followed by a tangible push for dismantling oppres-
sive structures and building counter-structures in its place. Our theories must be put into
practice and tested in the real world, and our success measured in concrete emancipatory
outcomes. Access to information is critical to our collective sense-making of our place in
this world and our relations with it, and it is exactly why throughout history, from print
media to present-day social networks, authoritarian forces have tried to control what and
how information is disseminated. Emancipatory IR stands in solidarity with the oppressed
and their struggles, and accepts the challenge of building the information infrastructure for
resistance.

4.2 The IR in emancipatory IR

But what makes emancipatory IR truly IR? How are questions of emancipation relevant
to this eld of computing whose research is typically concerned with questions of ranking,
evaluation, e cient system design, language modeling, human information interaction, and
other similar topics? To this we respond by challenging the reader to re ect on how each
of these important concerns in IR intersect with the exemplar projects we discussed in
Section 3.2. What new research questions emerge in context of indexing and ranking when
our IR platforms are federated and decentralized? What new research challenges emerge in
human information interaction if our goal is to promote emancipatory pedagogy? How do we
mitigate the harms from appropriation of data labor that is so very prevalent in our modern-
day language modeling approaches? How do we reimagine e ciency and evaluation when
our aspirations go beyond fetching information artifacts at lightning speed to encouraging
deeper collective understanding and new knowledge production that are key to our social
progress? With these questions our aim is to challenge the eld to abandon a more restrictive
view of what IR research is which may limit itself to algorithmic advances as measurable on
shared benchmarks, and adopt a more expansive view of IR that aims to situate information
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access as a vehicle for social good. These aspirations are also re ected in the recent SWIRL
2025 report (Trippas and Culpepper, 2025) that calls for centering emancipatory values in
IR research.

4.3 Where do we begin?

Bootstrapping an emancipatory IR research agenda will be challenging. The process re-
quires existing IR researchers to expand their horizons of concerns and expertise, bring in
others from outside of the eld experienced in emancipatory struggles, and consider new
assemblages of both its technologies and sub-communities. While there may be several po-
tential starting points for this process, we recommend that the work should begin by pulling
together a seed community interested in this research direction. Towards that goal, one pro-
posal would be to organize community-building workshops whose structure is informed by
the practices, projects, and provocations discussed in Section 3. A sketch of such a workshop
may look as follows:

1. A series of talks covering critiques and provocations relevant to emancipatory IR.

2. A design futuring session where participants are encouraged to radically reimagine IR
systems and how they should be embedded in our society and our daily lives.

3. Following the futuring exercise, participants sketch out paths to our desired futures
and identify concrete challenges and initiatives that the emancipatory IR community
should take on. Some of these may align with the projects enumerated in Section 3.2
or may identify the need for additional projects that we have not considered here.

4. Finally, the participants must discuss funding considerations to sustain our research
agenda, as well as steps that we can take to protect our community members from
reprisal from whose power our research aims to challenge.

The goal of such workshops would be to build trust, solidarity, and a shared understand-
ing of our aspirations and plans within the seed community. It is also our aim with these
workshops to challenge the seemingly unassailable wall of colonial capitalist values that have
arrested our present visions of society and technologies. We hope such a workshop can be
successful in nding the cracks in the wall through which we can collectively peep out and
free ourselves to imagine a plurality of social arrangements that are possible in which we
can all ourish free from oppression.

5 Conclusion

The eld of IR has undergone seismic shifts over the last decade largely instigated by rapid
developments in deep learning (Mitra and Craswell, 2018) and more recently generative
Al (White and Shah, 2025). Between trying to stay updated in the face of daily rehoses

of new Al publications and chasing the coveted badges of state-of-the-art it can be easy
as an IR researcher to overlook the pressing needs of society and envision only the possibil-
ities as conjured by the latest Al news cycle. If we are to address the multitude of crises
facing our world today spanning the ecological, the social, the political, and the economic
spectrums IR must undergo another seismic shift over the next decade. This piece is a
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provocation for the IR community to situate itself in the generational emancipatory strug-
gles and stand in resistance to the growing epidemic of authoritarianism and fascism through
the practices of making and unmaking of information access technologies. It is also an in-
vitation to scholars from other elds as well as to social movement organizers and artists
to join us and be part of this shared struggle. And as IR researchers, we must remember
that it is vital that we approach these spaces with curiosity and humility; in recognition of
our own incomplete understanding of the world; open to change and be changed by these
encounters (Mitra, 2025).

A central thesis underlying this work is that the emancipatory struggles in the real
world and one that we are encouraging the IR community to acknowledge and center within
our research are one and the same. So, the work of emancipatory IR and the work of
movement building for social justice and emancipation outside of IR must co-construct the
conditions for dismantling oppressive regimes, such as those of colonialism, cisheteropatri-
archy, and capitalism. While focused on IR, it is also a challenge to the broader computing
and technology community to reimagine our work to not serve the privileged few by further
concentrating immense power and wealth, but as a liberatory force that connects us and
humanizes us universally. Technology after alls a project of world-making. So, what kind
of a world are we collectively going to build together?

Positionality statement

I, the author of this paper, spent most of my career at a large technology corporation in
the global north. However, the perspectives presented in this work is intended to chal-
lenge Big Tech and global north's view of technology and our collective futures. Outside
of information retrieval research, | participate in social movement spaces and Southasian
anti-fascist organizing. | stand in solidarity with the peoples of Palestine, Sudan, Congo,
Rohingya, and other groups who are being subjected to unimaginable oppression and ongo-
ing genocide. | also stand in solidarity with the people of Kashmir in their emancipatory
struggles against state violence. These ongoing atrocities and cases of systemic oppression
signi cantly informed and in uenced my work.
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\Tout est pour le mieux dans le meilleur des mondes"
Dr. Pangloss, in Voltaire's Candide

IR provides multiple versions and sources to con rm an assertion. A pro-
vides (essentially statistical) compilation and weighting of allthose inputs. And

generates a coherent and syntactically appropriate statement. Whatoald go
wrong?

With the rise of arti cial intelligence, we have all asked what role Information Retrieval
(IR) is to play, if any, in this new technological revolution. | want to suggest that there
are three dimensions to this, all bearing on the complex relation betwen the world of
documents and the physical world in which we all live. I'll put my concerns under three
distinct headings: consistency, con dence, and completeness.

As to consistency. all of us who've engaged in what one of my colleagues has called
\the torturing of Al" can provide instances where a generative Al (genAl) has con dently
provided contradictory answers to the same question. If the Al were chuman assistant, we
would only need to point out the contradiction for that human assistant to understand that
when there is a contradiction, both answers cannot be correct. At most oa of them is.

While instances of genAl will apologize quite politely, they do not seemto understand
that as descriptions of the real world (as opposed to, say, the world of spitual beliefs) it is
not acceptable to make contradictory assertions. To this, the friendsand relations of genAl
respond that since computers will soon be able to discover, and theprove mathematical
theorems, they will \of course” be able to recognize and correct contraditory assertions
about the real world. I've been wrong about many things before, but | reman intensely
skeptical about this hope. Aside from the profound di culties of mappin g the real world
to mathematics, Gadel (1931, 1987) has shown that even in mathematics not evgrtrue
statement must be provable.

As to con dence: for many years we in IR have worked to adorn the results of infor-
mation retrieval with numbers indicating con dence. More than 50 years ago, Sherman
Kent, working at the United States Central Intelligence Agency, noticed that reports and
assessments were lled with words re ecting con dence, but no o had sought to normalize
the meaning of those terms. In a famous note (Kent, 1964) he proposed that ttse terms be
assigned to ranges of probability. While admirable, this presents thechallenge of assigning
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probabilities to decisions that may not yet have been made, and will e unique events.
What does it mean to say that \the probability that Madame X will win elec tion in country
Y is 75%"? (Menzel, 2025). Even if we resort to the quantum mechanical conge of a
many worlds picture (Everett, 1957), we seem to live in only one of themand so the answer
is \yes" or \no." There are Brier scores (Wikipedia, 2025a, \Brier score"), and other ways
to compute how well we are doing with such predictions. But the truth is that such scores
represent aggregated accuracy, and are only meaningful when they are comgl over a large
number of scored projections.

However, what | mean today by con dence is something less esoteribut more troubling.
Across the world, swindlers, politicians, and other kinds of \con dence men" have long
known that the key to deceiving us is to look and sound like someone whcan be trusted.
In the generation of texts, we call this \the look and feel" of being trustworthy. Sadly, by
exploiting the relatively low entropy of text and natural language, genAl is precisely able
to achieve the correct \look and feel" absolutely without regard to whether what it says is
or is not true. In other words, we have nally built a machine that is sp eci cally capable
of fooling us about whether it knows what it is talking about.

This leads to the third point: completeness The problem here is what | call, with
apologies to a man who is in some ways, both the father and the godfather of thscienti ¢
revolution, the \ Aristotelian fallacy." Aristotle was at heart a scientist, who gathered as
many facts as he could. However, in organizing and understanding those fe; and seeking
deeper understanding, he placed what we now believe is too much fhiin deduction, and
not enough in induction or in abduction, in its original sense (Douven, 2025). Although
he used induction (the weighing of evidence on one side or another) Atistle believed that
any such conclusions also needed a deductive justi cation, such ashe e cacy of this form
of government ows from the virtue of the citizens of the state." (This is a notion that was
accepted without question at the founding of America, and is under submntial threat as
| write). The modern scienti ¢ revolution began by rejecting a belief that all explanations
are to be found in that \Aristotelian" way (Wikipedia, 2025c, \Roger Bacon").

At any speci c moment in the evolution of human knowledge, more than induction and
deduction are needed. Abduction supports thecreation of hypothesesspurred by some
consistency or inconsistency in the data about the world. Or, indeed for the desire for
more parsimonious explanations. It is an equal, perhaps even more critit component of
scienti ¢ and technological advance. For some years, historians of scieacsuch as (Gali-
son, 1997), have opposed the so-called Kuhnian notion of science as progregdity \change
of [theoretical] paradigm” and have emphasized the importance of technolies in the ad-
vancement of science. Indeed, technology and theory fare best whend are united to form
science. In 2025 Nobel laureate Joel Mokyr (Mokyr, 2005) was honored for pointingut
that technological advance is hugely exponentiated by corresponding thaetical advances,
which give us, its human masters, some usable understanding of bothststrength and its
limitations.

In this context, we must think carefully about the relation(s) betw een \the real world"
and \the literature about that world." There is an axiom in chemistry \Why spend a
day in the library when you can learn the same thing by working in the laboratory for a
month?" (Corey, 2007). Indeed, the IR researcher Donald Swanson initiaté the possibility
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of nding an unexpected connection between a treatment and an illnes, not in the clinic,
but in the literature, a concept now called literature-based dis@very (Wikipedia, 2025b,
\Literature-based discovery"). While science, as the joke remindsus, wants to \look for a
lost wallet under the streetlamp,"” unexpected connections revead in the literature give us
\new kinds of streetlamps." However, it cannot be the case that whatever is to be discovered
tomorrow is hidden in the accumulated knowledge of today.

The literature of all mankind at any given moment, even if we hoovered ¢ the contents
of all nine billion brains, simply cannot contain predictions of all that will be found later.
Nothing known or imagined before the invention of the microscope was anywdre near a
true picture of what it would reveal. Before graphene was invented, usg only scotch tape
and pencil lead, there was no description in any text or brain of how it ould be produced
and of its astonishing physical properties.

So, taken together, these concerns about consistency, con dence, andropleteness sug-
gest that Retrieval-Assisted-genAl may slouch toward Bethlehem on thee feet of clay. Can
the techniques and principles of information retrieval help to renedy these weaknesses?

The danger involved, when machines will read what other machines haveritten, and
the original \facts on the ground" will become ever more remote, was antici@ted, in the
magni cent dystopian novella called \The Machine Stops" (Forster, 1909). In some future
world humans live in identical underground cells, and communicate tleir ideas without ever
leaving those cells. At what we would now recognize as Zoom session$iey hear from
expert \lecturers" who, to become expert, had ventured up to the surface of the earth, to
observe it. But the machine that maintains air, food, heat and light for all of the people
had decided to eliminate the essential respirators, without whichno one dared to venture
to that real world. Let Forster, speaking from the grave, tell us how humanity responded:

...even the lecturers acquiesced when they found that a lecture on theasgas
none the less stimulating when compiled out of other lectures thdtad already
been delivered on the same subject. \Beware of rst-hand ideas!" exdiaed one
of the most advanced of them. \First-hand ideas do not really est. They are but
the physical impressions produced by love and fear, and on thisags foundation
who could erect a philosophy? Let your ideas be second-hand, aifdpossible
tenth-hand, for then they will be far removed from that disturbing etment |
direct observation. Do not learn anything about this subject of ming| the
French Revolution. Learn instead what | think that Enicharmon thought Urizen
thought Gutch thought Ho-Yung thought Chi-Bo-Sing thought Lafaio Hearn
thought Carlyle thought Mirabeau said about the French Revolutian Through
the medium of these ten great minds, the blood that was shed at Pawrand the
windows that were broken at Versailles will be clari ed to an idea with you may
employ most pro tably in your daily lives."

Grim stu . All three of the stated problems: consistency, con dence, and completeness
seem, in one way or another, to circle back to these questions: are Al-gerated statements
true? Can that truth, in any way, be inferred from knowledge about how the statements
were generated? Is there any way that our skill in retrieving and orgarzing what has been
known and recorded can help us to know whether it and what we deducedm it is true?
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There are some threads of hope related to the ideas of tracking provenaegc authen-
tication, and some kind of agreement about what is to be considered a faithfl source of
knowledge. Perhaps if the World Wide Web had more closely followed tb road map of
Ted Nelson's Xanadu (Nelson, 1999) we would be in better shape. Perhaps if ser and
guideposts to related documents had become distributed rather tharcentralized (Kantor
et al., 2000) we would be in better shape. But today the Internet lets ay of us share
our opinions. Any centralized robot can weigh and count them. The Internd itself can be
locally shaped by nation-states wishing to advance one or another view ofhe real world.
All'in all, it is very hard to believe that we can de ne any scienti ¢ p rocess that will tell us
what to trust.

There is still room for optimism. My coeditor of the predecessor Inbrmation Retrieval
Journal, Stephen Robertson, with his colleagues, devised a weight fawula (Robertson et al.,
1994) whose name, BM25, hints that it was better than perhaps some 24 other \Bes¥latch"
methods". In his Salton award lecture Robertson (2000) Steve argued quite well thatR
\cannot have a theory." In this note | am arguing that establishing the \tr uth" of retrieval-
augmented Al, as part of the IR enterprise, cannot become a science. Tlsu it may fail to
meet Mokyr's criterion for exponential growth { circular funding de als notwithstanding.

The advocates and builders of the new Al do recognize some risks. We &ly lack a
scienti ¢ understanding of its powers, and its limitations. But p erhaps some clevead hoc
tool, some Truth Finder 25, will help us to hold our ground against the advandng ood of
overcon dent assertions. As we search for it, | hope that the innovatorsand inventors of
such Truth Finding tools will share their ideas with us in the pages of this important new
journal.
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