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Abstract

Biases in cognition are ubiquitous. Social psychologists suggested biases and stereotypes serve a multifarious set of cognitive
goals, while at the same time stressing their potential harmfulness. Recently, biases and stereotypes became the purview of
heated debates in the machine learning community too. Researchers and developers are becoming increasingly aware of the
fact that some biases, like gender and race biases, are entrenched in the algorithms some Al applications rely upon. Here,
taking into account several existing approaches that address the problem of implicit biases and stereotypes, we propose that
a strategy to cope with this phenomenon is to unmask those found in Al systems by understanding their cognitive dimension,
rather than simply trying to correct algorithms. To this extent, we present a discussion bridging together findings from cogni-
tive science and insights from machine learning that can be integrated in a state-of-the-art semantic network. Remarkably,
this resource can be of assistance to scholars (e.g., cognitive and computer scientists) while at the same time contributing to
refine Al regulations affecting social life. We show how only through a thorough understanding of the cognitive processes

leading to biases, and through an interdisciplinary effort, we can make the best of Al technology.
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1 Introduction

In 2019, UNESCO published a report (West et al. 2019), bor-
rowing its title I blush if I could from the response given by
a feminine voice assistant to a human user exclaiming “Siri,
you are a bi***!”. This report featured recommendations
on actions to overcome gender gaps in digital skills, with
a special examination of the impact of gender biases coded
into some of the most prevalent Al applications. Indeed,
in light of the explosive growth of digital voice assistants
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like Amazon’s Alexa or Apple’s Siri—often designed as
feminine characters with subservient attitudes—recom-
mendations concerning Al’s gender biases appear extremely
urgent. Today, the answer of Apple’s Al assistant has been
updated with a more neutral “I don’t know how to respond
to that”, but despite the many efforts made so far, the rising
problem of human-like biases in technological products still
remains unsolved on both a practical and theoretical level.
As the UNESCO report explains, these biases are rooted in
gender imbalances in digital skills education, and thus in the
gender imbalances of technical teams developing Al tech-
nologies for companies with significant gender disparities.
In the past few years, many researches unambiguously
showed that gender biases, as well as racial biases, are found
in Artificial Intelligence (AI). The Al-generated patterns,
predictions, and recommended actions reflect the accuracy
and reliability of the datasets used for training, as well as the
assumptions and biases of the developers of the algorithms
employed. Therefore, algorithms and devices have the
potential of spreading and reinforcing harmful stereotypes.
Such biases expose women, and especially women of color,
at the risk of being left behind in economic, political, and
social life. In fact, not only machine algorithms make movie
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recommendations, suggest products to buy, and perform
automatic language translation, but they are also increas-
ingly used in high-stakes decisions in health care systems
(Obermeyer et al. 2019), bank loan applications (Mukerjee
et al. 2002), hiring (Peng et al. 2019), and even in courts to
assess the probability that a defendant recommits a crime.
An example is the COMPAS (Correctional Offender Man-
agement Profiling for Alternative Sanctions)' software, used
in the United States (US) to decide whether to release or
not an offender. An investigation into the software found
a bias against African-Americans such that COMPAS was
more likely to assign higher risk scores to African-American
offenders than to Caucasians with the same profile (Dressel
and Farid 2018). While Al poses significant threats to gender
and racial equality, it is important to recognize that it also
has the potential to make positive changes in our societies
by showing us, and thus making us aware of, that the same
automatic processes of our mind are embedded in the exter-
nal objects we design.

The aim of our contribution is, therefore, to delineate
a strategy allowing researchers to understand and identify
biases in Al applications. This would subsequently allow the
general public, such as stakeholders, but also people deal-
ing with technology in everyday life, to become aware of
the possible biases rooted in language, and consequently in
machine learning applications trained on natural language.
With this purpose, we first concentrate on biases and ste-
reotypes from a cognitive science perspective (Sect. 2),
with a special focus on gendered biases. Then, we turn to
the description of how these biases are encoded in machine
learning data (Sect. 3), expounding on the debate on whether
these need to be corrected or simply acknowledged. In par-
ticular, we focus on a specific class of machine learning
techniques, namely word embeddings, and we show how
research dealing with this kind of techniques contributed to
the overall awareness of gender biases. Finally,

we detail our proposal of an explainable human and
artificial intelligence (Sect. 4) relying on the integration
of both word embeddings and experimental cognitive data
on the concept of gender in the state-of-the-art factual/lin-
guistic resource Framester (Gangemi et al. 2016), making
them available as a publicly dereferenceable and queryable
knowledge base.

! https://www.propublica.org/article/machine-bias-risk-assessments-
in-criminal-sentencing.
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2 Biased minds: a top-down perspective
on the debate among cognitive theories

Data coming from Al seem to be intrinsically biased. The
reason underlying this issue lies in a very basic—but often
underestimated—tfact about text corpora on which these
algorithms are trained: they are the result of human opera-
tions. And, as we are going to see, humans tend to be biased
for specific cognitive reasons. From the first half of the
twentieth century, the question of what human biases are
animated scientific debates in cognitive science, and it still
fuels academic discussions. Aware of the inevitable incom-
pleteness of our analysis, below we present some of the most
influential theories on cognitive biases.

2.1 Biases, heuristics, and stereotypes

In the late 1970s, Shiffrin and Schneider (1977) introduced
a preliminary distinction between two forms of mental pro-
cessing: conscious and controlled processing, on one side,
and unconscious and automatic processing, on the other side.
While conscious processing requires attention and motiva-
tion, which takes time to operate hence leading to a slow
processing of information, automatic processing operates
faster, outside of attention, and without executive control.
According to Kahneman et al. (1982), only by knowing
how these two parallel information processing, respec-
tively, System 1 and 2, shape our judgments and decisions
we can understand the profound effects of cognitive biases
in the functioning of the human mind. In System 1, cogni-
tive biases are linked to heuristics when individuals have
to judge or make a decision under uncertainty. In fact, peo-
ple’s intuitive judgment deviates from the rules of logic or
probability, challenging the idea that humans are rational
beings (Tversky and Kahneman 1974). This deviation is
explained by various kinds of heuristics and their related
cognitive biases, such as the Adjustment heuristic leading
to Anchoring effects, or the Representativeness heuristic
leading to Base rate fallacy, Conjunction and Disjunction
fallacy. Although subsequently criticized (Gigerenzer 1996),
the heuristics-and-biases approach has changed the field of
studies on cognitive biases by setting the main research
questions, and permanently absorbing the concept of bias
with that of error. In this framework, biases are, therefore,
intended as problematic.

Other research programs have instead assimilated the
notion of bias with that of stereotype. The latter is built
on the two theoretical notions of associative networks in
semantic memory and automatic activation. Concepts in
semantic memory are assumed to be linked together in the
form of associative networks, with associated concepts hav-
ing stronger links, or being closer together, than unrelated
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concepts (Collins and Loftus 1975). A stereotypical asso-
ciation might be stored in semantic memory and automati-
cally activated, hence producing an implicit stereotype effect
(Devine 1989). Therefore, cognitive biases are involved in
our way of classifying things: our expectations are auto-
mated so that the mere presence of a clue related to the cat-
egory, that is a “category linked-cue”, can activate a series
of automatic associations without conscious awareness or
intention of the individual (Devine and Sharp 2009). This
automatic cognitive process plays a role not only in cat-
egorizing objects, but also in people, thereby giving rise
to social stereotypes. Critically, automatic associations may
also be found in individuals that do not share, or even repu-
diate, the content of such representations, as in the case of
implicit race biases (Amodio and Devine 2006).

In this perspective, biases and stereotypes appear to be
a pivotal feature of human categorization. “Stereotypes are
fundamental to the ability to perceive, remember, plan, and
act. Functionally, they may be regarded as mental helpers
that operate in the form of heuristics or short-cuts.” (Banaji
2002, 15,102). Likewise, Gladwell (2005) encourages us to
give as much value to instantaneous impressions, fast as “the
blink of an eye”, as to months of rational analysis. Along
these lines, cognitive biases are considered a type of heu-
ristics, such as the “fast and frugal”, that the mind needs to
make better decisions in response to the stimuli of the com-
plex external world (Gigerenzer et al. 1999). More recently,
following Simon’s (1955) idea of the “Bounded rationality”
in decision-making with its “Satisficing” heuristic, Giger-
enzer developed a systematic theory of heuristics called
“Ecological Rationality”. Under this account, the cognitive
system relies on an adaptive toolbox, composed of biases
people use for adaptive reasons, called “adaptive bias”. By
ignoring part of the available information due to his biased
mind, his Homo Heuristicus can handle uncertainty more
efficiently than an unbiased mind (Gigerenzer and Brighton
2009).

2.2 How to measure implicit biases in cognition?

Given the pervasiveness of biases and stereotypes in cog-
nition, social psychologists started to search for suitable
measures of implicit biases (e.g., Greenwald and Banaji
1995). With this purpose, Greenwald and collaborators
(Greenwald et al. 1998) developed the Implicit Association
Test (IAT), measuring reaction times to different combi-
nations of word pairings with attributes presented over
five sessions. In a standard IAT, participants are asked to
quickly sort words into categories that are presented on the
left or on the right of the screen, and that are represented
by the target attributes and categories (e.g., flower, pleas-
ant; insect, unpleasant). In the first session, participants
are asked to sort pictures (or words) they are presented

with based on word pairings (flower vs insect); in the sec-
ond session, they sort them based on attributes (pleas-
ant vs unpleasant); in the third session, word pairings and
attributes are paired and participants are asked to sort pic-
tures (or words) according to this parameter, while the last
two sessions are counterbalancing sessions. When highly
associated categories (e.g., flower and pleasant) share a
response key, the reaction times are faster compared to
the opposite condition (i.e., insect and pleasant sharing a
response key). It is generally held that performance dif-
ferences implicitly measure the degree of association of
concepts and attributes.

The IAT task can be implemented with any word
pair—attribute combination, but has been mainly used to
examine a range of implicit stereotypes, such as racial and
gender stereotypes (Greenwald et al. 2015). The results of
these tests consistently reported the existence and endur-
ance of negative stereotypical associations to certain social
categories, such as people of color and women, hence sug-
gesting these implicit biases are not the exception, but
almost the rule in automatic information processing.

Stereotypical associations can even implicitly influence
social judgements of people consciously seeking to avoid
their use. It is still under debate whether and how cultural
associations may be controllable and inhibited in decision-
making, particularly when it comes to non-discriminatory
judgments. For instance, Lai et al. (2016) examined nine
intervention techniques aimed at reducing implicit racial
bias, and showed that their effectiveness disappeared
within a few days. So, implicit associations are malleable
in the short term, but also firmly established in our minds.

On top of that, stereotypes may interfere with partici-
pants’ cognitive performances, even when these are irrel-
evant for the task being performed. In a series of studies,
white college participants who had previously taken a
Race IAT were asked to interact with either a same-race
or different-race peer confederate presented to them as
the student manager of the test laboratory. Afterwards,
they were asked to undertake an unrelated task, the Stroop
color-naming task, generally used to measure executive
control and cognitive depletion. The faster participants are
at calling out the colors in which the words are printed, the
higher their level of current executive control; the slower
they are, the more cognitively depleted they are assumed
to be. The findings show not only that the stress of inter-
racial interaction undermined participants’ subsequent
executive control, but also that the greater was the rela-
tive ease with which they associated negative words with
Black American racial categories in the IAT, the poorer
was their Stroop performance after interracial interactions.
This suggests that countering stereotypes is “cognitively
costly” (Richeson and Shelton 2007, 317).
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Whether biases and stereotypes are to be considered
as “cognitive tools” or not, they can have disruptive con-
sequences for the social life of specific social groups. To
contrast this, it is essential to tackle the emergence and
consolidation of cognitive mechanisms supporting the
establishment in semantic memory of specific associa-
tions. Below we review some of the evidence document-
ing these processes with respect to a specific form of bias,
that is gender bias.

2.3 Gendered biases: behavioral and linguistic
evidence

Amongst several variables differentiating human beings,
gender seems to be one of the most powerful and readily
available cognitive tools. As early as 9 months, children can
already distinguish female from male faces (Leinbach and
Fagot 1993), and associate female voices to female faces
(Poulin-Dubois et al. 1994). In addition, 6 years old children
show high endorsement of essentialist theories of gender
(Taylor et al.2009), suggesting the representation of gender
as a category composed of two classes, each with its specific
characteristics, might innately be essentialist. Additionally, it
is claimed that gender is an evolutionarily salient perceptual
feature; for instance, rapid gendered categorization based
on physical cues occur as early as 150 ms after the stimulus
onset, even when the task does not require directing attention
to gender (Ito and Urland 2003).

It is, therefore, not surprising that gendered stereotypes
and biases are so deeply rooted in our society. Physical and
biological differences between women and men are often
accompanied by the perception that these two classes are
fundamentally different in terms of cognitive skills and
behavioral attitudes. Research aimed at identifying psycho-
logical differences between women and men accumulated
over the years (e.g., Ingalhalikar et al. 2014; Sax 2005), con-
verging on the idea that these two discrete sexual categories
are somehow different in their behavioral attitudes, cognitive
capacities, and desires. While recent evidence coming from
psychological meta analyses (e.g., Hyde 2005; Hyde et al.
2019) and neural findings (e.g., Joel et al. 2015) is nowadays
challenging the idea of innate differences between women
and men driving behavioral patterns, gendered stereotypes,
and the biases they afford, remain partially unaffected.

One domain in which gender bias is especially evident is
the one of careers. In this context, the conceptual associa-
tion generally underlying patterns of gendered stereotypical
thinking is the one that opposes women as primarily nur-
turing and affectionate, and men as competent and active
(Bem 1974). This results in the belief that women are better
suited for caring and family social roles, whereas men are
thought to excel in social positions involving responsibilities
and specific skills. For instance, results from over 600,000
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online IAT tasks reported stereotypical associations between
female terms and family or liberal arts, and male terms with
science and career (Nosek et al. 2002). This kind of implicit
association has a detrimental impact at the societal level,
where male applicants are systematically favored to female
applicants—even when there are no reliable differences in
expertise. Moss-Racusin et al. (2012), for instance, com-
pared the evaluations of applications for a laboratory man-
ager position of faculty participants. Importantly, the appli-
cation material was the same, but applicants were randomly
assigned either feminine or masculine names. Their results
show that male applicants were rated as significantly more
competent and hireable than female applicants, despite their
curricula being identical, and were assigned a higher starting
salary compared to female applicants.

Not only gender stereotypes affect how the capabilities of
women and men are perceived, but they also have an impact
on how these two groups are evaluated and rewarded when
it comes to their jobs. Along these lines, a meta-analysis of
almost 100 studies targeting more than 200,000 employees
from different industries (Joshi et al. 2015) revealed that
performances of female workers tend to be judged signifi-
cantly less favorably than those of male workers. On top of
that, under the same objective circumstances, women are
less likely to get promoted and reach prestigious positions,
even in academic settings (Trevifio et al. 2018).

It has been proposed that stereotypically desirable and
undesirable traits for women and men relate to two basic
semantic dimensions, namely potency and evaluation (Rud-
man et al. 2001). More recently, these two dimensions have
been reinterpreted as opposing traits related to communal-
ity and warmth to those referred to agency and competence
(Ellemers 2018); importantly, according to the Stereotype
Content Model (SCM, see Fiscke et al. 2007) warmth and
competence are also the two fundamental dimensions of
social perception. Under this account, women would be
mostly suited for caring social roles, whereas men would
make the best of their jobs in agentic and powerful positions
(for further discussions see Rippon 2019).

Language also encodes stereotypical associations.
Cross-linguistic research showed that linguistic gender can
impact the conceptual representation of even inanimate enti-
ties, such that in languages where grammatical gender is
encoded speakers may conceptualize objects according to
their grammatical gender (e.g., a table would be feminine
in Spanish, La Mesa, and masculine in Italian, Il Tavolo,
see Samuel et al. 2019 for a review). More to the point,
not only linguistic structures affect conceptual representa-
tion, but stereotypical gendered associations are also car-
ried by broader semantic associations. For instance, names
that are grammatically masculine are more frequently rated
as powerful and active than names that are grammatically
feminine, which in turn are rated as prettier (e.g., Konishi
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1993)—consistently with the opposition between warmth
and competence already mentioned.

Within semantic domains, occupational nouns were found
to be highly stereotypically gendered. Gender stereotypical-
ity is understood as the belief that a certain social or occupa-
tional role is more likely to be occupied by one gender. This
phenomenon has been measured through both implicit and
explicit tasks, and was found to be consistent across cultures
and languages (Misersky et al. 2014). In a semantic prim-
ing study composed of two experiments, Banaji and Hardin
(1996) asked participants to judge whether pronouns they
were presented with after role descriptors were feminine or
masculine (Experiment 1), or to decide whether they were
pronouns or not (Experiment 2). The role nouns used as
primes were chosen based on census data on occupations,
such that they reflected the actual skewness of the gender
composition of occupations like nurse, secretary, doc-
tor, mechanic. Participants were faster in responding after
stimuli that were consistent with gendered expectations in
both experiments—suggesting that stereotypical information
about gender conveyed by language is encoded irrespectively
of the task being performed. Online language processing
also activates implicit stereotypical gender knowledge. Stud-
ies employing ERPs (Event Related Potentials, a measure
used to determine the difficulty of processing certain stimuli)
found that comprehending linguistic information consistent
with stereotypical gender-expectations (e.g., feminine pro-
nouns with the role descriptor nurse) is more fluent than
comprehending inconsistent gendered information (e.g.,
masculine pronouns with nurse, see Misersky et al. 2019).
Role nouns seem to be infused with gendered stereotypes
even in the absence of grammatical cues denoting the gender
of the referent (Gygax et al. 2008), so that English-speaking
participants are more likely to associate mathematician with
men than with women, even though the role-noun is not
gendered in English (Misersky et al. 2014).

2.3.1 What is gender, and why is it so difficult to define?

The previous discussion outlined stereotypes and biases
humans employ—sometimes unconsciously—to make sense
of a gendered world. There are more than 7,500,000,000
people in the world, each with its own peculiarities and char-
acteristics. It is, therefore, not surprising that our cognitive
system employs short-cuts to broadly categorize people,
and as discussed before, gender seems to be an evolution-
ary optimal candidate to serve as a categorizing cue. So,
categorizing a person as either a woman or a man would tell
us so much more than simply what their sexual organs are. It
would give us hints into their behavioral and psychological
attitudes, without delving further into their actual prefer-
ences. However, this account faces two main problems. On
the one hand, it is clearly reductive, as it neglects individual

variability in psychological and behavioral attitudes among
people—while at the same time reinforcing gendered stereo-
types proven false by recent evidence (e.g., Hyde 2005). On
the other hand, it presupposes human beings are necessarily
divided into two given classes, namely females and males,
sharing some common traits based on biological differences.
This assumption overlooks the variability of sexual configu-
rations reported in biological studies (Fausto-Sterling 2012),
and conflates sex into gender leaving non-conforming gender
identities out of the picture.

These inconsistencies attest the tension between two
opposing accounts on gender. Some research strands main-
tain that gender is rooted into biological sex differences
between women and men, which further drive behavioral
and cognitive differences (e.g., Ingalhalikar et al. 2014).
This perspective is often referred to as ‘biological/essential’
theory (see Saguy et al. 2021). Under this account, gender is
understood as an essential, objective, and natural category,
stable across time and contexts, and composed of two fun-
damentally different classes, namely women and men. By
contrast, social constructionist theories propose that gender
is the result of sociocultural significations, and therefore
that its boundaries are flexibly shaped by culture and society
(West and Zimmerman 1987; Risman 2004; Butler 1990).
In line with this perspective, gender differences are created
by social factors and reinforced from infancy by differential
treatment reserved to girls and boys. Fausto-Sterling et al.
(2015), for example, showed that processes of gendered
socialization occur as early as 3 months of age: mothers of
daughters were more prone to take care of the appearance
of their daughters, whereas mothers of sons engaged more
frequently in rough motor activities. Anthropological and
sociological findings also challenge the idea of gender bina-
rism (i.e., the idea that there are only two classes of human
beings) as a universal feature. In fact, social and cultural
systems escaping the gender binary are widely documented
across cultures and times (e.g., Hegarty et al. 2018).

More recently, some scholars proposed the label gen-
der/sex (van Anders 2015; Hyde et al. 2019) to account for
both biological and sociocultural components entrenched
in the constitution of gendered and sexed identities. This
proposal stresses the intertwinement between embodied
(e.g., genitalia, hormones, bodily features) and sociocultural
features (e.g., processes of socialization, cultural bench-
marks), without necessarily laying on the essentialist or on
the constructionist side of gender. So, while certainly less
straightforward than some other accounts, hence more cog-
nitively demanding, it seems particularly fitting to account
for the complexity of gender. This view is also supported
by research tapping into conceptual representations of gen-
der. Indeed, in a recent study (Mazzuca et al. 2020a) gender
was found to be conceptualized as a mixture of biological,
perceptual features and sociocultural components. On top
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of that, its representation differed between “gender-norma-
tive” and “non-normative” individuals, suggesting personal
and social experiences strongly influence the perception of
gender.

As the previous discussion showed, human experience
is heavily imbued with biases and stereotypes. Crucially
though, human experience is a primary source of informa-
tion, and information is what data are fed with. Machine
learning algorithms trained on natural language data are,
therefore, inevitably permeated with human biases and ste-
reotypes. In the following section, we focus on recent dis-
cussions in the computer science literature with the aim of
providing a further suggestion on the issue of gender-biased
data.

3 Biased data: a bottom-up perspective
on machine learning and natural
language processing tools

With the commercialization and widespread use of Al sys-
tems and applications in our everyday lives, computer sci-
entists in different subdomains such as machine learning,
natural language processing, and deep learning are becom-
ing increasingly aware of the biases that these applications
can contain. A very detailed survey (Mehrabi et al. 2021)
motivates researchers to tackle this issue by investigating
different real-world applications that have shown unfair out-
comes in the state-of-the-art methods. The survey provides
a list of different sources and types of biases (such as the
Representation bias, Sampling bias, Algorithmic bias, etc.),
and examines how researchers have tried to address them.
In the next, we pay special attention to what the authors
call “historical biases” (Mehrabi et al. 2021, 4) in Word
Embeddings (WE), and to how some interdisciplinary stud-
ies recently attempted to address this issue bridging the gap
between results from cognitive psychology combined with
those coming from WE.

3.1 Humans-in-the-loop: vicious or virtuous circle?

Recent advancements in the field of computer science
revealed the multifaceted relation between cognitive biases
and machine learning data—a relation that, as we are going
to show, can lead to a vicious or virtuous circle.

On the one hand, close to machine learning applica-
tions, Kahneman and Tversky (1973) warned that cognitive
biases can lead to violations of the Bayes theorem when
people make fact-based predictions under uncertainty (see
Sect. 2.1). Kliegr et al. (2021) discuss to what extent cogni-
tive biases, as understood by Tversky and Kahneman (1974),
may affect human understanding of interpretable machine
learning models, in particular of logical rules discovered
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from data. Their review covered twenty cognitive biases,
heuristics, and effects that can give rise to systematic errors
when inductively learned rules are interpreted. For most
biases and heuristics, psychologists have proposed “debias-
ing” measures that can be adopted by designers of machine
learning algorithms and softwares. Application of empirical
findings from cognitive science are also described to propose
several methods that could be effective in suppressing these
cognitive phenomena when machine learning models are
interpreted. Finally, they suggest that future research should
focus on empirical evaluation of the effects of cognitive
biases in the machine learning domain.

On the other hand, since meaning is fundamental to many
psychological processes, advances in the measurement of
meaning, supported by WE (see Sect. 3.2), might also be of
assistance to psychological sciences. Numerous researches
validated WE as a means of representing the meanings
contained in texts, demonstrating that WE retrieves known
semantic and lexical relationships among words (e.g., Baroni
et al. 2014). Because text represents an externalization of
our semantic knowledge, psychologists are trying to adapt
WE from computational linguistics to study the semantic
organization of the human mind. In particular, WE has been
used by different research strands, ranging from the study of
decision-making (Bhatia 2017; Bhatia and Walasek 2019),
language learning processes (Hollis 2017), brain imaging
(Pereira et al. 2018; Zhang et al. 2020), to formal testing
of psychological theories (van Loon and Freese 2019), and
above all to model cognitive biases and stereotypes (Calis-
kan et al. 2017; Garg et al. 2018; Lewis and Lupyan 2020;
Caliskan and Molly 2020).

In the following, we first focus on the debate among com-
puter scientists on whether debiasing is necessary or not
(Sect. 3.2); then we detail some of the most relevant interdis-
ciplinary studies using WE to shed light on implicit biases
and stereotypes encoded in natural language (Sect. 3.3).

3.2 The issue of debiasing word embeddings

Word Embedding (WE) represents a class of machine learn-
ing techniques used to uncover the semantic structure of
text corpora. This recent and powerful machine learning
technique is considered as a breakthrough in deep learning
methods for its impressive performance on challenging natu-
ral language processing problems (Goldberg 2017). In WE,
individual words are represented as real-valued vectors in a
predefined vector space; each word is mapped to one vector
and the vector values are learned in a way that resembles a
neural network (Bengio et al. 2003). The learning process
can be either joint with the neural network model on some
tasks, such as document classification, or unsupervised,
using document statistics.
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State-of-the-art WE algorithms utilize neural networks to
calculate the semantic relatedness of all words within a cor-
pus on the basis of contextual interchangeability (Mikolov
et al. 2017). Thus, words that occur in the same contexts
are deemed more similar than words that occur in different
contexts. In this way, WE can represent the relative meaning
of all of the words within a language. The theoretical back-
ground of this approach is constituted by linguistic theories
such as the distributional hypothesis (Harris 1954) accord-
ing to which words occurring in similar contexts will have
similar meanings. This notion is well expressed by Firth’s
notorious motto ““You shall know a word by the company it
keeps!” (Firth 1957, 11), implying that contextual informa-
tion alone constitutes a viable representation of linguistic
items. So, in WE the distributed representation is learned
based on the usage of words, hence allowing words that are
used in similar ways to have similar representations, and
capturing their meaning.

Word2vec, a statistical method for efficiently learning
a standalone WE from a text corpus developed by Google
(Mikolov et al. 2013), has become a de facto standard for
developing pre-trained WE. Originally conceived as an
attempt to make the neural-network-based training of the
embedding more efficient, it also featured the analysis of
learned vectors, and the exploration of vector math on the
representations of words. A well-known example shows
that subtracting the “man-ness” from the word King and
adding the “women-ness” produces the word Queen, cap-
turing the analogy “king is to queen as man is to woman”.
Subsequently, the Global Vectors for Word Representation
(GloVe) algorithm was developed by Stanford (Pennington
et al. 2014) as an extension of the Word2vec method for
efficiently learning word vectors. GloVe aims to marry two
approaches: on the one hand, global statistics of matrix fac-
torization techniques for classical vector space model repre-
sentation, like Latent Semantic Analysis (LSA); while on the
other hand, local context-based learning in Word2vec, which
is more effective in capturing meanings by means of analo-
gies. Among many types of intrinsic and extrinsic evalua-
tions of these techniques (Bakarov 2018), solving word anal-
ogies has become one of the most popular benchmarks for
WE, relying on the assumption that linear relations between
word pairs such as king:man:: woman:queen are indicative
of the quality of the embedding (Drozd et al. 2016).

The wide use of this intrinsic evaluation based on the
completion of word vector analogies has brought unexpected
results. The analogies showed that WE may carry biases
mirroring those present in our societies, and thus encoded in
our language. For example, in distributional semantics mod-
els (DSMs) like Word2vec and GloVe, the similarity of gen-
der-neutral words like programmer with woman should not
be lower than the similarity of programmer-man. However
the arithmetic of these algorithms would solve the analogy

reporting man:woman:: computer programmer:homemaker.
This gave rise in 2016 to a heated and still ongoing debate
within the machine learning community, aimed at iden-
tifying the best way to deal with this problem. The many
attempts at reducing bias, either via post-processing (Boluk-
basi et al. 2016) or directly in training (Zhao et al. 2019)
have nevertheless left two research problems: (i) biases are
still encoded implicitly in language, so that the effect of
these attempts is mostly to hide them, rather than removing
them. It has been claimed that, existing bias removal tech-
niques are insufficient, and should not be trusted for provid-
ing gender-neutral modeling (Gonen and Goldberg 2019);
more importantly, (ii) it is still under discussion whether we
should aim at their removal or rather at transparency and
awareness (Swinger et al. 2019), carrying out a fair analysis
of human biases present in word embeddings, which cannot
be addressed using analogy tasks (Nissim et al. 2020).

3.3 Leveraging word embeddings to expose
implicit biases and stereotypes

Replicating a spectrum of known biases as measured by
IATs (see Sect. 2.2), Caliskan et al. (2017) showed that train-
ing GloVe statistical machine learning model on a standard
corpus of text from the World Wide Web, that is ordinary
human language, can result in “human-like semantic biases”
(Caliskan et al. 2017, 11). Furthermore, they developed the
Word-Embedding Association Test (WEAT), a statistical
test comparing word vectors for the same set of words used
by the IAT. Contrarily to Bolukbasi et al. (2016), they rig-
orously demonstrated human-like biases in WE and hence
suggested that WE not only track gender or ethnic stereo-
types, but the whole spectrum of human biases entrenched in
language. Indeed, they claimed that it would be impossible
to use language significantly without incorporating biases,
or as they put it: “we show that bias is meaning” (Caliskan
et al. 2017, 12). So, text corpora contain imprints of implicit
associations stored in our memory, which are often morally
neutral, as in the case of insects and flowers.

While in some cases these associations can turn out to
be discriminatory, sometimes they are merely veridical
from an historical point of view. For example, Garg et al.
(2018) used the temporal dynamics of WE to quantify his-
torical trends and social changes in stereotypes and attitudes
towards women and ethnic minorities in the twentieth and
twenty-first centuries in the US. Integrating WE trained on
100 years of text data with the US Census, the results show
that changes in the embedding track closely with demo-
graphic and occupation shifts over time. This approach is
indeed a powerful intersection between machine learning
and quantitative social science, which has been exploited to
investigate the persistence of gender stereotypes too. Simi-
larly, Lewis and Lupyan (2020) showed by means of IAT
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data from 39 countries assessing the association between
women—family and men—career that countries with higher
scores of implicit stereotypical gendered associations had
also a lower percentage of women in STEM, as measured
by UNESCO reports. Remarkably, using WE on two differ-
ent corpora to retrieve words associated with females and
males they also found a correlation between IAT scores
and stereotypical gendered associations. This pattern held
across 25 different countries and languages, such that par-
ticipants whose dominant language showed stronger associa-
tions between women—family and men—career showed also
stronger stereotypical associations in the IAT.

By reviewing these findings, Caliskan and Molly (2020)
present evidence that word embeddings closely align with
aspects of human cognition related to social reasoning—
both in terms of implicit judgements and more objective
social structural patterns and biases. However, they point out
that while language statistics may have broad explanatory
power in accounting for psychological constructs, the design
of this approach is “correlational and thus unable to establish
causality” (Caliskan and Molly 2020, 14). Therefore, the
authors discuss two possible future directions for examin-
ing the extent to which language statistics play a causal role
in shaping biases in human cognition: (i) a cross-linguistic
generalization of the methods described to languages beyond
English, and (ii) building causal models from observational
data or experimental setting.

Along these lines, in the following section, we describe
a further possible approach that arises in the direction of an
explainable human and artificial intelligence, through the use
of ontologies and knowledge representation (KR) integrating
data from machine learning and cognitive psychology.

4 Awareness and transparency:
the role of ontologies and knowledge
representation in explainable human
and artificial intelligence

A recent trend in artificial intelligence (Al) is trying to com-
bine subsymbolic approaches (e.g., WE) with symbolic ones
(e.g., Knowledge Graphs, KG)—as already proposed in a
seminal discussion by Minsky (1991).

Along these lines, studies relating WE with WordNet
are particularly relevant. WordNet (Fellbaum 1998) is a
manually derived conceptual representation of word rela-
tions (e.g., synonymy, hyponymy, meronymy, etc.) based
on psycholinguistic principles. WordNet has been exten-
sively used in computational linguistics, but it can also be
used as a knowledge graph (KG) (Fensel et al. 2020), and
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refined as a formal model of lexicon, thus gaining automated
inferences and consistency checking from machine reason-
ers that use knowledge representation languages such as
OWL (Allemang and Hendler 2011). In fact, WordNet has
already been formalized in OWL/RDF (van Assem et al.
20006), and its structure has been reorganized under formal
ontology principles in OntoWordNet (Gangemi et al. 2016),
representing synsets (equivalence classes of word senses)
and the other entities from WordNet as ontology elements
(classes, properties, individuals, axioms), and linking them
to the DOLCE foundational ontology” (Borgo et al. 2022).
Additionally, recent studies have tried to automatically rec-
reate WordNet’s overall structure (Khodak et al. 2017) and
substructure (Zhai et al. 2016) using information inferred
from WE vectors. Specifically, Khodak et al. (2017) present
a fully unsupervised method for the automated construc-
tion of wordnets based on a new word embedding-based
method matching words to synsets, alongside the release of
two large word-synset matching test sets for French and Rus-
sian. These experiments provide evidence that the relative
position of WE vectors is reflective of semantic knowledge.
WordNet was also one of the semantic resources used to test
the AutoExtend system (Rothe and Schiitze 2017), which
formalizes it as a graph, where the objects of the resource
are represented as nodes, and the edges describe relations
between nodes. The nature of these relations can be either
additive, when capturing the basic intuition of the offset
calculus (Mikolov et al. 2013a), or based on similarity rela-
tions simply defining similar nodes. Based on these rela-
tions, the authors defined various constraints to select the
set of embeddings that minimize the learning objective. For
example, one constraint states that the embeddings of two
synsets holding a similarity relation should be close.

While the potentiality of approaches combining WE and
KG has been fairly explored—see also the Wembedder sys-
tem of Wikidata KG (Nielsen 2017)—the use of these tools
to address ethical issues in Al systems remains mostly unex-
ploited. One notable exception is a recent study by Dancy
and Saucier (2021), suggesting that “antiblackness” in Al
requires more of an examination of the ontological space
that provides a foundation for Al design, development, and
deployment. To show an example of “antiblackness” they
discuss results from auditing an existing open-source KG,
called ConceptNet (Speer et al. 2017), that includes knowl-
edge from several sources to connect terms with labeled,
weighted edges. The ConceptNet API uses a system called
“ConceptNet Numberbatch™ that combines data from sev-
eral sources, such as ConceptNet 5, word2vec, GloVe, and

2 http://www.ontologydesignpatterns.org/ont/dul/DUL.owl.

3 https://blog.conceptnet.io/posts/2017/conceptnet-numberbatch-17-
04-better-less-stereotyped-word-vectors/.
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OpenSubtitles 2016, by using a particular algorithm to cal-
culate the relatedness for out-of-vocabulary terms. Despite
the attempts to produce fairer relations between terms
through “algorithmic de-biasing” (cf. Section 3.2), an explo-
ration of semantic relatedness between the racialized terms
black_man, white_man, black_woman, and white_woman,
showed a pattern reflective of known historical relations and
existing racial structures. For example, black_man retained
a closer semantic relatedness to animalistic terms, while
white_man retained human-related representations. It is
notable—especially in a system that has been “de-biased”—
the lack of semantic representation for black_woman, while
white_woman remained a stand-in for woman, which shows
the continued issue of intersectionality (Collins 2015), that
is the issue of racialized, gendered intersections.
Furthermore, another notable exception among psy-
chological investigations especially focusing on semantic
memory is the study of Della Rosa et al. (2014), which used
MultiWordNet* —a multilingual lexical database including
an Italian version of WordNet that are aligned to external

4 https://multiwordnet.fbk.eu/english/home.php.

databases in other languages, such as Spanish, Portuguese,
Hebrew, Romanian and Latin WordNets—to derive distinct
types of abstract concepts. In particular, the authors of the
experiment derived from MultiWordNet 5 distinct classes
of abstract concepts, which are hyperonymy in WordNet,
namely traits (e.g., weakness), actions (e.g., seduction),
emotions (e.g., fear), social concepts (e.g., friendship), and
cognitions (e.g., ideal). To overcome the fact that contents
and the classification into different domains in WordNet are
made a priori and do not take into account the distinction
between abstract and concrete concepts, which is one of the
core of the interpretative framework of the Word As social
Tool (WAT) theory (Borghi and Binkofski 2014; Borghi
et al. 2018), Della Rosa et al. (2014) additionally had a
sample of participants rating concreteness, abstractness, and
category membership.

Based on these findings, we emphasize that knowledge
graphs using Linked Open Data (LOD) principles to provide
easy access to structured data on the web can be used not
only to contextualize and fix, if needed, Al systems making
use of them, but also to understand human behavior and
decision-making.
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Table 1 Words resulting from

o Free-listing word Percentage of participants producing WE from Wikipedia Cosine

the free—hst}ng to .the word the word (raw frequency)

“gender” with their frequency,

and words resulting from word Identity 39 (30) Sexuality 0.71

‘V:;‘}E:ddmgs with their cosine Sex 32 (25) Grammatical 0.70
Female 26 (20) Identity 0.69
Male 26 (20) Sexual 0.68
Transgender 22 (17) Orientation 0.67
Masculinity 21 (16) Sex 0.64
Role 17 (13) Role 0.61
Sexuality 17 (13) Masculine 0.61
Equality 14 (11) Neuter 0.59
Femininity 14 (11) Plural 0.58

To achieve this goal, the integration between Natural Lan-
guage Processing (NLP) and Semantic Web (SW) under the
hat of “semantic technologies” requires a stable semantics
allowing comparisons between tools or methods. In this
sense, a wide coverage resource called Framester (Gangemi
et al. 2016) can be particularly suitable for the goal of an
explainable Al, as well as human intelligence, by creating
an interoperable predicate space formalized according to
frame semantics (Fillmore 1976), and ontological semiot-
ics (Gangemi 2010). In fact, Framester is intended to work
as a knowledge graph/linked data hub to connect lexical
resources, NLP results, linked data, and ontologies. It uses
the RDF versions of WordNet and FrameNet (Narayanan
et al. 2000; Nuzzolese et al. 2011) at its core, and expands
them transitively, by linking to lexical resources such as
VerbNet (Kipper et al. 2000) and BabelNet (Navigli and
Ponzetto 2012) as well as by reusing or linking ontological
resources including OntoWordNet, DOLCE, Yago (Rebele
et al. 2016), DBpedia (Auer et al. 2007), etc. Figure 1 dis-
plays all the resources integrated in Framester so far. Other
new resources can be added in this dense interlinking by
means of a homogeneous formalization for a direct and inter-
operable use of their data.

Therefore, in the following we propose an interdisci-
plinary perspective that aims at integrating both WE and
free-associates with the concept of gender in Framester
Linguistic Data Hub, making them available as a publicly
dereferenceable and queryable knowledge base. To the best
of our knowledge, there is to date no such resource com-
bining insights from both machine learning and cognitive
psychology that might help unravel the complexity of gender
biases as exposed by the intertwinement between Al and
cognitive processes.

@ Springer

4.1 Future directions: integrating word
embeddings and free-listing data
on the concept of gender

Our proposal of integrating free-associates and WE related
to the concept of gender in an interoperable predicate space,
based on foundational axioms (i.e., DOLCE ontology)
applied to lexical knowledge (i.e., FrameNet, WordNet, etc.),
has a two-folded objective. First, it aims at overcoming the
lack of fairness and transparency in machine learning algo-
rithms (Sect. 3); second, it is aimed at coping with the theo-
retical difficulty of defining what bias and stereotypes are
(Sect. 2), with a focus on gender biases (Sect. 2.3). Finding
this information in a structured formalization of a semantic
network can be useful to a broad audience, ranging from
developers looking for fairness in algorithms, to research-
ers in various disciplines willing to explore the resource for
their studies, or even to legal and ethical experts for devel-
oping Al principles and regulations. Our assumption is that
ontologies and knowledge representation can be key assets to
enact hybrid systems, paving the way towards the creation of
transparent and human-understandable intelligent systems.

As highlighted in Sect. 3.3, the information contained in
WE models can be compared to self-report responses uncov-
ering associations in natural language associations reflecting
those present in our mind and society over time. Amongst
numerous methods used to access semantic memory, seman-
tic fluency tasks are consistently employed by researchers of
diverse disciplines. Within this class of methods, free-listing
tasks are frequently employed in neuropsychology to test
the integrity of semantic knowledge in patients with brain
injuries (e.g., Strauss et al. 2006), or in anthropology and lin-
guistics to investigate the conceptual organization of specific
cultural categories, such as “kinship”, in different cultural
and linguistic communities (Bernard 2006). In free-listing
tasks, participants are presented with target words (e.g.,
“kinship”), and are asked to list as many exemplars related to
the word as they can in a given timeframe. Free-listing tasks
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Fig.2 Graphical representation in RDF/OWL of the main synsets and word senses of “gender” in WordNet. Each synset is also aligned to a
DOLCE foundational category. Yellow and pink represent classes and instances respectively, while blue arrows point to object properties

have often been deployed to gain insights in the organization
of conceptual knowledge by cognitive and developmental
psychologists too, that by means of free-listing described
the representation of several conceptual categories, such as
animals (Crowe and Prescott 2003), landscape (van Putten
et al. 2020), food (Hough and Ferraris 2010), and—more
importantly for our purposes—gender (Mazzuca et al. 2020a).

Like other semantic fluency tasks, free-listing tasks are
thought to provide an indirect measure of psychological
proximity of concepts: the basic assumption underlying
these kinds of tasks is that concepts that are mentioned ear-
lier and more frequently are more psychologically salient
for the target concept. In this sense, the rationale behind
free-listing tasks can be somehow assimilated to that of WE,
where words that are closer to the target word in a given
corpus are thought to be more related to the target concept.
Along these lines, we can compare WE for the target concept
gender retrieved from Wikipedia English texts using GloVe
(Mazzuca and Santarelli 2022) with free-listing data from
an English-speaking sample of participants (Mazzuca et al.
2020b). Table 1 shows the top 10 words with higher cosine

values for the WE data, and words listed at least by the 10%
of participants in the free-listing task.

While Table 1 presents a comparison of results obtained
with different methodologies sharing the underlying assump-
tion that similar words go together (Firth 1957), our aim
is to bring the analysis of these findings one step further.
Specifically, we propose to match and link those words,
without any kind of debiasing, to the related word senses
in WordNet, as one of the core resources of Framester data
hub. Therefore, we highlighted in boldface words listed
in Table 1 (i.e., identity, sex, sexuality, grammatical, and
role) that find a direct match with the WordNet word senses
related to gender (i.e., gender-noun-4, sex-noun-4, sexual-
ity-noun-1, gender_identity-noun-1, gender-noun-1, gram-
matical_gender-noun-1, gender_role-noun-1), as depicted
in Fig. 2. This graphical representation in RDF/OWL (with
Graffoo® notation) displays all the instances of the class
wn:WordSense representing words with specific senses. As
a set of synonyms, each word sense contributes to represent
the concepts expressed by the istances of the class wn:Synset

3 https://essepuntato.it/graffoo/.
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(e.g., sex-noun-4). Additionally, in Framester each synset
is aligned to a DOLCE foundational category. Among the
DOLCE primitive classes, which have a relational axioma-
tization, dul:Quality represents the qualities specific to the
entities to which they are inherent and, therefore, it depend
on objects (dul:Object), abstracts (dul:Abstract), or events
(dul:Event). In our example, both the instances sex-noun-4
and gender_identity-noun-1 are defined as dul:Quality, since
they are inherent to the concept of gender either as a physi-
cal quality (sex-noun-4) or as a non-physical quality (gen-
der-identity). Similarly, the entities in dul:Object class are
divided into physical and non-physical. The latter includes
socially constructed entities (dul:SocialObject) depending
on physical objects to exist. Both the instances gender_role-
noun-1 and grammatical_gender-noun-1 are included within
this macro-category.

To summarize, linguistic associations retrieved either
by prompting participants (free-listing task) or by means of
machine learning techniques (WE) align with the semantic
organization of WordNet synsets related to gender. In con-
trast with some accounts (see Sect. 2.3) these preliminary
results relying on DOLCE classification suggest gender is
mostly associated with non-physical and socially constructed
concepts.

Additionally, the linking of WE and free-listing data to
WordNet will also allow to find—by querying Framester
SPARQL endpoint®—the frames they evoke in FrameNet,
the sentiment and emotion scores in SentiWordNet (Bacci-
anella et al. 2010) and DepecheMood (Araque et al. 2022),
and any other data interlinked in the semantic network (cf.
Figure 1) that may be interesting for a fine-grained analysis
of the concept of gender.

The key examples in Fig. 2 shed light on the complexity
of the semantic conceptualization of gender represented in
a semantic network that exploits results from formal ontol-
ogy investigations into the features that characterize con-
ceptual distinctions, by applying foundational axioms to
lexical knowledge. Here we proposed to enrich this struc-
tured knowledge with cognitive psychology and machine
learning data, so as to gather evidence on conceptual rep-
resentations and distinctions, less easily identifiable with
one-way approaches. While the preliminary example we
described deals specifically with the concept of gender, we
suggest that embracing this approach might be a viable path
to uncover and describe related representations of gendered
biases and stereotypes. Importantly, this integrated resource
responds to the need of accounting for conceptual associa-
tions entrenched in our language, that are subsequently
embedded in text corpora—hence, exposing and possibly
debunking biases and stereotypes found in Al applications.

S http://etna.istc.cnr.it/framester2/sparg].
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5 Final remarks

The theoretical and technical discussions presented in our
paper aimed at demonstrating the need for, and the fruitful-
ness of, interdisciplinary approaches and tools that can be
put at service of an explainable human and artificial intel-
ligence, and that further bridge the ever-narrowing gap
between computer science and psycholinguistic studies.
Taking into account several existing approaches that address
the problem of biases and stereotypes, we also proposed
the implementation of an integrated semantic resource that
aims at integrating symbolic and subsymbolic knowledge.
Auditing such a composited knowledge network provides
an opportunity to probe implicit and hidden relations which
are crucial to understand as long as they exist. This process
becomes even more explicitly pivotal when these associa-
tions have a detrimental effect on the life of specific social
groups.

All ethical debates (Mittelstadt et al. 2016) and frame-
works to mitigate bias (Floridi et al. 2018) represent a super-
structure of human decisions and responsibilities that the
machine will have to learn. To be effective, this superstruc-
ture must rely on the awareness and consequent explain-
ability of the deep cognitive structure and internal mecha-
nisms of automatic and unconscious decision-making as a
cognitive resource of all human beings. Only in this way Al
applications can really get their positive value in our soci-
ety, instead of being a source of dangerous unfairness. This
synergic approach would thereby allow us to be able to learn
from Al something about us—even if not necessarily pleas-
ing—instead of only giving Al our data to learn.
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