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“Hey Google, Help Me 
do a Citation Analysis”: 
Incorporating AI in the 
Citation Analysis Process 
to Identify Resources and 
Resource Types
Sarah G. Park and Lisa Romero

abstract: Citation Analysis is a use-based methodology that provides insight and can inform 
librarians’ collection decisions. However, citation analysis can be labor-intensive and time-
consuming. In addition, it primarily focuses on traditional library materials such as books, journals, 
book chapters, and conference proceedings, while often overlooking materials such as datasets, 
software, government documents, media, performances, and so on. This study integrates artificial 
intelligence (AI) in the citation analysis process to label citations according to resource type so that 
librarians might identify what resources scholars are using and citing. In addition to describing 
how to integrate AI into citation analysis, the authors evaluate the methodology’s success, with 
an overall accuracy score of 97.16 percent.

Introduction

Librarians are often contacted by students and researchers about types of re-
sources that will help them accomplish a specific research goal. If their library 
does not provide access, the librarian must then seek out possible resources 

for purchase. Collection development is a process that considers patrons’ information 
needs, availability of resources, cost, format, and other factors. While librarians have 
access to tools such as publisher websites, selection platforms like GOBI, and book This

 m
ss

. is
pe

er 
rev

iew
ed

, c
op

y e
dit

ed
, a

nd
 ac

ce
pte

d f
or 

pu
bli

ca
tio

n, 
po

rta
l 2

6.3
.



Incorporating AI in the Citation Analysis Process to Identify Resources and Resource Types462

catalogs, some resource types like datasets, software, government documents, and gray 
literature are underrepresented. An additional factor impacting collection development 
for these “non-traditional” resources might be a lack of librarian familiarity with what 
is available and what is used most by researchers. If librarians are not familiar with a 
specific type of resource, their collection development efforts may not sufficiently meet 
researchers’ needs. Librarians need access to more comprehensive information and a 
more structured process that reveals what resources (representing all types) are used 
by researchers within specific subject area(s), to ensure that library collections reflect 
all types of resources used in research. The methodology proposed in the current study 
provides librarians with a means to make better informed collection decisions while 
meeting the researchers’ needs.

A citation serves as a link between earlier and later works, revealing the sources 
used in the preparation of a text and enabling readers to locate those sources.1 Refer-
ences appear at the end of a work and follow a “who-when-what-where format” so the 
author can give credit to their sources and provide a path for future readers to retrieve 
the sources.2  Citation analysis has been utilized in a variety of ways, from quantifying 
and measuring the impact of sources and authors to evaluating scholarship in appoint-
ment, tenure, and promotion reviews.3 For librarians, citation analysis has also been 
used as a tool for collection development, enabling assessment of the quality of library 
collections for whether resources adequately support specific disciplines.4 The approach 
is insightful because it is often used to rank materials according to how many times they 
have been cited. Many believe that “high citation counts mean a statistical likelihood of 
high-quality research.”5 Because citations are use-based, they serve as a strong indica-
tor, or reliable tool of what is used and, more importantly, if conducted regularly, could 
identify usage trends for different resources and resource types.

Given the complexity of scholarly literature and limited access to computational 
expertise, librarians often rely on proprietary databases such as Web of Science (WoS) 
and Scopus to analyze citations. However, these databases also have limited coverage 
and features that may not capture the full scope of scholarly output. They are designed 
primarily for search and discovery, focusing on indexing select journals. They often 
exclude a substantial body of relevant but unindexed work, such as non-journal and 
non-English publications.6 Moreover, they provide greater coverage in natural science, 
engineering, and biomedical research than social sciences and arts and humanities.7 As 
a result, they may have limitations in tracking and measuring scholarly impact across a 
wide range of resource types and disciplines that may be especially valuable to specific 
institutions and programs. Moreover, the databases’ predetermined subject classification 
systems may fail to recognize small and multidisciplinary fields as distinct subject areas, 
resulting in a lack of field baselines for bibliometric analyses.8 For example, actuarial 
science literature spans several major disciplines, including mathematics, statistics, 
finance, and economics, and is not in a single subject classification. In the authors’ own 
experience, researchers wanted exhaustive lists of datasets, and the author was able to 
make several recommendations but was unable to meet the researcher’s demand for 
comprehensiveness. These limitations underscore the need for a collection development 
methodology that will identify resource types and titles and offer solutions applicable 
to various subjects. 

This
 m

ss
. is

 pe
er 

rev
iew

ed
, c

op
y e

dit
ed

, a
nd

 ac
ce

pte
d f

or 
pu

bli
ca

tio
n, 

po
rta

l 2
6.3

.



Sarah G. Park and Lisa Romero 463

Artificial Intelligence (AI) is a bleeding-edge field that often lacks clear and com-
monly accepted definitions as researchers and practitioners continue to address its 
evolving challenges. Therefore, the authors attempt to define key terms in AI to provide 
a set of generally accepted concepts. AI is broadly defined as a field of study that aims to 
develop algorithmic methods capable of performing tasks that typically require human 
intelligence.9 Machine learning (ML), a subset of AI, focuses on mimicking the human 
learning process by training algorithms on data to make predictions based on statistical 
analysis. Deep learning (DL), an advanced form of ML, utilizes complex layers of com-
putation and inference to simulate human reasoning. Large language models (LLMs), 
such as OpenAI’s ChatGPT and Google’s Gemini, are advanced ML/DL models trained 
on massive datasets. These models enable machines to learn complex language patterns 
and interact with humans in a natural and conversational manner.10 While LLM compa-
nies provide a chat interface for users to engage in conversations with AI models, they 
have also revolutionized AI engineering by offering access to foundation models via 
Application programming interfaces (APIs). Foundation models are “trained on broad 
data at scale such that they can be adapted to a wide range of downstream tasks” and 
support general-purpose AI applications across diverse domains. 11 This approach differs 
from traditional machine learning, which typically requires dataset collection, algorithm 
selection, model training, and iterative evaluation and refinement. By employing a foun-
dation model, developers can bypass these model-building steps, thereby reducing the 
time and effort required to build an AI model from scratch.12

Building on the advancements in AI and growing accessibility to computational 
tools, tasks that were once only dreamed of are now becoming possible. For example, a 
layperson can take a photo of a flower or tree using a mobile app, which then identifies 
and returns the species of the plant. This 
raises the question: Can we develop 
an application that reads article refer-
ences, analyzes the data, and extracts 
the necessary information from them? 
The authors of this study investigate 
a potential solution involving AI and 
determine whether AI can be used in 
citation analysis methodology to examine references and predict resource types in a 
subject, with the intention of meeting the researcher’s needs and exploring the pos-
sibility of applying this new method to the collection development process. They will 
also evaluate how accurately AI predicts resource types. It is important to note that the 
terms “publication type,” “resource type,” and “material type” are used interchangeably 
throughout the literature. In this paper, the authors will use the term “resource type.” 
However, when citing other works, the authors will use the term originally used by the 
cited source.

Literature Review
Research and publishing are integral activities across all academic disciplines and are 
considered essential within academia. Librarians, through their collection development 

Can we develop an application that 
reads article references, analyzes 
the data, and extracts the necessary 
information from them? 
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efforts, support these important activities by providing the necessary resources that 
enable research and publishing. In fact, the Research Information Network found a 
direct relationship between an institution’s library and its research performance. More 
specifically, easy access to high-quality resources directly impacts quality research and, 
when the library and researchers work in tandem, the results are better library service 
and top researchers.13 

As Peggy Johnson explains, citation studies are a type of bibliometrics or collection 
analysis technique and are used primarily in academic and research libraries. Data from 
citation analysis can guide subscription, cancellation, and retention decisions. They are 
particularly useful in collections where journals are important and are used to develop 
core lists of primary journals, identify candidates for cancellation or storage, and identify 
trends in the literature and users’ information-use behavior.14

Examination of Resource Types

Acquiring and providing access to resources deemed essential is often accompanied 
by numerous challenges for librarians. First, there is a seemingly endless number of 
resources available for purchase. In addition, the number of and preference for resource 
types used in scholarly research is also diverse and varies among the disciplines. In fact, 
numerous studies examining referencing behaviors across disciplines have identified up 
to 36 different types of resources used within disciplines.15 Studies by Erika Alves dos 
Santos, Silvio Peroni, and Marcos Lui Mucheroni examine referencing behaviors across 
disciplines and identify what types of resources were used in each of the disciplines.16 
Svein Kyvik conducted a longitudinal study examining the publication behavior of 
faculty at a Norwegian university in 1982, 1992, and 2002 to identify trends in faculty 
publications by discipline.17 In Mary C. Schlembach’s bibliometric analysis of 12,065 
references in chemistry and physics doctoral dissertations, they examined a random 
selection of 50 dissertations from each subject, spanning the years 1970 to 2020, to learn 
what resource types were most often cited.18 Elina Late et al. studied the reading and 
writing behaviors of scholars in Finland, including the types of resources they used in 
their subject disciplines. The study concluded that scholars often read and cite non-
academic resources beyond journal articles and books.19 Studies have generally found 
that researchers in the sciences predominantly rely on journals while researchers in the 
humanities use more books and book chapters and tend to use broader types of resources 
for their research.20 Relevant to the current study, Late points out that ”there here has 
been a lack of studies taking into account different types of general publications such as 
newspapers, professional magazines, non-fiction, fiction or blogs.”21 All of these findings 
support the notion that many resource types exist, and the types of resources used among 
the disciplines varies. They can also inform academic librarians because they provide 
details on the broad range of resource types used in scholarship. More importantly, 
the studies affirm the challenges librarians face in their collection development efforts.

Librarians in the humanities, social sciences, and sciences have examined the diver-
sity of resource types within their fields and/or have analyzed data representing resource 
citation patterns. Their studies often inform their collection management decisions 
relating to specific resources like journals or, on a broader scale, the variety of resource 
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types. To accomplish this goal, they usually rely on citation data. Studies examining the 
use of journals is more common because many tools are available to assist with finding 
citation data.22 Mu-hsuan Huang and Yu-wei Chang conducted an extensive review of 
the literature documenting citation analyses conducted to determine resource types 
used across 17 subject areas in the humanities and social sciences. While they provided 
percentages of resource types cited within the various subjects, the data is limited to 
two resource types: books and journals. Their analysis does not include other resource 
types.23 In their study of all references in psychology publications from German speak-
ing countries, Günter Krampen, Peter Weiland, and Jürgen Wiesenhütter found limita-
tions within the citation databases used for citation analysis. They determined that the 
limitations (selectivity) hindered evaluation of the different resource types, resulting in 
underrepresented scholarly work.24 

Assessing Citation Tools

As mentioned, citation databases provide insight for data-driven collection development, 
with librarians often relying on databases such as Web of Science (WoS) and Scopus, to 
provide extensive citation data for journals.25 WoS and Scopus represent the major citation 
databases for general-purpose scientific literature, including journal articles, conference 
proceedings, and books.26 Both provide data for thousands of journal titles, represent-
ing decades of citations.27 The data reveal which resources are used most or least, what 
subject areas are represented by the journals, and can indicate trends.28 

Given the importance of considering all resource types when doing collection 
development, an obvious first step in the effort to determine their use in scholarly re-
search would be to examine citation databases’ coverage of the various resource types. 
Researchers have found that citation database, including WoS’ and Scopus’, coverage 
of other resource types is limited, and their analyses are biased toward journals. In their 
2021 comprehensive comparison of citation databases, primarily focusing on WoS and 
Scopus, Raminta Pranckutė explains that WoS and Scopus both offer wide coverage of the 
highest quality journals, along with the additional tools for citation analysis. However, 
Pranckutė points out that while the two databases include coverage of conferences, books, 
patents, and trade publications, recent studies do not indicate any improvement in the 
coverage of books and conference proceedings, thus coverage of books and conference 
proceedings is still insufficient.29 When comparing OpenAlex, WoS, Scopus, Pubmed, 
and Semantic Scholar, Nick Haupka, et al. found inconsistencies in resource and docu-
ment type classification across all five databases and noted that the typologies used 
among the five databases was unclear. Understanding their differences is essential to 
selector decision-making.30 Additional studies examined the strategies citation databases 
employed to assign resource types and found that these strategies differ and their ac-
curacy is uncertain. More specifically, an analysis by Paul Donner found that 17 percent 
of resources in WoS had incorrect document type classification, with another analysis by 
Yu V. Mokhnacheva comparing document types of 3,843 resources in WoS and Scopus, 
finding differences in typification of resources from the databases compared to the re-
sources’ publisher websites.31 The databases’ primary focus is journals. Therefore, with 
regard to resource types other than journals, citation databases’ use for citation analysis is 
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concerning and problematic because their selectivity “hinders” evaluations of the citation 
success of resource types such as books, chapters, journal articles, and non-traditional 
resources.32 Additional studies also suggest that reliance on citation analysis databases 
can “hinder and complicate” evaluation of different languages of publications thereby 
resulting in “unfairness in scientometric evaluations.”33 

AI and Collection Development

The library and information science literature focusing on the integration of AI in 
libraries is mostly limited to library services. Related to service, Adebowale Jeremy 
Adetayo discusses the application of AI chatbots interacting with humans for refer-
ence consultations with the benefit being the ability to assist patrons at any time. They 
assessed that AI’s contribution to collection development could involve ChatGPT. 
Specifically, a dataset of the library’s holdings and details on its users could be used to 
train ChatGPT so that it could provide purchase recommendations.34 On a larger scale, 
Muhammad Asim, Muhammad Arif, Muhammad Rafiq, and Rafiq Ahmad investigated 
the applications of AI in the university libraries in Pakistan, including library services, 
circulation, and collection development. The goal of their survey was to inform library 
administrators regarding the integration of AI in libraries. They found potential benefits 
and challenges of AI implementation in Pakistani libraries, and that library directors 
believe AI is expected to have a significant impact on library services and cataloging.35 A 
more in-depth discussion of AI’s potential application in academic libraries is provided 
by Andrew Cox. They discuss potential approaches to AI for knowledge discovery. 
One approach is offering the library collection as data for AI. However, Cox does not 
specify anything related to citation analysis.36 More specific to archival collections, Sara 
Mannheimer et al. conducted a literature review on how AI is being used in library and 
archive practices. They identified 89 publications and found that AI is most often used 
for metadata extraction, reference and research services, but not for the purpose of col-
lection development.37 Alesia Zuccala, Maarten van Someren, and Maurits van Bellen 
experimented with machine learning to classify book reviews published in journals. 
They trained an intelligent system to recognize positive or negative reviews to inform 
librarians’ collection development.38 Ivan Portillo and David Carson evaluated the po-
tential of four generative AI models in aiding health science librarians with collection 
development, specifically identifying collection gaps and recommending book titles. 
They found that LLMs are not yet suitable for information retrieval in the collection 
development process.39 Ross Hanney applied Python scripting and machine learning 
algorithms to determine whether patrons save money by using public library materials 
instead of purchasing them. While the study applied machine learning, the purpose 
was not related to resource types or collection development in academic libraries.40 
Closely related to the current study is Schlembach’s longitudinal analysis of chemistry 
and physics doctoral dissertations. While their classification of resource types relates 
to the current study, they did not use AI in their methodology. To date, nothing in the 
literature addresses the use of AI for citation analysis in the identification of resource 
types to support collection development. 
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Purpose
Issues relating to resource types and collection management efforts present challenges 
and impact librarians’ efforts to build collections that meet the diverse needs of all 
researchers. Librarians managing collections need to keep appraised of what resource 
titles and types are used and most appropriate for all subject areas and resource types, 
not only for traditional resources such as books, journals, and newspapers. Selectors 
must also pay attention to emerging and nontraditional types, such as videos, digitized 
primary resources, photographs, advertisements, video games, datasets, maps, testing 
material, music, and preprints. It is important that the collection development process 
supports research and information needs while 
optimizing the library budget. Understanding 
trends of resource use by resource type helps 
librarians appropriate the budget according 
to needs. For example, if trends demonstrate 
a stronger need for datasets versus journals 
or other types in general, then librarians have 
use-based data to back up collection decisions. 
If WoS and Scopus are lacking in citation data for all types of resources, and their clas-
sification of resource types is unreliable, then librarians are without tools to conduct 
reliable and comprehensive analyses. This especially impacts librarians who manage 
collections in the humanities and social sciences. While it is possible to perform citation 
analyses manually, it could prove time-consuming and labor-intensive. This issue would 
be to the detriment of regular evaluations.

Library selectors need a methodology that will provide a comprehensive list of what 
is cited within a subject or discipline that includes resource type and title information. 
As Peggy Johnson points out, citation analysis methodology focuses on analysis of jour-
nals and is used to develop “core lists of primary journals,” but the proposed method is 
intended to expand analysis to broader resource types to help librarians develop core 
lists of primary books, primary datasets, preprints, grey literature, and so on, and inform 
efforts to guide users to more possibilities of resources. One goal of the current study is 
to develop a method for using AI to categorize references according to resource types, 
in hopes that the method could also be used in citation analysis for subjects not well 
represented in citation databases. The authors relied on Scopus because it accommodated 
the harvest of the large number of references within a specific subject area required to 
create a dataset for the AI model. Scopus also included coverage of the two actuarial 
science journals for the desired years’ coverage. Therefore, the goals of the current study 
are to examine and determine the potential for AI to serve as a tool in citation analysis 
that can examine references and classify resource types. It is important to note that while 
the study applies its methodology to the discipline of actuarial science, the results are 
intended to guide practice in collection development generally. The following questions 
guided the research for this study:

•	 	 Can AI be used in citation analysis methodology to examine references and predict the 
resource types used in a subject? 

•	 	 How accurately does AI predict resource types?

Understanding trends of 
resource use by resource type 
helps librarians appropriate 
the budget according to needs. 
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Incorporating AI in the Citation Analysis Process to Identify Resources and Resource Types468

Methodology
This study employs a five-step methodology: 

(1)	 identification of journal titles, 

(2)	  harvesting references, 

(3)	 determining a list of resource types, 

(4)	 classifying resource types, and 

(5)	 review and analysis. 

The final evaluation step also involves applying the refined methodology to a new 
test dataset to assess its performance and replicability. These steps are illustrated in 
Figure 1, and a more detailed discussion of the evaluation process is provided in the 
Review and Analysis section.

Figure 1. The five-step methodology for identifying resource types within a 
dataset.

Journal Title Identification 

To identify top journals, the authors first consulted Clarivate’s Journal Citation Report 
(JCR) and SCImago Journal & Country Rank for journal rankings and impact factor data. 
Unfortunately, the two databases lack a specific category for actuarial science. Instead, 
journals related to actuarial science are categorized under various subject areas, including 
decision sciences, economics, econometrics, finance, and mathematics. Consequently, the 
rankings of the journals are determined by the impact factors of other journals within 
their respective categories rather than by the subject area of actuarial science. Therefore, 
the researchers consulted a faculty member from the actuarial science program to identify 
leading journals in the field. Two journals were identified: the North American Actuarial 
Journal (NAAJ) and the Journal of Risk and Insurance (JRI). 

NAAJ began publication in 1997 and is a premier publication of the Society of Ac-
tuaries. It focuses on “domestic and international problems, interests and concerns of 
actuaries, their customers and public policy decision-makers.”41 JRI has a longer history 
than NAAJ, launching in 1933 as the Proceedings of the Annual Meeting (of the American 
Association of University Teachers of Insurance). In 1937, the title was changed to the 
Journal of the American Association of University Teachers of Insurance, which it retained until 
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1957. Following a merger with the Review of Insurance Studies, the journal was renamed 
the Journal of Insurance and was published under this title from 1957 to 1963. Since 1964, 
it has maintained its current title.42 It is the “flagship journal of the American Risk and 
Insurance Association (ARIA),” focusing on theoretical and empirical research in insur-
ance economics and risk management.43 

To determine the research timeframe for the articles in these two journals, the authors 
consulted the existing literature and identified a leading researcher in citation analysis 
within actuarial science. L.L. Colquitt published five journal articles on citation analysis 
of risk and insurance journals in 1997, 1999, 2003, 2008, and 2017.44 With the exception of 
the 1999 article, which examined articles published from 1987 to 1996, all of his studies 
analyzed publications from a five-year period. Following this series of work, the authors 
of the current study initially intended to conduct a citation analysis covering a five-year 
span from 2020 through 2024. However, because this period was directly affected by the 
Covid -19 pandemic, which may have influenced scholarly referencing and citation be-
havior, the authors decided to extend the analysis period to ten years, from 2015 to 2024.

Harvesting References

The process of harvesting references from the journals included identifying a source or 
a database for the journal articles and using that database to access and collect biblio-
graphic information. Two abstracting and indexing (A&I) databases, WoS and Scopus, 
were evaluated for their coverage. Scopus was ultimately selected because its index of 
NAAJ began in 1997, whereas WoS only began indexing in 2019 and therefore does not 
fully cover the study’s period (2015–2024). Table 1 lists the number of publications and 
references for the two journals during the period 2015 to 2024. A total number of 31,910 
references were collected across both titles. Table 2 summarizes the history and indexing 
information of the two journals. 

Once ten years’ worth of articles’ citation data from the two journals were collected 
from Scopus, the articles’ reference lists were exported into a CSV file. Scopus provides 
an option to download the references cited within each article, but Microsoft Excel has 
a limitation of handling a maximum of 32,767 characters per cell, a limit that is often 
exceeded by lengthy references. To address this issue, a Python script was developed 
using the pybliometrics library to retrieve references by querying articles using their EID, 
a unique identifier in Scopus. 45 The EID of each journal article served as a primary key 
for its cited references, allowing the authors to merge the data and enable future analysis 
of the relationships between articles and their references. This script extracted specific 
reference elements via the Scopus API, including author names, article title, publication 
year, source title, Scopus ID, and the full reference text. All of this information was then 
saved into an Excel file.

Creating a List of Resource Types

Creating a clear list of resource types is a crucial step in guiding AI models to classify 
resources accurately and select the appropriate type without ambiguity. Therefore, it is 
essential to prepare a comprehensive list of resource types that represent the resources 
cited within the discipline. The authors needed to establish a list of resource types relevant 
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Table 1. 
Number of publications and references from two actuarial 
science journals (2015-2024)

Journal Title                                            Number of Publications                Number of References
Journal of Risk and Insurance (JRI) 367 16,913
North American Actuarial Journal 
(NAAJ) 378 14,997

Table 2. 
History and indexing information for two actuarial science 
journals, as reported from WoS and Scopus

Journal Title                   First Year of Publication         WoS Coverage                  Scopus Coverage
JRI 1933; 1964- 1966- 1978-

NAAJ* 1997- 2019- 1997- 
* NAAJ was first indexed in WoS in 2019 so citations were harvested from Scopus instead of WoS.

to actuarial science which could be used in the experiment and subsequent evaluation to 
determine the methodology’s effectiveness. They consulted four lists of resource types. 
One list of 46 types was provided by a colleague researching campus publications. Three 
other lists were available from Scopus, WoS, and PubMed. The authors selected resource 
types based on two criteria: types that related to actuarial science and types found on a 
majority of the four lists also related to actuarial science. The four lists of resource types 

informed the authors of the wide variety of types 
and ultimately motivated the authors to gear their 
list of types to actuarial science. The result was a 
list of 28 resource types (including the category 
“Unknown”) that would be used to test the meth-
odology. Figure 2 includes the list of resource types 
the authors created for the experiment. 

Classifying Resource Types 

The process of classifying references by resource type was the part of the project that 
most relied on AI. The project’s success was dependent upon how well the AI model 

The project’s success was 
dependent upon how well 
the AI model was selected 
and instructed. This
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Sarah G. Park and Lisa Romero 471

Figure 2. AI prompt that includes the full list of resource types 
used in the experiment.

was selected and instructed. In order to classify references into resource type categories, 
the authors utilized AI foundation models, pre-trained models for general purposes, 
instead of creating an AI model from scratch. 

Selecting the AI Model

Numerous foundation models are readily available, such as OpenAI’s ChatGPT and 
Google’s Gemini. OpenAI’s ChatGPT was evaluated first. However, the authors’ institu-
tion had been in ongoing negotiations with OpenAI for a service contract and, as such, 
the tool was not available for research purposes. Google, however, provided educational 
credits to encourage researchers to experiment with its foundation models. In addition, 
Google’s model offered Retrieval-Augmented Generation (RAG), marketed as, “Ground-
ing with Google Search,” enabling LLM applications to search for and obtain additional 
information from the internet and external sources. This capability can help explain the 
AI’s reasoning and improve the classification process. Furthermore, this study chose 
Gemini 2.0 Flash from among available foundation models, as it was the most advanced 
version available at the time the experiments began. 

In this study, RAG provided the research team with an added advantage in un-
derstanding and verifying the AI-generated classifications. For example, the LLM 
occasionally misidentified the correct resource types for government documents and 
reports, as these classifications often depend on the nature of the publishing body, for 
example nonprofit organization, business, or federal, state, and foreign governments. 
Several reports from nonprofit organizations were incorrectly classified as government 
documents by the AI model. One such case involved the National Association of In-
surance Commissioners (NAIC), a nonprofit organization that standardizes insurance 
regulations, which the AI misclassified as a government agency. To gauge the model’s 
performance, the researchers manually reviewed the classification results. Initially, the 
authors manually searched for publisher information to determine classification accuracy. 
When applying RAG, the prompt included instructions to search Google to verify the 
publisher and determine whether the resource was issued by a nonprofit organization, 
a business, or a government agency. The added line to the prompt read: “If the publica-
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tion source and type are uncertain, search Google to verify the publisher and the docu-
ment. Determine whether the source is from a non-profit organization, a business, or a 
government agency.” This line asked the AI model to explicitly provide reasoning for 
its classifications and assisted human labelers in evaluating the model’s performance. 

AI Application

Based on the selected foundation model, an AI application was developed to commu-
nicate with Gemini 2.0 Flash through an API. A virtual machine (VM) was also set up 
on Google Cloud to allow the application to run continuously. For the AI program, the 
authors utilized prompt engineering in combination with Python code to automatically 
send a list of references to the AI model via an API. Prompt engineering involved craft-
ing precise and plain-language instructions to elicit the desired outcomes, and the API 
enabled direct programmatic interaction with the AI model, eliminating the need for 
manual input by humans. 46 

A Python program was written to read each line of references harvested from Scopus via the Excel 
file. A prompt was constructed to send reference information, such as title, author(s), source 
title (journal title, book title, or website), and reference full text (as cited in the article) to the AI 
model, along with instructions for how to classify the references according to the resource types 
provided. Figure 2 shows the full prompt. 

Review and Analysis
The goals of the study were to determine if and how well AI could be used in citation 
analysis to examine references and predict or label resource types in a subject for the pur-
pose of informing collection development. In addition, the authors assessed the accuracy 
of the results for the purpose of encouraging other librarians to replicate the process for 
their collection evaluation needs. Therefore, the authors evaluated the stage within the 
process in which the AI model labeled references. The procedure involved an iterative 
process consisting of three major steps: (1) applying the methodology, (2) analyzing the 
results and making necessary adjustments, and (3) re-testing the revised methodology.

Comparing AI and Human Labeling

The first step in the process was applying the methodology to the dataset to classify 
references by type. After harvesting references from the North American Actuarial Journal 
(NAAJ), the authors had the AI model classify the references by resource type. To reduce 
the number of references requiring comparison between AI-generated labels and human-
assigned labels, a 15 percent sample of all references was selected. Because the distribu-
tion of resource types was skewed toward traditional resources, stratified sampling was 
performed by AI-assigned resource type, with samples taken proportionally from each 
type to ensure representation across all categories.47 For NAAJ, 2,251 references were 
manually labeled using a predefined set of resource type categories. 

Next, the researchers analyzed the results for accuracy and made necessary adjust-
ments. To do so, one of the authors, with the assistance of a graduate student, manually 
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labeled the sample references according to resource type. The results of the manual la-
beling were then compared against those generated by the AI model. In the test subset, 
89 references (3.95 percent) exhibited discrepancies between the human-labeled results 
and the AI-generated labels. Reviewing several cases, the authors found that many of 
the discrepancies were due to the model’s limited domain knowledge of publishing 
sources and organizational types. For example, publications from the Organization for 
Economic Cooperation and Development (OECD), an intergovernmental organization, 
were expected to be classified as “Documents from intergovernmental organizations 
(IGOs).” However, the AI model incorrectly labeled these cases as a “Report from Non-
profit Organizations.”

In some cases, assigning a document to a single category was still not straight-
forward and, as a result, could not be considered a clear misclassification or error. For 
example, another document from the OECD was labeled as a “Technical Report” by 
the AI model because its title included the term “Technical Report,” whereas human 
annotators classified it as a “Document from IGOs.” Another case involved a report 
published on a government agency website, where it could reasonably be classified 
either as a “Website” or as a “Government Document.” In such instances, a document 
could appropriately belong to either category. This suggested that the prompt for the 
AI model should be further refined to provide clearer instructions for determining the 
most suitable classification. 

A small subset of references, particularly those citing websites or web pages, were 
no longer accessible, making it impossible to verify the original content. Additionally, 
some references remained difficult to assign to any category. For example, brief an-
nouncements from businesses did not clearly fit into either the “Business Report” or 
“Technical Report” categories, supporting the need to reconsider or refine the resource 
type categories. Figure 3 shows the full AI model workflow. 

Performance Evaluation

When comparing human labeling to AI labeling, initial assessment revealed 89 dis-
crepancies out of a sample of 2,251 references, resulting in an accuracy of 96.05 percent. 
While this level of accuracy falls within an acceptable margin, the authors noticed that 
discrepancies were less frequent among certain traditional resource types, like books 
and journals, and appeared to be more concentrated in other types, such as reports and 
government documents. Therefore, to gain a more comprehensive understanding of 
the model’s accuracy with individual resource types and identify categories in need 
of modification, a performance evaluation was conducted for each resource type using 
machine learning evaluation metrics such as accuracy, precision, recall, and F1-score.48 
Table 3 provides a list of the 26 resource type categories (including “Unknown) and 
includes the calculations for the values. The list excludes the categories “Government 
documents from local government agencies” and “Patents,” along with their calculated 
values, because there were no results for these two resource types. The F1 score is a single 
performance metric for classification that balances precision and recall, ranging from 0 to 
1, where 0 represents the lowest and 1 indicates perfect performance. The interpretation 
of the F1 score often varies based on its applications, and there is no universal standard for 
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assessing what defines a good or poor score. Generally, values above 0.9 are considered 
excellent, those between 0.8 and 0.9 are deemed good, and values below 0.5 indicate 
poor performance.49 For critical applications, such as medical diagnostics, even an F1 
of 0.9 may be insufficient.50 For the purposes of this study, the authors defined ≥ 0.8 as 
excellent performance and < 0.5 as requiring improvement. Appendix A provides the 
formulas used in these calculations.

Categories in Need of Modification

As shown in Table 3, there was an overall accuracy score of 96.05 percent, with the first 
17 categories demonstrating excellent classification performance from the AI model. In 
contrast, nine categories relating to three types of reports, three types of government 
documents, datasets, websites, and unknown exhibited comparatively lower F1 scores 
(ranging from 0.4211 to 0.6019, including two N/A), highlighting several areas that 
required refinement of resource type and category definitions. In addition, the authors 
identified categories that could be consolidated to facilitate identification of resource type. 

After examining the evaluation metrics, the authors noticed that three categories 
relating to government documents, including “Documents from international non-gov-
ernmental organizations (INGOs)” and three categories of reports had lower F1 scores. 
The authors examined references within these categories and found that AI incorrectly 
categorized the references because of the model’s limited domain knowledge of publish-
ing sources and organizational types, as previously discussed in “Comparing AI and 
Human Labeling.” It is the opinion of the authors that with respect to these categories, 
there was no advantage to differentiating them. The four report categories (technical, 
business, industry, and non-profit reports) and all five government document categories 
(federal, foreign, intergovernmental, state, and INGOs) were redefined to two, more 
general categories: “Report” and “Government Document.” 

Figure 3. AI model workflow. 
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It was also discovered that the category “Conference Paper” included conference 
papers, conference slides, and conference keynote speeches. This category was relabeled 
as “Conference Material” to encompass the varying types of conference materials. In 
addition, after re-examining the three references in the category, “Standards Document,” 
the authors determined that the items could be classified as government documents 
or reports. As a result, the category “Standards Document” was omitted and the items 
were reassigned. One category “Newsletter and Press Release,” was added to the list 
because the authors discovered announcements and newsletters within numerous other 
categories. Two categories, “Patents” and “Government Documents, Local,” appeared 
in the original set of the resource type categories created by the authors (see Figure 2). 
However, because these categories were not found in the references, they were removed 
from the list. Based on the observations and findings, the authors revised the category 
list (Table 4), which now consists of 19 categories (including Unknown).

Enhancing the AI Model

RAG is a technique that enhances AI by searching external sources like Google or Google 
Scholar. The authors incorporated RAG to expand the AI model’s ability to search and 
retrieve information online, with the goal of informing the AI model to more accurately 
categorize references. The revised prompt, that incorporated the RAG feature, not only 
labeled the resource types but also searched the sources of the resources, such as titles 
or publishers, and incorporated the information into the classification and evaluation 
processes. 

Step three focused on re-testing the original dataset with the revised categories and 
revised prompt incorporating RAG. Table 4 provides the evaluation metrics, ranked in 
order of F1 score, for the 19 revised resource type categories after refining categories and 
implementing RAG. It is worth noting that F1 scores for Government Document and 
Report improved as a result of refining the list of resource types. The overall accuracy 
score was 97.16 percent, which was an improvement from 96.05 percent. 

When applying citation analysis in collection evaluation, librarians will often apply 
the method to more than one journal. In addition, to validate an AI model, it is often 
recommended to test it with a new test set. To further determine the effectiveness of the 
refined categories and RAG, the authors applied the AI model to another dataset. For 
this case, they used the second actuarial science journal, Journal of Risk and Insurance (JRI), 
with a sample size of 2,536 references. Table 5 provides the results for the 19 categories, 
ranked according to F1 score and showing overall accuracy of 98.62 percent. Six categories 
achieved a perfect score of 1.00, while nine categories scored from 0.8000 to 0.9995, and 
three scored from 0.6667 to 0.7200. Notably, none scored below 0.5.

The evaluation process provided additional insight regarding the methodology. 
First, it demonstrated the importance of having a list of resource types appropriate for 
the subject area under examination. Second, based on the evaluation metrics, incorpo-
rating AI tools in citation analysis enhances the process because AI can label references 
according to resource type.
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Findings
One goal of the current study is to determine whether, and how well, AI can be used in 
citation analysis to examine references and predict resource types in a subject. Therefore, 
the findings will discuss how well the AI model performed and contributed to citation 
analysis and will share insights the authors gained with the goal of encouraging others 
to integrate AI into their citation analyses. It is important to note that while the authors 
used the subject area of actuarial science as a prototype, the study does not discuss find-
ings specific to the field itself. 

AI Enhances the Citation Analysis Methodology

In the initial experiment using 28 resource type categories, the AI model achieved an 
accuracy of 96.05 percent, demonstrated when its predictions were manually evaluated 
against a 15 percent stratified sample drawn from a total of 14,997 references from NAAJ. 
After refining the resource type categories and improving the instructional AI prompts, 
accuracy increased to 97.16 percent using the same sample dataset. To test the method 
on a new dataset, references from JRI were analyzed, and the AI model achieved an 
even higher accuracy rate of 98.62 percent when compared with human-labeled data. 

In addition to high accuracy, use of the AI model saved time. In the most recent 
experiment on the JRI dataset, the model completed predictions for 16,913 references 
in two hours and 54 minutes, an average speed of 5,872 per hour. In contrast, a human 
labeler with prior experience spent approximately seven hours manually reviewing a 15 
percent sample (2,536 references). Extrapolating from this, labeling the full dataset would 
have required an estimated 47 human hours. Moreover, the cost of experimenting with 
both the NAAJ and JRI datasets using Google Cloud was $5.82. Based on these results, 
the authors conclude that the approach is effective and efficient for analyzing references.

Resource Types

The authors found that preparing a predefined list of resource types is essential to the 
process of using the AI model to identify resource types for three key reasons. First, the 
list provides clear guidance for the AI 
model on how to classify each reference 
without ambiguity. Second, as men-
tioned in the literature review, resource 
usage patterns vary across disciplines, 
making it necessary to understand the 
disciplinary context and tailor the list 
of resource types accordingly. Third, the 
granularity level in classification should reflect the information needs of researchers, 
enabling a more precise understanding of the types of resources being used. 

Table 6 presents the results of AI predictions for the JRI dataset. While the most 
frequently cited resource type was journal articles, it is notable that grey literature, such 
as reports, working papers, government documents, and conference materials, also 
represent a large portion of the JRI dataset at 16.51 percent. Although some researchers 

. . . that preparing a predefined list 
of resource types is essential to the 
process of using the AI model to 
identify resource types . . .
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categorize many of these under a general “grey literature” or “others” category in their 
studies, this study originally aimed to examine the detailed types within grey literature 
and thus treated them as separate categories and further subdivided them within gov-
ernment documents and within reports. However, while reassessing the strategy, the 
authors realized that distinguishing the various government document types and report 
types might not be as necessary as previously assumed. Therefore, broader categories 
(government documents and reports) encompassing these subtypes were used. The 
results using this broader classification were found to be satisfactory for the purposes 
of this analysis.

Prompting for Better Results

While having a clear list of resource types is essential for classification, it is equally 
important to recognize the multi-faceted nature of resources. In other words, a single 
resource can be described in multiple ways, by format, source, or content. For example, 
an online report published by a government agency could be categorized as a webpage 
by format, a report by content type, and a government document by source type. In 
such cases, it is crucial to instruct the AI model on how to prioritize among these facets 
to ensure consistent and meaningful classification.

One of the consistent findings from the early experiments was that the AI frequently 
classified government documents published by intergovernmental organizations, such 
as the OECD or IMF, as reports. While it is understandable that the AI model might 
classify documents from organizations like the OECD as reports, this was not the in-
tended classification in the context of this study, which aimed to identify such materials 
as government documents. This misclassification can be addressed by reinforcing the 
intended logic through more explicit instructions. An example would be, “If a report is 
published by an intergovernmental organization such as the UN or OECD, it should be 
classified as a government document.”

A similar issue was observed with preprints. The AI model often predicted manu-
scripts from preprint servers as working papers, likely because many of these papers 
are later published in journals. However, when the research goal is to determine how 
many publications were cited while still in preprint status, it becomes critical to clas-
sify them accordingly. In such cases, the study team found it helpful to provide specific 
instructions to the AI model, for example: “If a paper is cited from a known preprint 
server such as arXiv, classify it as a preprint, not a working paper.”

It is OK to Ask AI for an Explanation

One of the well-known challenges of AI models is their black-box nature, meaning they 
do not explain the reasoning behind their predictions. For example, an AI model may 
classify a resource as a report when it could be considered a government document 
without explaining how it reached that decision. Two approaches are being developed 
to address this issue: Explainable AI (XAI) and Interpretable AI (IAI). XAI focuses on 
explaining how models reach their decisions, often using a second model to explain the 
first model. IAI, on the other hand, aims to design models that are inherently interpre-
table, providing their own explanations without the need for post-hoc interpretation.51 
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The foundation model used in this study, Google’s Gemini 2.0 Flash, does not provide 
native XAI or IAI capabilities but can simulate rationales when prompted. Therefore, in 
this study, the authors added an instruction asking the AI model to explain the rationale 
behind each prediction, combined with RAG. While this method is not yet perfect, the 
explanations can be compared with the prediction itself and help human reviewers deter-
mine the accuracy of the classification or identify cases that warrant further investigation.

The following is an example of an item that was misclassified as a report by the 
AI model, while human annotators correctly labeled it as a government document, 
and the AI model explained that it is a government document. Upon reviewing the AI 
model’s explanation, it became clear that the model’s reasoning aligned more closely 
with a government document type, even though it ultimately predicted it as a report. 
This further confirmed the accuracy of the human label. Such explanations, even when 
imperfect, can assist human reviewers in making more accurate and informed decisions. 

•	 	 Reference Full text: Committee of Insurance and Occupational Pension Supervisors, 
(2008), Quantitative Impact Study 4. Available at www.ceiops.org	

•	 Title: Quantitative Impact Study 4
•	 Source: Committee of Insurance and Occupational Pension Supervisors
•	 AI Prediction Type: Report
•	 	 AI Explanation: Committee of Insurance and Occupational Pension Supervisors (CEIOPS) 

was a predecessor to the European Insurance and Occupational Pensions Authority 
(EIOPA). Therefore, it can be considered a government agency of the EU. Although it is 
a report, because it is published by an intergovernmental organization, it is classified as 
a government document.

After noticing similar misclassifications within the government document and report 
categories, an additional instruction was added to ask the AI model to find the source 
of the resource, including the publishing body. While many journal articles and books 
do not specify such information in their references, reports and government documents 
often do. The inclusion of the identified source helped human reviewers scan and evalu-
ate the list more efficiently.

References’ Impact on Citation Analysis

References are the key to analyzing citations and bibliometrics, and studies have dis-
cussed issues related to inaccurate references, including spelling errors and variations 
in reference elements for decades.52 Nevertheless, this study revealed the persistence 
of these issues, highlighting the importance of verifying references before conducting 
citation analysis. The Geneva Papers on Risk and Insurance- Issues and Practice is one of the 
major journals in actuarial science. This study identified 26 variations in spellings of the 
title. Some variations in the Scopus data included hyphens, long hyphens, the presence 
or absence of a colon before the subtitle, or a missing subtitle. Table 7 provides a list of 
variations of the journal title and the frequency with which they occurred in Scopus. 
While these variations do not appear to harm the references, a typical programming 
code, without cleaning the data, may interpret them as different titles, impeding accurate 
analysis. In addition to issues with title variations, many references were found to be 
incomplete or incorrect, often missing essential information or displaying inconsistencies 
in citation style. These issues reinforce the need for thorough data verification prior to 
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Table 7. 
Example of title variations found in JRI dataset 

Title Variations                                                                                                                              Count

Geneva Papers  3

Geneva Papers for Risk and Insurance  1

Geneva Papers on Risk and Insurance  29

Geneva Papers on Risk and Insurance − Issues and Practice  2

Geneva Papers on Risk and Insurance Issues and Practice  3

Geneva Papers on Risk and Insurance: Issues and Practice  4

Geneva Papers on Risk and Insurance-Issues and Practice  11

Geneva Papers on Risk and Insurance–Issues and Practice  7

Geneva Papers on Risk and Insurance—Issues and Practice  15

Geneva Papers on Risk andInsurance-Issues and Practice  1

Geneva Papers on Risk andInsurance–Issues and Practice  1

Geneva Papers on Riskand Insurance-Issues and Practice  1

Geneva Papers onRisk and Insurance–Issues and Practice  1

Geneva Paperson Risk and Insurance  1

Geneva Paperson Risk and Insurance–Issues and Practice  1

GenevaPapers on Risk and Insurance-Issues and Practice  1

GenevaPapers on Risk and Insurance–Issues and Practice  1

The Geneva Papers  4

The Geneva Papers on Risk and Insurance  2

The Geneva Papers on Risk and Insurance - Issues and Practice  7

The Geneva Papers on Risk and Insurance − Issues and Practice  1

The Geneva Papers on Risk and Insurance Issues and Practice  1

The Geneva Papers on Risk and Insurance. Issues and Practice  2

The Geneva Papers on Risk and Insurance-Issues and Practice  8

The Geneva Papers on Risk and Insurance–Issues and Practice  3

The Geneva Papers on Risk and Insurance—Issues and Practice  32
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a citation analysis. Any future studies conducting citation analysis should be mindful 
of such potential errors, as they may significantly affect the accuracy and reliability of 
the results.

Study Limitations
As mentioned, while integrating AI in library processes is not new, it has not been ex-
plored extensively within collection development. Collection evaluation is an essential 
function of libraries, and, to ensure collection relevancy, should be conducted on a regular 
basis. While citation analysis is a use-based methodology often employed by librarians, it 
can sometimes be time-consuming to conduct and analyze the results. The current study 
advances citation analysis methodology in numerous ways by integrating AI into the 
process. However, a requirement and limitation of the methodology is the need to create 
a list of resource types relevant to the discipline. This requires a deep human-conducted 
analysis before applying the AI model. This process could prove time-consuming if the 
librarian is not familiar with the discipline’s research. An element that could facilitate 
this process would be a master list of resource types. 

The first—and in many cases essential—step in the proposed methodology requires 
the researcher to select a source from which to harvest references. Using actuarial sci-
ence, the authors identified two leading journals within the subject area. The goal was 
to identify journals that represented a variety of leading research within the discipline. 
Depending on the researcher’s familiarity with the subject area, this process could be 
challenging. In addition, as is the case with WoS, the database often does not provide a 
specified list of journals for every subject category. To provide insight into the process, 
authors might consider harvesting references from journal(s) with high impact factors, 
journals published or sponsored by leading associations within the field, or journals 
whose scope is broad and includes research reflecting the majority of issues within 
the field, to name just a few. Another limitation of using WoS or Scopus for harvesting 
references is the limit to what is available from sciences, social sciences, and humanities 
resources. While researchers in the sciences primarily publish their findings in journals 
that are indexed in WoS or Scopus, those in the social sciences and the humanities also 
use books, journals, and non-traditional resources for research output. Therefore, WoS 
and Scopus may not be the most comprehensive source for harvesting references.

While the current study proposes a methodology that facilitates the citation analy-
sis process, it did not attempt to evaluate the various AI models available. The authors 
selected the model that they were most familiar with and that was most available. The 
possibility exists that other AI models might perform better, offering an opportunity 
for future research. 

Implications for Future Research
The proposed methodology presents new opportunities for collection managers. In-
corporating AI provides librarians with an efficient way to analyze a greater volume of 
references. However, because this approach is new, it is essential that it is thoroughly 
examined or applied to a variety of subjects. The following provides numerous examples 
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of potential future research and practice that will inform and hopefully enhance the 
methodology.

There are elements of the authors’ methodology that can be applied by other re-
searchers to gain deeper insight into library resource usage. The current study provides 
a list of resource types that could be used by researchers or, alternatively, researchers 
could create their own lists adapted to other subjects or their own institution. The study’s 

application of RAG demonstrates to future research-
ers the value of incorporating additional facets of 
information. The authors also applied an AI model, 
Gemini 2.0 Flash, that is widely available and that 
performed efficiently and effectively. The methodol-
ogy provided in the current study opens the door 
for other researchers to explore using different AI 
models, as they become more available and easier 

to use without a computer science background. While this project evaluates the pos-
sibility of AI’s integration into citation analysis, it more importantly invites librarians 
to explore AI innovations.

The integration of AI into citation analysis facilitates the collection evaluation pro-
cess and provides additional research opportunities across all subject areas. The more 
comprehensive and reflective of the subject area being examined the resource list is, 
the better the chance the AI model can thoroughly and accurately sort the references. 

Future research could strive to provide a 
comprehensive list of resource types or 
provide list(s) related to specific disci-
plines or subject areas. 

The authors believe that the meth-
odology’s strength and contribution to 
the field lies heavily in how well it can be 
applied to a variety of subjects. While the 
authors of the current study used Scopus 

to harvest references, other databases like WoS could be used. As mentioned previ-
ously, Scopus and WoS focus on journals. Because researchers in the sciences publish 
their findings in journals, the current methodology could be easily applied to the STEM 
disciplines and other scientific subject areas like medicine, engineering, and public 
health. However, when applying the methodology to areas within the social sciences 
and humanities, findings obtained when harvesting references from WoS and Scopus 
should be considered only one part of the picture and, more importantly, researchers 
might consider identifying additional sources for harvesting references so that resources 
such as books and book chapters are included.

New AI models will continue to emerge as will improvements of current AI technol-
ogy. These changes could impact how the models contribute to the current methodology. 
Another research possibility is regular evaluation of AI models applicable to the process 
of sorting and identifying resource types. Regularly evaluating these tools would help 
determine their strengths, weaknesses, and suitability for the citation analysis process. In 
addition, research assessing the various AI tools’ suitability to a wide variety of subjects 

Incorporating AI provides 
librarians with an efficient 
way to analyze a greater 
volume of references.

The integration of AI into citation 
analysis facilitates the collection 
evaluation process and provides 
additional research opportunities 
across all subject areas. 
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would be helpful since new resource types will most likely continue to be established 
and integrated into research. This fine-tuning of the methodology will enable the cita-
tion analysis process to keep pace with the ongoing development of resource types and 
ultimately contribute to collection evaluation.

Through designing the study, the authors discovered that a key element of the meth-
odology is the accuracy of references. This is especially relevant if a reference does not 
include correct information for the source title because the AI model uses this informa-
tion to sort by resource type. Future research examining trends and errors of references 
could contribute to the current methodology. 

Conclusion
As Late et al. pointed out in their analysis of reading practices in scholarly work, “scholars 
read a lot and they read a variety of publications” and as a result, librarians who sup-
port scholars’ information needs must stay aware of what resources scholars are using.53 
This view is supported by Huang and Chang, who found diverse research output in 
the social sciences and humanities as compared to research in the natural sciences, and 
they concluded that output-based evaluations for social science and humanities research 
require different methodologies from those applied to the natural science disciplines 
and should specifically address diversity of resource types.54 While tools exist to help 
librarians determine which resources are used more, many of them are biased toward 
journals. Unfortunately, for librarians building collections in the humanities and social 
sciences, these tools only provide part of the picture. With ARL data indicating an increase 
in library spending on resources, and collections costs outpacing inflation, it is essential 
that librarians have tools that provide reliable data to inform collection decisions and 
that reflect the wide variety of resources available.55 

The methodology presented in the current study demonstrates that AI tools can 
facilitate and advance citation analysis methodology. AI can provide librarians rely-
ing on citation data with a more complete picture of the titles and types of resources 
used within the subject areas they manage, especially for research in the humanities 
and social sciences. The study outlines the important elements of the proposed process 
which includes a list of resource types geared to the subject area and relying on the 
most appropriate AI tool, provides details on the required steps, and describes ways to 
guarantee an efficient and informative analysis. More specifically, it provides guidance 
to librarians and enables them to understand their respective subjects more thoroughly 
through analysis of the resources and types of resources used in the discipline. By ap-
plying the current AI methodology, librarians will be able to adopt a more efficient and 
tailored approach to keeping up with what resources researchers are relying on and, 
more importantly, will be able to identify trends to better anticipate researchers’ needs.
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Appendix A 

Definitions and Formulas Relating to Performance Evaluation

•	 True Positive (TP): The AI correctly classifies the reference as belonging to a specific 
resource type (e.g., “journal article”), and this classification matches the human label.

•	 False Positive (FP): The AI incorrectly classifies the reference as belonging to the 
specific resource type, when the human label indicates it belongs to a different type.

•	 False Negative (FN): The AI incorrectly classifies the reference as not belonging to 
the specific resource type, when the human label indicates that it does.

•	 True Negative (TN): The AI correctly classifies the reference as not belonging to 
the specific resource type being evaluated, and this also matches the human label.

	o Accuracy: Proportion of correct classifications out of all references: 
                 (TP+TN)          
          (TP+TN+FP+FN)

	o Precision: Proportion of correctly identified positive cases out of all 
references predicted as positive: 
                      TP        
                 (TP+FP)

	o Recall: Proportion of correctly identified positive cases out of all actual 
positive references: 
                      TP        
                 (TP+FN)

	o F1 Score: Harmonic mean of precision and recall, balancing both 
metrics: 
          

2•
  (precision•recall) 

               precision+recall
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