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Abstract
The role of women in modern society is a central problem in several developed countries. 
Despite encouraging policies, women’s participation in STEM fields is significantly lower 
than men’s one. In order to develop solutions for mitigating this disparity, a deeper under-
standing of the underlying causes is crucial and a proper quantification of the phenom-
enon represents a first step to any analysis. While the problem of gender gap in scientific 
communities was long debated, information on authors’ genders is often unavailable (see, 
for instance, ResearchGate and Scopus). Additionally, the lack of open-source software for 
automated gender prediction based on names calls for time costly human efforts. It arises 
the need for novel effective algorithms. Moreover, as a further challenge, desired software 
should guarantee gender fairness by providing the same performance for both male and 
female names recognition. In this paper, we propose a gender fair software to automatically 
predict authors’ gender from their given names. The code leverages most of the existing 
information sources, i.e., Scopus, Semantic Scholar, and Harvard dataset. We performed an 
experimental application by analysing two datasets of publications, thus providing interest-
ing insights. Finally, we evaluated the software performances in terms of accuracy, preci-
sion, recall, F1-score , and gender fairness by means of two distinct case studies. The pro-
posed solution can enable fairer gender prediction by combining open data with carefully 
calibrated criteria, matching the performance of commercial tools while offering a trans-
parent and accessible solution.
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Introduction

Gender equality is recognized as one of the key objectives in building a sustainable society, 
as highlighted by the United Nations’ 5th Sustainable Development Goal: “achieve gen-
der equality and empower all women and girls” (United Nations & Development, 2015). 
However, attaining this goal necessitates a holistic approach to overcome societal barri-
ers languished over centuries. This approach involves different aspects: analyzing the vari-
ous levels of participation of women and men in societal activities (Abramo et al., 2021; 
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De Nicola & D’Agostino, 2021; Zhang et al., 2021; Huang et al., 2020; Choji et al., 2024) 
understanding the diverse opportunities available to different groups; raising awareness of 
gender gap issues; and taking action to address them. An essential initial step in this pro-
cess is the analysis of different levels of participation, which helps to pinpoint those sec-
tors requiring more focused intervention from decision-makers. For example, it is widely 
acknowledged that STEM (Science Technology Engineering and Mathematics) activities 
exhibit significant gender disparities (Payton & Berki, 2019), thus demanding more robust 
intervention measures.

This paper focuses on gender representation in scientific communities, where analyz-
ing publication records is a key method for assessing participation, collaboration, and vis-
ibility. Therefore, a crucial step for analyzing gender gaps is accessing datasets contain-
ing researchers’ personal information, including their gender. Unfortunately, analysts often 
face incomplete data, and they need to collect information scattered across different reposi-
tories such as Scopus1 or ResearchGate.2 Additionally, even when a researcher’s first name 
is available, determining their gender can be challenging due to cultural and linguistic vari-
ations in naming conventions across countries and the uncertainty surrounding a scientist’s 
nationality, especially if they have moved to another country (Deville et  al., 2014). For 
example, the name Andrea is masculine in Italy but feminine in Germany. While tools and 
resources like Gender API3 exist and help with gender prediction from names, most of 
them are commercial products, leaving users in the dark about how they work. Moreover, 
information on their performance with different genders (male or female names) are not 
provided. In this context, we define gender fairness in name-based prediction as the extent 
to which both males and females are predicted equally. Unequal performance based on 
gender can exacerbate bias, thereby worsening the proper detection of gender gaps. While 
commercial tools such as Gender API and NamSor rely on large proprietary databases and 
may achieve high performance, our open-source solution offers comparable accuracy in 
several settings and provides explicit mechanisms to manage uncertainty and fairness.

In this paper, the following research questions are addressed: 

1.	 What methods can be employed to perform automated gender prediction from author 
names using open and reproducible data sources?

2.	 How can the fairness of gender prediction be achieved and assessed?

In this respect, we present a method and a tool designed for fair name-based prediction of 
author gender. The proposed approach starts relying on the DOI (Digital Object Identifier) 
of scientific papers that facilitates the integration of data from various sources, including 
Scopus, HARVARD World Gender Name Dictionary (Raffo 2021), and Semantic Scholar.4 
Then, it addresses the inherent incompleteness and uncertainty of available information 
and ensures gender fairness through an innovative method that utilizes precision, recall, 
and F1-score measurements of the software. We conducted experiments using a dataset 
collected during the activities of the European project gEneSys (De Nicola et  al., 2024) 
and another dataset comprising papers presented at the International Conference on Criti-
cal Information Infrastructures Security from 2006 to 2022.

1  Scopus web site: https://​www.​scopus.​com
2  ResearchGate web site: https://​www.​resea​rchga​te.​net
3  Gender API web site: https://​gender-​api.​com
4  Semantic Scholar web site: https://​www.​seman​ticsc​holar.​org
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According to Gautam et al. (2024), name-based gender prediction raises social and ethi-
cal concerns, as names often carry cultural associations with gender, religion, race, and 
ethnicity that can lead to oversimplified or incorrect assumptions. In a globalized world, 
naming conventions are diverse (Alford, 1987; Hough, 2016; Meganathan, 2009), non-
binary (Knowles et al., 2016), and shifting over time, making it increasingly inappropriate 
to rely solely on names to infer a person’s identity, especially as Natural Language Process-
ing (NLP) tools often introduce errors and biases in gender categorization, which need to 
be taken into account. Furthermore, while gender is generally recognized as a social con-
struct used to classify individuals as men, women, or other identities (LGBTQIA Resource 
Center 2024), data limitations necessitate a narrower definition. Consequently, we are con-
strained to adopt a binary distinction of genders. Therefore, we will utilize the terms “men/
women” and “males/females”, as they are commonly interchanged in current literature 
(Eagly et  al., 2019). When gender cannot be determined, we employ the term “undeter-
mined”. These terms reflect perceived gender, inferred either through name-based predic-
tion or manual assessment of publicly available profile information. They do not imply 
self-identified gender, biological sex, or any ideological or philosophical stance.

Throughout this manuscript, particularly in the figures, green is consistently associated 
with females, while red is associated with males and black to the undetermined cases.

The rest of the paper is organized as follows. The related work is presented next. This is 
followed by an introduction to the overall workflow for fair name-based gender prediction, 
and a description of the software architecture for gender prediction. The subsequent section 
covers the use cases, including the experimental research objectives, data collection pro-
cess, human validation procedures, and achieved results. The following part discusses the 
findings and potential threats to validity. Finally, the paper concludes with some considera-
tions and possible directions for future research.

Related work

Numerous studies have explored the reasons behind the persistent gender disparity in 
participation across various scientific disciplines (Santamaría and Mihaljević  2021; 
Sebo  2021; Gomide  J, 2017; Bonham and Stefan  2017). Notably, these studies reveal a 
lower representation of women compared to men in STEM fields. A crucial prerequisite 
for conducting such research is the ability to predict accurately the gender of scientists. 
This section delves into the available tools for name-based gender prediction and highlights 
some of the most significant studies that have utilized these methods.

There are several tools available to predict gender from names. Some of the most popu-
lar ones are described below:

Gender guesser5 is a commercial tool enhanced by artificial intelligence, which uses the 
morphology of names to infer the gender of a given first name. For increased precision, it 
also accepts an optional last name as input. According to the corporate website of Gender 
guesser, Namsor6 (Bèrubè et  al., 2020) provides the name-checking capabilities used by 
Gender Guesser and predicts gender based on a full name.

5  Gender guesser web site: https://​gender-​guess​er.​com
6  Namsor web site: https://​namsor.​app
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Gender API is a commercial tool for retrieving gender information. It determines gender 
with an associated accuracy score, based on either a first name alone or in combination 
with a country. This system uses a database of first names

linked to gender based on government records, and provides a gender probability 
derived from the frequency with which a name appears in the dataset.

The Genderize.io API7 is another commercial tool that enables users to assess the sta-
tistical likelihood that a name belongs to either a male or female individual (Sebo, 2021).

Wiki-Gendersort8 is a completely free, Wikipedia-based algorithm for determining gen-
der from a first name (Bèrubè et al.,). The algorithm first identifies and cleans content from 
Wikipedia pages associated with the name, and then

counts gendered keywords, such as she, he, his, and her. For instance, if the number of 
masculine keyword occurrences (e.g., he and his), is three times or more than the num-
ber of feminine ones, the algorithm assigns a masculine gender. The classifications include 
M (male), F (female), UNI (unisex), UNK (unknown), and INI (initials). Wiki-Gendersort 
relies on content from Wikipedia, which is continuously updated. While this means that 
the output of the algorithm may evolve over time, this characteristic aligns with the behav-
ior of most commercial systems that rely on live or periodically refreshed data sources. 
Additionally, although Wiki-Gendersort only considers English-language pages, which 
may introduce some bias against international names, it benefits from Wikipedia’s growing 
reputation as a reliable and structured resource, particularly when compared to other name 
inference methods that draw on less curated data, such as social media. The performance 
of Wiki-Gendersort has been evaluated against four different databases, namely, gender-c, 
gender-checker, NamSor dataset, and U.S. Census Data. gender-c is a free database that 
contains 46,599 names. gender-checker gathers 102,240 names and is based on UK Census 
data, UN Census data, and other online sources. U.S. Census Data contains names that rep-
resent approximately 90% of U.S. population.

Sebo (2021) performed a study with the goal of making a comparison performance 
between gender detection tools. Four tools were considered that meet 3 criteria: accept file 
format, to be partially free, and usable without advanced computer. Four database of physi-
cians affiliated with the University Hospital of Geneva has been used. The total number of 
physicians is 6264, and the national’s origin are Swiss, Germany, Italy, France, Austria. 
Hence, this study does not deal with Asian names, which are the most difficult to analyze. 
In these databases there are not information about geographic provenance. Considering 
that cultural context can influence the inference, it was used a tool named nationalize.io9 
to predict physician’s nationality considering their first name. Gender detection tools were 
evaluated based on some metrics, which consider correct classifications, misclassifications 
(i.e., wrong gender assigned to a name), and nonclassifications (i.e., missed classifications). 
According to this study, the best tools are GENDER API and NamSor.

Santamaría and Mihaljević (2021) examinated five gender detection tools, respectively, 
Gender API, NamSor, Genderize.io, gender-guesser, and NameAPI10. The experimentation 
was done with a database including 7076 manually labelled names. These encompass also 
Asian names and, for this reason, there was a high risk of errors in gender assignment. 

9  nationalize.io https://​natio​nalize.​io
10  Name API web site: https://​www.​namea​pi.​org

7  Genderize API web site: https://​gende​rize.​io
8  Wiki-Gendersort code and database: https://​github.​com/​nicol​asber​ube/​Wiki-​Gende​rsort
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Gender Api and NameSor  turned out to be the most precise tools. The study reveals also 
that Gender API and Genderize.io are the easiest to use.

More recently, Van Buskirk et al. (2023) proposed an open source method inspired by 
Cultural Consensus Theory (CCT) to predict gender from the names based on the Bayes 
Theorem and 36 publicly available sources of names and their gendered associations. 
Furthermore, they constructed a taxonomy to organize names based on how much data is 
available, how strongly the name is gendered, and whether the characteristics of the name 
vary over time or between countries. They presented also a comparison revealing that its 
performance is comparable to that of existing commercial tools (i.e., Gender API, Name-
Sor, OnoGraph11, and Genderize.io).

Sánchez-Jiménez et al. (2024) used CCT to assess gender disparities in academia. The 
principles of CCT are implemented in a Python package “nomquamgender” (NQG).

Among the tools discussed, our proposal stands out, based on our best knowledge, given 
the limited transparency of commercial tools, as the only one addressing the issue of fair-
ness in gender determination to mitigate potential biases. Achieving high recall and reli-
able results in this context requires high-quality input data. One key challenge, common to 
all tools, is the occurrence of names represented only by initials and surname, which can 
hinder accurate gender inference (Huang et al., 2020). For instance, Larivière et al. (2013) 
reported that 31% of author names in the Web of Science dataset consist solely of initials, 
a problem that also persists in Scopus. While this issue relates to the broader task of author 
name disambiguation, which aims to reconstruct or enrich incomplete author metadata, 
it is conceptually separate from name-based gender prediction. To address this limitation 
in our pipeline, we incorporate a preprocessing step that queries Semantic Scholar using 
author identifiers to retrieve full first names prior to applying gender prediction algorithms. 
Additionally, the tools mentioned above are primarily commercial, with the exception of 
Wiki-GenderSort, the method proposed by Van Buskirk et  al., and the Python package 
“nomquamgender”. Consequently, there is limited information available regarding their 
operational mechanisms, result quality, and the metrics employed for evaluation. In con-
trast, Wiki-GenderSort is entirely free and utilizes Wikipedia pages to identify occurrences 
that may indicate gender, albeit most of these pages are in English. This could lead to bias 
against non-English first names. The selection of a tool may hinge on the dataset of names 
intended for experimentation. Some datasets comprise predominantly Western names, 
while others feature predominantly Asian names. Therefore, evaluating each tool individu-
ally is crucial since they may yield varying performances depending on the nationality of 
the names being tested.

Workflow for fair name‑based prediction

The method devised for fair name-based prediction comprises four steps, ranging from 
dataset selection to the assignment of gender to a researcher. Each step of the workflow is 
outlined at an abstract level, while also suggesting the potential resources that can be uti-
lized to accomplish it. They are as it follows: 

1.	 Dataset selection.

11  https://forebears.io/onograph/ web site: https://​foreb​ears.​io/​onogr​aph/
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2.	 Retrieval of researchers’ information.
3.	 Assessment of gender likelihood.
4.	 Fair gender assignment.

Dataset selection involves choosing a collection of papers to identify a group of research-
ers. The selection process depends on the specific objectives of the analysis. For instance, 
these objectives may include gender analysis of authors participating in a conference (such 
as the International Conference on Information Systems - ICIS), contributing to a scien-
tific journal (for example, Scientometrics), or, broadly, addressing a scientific topic such as 
hydrogen energy, digital twins, or climate change. Papers can be chosen from online data-
bases that aggregate references and citations from academic journals, conference proceed-
ings, books, and other documents. Examples of such databases include Elsevier Scopus 
and Clarivate Web of Science. Among the various functionalities provided by these plat-
forms, analysts can choose one or more keywords and conduct searches. Most importantly, 
the DOI (Digital Object Identifier) of the paper must be retrieved to identify it uniquely.

Retrieval of researchers’ information deals with gathering as much information as pos-
sible to predict their gender. In some cases, when a large number of papers are retrieved 
from Scopus, first names can be dotted. This hinders name-based prediction. Therefore, 
other information sources, such as Semantic Scholar, must be consulted to obtain details 
such as the first name, the aliases, and the affiliations. While Scopus provides high-quality 
bibliometric data and robust author name disambiguation (AND) through proprietary algo-
rithms, programmatic access to full, disambiguated author names via Scopus is restricted 
by licensing and API limitations. In our workflow, Scopus was primarily used to retrieve 
DOIs and basic publication metadata. Due to the prevalence of dotted or abbreviated first 
names in Scopus records, we adopted Semantic Scholar as an open-access enrichment 
layer, leveraging its API to obtain expanded author metadata, including full names and ali-
ases, in a reproducible and automated manner. This decision prioritized transparency, scal-
ability, and reproducibility. We acknowledge that Scopus’s AND system is highly accurate, 
and future work could explore hybrid approaches that combine open-access and propri-
etary resources to maximize both data quality and accessibility.

Assessment of gender likelihood regards addressing the inherent uncertainty of the 
name-based prediction activity. Furthermore, while some online resources match names 
with genders, they typically require knowledge of the person’s nationality. One of the most 
authoritative resources to this purpose is the HARVARD World Gender Name Dictionary. 
However, when dealing with data related to thousands or more scientists, determining their 
affiliations or nationality can be challenging. Consequently, gender can only be estimated 
probabilistically. For each researcher, we computed the likelihood that they are male, 
female, or undetermined by using the software and the algorithms described in Sect. 4 and 
included in the Appendix.

Fair gender assignment involves assigning a gender to a person based on the gender 
probabilities estimated in the previous step, without introducing further bias to the dataset, 
stemming from variations in the recognition of males and females. To achieve this goal, 
we calculated precision, recall, and F1-score for each gender, based on a sufficiently large 
number of manually verified researchers, ensuring these metrics remain unchanged as 
the number of verified researchers increases. Subsequently, we determined the threshold 
probability for assigning the gender of a researcher, aiming for a ratio of these metrics 
approaching 1. This ensures that the gender assignment process remains fair.
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We emphasize that our proposed workflow is designed to be modular and adaptable to a 
range of research contexts. While we use Scopus and Semantic Scholar as illustrative exam-
ples for data retrieval, these sources are not required components of the pipeline. Users can 
substitute other bibliographic databases or institutional metadata sources as appropriate for 
their study. Similarly, the pipeline supports flexible integration with different name-based 
gender prediction algorithms. The final gender assignment step involves a fairness-aware 
thresholding procedure, which currently requires semi-automated calibration tailored to the 
specific dataset and user-defined fairness criteria. We have clarified these aspects to high-
light the pipeline’s flexibility and to address concerns about dependence on specific data 
sources or fully automated procedures.

Architecture of the gender prediction software

Overall architecture

From a software standpoint, the name-based prediction process operates as illustrated in 
Fig. 1 and elaborated below. Bibliometric data pertaining to a sample of papers is retrieved 
from a scientific online database, Scopus in our case, and, then, imported (1) into the Gen-
der Prediction Manager. The Scopus database was created in 2004 by the publishing house 
Elsevier and includes more that 94 million records related to publications, their authors, 
and citations. Here, for each paper, the DOI is utilized to query the Semantic Scholar search 
engine for scientific literature (2) and gather information on the authors (3), including their 
full names and aliases. An alias is an alternative representation of the full name of the 
author as it appears in the articles. Aliases play a crucial role because, in some instances, 
parts of the name may be abbreviated or incomplete. Instead, aliases provide several ver-
sions of the name, from which the module selects the appropriate part for prediction. Sub-
sequently, the Gender Prediction Manager extracts the name from the full name. The pre-
viously acquired HARVARD World Gender Name Dictionary (WGND 2.0) is employed 
(4) to correlate the name with a gender probability. The WGND 2.0 is a compilation of 
names from various countries, organized based on gender. During the execution of this 
workflow, the sample of papers may undergo further pruning as Semantic Scholar might 
fail to provide the full names of the authors for each paper. For each author, the software is 

Fig. 1   Architecture of the gender prediction software
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capable of associating three gender likelihoods (5): the likelihood that the author is male, 
the likelihood that they are female, and the likelihood that their gender is undetermined.

Semantic Scholar was founded in 2015 as a project at the Allen Institute for AI, a non-
profit research institute founded in 2014. It is a semantic search engine based on an infor-
mation retrieval algorithm powered by AI. It was created to highlight correlations between 
articles by studying their underlying semantics. It includes more than 200 million indexed 
academic papers and provides open-source APIs. It is possible to access the data in the 
dataset via queries that can be made in Python. The aim of Semantic Scholar is to build the 
Semantic Scholar Academic Graph (S2AG), which is a knowledge graph including infor-
mation on papers, authors, and citations.

WGND 2.0 is an information resource that provides information about the gender prob-
ability of a person given her/his first name and country. It includes 3,922,294 names and 
4,970,295 records. Each record is structured as a 4-tuple (name, country_code, 
gender, gender_likelihood), including the first name, a country code (e.g., IT 
for Italy and FR for France), the gender (e.g, male, female, undetermined), and its likeli-
hood. For each first name there can be one or more records. The limitation of WGND 2.0 is 
that although it is very extensive and complex, it does not include all names, in which case 
one must assign an undetermined value.

Gender Prediction Manager

The Gender Prediction Manager is in charge of four tasks. Initially, it coordinates interop-
eration activities with external modules, such as Semantic Scholar and WGND 2.0. Next, 
it focuses on extracting the first name of authors from their full name and the list of ali-
ases. Subsequently, it assigns a probability to the simplified gender categorization adopted 
in this study (i.e., male, female, and undetermined). Finally, it determines the gender of 
an author based on the principle of fairness. Figure 2 shows the modules composing the 
Gender Prediction Manager: the orchestration module, the discover first name module, the 
gender prediction module, and the module for fair gender prediction.

The Gender Prediction Manager was developed using the Python programming 
language.

Fig. 2   Modules of the Gender Prediction Manager 
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Orchestration module

The orchestration module coordinates all the tasks performed by the software. It allows 
to carry out various tasks, such as access to WGND 2.0, communication with Semantic 
Scholar, and calls to the other mentioned modules. Algorithm 1 (see Appendix) outlines in 
pseudocode the sequence of steps aimed at retrieving authors’ information from Semantic 
Scholar, beginning with the set of DOIs gathered from Scopus. The retrieved information 
encompasses the author’s name, aliases, external IDs, and affiliations.

Discover first name module

The discover first name module aims to determine the primary name for gender prediction 
from the full name and the set of aliases. Initially, the module assumes that the last seg-
ment of the string represents the surname, while the remaining part serves as the potential 
first name candidate. Subsequently, the module calculates the number of tokens in the can-
didate and determines which token to exclude, such as dotted sections or any prefix of the 
surname and the subsequent portion.

Algorithm  2 (see Appendix) provides an explanation of how this functionality is 
achieved. For the sake of brevity, the algorithm omits the functions devoted to removing 
special characters from strings. Typically, the last token in the string, constituting the full 
name, is treated as the surname and excluded. Subsequently, the remaining string under-
goes tokenization and is placed into a vector for analysis. If the vector contains only one 
element, and if that element consists of more than one character, it is regarded as the first 
name. For vectors with multiple elements, the following logic is applied to determine the 
first name. If all the elements in the vector are found together in WGND 2.0 (the name 
database used as reference), the entire vector is considered the first name. This applies even 
if the individual elements appear separately in WGND 2.0. Conversely, only the tokens 
present in WGND 2.0 are considered as the first name if they are not jointly present.

Gender prediction module

To categorize an author as female, male, or undetermined, we calculate the gender prob-
ability by utilizing WGND 2.0. The gender prediction module cross-references the previ-
ously determined first name to identify countries where the name is present. Next, it con-
ducts calculations to estimate a new gender probability based on the gender probabilities 
within each country and, optionally, its population. We opted not to consider affiliation 
information due to research mobility. Researchers often relocate throughout their careers, 
and their native country seldom aligns with the country of their affiliated universities (Dev-
ille et al., 2014). The module is capable of handling various scenarios. When the first name 
consists of a single token, the algorithm aggregates gender probabilities across the coun-
tries where the name is present. It then calculates the average probability for each gender 
(i.e., male, female, undetermined) in one of two ways:

•	 “Countries” mode: the algorithm averages gender probabilities by simply counting 
the number of countries where the name appears, giving each country equal weight, 
regardless of population size.

•	 “Population” mode: the algorithm weighs each country’s gender probability according 
to its population size, giving more influence to countries with larger populations.
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If the first name contains two or three tokens, the module first attempts to find an exact 
match in the WGND 2.0 database. If a match is found, the gender probabilities are esti-
mated as in the single-token case. If no exact match is found, the module examines each 
token of the name separately and aggregates the gender probabilities across countries 
where each token is present, again using either the “countries” mode or “population” mode 
to determine the final probabilities.

Finally, it computes the composite probability of each token by utilizing probability 
trees depicted in Fig. 3, representing all possible scenarios.

We denote the tokens comprising a first name as n-tuples, where each token is labeled 
using a combination of two components: a letter representing the gender prediction for 
that token (F for female, M for male, and U for undetermined), and a number indicating 
the token’s position in the sequence (e.g., 1, 2, 3). Figure 3 illustrates the combinatorial 
structure for names composed of two (left side) and three (right side) tokens. For two-
token names, this results in 9 possible combinations (3 gender classes × 3 positions). For 
three-token names, the total rises to 27 combinations (33). Rather than list all combinations 
explicitly, we represent them in a probability tree format to show how each token contrib-
utes to the overall gender prediction through its position and associated probability.

We calculate gender probabilities for first names consisting of two or three tokens 
using a straightforward combination of token-level predictions. These algorithms com-
pute a composite probability, treating the genders of the individual tokens as independent 
events. For example, let’s consider the probability when the first name is “Paul Maria”. The 
probability of the gender being male is determined by multiplying the probability asso-
ciated with the name “Paul” being male by the probability associated with “Maria” also 
being male. Algorithm 3 (see Appendix) presents pseudocode illustrating how to compute 

Fig. 3   Probability trees in case name of two tokens (on the left) and three tokens (on the right) first name. 
Each token is labelled as a combination of two parts: a character representing the gender (F for female, 
M for male, and U for undetermined) and a number (from 1 to 3) indicating the token’s position in the 
sequence
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compound probability for a first name composed of three tokens by weighting the coun-
tries’ contribution by their population. The former assumption is just an Ansatz, since we 
know that in several languages the apposition of Maria after a masculine name is very 
common and it does not affect the gender, however that rule is not universal. Future ver-
sions will account for those features, more in deep. For brevity, the algorithm based on the 
number of countries is omitted. This variant can be regarded as a modification of algo-
rithm 3, replacing the weighting factor with the likelihood that an author originates from a 
country, assumed to be equal for all countries. Here, the i represents the simplified gender 
classification adopted in this paper while j stands for one of the tokens.

Presently, the Gender Prediction Manager searches for exact matches in the Harvard 
dictionary for first names with more than three tokens, treating them as if they were first 
names consisting of only one token.

Fig. 4   Workflow for human validation of author’s gender
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Module for fair gender prediction

The module for fair gender prediction makes the final decision on the gender to assign to 
an author. This is accomplished by using a threshold value, determined through an innova-
tive semi-automated heuristic technique that we devised to ensure the fairness of name-
based gender prediction. Accordingly, to assign a gender, the probability for that gender 
should exceed the threshold value.

Initially, we manually assign gender to a set of authors using the predefined workflow 
depicted in Fig. 4. Subsequently, we calculate precision ( P ), recall ( R ), and the F1-score 
to gauge the Gender Prediction Manager’s ability to recognize male and female authors. 
Precision represents the fraction of the relevant occurrences among all retrieved occur-
rences. Recall denotes the fraction of the relevant occurrences. F1-score represents the har-
monic average of precision and recall, and provides a balanced representation of precision 
and recall in one metric. The formula for computing precision for each gender is 
P
i
=
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i
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i
+FP

i

 , recall for each gender is R
i
=
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i

TP
i
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i
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atives, respectively, for gender class i. Next, we analyze the ratio between the F1-score for 
females and males ( F1-score ratio =

F1-score
F

F1-score
M

 ) across an increasing number of validated 
authors, plotting the F1-score ratio against a threshold value ranging from 0.5 to 1. The 
fairest solution would be to select the lower threshold value where the ratio is close to 1. 
Indeed, lower threshold values correspond to a higher number of authors with recognized 
gender but unequal results for males and females. To strike a balance between achieving a 
sufficiently high number of gender determinations and ensuring fairness across gender pre-
dictions, we adopt an approach that selects the threshold value which maximizes the har-
monic mean of the F1-score ratio and accuracy A (i.e., the number of correctly predicted 
genders out of the total number of gender detection attempts). While this metric reflects 
our goal of jointly optimizing performance and fairness, we acknowledge that other multi-
objective formulations could also be considered.

To determine the appropriate number of authors for computing performance metrics, we 
recommend calculating the ratio between the F1-scores for females and males across vary-
ing numbers of validated authors and graphing this ratio to identify the point at which it 
stabilizes. This point indicates the minimum number of validated authors required.

The human validation workflow, mentioned earlier, operates as follows (see Fig.  4). 
Initially, the author’s page is searched for on ResearchGate, a social networking site for 
scientists. If the page is found, the DOI of one of the candidate author’s papers is utilized 
as input for a query in Semantic Scholar. If the candidate and the author being validated 
share the same Semantic Scholar ID, we then examine author’s content for keywords, such 
as pronouns (e.g., he, she), to help infer the gender. If found, we assign the gender. If the 
author’s page on ResearchGate is not found, we then search for the author’s personal or 
institutional page and repeat the process.

To avoid potential confusion regarding the use of the term “undetermined” in both algo-
rithmic and human annotation contexts, we clarify our operational definition as follows: 
an author is labeled as “undetermined” either when the software cannot assign a gender 
due to name ambiguity or lack of data, or when human annotators cannot confidently infer 
gender due to insufficient publicly available information (such as the absence of a personal 
webpage or ResearchGate profile). While these two scenarios arise from distinct causes, 
we intentionally use the same term in both cases to ensure consistency between automated 
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outputs and human-annotated ground truth. This approach facilitates direct and transparent 
comparison throughout our evaluation.

Experimentation

Datasets

The experimentation involves two distinct datasets. The first dataset consists of papers 
related to energy transition, while the second pertains to papers on critical infrastructures.

First, we retrieved relevant papers pertaining to energy transition from Scopus. For this 
purpose, the query included the terms “energy transition"OR “energy transformation". Ini-
tially, the query yielded 17,591 papers, which were subsequently narrowed down to 10,130 
after filtering them using the Energy Systems Ontology (ESO) (De Nicola et  al., 2024). 
These papers were written by 27,363 authors.

Next, we collected 380 papers published from 2006 to 2022 published in the proceed-
ings of the International Conference on Critical Information Infrastructures Security (CRI-
TIS), a leading event for practitioners and researchers in the field of critical infrastructure. 
In total, 929 authors were identified.

Research objectives

The research objectives of the experimentation were to predict the gender of the authors 
based on their names, to evaluate the quality of the Gender Prediction Manager, and to 
compare the quality of the results in terms of accuracy and gender fairness with other tools, 
namely, Gender API, ChatGPT, and Namsor.

Results

Therefore, as outlined in  the earlier subsection  titled Module for Fair Gender Predic-
tion, we calculated precision, recall, and the F1-score to gauge the software’s effective-
ness in predicting gender based on the first name. We evaluated two distinct software 

Table 1   Gender rates by 
threshold values in case of 
gender prediction module 
operating in the population (pop.) 
and in the countries modes (cou.) 
for the energy transition dataset

Threshold Females Males Undet. Females Males Undet.
(pop.) (pop.) (pop.) (cou.) (cou.) (cou.)

0.50 22.3% 45.5% 32.2% 25.6% 52.2% 22.2%
0.55 21.4% 43.7% 34.9% 24.9% 51.7% 23.4%
0.60 20.4% 40.7% 38.9% 24.5% 51.1% 24.4%
0.65 19.2% 38.1% 42.7% 23.9% 50.2% 25.9%
0.70 18.9% 37.5% 43.6% 23.4% 48.8% 27.8%
0.75 18.6% 35.8% 45.6% 22.3% 48.0% 29.7%
0.80 18.0% 35.2% 46.8% 21.7% 46.9% 31.4%
0.85 17.4% 34.3% 48.3% 21.1% 45.6% 33.3%
0.90 17.1% 33.9% 49.0% 20.5% 43.9% 35.6%
0.95 16.4% 33.2% 50.4% 19.5% 40.9% 39.6%
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configurations: one where the gender likelihood is computed solely based on the number of 
countries where a name is present (i.e., countries mode), and the other where the contribu-
tions of countries are weighted by their respective populations (i.e., population mode).

The number of predicted authors varies depending on the chosen probability threshold. 
Table 1 illustrates the percentage of detected males, females, and undetermined authors for 
different threshold values for the energy transition dataset. These percentages are shown 
when the prediction module operates in two modes: population (left side of the table) and 
countries (right side of the table). Similarly, Table 2 presents the percentage breakdown by 
threshold values for the authors in the validated critical infrastructures dataset. We observe 
that the number of undetermined authors increases as the threshold is augmented.

To verify the software’s performance, a group of three individuals manually validated 
1,000 randomly selected authors from the energy transition dataset and all the 929 from 
the critical infrastructures dataset. In both cases, they used the validation workflow (refer 
to Fig. 4) detailed in the subsection  titled Module for Fair Gender Prediction. The 1000 
energy transition validated authors comprise 260 females, 575 males, and 165 of undeter-
mined gender, while the 929 critical infrastructures validated ones include 153 females, 
768 males, and 8 of undetermined gender (see Table 3). To ensure transparency and repro-
ducibility, all data used in this study, including the per-author prediction results from 
human validation and all automated tools are available at Guariglia et al. (2025). 

To determine the optimal threshold probability, we computed accuracy of the Gender 
Prediction Manager and precision, recall, and the F1-score for both males and females 
among the 1000 validated authors (refer to the subsection titled Module for Fair Gender 
Prediction), while considering increasingly larger groups, starting from groups of 100, 
200, and extending up to 1000. Figure  5 illustrates the case of the 1000 authors of the 
energy transition dataset when the gender prediction module operates in the countries 
mode while Fig. 6 in the population mode. For the sake of conciseness, we omit the graphs 

Table 2   Gender rates by 
threshold values in case of 
gender prediction module 
operating in the population (pop.) 
and in the countries modes (cou.) 
for the critical infrastructures 
dataset

Threshold Females Males Undet. Females Males Undet.
(pop.) (pop.) (pop.) (cou.) (cou.) (cou.)

0.50 16.15% 68.46% 15.39% 17.22% 74.6% 8.18%
0.55 15.39% 66.42% 18.19% 16.58% 74.49% 8.93%
0.60 14.64% 61.25% 24.11% 16.47% 74.38% 9.15%
0.65 14.21% 58.56% 27.23% 16.25% 73.30% 10.44%
0.70 13.35% 57.48% 29.17% 16.15% 72.87% 10.98%
0.75 13.13% 56.94% 29.92% 15.50% 72.01% 12.49%
0.80 12.59% 55.11% 32.29% 15.39% 70.94% 13.67%
0.85 12.27% 54.36% 33.37% 15.29% 69.86% 14.85%
0.90 12.06% 54.14% 33.8% 14.75% 68.25% 17.01%
0.95 11.52% 53.61% 34.88% 13.56% 65.88% 20.56%

Table 3   Number and gender of authors in the validated datasets

Dataset Females Males Undet. % Females % Males % Undet.

Energy transition 260 575 165 26.00% 57.50% 16.50%
Critical infrastructures 153 768 8 16.47% 82.67% 0.86%
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Fig. 5   Precision, recall, F1-score in case of 1000 validated authors and gender prediction module operating 
in the countries mode. The graphs are based on the energy transition dataset

Fig. 6   Precision, recall, and F1-score in case of 1000 validated authors and gender prediction module oper-
ating in the population mode. The graphs are based on the energy transition dataset
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based on the critical infrastructures dataset. As mentioned, the optimal threshold value is 
the one that maximizes the harmonic average of the F1-score ratio and accuracy A . Table 4 
reports the achieved results for the configurations of the Gender Prediction Manager for 
the energy transition dataset that produce the highest harmonic average of accuracy and 
F1-score ratio and the one that maximizes fairness. The optimal threshold probability value 
for the country mode is 0.51, while for the population mode is 0.50. It is worthy to men-
tion that, even if selecting the threshold values that lead to F1-score ratio close to 1 would 
improve fairness of name-based gender prediction, maximizing the harmonic average of A 
and F1-score ratio is a good trade off between fairness and performance. Similarly, Table 5 
reports the achieved results for the configurations of the Gender Prediction Manager that 
produce the highest harmonic average of A and F1-score ratio for the critical infrastruc-
tures dataset and the one that maximizes fairness. In such case, the optimal threshold prob-
ability value is 0.50 both for the country mode and for the populations mode.

Fig. 7   Confusion matrices indicating the number of names correctly predicted, as well as the gender predic-
tion errors made by ChatGPT, the Gender Prediction Manager (GPM), Gender API, and Namsor. Matrices 
are based on the energy transition dataset



4865Scientometrics (2025) 130:4849–4877	

We also compared the performance of the Gender Prediction Manager with that of two 
of the most used commercial tools, i.e., Gender API and Namsor, and one of the most used 
large language models, namely ChatGPT12. To ensure a fair comparison, all gender predic-
tion tools evaluated in this study received the same full names as input, as retrieved and 
expanded from Semantic Scholar. No tool was provided only with initials or partial names. 
This step was explicitly taken to avoid bias and ensure transparency and reproducibility 
of our results. Our study reveals that, for the energy transition case study (see Table 4), 
the Gender Prediction Manager operating in the countries mode outperforms all the other 
tools both for accuracy (0.85) and F1-score ratio (0.95). Conversely, the optimal solution 
considering only fairness for the energy transition dataset is the Gender Prediction Man-
ager operating in the population mode with threshold 0.95 since the F1-score ratio is 0.98. 

Fig. 8   Confusion matrices indicating the number of names correctly predicted, as well as the gender predic-
tion errors made by ChatGPT, the Gender Prediction Manager (GPM), Gender API, and Namsor. Matrices 
are based on the critical infrastructures dataset

12  ChatGPT website: https://​chatg​pt.​com
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However, in this case, the accuracy is very low (0.73). Similarly, for the critical infrastruc-
tures dataset (see Table 5), the optimal solution for fairness is again the Gender Prediction 
Manager operating in the population mode with threshold 0.99 since the F1-score ratio is 
1.00, while ChatGPT outperforms all the other tools for accuracy.

It is important to note that while our tool achieves competitive performance and, in 
some cases, enhanced fairness compared to commercial alternatives, it does not consist-
ently outperform all baselines across all datasets. In particular, in the CRITIS dataset, com-
mercial tools such as ChatGPT, Gender API, and NamSor demonstrated higher accuracy.

Figures  7 and 8 display the confusion matrices for the energy transition and critical 
infrastructures datasets, respectively. These matrices indicate the number of names cor-
rectly predicted, as well as the gender prediction errors made by each tool. Additionally, 

Table 4   Comparison of performance metrics of the Gender Prediction Manager operating in the countries 
(cou.) and in the population (pop.) modes with Gender API, Namsor, and ChatGPT

The best values for accuracy (A) and the F1-score ratio are shown in bold
A , F1

F
 , F1

M
 , F1-scoreratio, and h_ave indicate, respectively, accuracy, F1-scorefor females, F1-scorefor 

males, F1-scoreratio, and the harmonic average between A and F1-scoreratio. Results are based on the 
energy transition dataset

Software Mode Threshold A F1
F
 F1

M
 F1ratio h_ave

Gender Prediction 
Manager

cou. 0.51 0.85 0.88 0.93 0.95 0.90

Gender Prediction 
Manager

pop. 0.50 0.76 0.81 0.85 0.94 0.84

Gender Prediction 
Manager

pop. 0.95 0.73 0.81 0.82 0.98 0.84

Gender API - - 0.79 0.88 0.94 0.93 0.85
Namsor - - 0.77 0.87 0.94 0.92 0.84
ChatGPT - - 0.78 0.90 0.96 0.94 0.85

Table 5   Comparison of performance metrics of the Gender Prediction Manager operating in the countries 
(cou.) and in the population (pop.) modes with Gender API, Namsor, and ChatGPT

The best values for accuracy (A) and the F1-score ratio are shown in bold
A , F1

F
 , F1

M
 , F1ratio, and h_ave indicate, respectively, accuracy, F1-score for females, F1-score for males, 

F1-score ratio, and the harmonic average between A and F1-score ratio. Results are based on the critical 
infrastructures dataset 

Software Mode Threshold A F1
F
 F1

M
 F1ratio h_ave

Gender Prediction 
Manager

cou. 0.50 0.91 0.91 0.95 0.96 0.93

Gender Prediction 
Manager

pop. 0.50 0.81 0.79 0.90 0.89 0.85

Gender Prediction 
Manager

pop. 0.99 0.62 0.78 0.79 1.00 0.77

Gender API - - 0.95 0.91 0.95 0.95 0.95
Namsor - - 0.95 0.90 0.97 0.92 0.93
ChatGPT - - 0.96 0.95 0.99 0.96 0.96
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the matrices indicate that ChatGPT, Gender API, and Namsor tend to assign a gender even 
when it cannot be determined through human validation. This tendency may further reduce 
the overall quality of the results.

Table  6 compares the average results achieved by each tool across the two datasets, 
showing that, on average, the Gender Prediction Manager outperforms the others in both 
accuracy and F1-score ratio. While this table includes average values for ease of compari-
son, we emphasize that these are calculated over only two datasets, each with distinct dis-
tributions. Therefore, the main interpretation should be based on the detailed results pro-
vided for each dataset separately.

Statistical significance

We examined whether the differences in accuracy and F1-score ratio between the Gen-
der Prediction Manager, in its optimal configuration maximizing the harmonic average 
between F1-score ratio and accuracy, and the other tools are statistically significant.

Regarding accuracy, we tested the following hypotheses for the Gender Prediction 
Manager (in its optimal configurations) in comparison with ChatGPT, Namsor, and Gen-
der API. The null hypothesis (H0) states that there is no significant difference in accu-
racy between the two software tools, meaning both have the same accuracy. In contrast, 
the alternative hypothesis (H1) proposes that there is a significant difference in accuracy 
between the two tools. Since accuracy concerns the correct or incorrect classification of 
each software for each individual, we built a contingency table to compare the correct 
and incorrect classifications between the two software. The table includes the correct and 
incorrect classifications of software 1 and software 2. Since we are dealing with categori-
cal data (correct/incorrect classifications), we used the McNemar test (McNemar, 1947) to 
compare the accuracies of the two tools. This test is designed to check whether there are 
significant differences in the performance of two classifiers in an experiment with paired 
samples (as in this case, where the same set of people is classified by two softwares). First, 

Table 6   Comparison of average 
accuracy ( A ) and F1 ratio 
(average) values of the Gender 
Prediction Manager operating 
in the countries (cou.) with the 
corresponding ones of Gender 
API, Namsor, and ChatGPT

The best values are shown in bold

Software Mode A F1 ratio (average) 

Gender Prediction 
Manager

cou. 0.8792 0.9542

Gender API - 0.8707 0.9400
Namsor - 0.8567 0.9221
ChatGPT - 0.8737 0.9499

Table 7   The �2 statistic 
and p-value obtained in the 
assessment of the statistical 
significance of accuracy

Dataset Sw1 Sw2 �
2 p-value

Energy transition GPM Gender API 6.25 0.01241
Energy transition GPM ChatGPT 9.04 0.00265
Energy transition GPM Namsor 17.64 0.00003
Critical infrastructures GPM Gender API 18.68 0.00002
Critical infrastructures GPM ChatGPT 28.31 0
Critical infrastructures GPM Namsor 17.98 0.00002
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we computed �2 =
(|b−c|−1)2

b+c
 , where b is the number of cases correctly classified by soft-

ware 1 but not by software 2; c is the number of cases correctly classified by software 2 but 
not by software 1; −1 is a correction for continuity, used to avoid overestimation in small 
samples. Once we obtained the �2 , we compared it with a critical value of the �2 distribu-
tion with 1 degree of freedom to determine the p-value. If the p-value were less than 0.05, 
we concluded that the difference in accuracy is statistically significant. Table 7 presents the 
results obtained, which indicate that the null hypothesis should be rejected in favor of the 
alternative hypothesis, i.e., there is a significant difference in accuracy between the Gender 
Prediction Manager and all the other tools.

Regarding the F1-score ratio, we tested the following hypotheses for the Gender Predic-
tion Manager (in its optimal configurations) compared to ChatGPT, Namsor, and Gender 
API. The null hypothesis (H0) asserts that there is no significant difference in the F1-score 
ratio between the two software tools, meaning they have the same F1-score ratio. In con-
trast, the alternative hypothesis (H1) suggests that there is a significant difference in the 
F1-score ratio between the two tools.

To test if the differences in F1-score ratios are statistically significant, we employed 
bootstrapping. Specifically, we generated 10,000 bootstrap samples by sampling with 
replacement from the original datasets. For each bootstrap sample, we calculated the 
F1-scores for females and males for both software tools and computed the ratio for each 
software. We then obtained two bootstrap distributions of the ratios for the two tools. Next, 
we evaluated the difference between these distributions within the bootstrap iterations to 
assess whether the observed difference in the original sample was significant. Finally, we 
calculated the confidence intervals for the difference between the ratios.

Regarding multiple-comparisons correction, we conducted a limited number of planned, 
hypothesis-driven pairwise comparisons between our method and three baseline tools, 
across two datasets. Following common practice for such predefined comparisons, we did 
not apply a Bonferroni (Bonferroni, 1936) or other correction. However, we acknowledge 
that correction methods (e.g., Bonferroni) may be warranted in broader or exploratory 
studies and have made this decision explicit in the manuscript.

We found that the difference in F1-score ratios between the Gender Prediction Manager 
and Gender API was not statistically significant at the 95% confidence level for either the 
energy transition or the critical infrastructures dataset. Similarly, the difference in F1-score 
ratios between the Gender Prediction Manager and ChatGPT was not statistically signifi-
cant at the 95% confidence level for either dataset. Lastly, the difference in F1-score ratios 
between the Gender Prediction Manager and Namsor was statistically significant at the 
95% confidence level for the energy transition dataset, but not statistically significant at the 
95% level for the critical infrastructures dataset.

In addition to statistical significance, we report effect sizes, i.e., Cohen’s h (Cohen, 
1988), for differences in accuracy and log2-transformed effect sizes (Julious, 2004) for fair-
ness ratio comparisons. For the Energy Transition dataset, effect sizes range from 0.157 to 
0.205, indicating small but consistent improvements of our system over baseline tools; for 
the CRITIS dataset, Cohen’s h values range from –0.158 to –0.207, indicating small differ-
ences in favor of the comparison tools. These findings indicate that although some differ-
ences are statistically significant, their practical impact is modest.

To further assess practical differences in gender fairness, we computed log2-transformed 
effect sizes based on the F1-score ratio for female versus male classification ( F1

F
/F1

M
 ). For 

the Energy Transition dataset, these differences between our Gender Prediction Manager 
and the comparison tools are 0.015 (vs. ChatGPT), 0.031 (vs. Gender API), and 0.046 (vs. 
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NamSor), suggesting slightly more balanced gender performance by our tool. The CRITIS 
dataset shows log2-transformed effect sizes of 0.015 (vs. Gender API), 0.0 (vs. ChatGPT), 
and 0.061 (vs. NamSor).

Discussion

The research objectives of the presented experimentation were to demonstrate that the pro-
posed software can predict the gender of authors based solely on their names only, to assess 
the performance of the Gender Prediction Manager, and to compare it to other tools used 
for name-based gender prediction. To this purpose, we used accuracy, F1-score ratio, to 
measure performance and fairness of the software in recognizing gender from names, and 
their harmonic average. Considering both the case studies, our study reveals that the Gen-
der Prediction Manager, operating in the countries mode, on average, has the highest accu-
racy and F1-score ratio and achieves performance in the range of Gender API, NameSor, 
and ChatGPT. Despite that, the software operating in this mode does not represent the best 
solution for fairness. Indeed, the Gender Prediction Manager operating in the population 
mode is the fairest software. Unfortunately, the accuracy of the software degrades in the 
optimal fairness conditions ( F1-score ratio close to 1). Therefore, a compromise is always 
required.

Several commercial tools, such as Gender API and NamSor, do provide probabilities 
and confidence scores that could, in principle, be thresholded to yield an “undetermined” 
label. However, our aim in this study was to evaluate these tools as they are typically 
used in practice, that is, according to their default configurations. This approach reflects 

Table 8   Accuracy of gender 
prediction tools for the Energy 
Transition dataset

Case 1: accuracy only for validated authors who are not undetermined. 
Case 2: accuracy calculated only for those validated authors who are 
assigned a determinate gender (not"undetermined") by both human 
validation and by all tools

Tool Accuracy (case 1) Accu-
racy 
(case 2)

Gender Prediction Manager 0.87 0.97
ChatGPT 0.93 0.96
Gender API 0.91 0.96
NamSor 0.91 0.94

Table 9   Accuracy of gender 
prediction tools for the CRITIS 
dataset

See caption of Table 8 for explanation of case 1 and case 2

Tool Accuracy (case 1) Accu-
racy 
(case 2)

Gender Prediction Manager 0.91 0.98
ChatGPT 0.97 0.99
Gender API 0.96 0.98
NamSor 0.96 0.98
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real-world scenarios, where most users rely on the standard, out-of-the-box behavior of 
such software. In contrast, our tool was designed with thresholding as a core feature, allow-
ing users to explicitly manage trade-offs between accuracy and fairness, and to support the 
“undetermined"label as a first-class outcome. While we recognize that this introduces a 
certain asymmetry in the comparison, our intention was not to disadvantage the commer-
cial tools. Rather, we aimed to highlight how the incorporation of fairness-aware threshold-
ing mechanisms can influence performance and outcomes in practical applications. None-
theless, we acknowledge that applying similar thresholding strategies to commercial tools 
could provide a more direct comparison in terms of methodological parity. Exploring the 
impact of post-processing thresholds across different tools, including commercial ones, is a 
compelling direction for future research.

Another important methodological consideration concerns how “undetermined” labels 
are treated in the evaluation process. As shown by our additional analyses, excluding 
cases labeled as “undetermined” in the ground truth, or restricting accuracy calculations 
to authors not labeled “undetermined” by any tool, results in substantially higher accuracy 
values across all methods, and in some cases changes the comparative ranking among tools. 
For instance, when undetermined cases are excluded, ChatGPT and commercial tools show 
higher apparent accuracy, while our tool’s accuracy also increases substantially. These 
findings demonstrate that the evaluation protocol, specifically, the inclusion or exclusion 
of undetermined cases, can significantly influence reported outcomes and the conclusions 
drawn about relative tool performance. We emphasize the need for transparent reporting of 
evaluation strategies, and include these sets of results (see Table 8 and 9) to provide a more 
comprehensive perspective on the trade-offs involved in gender prediction tasks.

Our use of an “undetermined” class for low-confidence cases provides greater transpar-
ency and allows users to control the trade-off between fairness and completeness of gender 
assignments, a feature not typically available in commercial tools.

There are some threats to validity that could cause a degraded quality of results. Bias 
occurs when datasets are not managed correctly or they are treated differently, leading to 

Fig. 9   Stability of F1-score ratio with respect to validated authors in the case of Gender Prediction Man-
ager operating in the country mode
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distortions in the resulting analysis and conclusions. This can happen in several reasons: 
incorrect data collection, inaccurate pre-processing, non-optimal algorithms, and misinter-
preting results.

An example of incorrect data collection is when the names to be analyzed are incorrect. 
To mitigate this problem, we started the analysis from data extracted from Scopus, which 
is a widely known and highly reliable source of bibliometric information. Another exam-
ple concerns, the size of the validated sample of authors. In order to assess whether 1000 
authors were sufficient for determining the threshold probability in the experiment, we 
examined the stability of the F1-score ratio. Figure 9 shows the case of the Gender Predic-
tion Manager operating in the country mode. In such case, the curve of the F1-score ratio 
remains consistent as the number of validated authors increases. Therefore, we can infer 
that the set of 1000 authors is adequate, and there is no need for further manual validation.

Inaccurate pre-processing can also introduce bias, mainly due to missed data cleaning 
and transformation before analysis. In our experimentation, overall, the F1-score ratio is 
typically below 1. An exception occurs when the Gender Prediction Manager operates in 
the population mode above the optimal threshold (>0.65), where the accuracy of the soft-
ware, however, degrades. Since this is also observed in the case of Gender API, NameSor, 
and ChatGPT which likely employ different algorithms, the bias is likely inherent in the 
source data where the associations between names and genders are derived. This implies 
that a fairness adjustment should be applied using preprocessing methods (Buyl & de Bie, 
2024).

Non-optimal algorithms are another threat for the success of our experimentation. 
Certain analysis techniques might be inherently prone to bias. For instance, the achieved 
results suggest that, although considering population might appear to be a more accurate 
model, the number of inhabitants of a country does not necessarily increase the likelihood 
that an author comes from that country. There are likely other factors, such as the country’s 
income level, that should be taken into account. For this reason, we opted for two different 
configurations of the Gender Prediction Manager to optimize either the trade-off between 
accuracy and F1-score ratio (and, hence, fairness) of the software or only its fairness.

Finally, the last concern involves the potential misinterpretation of the results, which 
could lead to drawing incorrect conclusions. This could be due to lack of ground truth. 
For instance, if the precision in determining the female gender is very low, without ground 
truth, we might draw incorrect conclusions about the gender gap. To mitigate this issue, we 
engaged three individuals to manually determine the gender of authors. Then, to further 
address this, we considered several quality measures beyond accuracy, including precision, 
recall, and the F1-score , as well as their ratios, measured for males and females. Thus, we 
were able to evaluate both the software’s ability to assign a gender to an author and its fair-
ness in operation. While this manual validation step ensured reliability, it is time-intensive 
and limits scalability. Future work may explore automated methods, such as using NLP to 
extract gender cues from academic bios or web content, to reduce the manual burden.

We also recognize that while Semantic Scholar offers open API access and provides 
expanded name aliases, features that enhance prediction accuracy, its proprietary methods 
for compiling and disambiguating author data introduce a degree of opacity. This is an 
important trade-off: although our current implementation relies on Semantic Scholar for 
its accessibility and breadth, our pipeline is explicitly modular. Other metadata sources 
(e.g., Scopus, or institutional records) can be used as needed, without impacting the overall 
workflow or architecture. This flexibility allows researchers to tailor the pipeline to their 
transparency or data provenance requirements.
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A practical limitation of our threshold-based procedure is its inherent dataset-speci-
ficity. The optimal threshold for fair gender assignment may vary across datasets due to 
differences in gender distributions and cultural naming conventions. While in our experi-
ments the thresholds for the two case studies were similar, we emphasize that, in general, a 
new calibration process is required for each dataset to ensure fairness and optimal perfor-
mance. This necessity prevents the tool from being fully plug-and-play, as it introduces an 
extra setup step before deployment. Although this calibration enables more precise and fair 
results, it does so at the cost of increased effort for users. Looking ahead, future work could 
explore methods to automate or simplify the threshold selection process, thereby improv-
ing the usability and accessibility of fairness-aware gender prediction in diverse research 
contexts.

An additional promising direction for future work involves the use of separate thresh-
old values for male and female gender assignments. While our current approach employs 
a unified, fairness-aware threshold determined by the F1-score ratio, implementing gen-
der-specific thresholds could offer finer control over performance and fairness. This could 
be especially valuable in datasets with asymmetric gender distributions or differing name 
ambiguities across genders. By optimizing thresholds for each gender independently, it may 
be possible to further reduce bias and improve the overall balance of gender prediction. We 
highlight this as a potential extension of our method and an area for future investigation.

Conclusion

Name-based gender prediction is crucial for studying gender diversity and, in particular, 
to determine whether a gender gap exists in a scientific community. While performing 
name-based gender prediction, the issue of fairness, i.e., equal capability for both genders, 
is central since erroneous assignment could introduce a bias that could eventually affect the 
quality of the gendered analysis. For the former reason, we have developed some software 
for name-based gender prediction and set up an innovative method capable of measuring 
the degree of fairness in its operation. The achieved results (upon a real test case) show 
that the performance of the software is satisfactory for both the dimensions we considered. 
Furthermore, the Gender Prediction Manager achieves performance in the range of Gender 
API, NameSor, and ChatGPT. In summary, while our tool does not universally outperform 
proprietary commercial tools, it provides a competitive, transparent, and fairness-aware 
approach to name-based gender prediction. The use of open data and tunable thresholds 
allows users to adapt the method to specific fairness and uncertainty goals, supporting 
more responsible and reproducible gender analyses in scientific studies.

It is important to note the differences between the two datasets: the energy transition 
dataset contains a higher percentage of female names and more Asian names, while the 
critical infrastructure dataset has a lower percentage of female names and more European 
names. These differences explain the lower accuracy observed with the energy transition 
dataset and highlight the contribution of the Gender Prediction Manager in addressing the 
challenges associated with predicting Asian names.

In principle, there are several directions to explore for further enhancement of software 
performances the software. These include utilizing additional datasets associating names 
with genders; and improving the tool’s ability to estimate the probability of an author’s 
origin country. All those possibilities represent ongoing works, however the elective solu-
tion would be to ask authors their gender and include the information on available datasets.
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Appendix

Algorithm 1   Algorithm for collecting authors’ information
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Algorithm 2   Algorithm to choose which parts of name use for the prediction process
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Algorithm  3   Algorithm for computing the gender probability (based on population) for 
first names with three tokens individually listed in the Harvard Dictionary
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