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Abstract

As the use of Al proliferates, so too does the risk of algorithmic bias—systematic errors in Al
systems that discriminate against disadvantaged social groups. Although such biases are widely
documented, their psychological foundations are poorly understood. We argue that algorithmic
bias arises from human social cognition and prejudice as these processes interact with Al
systems. We propose a Human-Al Loop Model that specifies the mechanisms through which
human biases infiltrate Al systems at multiple points of human-Al interaction, from training
data production to the consumption of algorithmic outputs. Through these effects, Al systems
can amplify and obscure human prejudices while reinforcing existing inequities. We conclude
with psychology-centered strategies for disrupting this cycle and outline implications for

contemporary prejudice research.
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From the use of large language models (LLMs) to facial recognition and consumer
recommender algorithms, humans increasingly rely on Al systems (see glossary) to aid their
decisions: what to read, who to date, where to shop, and who to hire, surveil, or punish [1]. Yet
growing evidence reveals that operations of these systems are not neutral; rather, they
frequently replicate and amplify existing patterns of discrimination against women, racial

minorities, and other marginalized groups—a phenomenon known as algorithmic bias [2-6].

Highly-publicized examples of algorithmic bias include a criminal risk-assessment tool that
disproportionately labeled Black defendants as high risk for recidivism [7], a hiring algorithm
developed by Amazon that penalized résumés containing indicators of being female [8], and
facial recognition systems used by police that were more likely to misidentify dark skin-toned
individuals[9,10]. These error patterns in Al systems are not random [11]; they reflect systemic
distortions that disproportionately harm socially-vulnerable populations. Although concerns
about algorithmic bias have prompted both regulatory policy, such as the EU’s Al Act, and
computational interventions [12—-14], these mitigation approaches are limited by an incomplete
understanding of its fundamental source—humans—and the specific pathways through which

human bias infiltrates Al.

In this article, we propose that algorithmic bias is rooted in human social cognition and
prejudice, and that human biases affect nearly every stage of the Al lifecycle. That is, Al systems
are conceived, trained, deployed, interpreted, and consumed by humans whose judgments are

shaped by well-documented biases in perception, evaluation, and decision-making. Therefore,
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any effort to explain or mitigate algorithmic bias must account for the specific mechanisms

through which human psychological biases interact with Al systems.

1. A Psychological Perspective on Algorithmic Bias: The Human-Al Loop Model

From a psychological perspective, algorithmic bias is not merely a computational artifact, but a
novel expression of human prejudice via Al technologies. That is, it represents the transmission
of prejudice between individuals and Al systems via training data, models, and decision-support
tools, which in turn generate outputs that can reinforce, legitimize, and propagate existing
social inequalities [6]. Accordingly, the Human-Al Loop model conceptualizes algorithmic bias as
emerging from dynamic interactions between human cognition and computational systems (Fig
1). This model identifies two critical entry points through which human prejudice infiltrates Al:
in Al creation, involving the production and curation of training data, and in Al consumption,
involving how human users interpret and apply Al outputs in real-world decisions. Moreover,
describes a cyclical effect: human biases in the consumption of Al reinforce biased behaviors,
which subsequently shape the production and selection of training data, producing self-

perpetuating feedback loops of inequality and discrimination.

In what follows, we describe specific mechanisms through which human prejudices influence Al
systems at points of both creation and consumption. We then outline approaches for breaking
this cycle, with an emphasis on psychology-based interventions aimed at reducing bias at each

stage of human-Al engagement.
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Figure 1. The “Human-Al Loop” model of algorithmic bias. Algorithmic bias is produced by
human influences at the points of Al creation, through social prejudices in the production of
training data and organization priorities, and Al consumption, through social and cognitive
biases in the use of Al system outputs. These influences create a human-Al feedback loop
through which existing societal-level inequalities are reinforced and potentially amplified via
human interactions with Al systems.

2. Human Sources of Bias in Al Creation
Human prejudice first enters the Al life-cycle through (1) dataset production, (2) dataset

selection, and (3) the cultures and priorities of tech organizations.

A. Production of Training Data

Al systems are only as fair as the data on which they are trained. Because most training data are
generated, selected, or labeled by humans, human biases are inevitably embedded in the data

used to train Al systems. Prejudices, stereotypes, and structural inequalities shape what data



The Psychology of Algorithmic Bias 5

are produced, how they are labeled, and which data are ultimately included. In this section, we

describe multiple ways human biases enter Al systems via the production of training data.

i. Annotator Bias

Many supervised learning models—such as systems for automated facial recognition, content
moderation, and medical diagnosis—rely on training data that are labeled by human
annotators. Research in social psychology shows that the kinds of judgments annotators are
asked to make—for example, judging the ethnicity of a face or the tone of a social media post—
are often shaped by stereotypes, prejudices, and ideologies [15,16]. Thus, labeled Al training
data are highly susceptible to these same biases [17]. Below, we describe examples of human

biases in data annotation.

Face classification. Face classification systems rely on human judgments of facial attributes,
such as race, gender, and emotion expression—judgments that can be influenced by
stereotypes and prejudiced attitudes [16,18]. As a result, face annotation represents a critical
entry point for the cultural transmission of inequality into Al systems [19]. Social psychology
research has demonstrated multiple ways this can happen: Perceptual hypodescent is the
tendency to classify a multiracial face according to its lowest-status category, functioning in
part to preserve resources for dominant groups [20,21]. Perceptual hypodescent is amplified
among individuals with rightwing political ideology and anti-egalitarian beliefs [22,23] and
pronounced when single-category labels are required [24]. The gendered race effect describes

the tendency for White American perceivers to classify Black faces as more masculine and East
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Asian faces more feminine, reflecting American stereotypes of Black people as aggressive and
Asian people as submissive [25,26]. Race and gender stereotypes also influence labels of
emotion expression, too, such that male and Black and Middle Eastern faces are more readily
perceived as angry or threatening, whereas female and Asian faces are more readily perceived
as sad or fearful [27-29], even when expressions are objectively matched on facial muscle
activity [30-32]. Finally, the other-race effect describes a perceiver’s tendency to confuse or
misidentify faces from racial outgroups [33,34]; when such errors are passed via data labeling
into a face recognition training dataset, they can produce models that perform more accurately

for majority-race faces.

Social Media and Content Moderation. Content moderation algorithms are used to filter
harmful social media posts and to determine which posts to amplify or suppress. Creation of
such algorithms relies on human annotator judgments of harm—judgments known to be
influenced by a person’s prejudices, stereotypes, and ideologies [35—37]. Research examining
prejudice in content annotation found that Black- or Arab-authored posts were more likely to
be labeled as offensive or hateful, particularly by annotators with conservative ideologies [38].
Negative stereotypes about social groups increase the tendency to label speech by those group
members as hateful, and models trained on these labels reproduce these biases [39]. Similar
distortions emerge when LLMs themselves are used to annotate social media [40], due to the
stereotypes embedded in the text corpora used to train these labeling algorithms [41]. Thus,
content annotation comprises a potent pathway through which human prejudice enters Al

training data and models.
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Hiring and Employment. Hiring algorithms trained on historical hiring decisions inherit the
biases of human employers [42,43]. There is persistent discrimination against women and
ethnic minorities in the labor market [44,45], and research shows that, even with identical
résumés, women and ethnic minorities are less likely to be interviewed, evaluated positively, or
hired [46,47]. Al systems trained on a company’s hiring history learn to replicate these biased
patterns [42]—an effect famously illustrated by Amazon’s résumé-screening tool, which

penalized female applicants due to the company’s historical preference for male candidates [8].

Medicine and Healthcare. There are large historical racial disparities in US health care, whereby
minority groups are less healthy and receive worse care [48]. Psychology research shows that
physicians spend less time with minority patients, underestimate their pain, and provide lower-
quality care—patterns associated with doctors’ individual-level prejudice and stereotypic
beliefs [49-52]. When medical Al systems are trained on data reflecting these biased decisions,
they reproduce and even amplify these disparities [53-55]. For example, Obermeyer and
colleagues demonstrated that under-treatment for Black American patients, represented in
datasets used to train Al healthcare administration data, produced disparities of up to 46.5%
between care provided to Black and White Americans [56]. Furthermore, medical diagnostic
algorithms systematically underperform for women and racial minorities—underdiagnosing
disease and delivering less accurate results—because training datasets disproportionately

represent White male patients, which in turn reinforces existing health disparities [56—60].

Annotator Demographics and Culture. Annotators’ demographic and cultural backgrounds also

influence how they interpret text and images [61]. Because prejudice varies systematically
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across age, gender, education, and culture [62-64], annotator pools are rarely neutral. For
example, research on hate-speech classification shows that annotators’ cultural stereotypes
become embedded in training data and lead classifiers to reflect normative biases against
marginalized groups, producing systematic errors that mirror annotators’ cultural norms rather
than objective definitions of harm [39]. Cultural differences further shape semantic
interpretations—for example, labeling Western wedding attire as “bride” but non-Western

attire as “costume”[5]—introducing subtle but consequential distortions into datasets.

Effects of Mental States, Instructions, and Incentives. Annotator judgments are further shaped
by situational factors, which can amplify the expression of bias in data labeling. Fatigue,
cognitive load, and low accountability—conditions under which crowd-sourced annotation may
often occur—increase the influence of stereotypes on decision [65,66]. Task instructions can
also induce participant bias by leading annotators to respond in ways they believe will help the
work requester [67,68] or by priming particular perspectives; for example, an instruction to
label based on one’s personal views or knowledge could increase expressions of stereotypes
[69]. Moreover, incentive structures can selectively attract annotators with particular
backgrounds and motives [70]. These factors can systematically enhance bias in labeling

behavior, yet they are rarely accounted for in dataset construction.

ii. Human Biases in Natural Language Data

Human language is imbued with social stereotypes and prejudices—in vocabulary, word choice,
and narrative structure, as well as grammar and syntax [71-73]. Unsurprisingly, when LLMs are

trained on human text corpora, they reproduce these biased patterns [74,75]. We describe
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three ways in which these natural language patterns emerge in Al: through disparities in who
produces text, disparities in who and what is discussed, and systematic associations between

groups and attributes.

Disparities in Author Representation. Although LLMs today are largely trained on Internet-
based text, training text also includes digitized books and newspapers—sources with historic
representational disparities. Audit studies show that the demographics of these sources have
only recently begun to approximate population-level representation [76]. For example, women
were substantially underrepresented as book authors in 1970, publishing only a third as many
books as men, but reached approximate parity by 2020. However, many widely used
newspaper corpora (e.g., the Wall Street Journal) remain dominated by male authors and are
written for older, high-SES, politically conservative audiences. Models trained on such data
perform poorly when applied to language produced by younger or more diverse populations
[77]. More broadly, minority groups tend to be represented in training data through the lens of
majority-group authors who write about minorities, rather than by minority group authors

themselves, which further skews minority group portrayals [78].

Language data also reflect the overrepresentation of Western, Educated, Industrialized, Rich,
and Democratic (WEIRD) populations [79]. Although efforts exist to expand multilingual
resources—such as translating simple dictionary approaches like LIWC into Marathi [80], or to
collect multilingual texts, such as Wikipedia text from hundreds of languages [81]—non-WEIRD
and lower-resource languages remain underrepresented and are served by lower-quality

models [82,83]. As models are increasingly trained on their own LLM-generated text, this issue
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is likely to worsen and potentially result in a “model collapse” towards just one language or

culture [84].

Disparities in Content Frequency. Biases in authorship are compounded by disparities in who
and what is written about in text. Men are discussed far more frequently than women, and
these imbalances are amplified at intersections of gender, race, and class: for instance, only 5%
of common trait descriptors are associated with Black women, whereas 59% are associated
with White men [85]. As in many social domains, White, affluent men are more likely to be

treated as the default category of “person” in the texts used to train LLMs [86,87].

Content disparity effects are amplified in the domain of social media, where political,
moralized, emotional, and ingroup-focused content tend to be overrepresented [88]. These
imbalances are further exacerbated by engagement-optimizing algorithms which, in turn, shape
users’ perceptions of what kinds of content are normative or acceptable to post, producing a

self-reinforcing cycle of biased content generation.

Systematic Disparities in Group—Attribute Associations. Linguistic biases also arise from
systematic differences in how social groups are described in the training texts. Human language
disproportionately associates dominant groups with positive attributes such as competence
and leadership, while linking marginalized groups to negative and subordinate attributes.
Gender differences are especially salient in natural language because gender is explicitly
encoded in language (e.g., pronouns such as he/she; grammatical gender in many languages)
[89]. As a result, real-world gender stereotypes—such as stereotypes and societal disparities

that associate women with domestic roles and men with leadership or technical roles—are
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robustly reproduced in word embeddings and LLMs [12,90]. Often, these LLM stereotypes
exaggerate associations beyond real-world labor distributions: for instance, while occupations
like economist, pharmacist, and manager are now ~50% women (based on U.S. Bureau of Labor
Statistics), they remain male-stereotyped due to default associations between men and work

[90].

Although much research has studied gender bias in language, comparable patterns appear for
race, immigration status, social class, and health-related stigmas, with marginalized groups
more strongly associated with poverty, criminality, animalistic language, or negative affect
[41,85,91,92]. Moreover, while the specific attributes linked to these groups shift over time, the
negative valence attached to lower-power groups remains strikingly stable across historical
periods [93]. These findings demonstrate that biased group—attribute associations are a
pervasive feature of human language, rooted in human social cognition and societal structures,

and consequently a persistent source of bias in language-based Al systems.

iii. Proxy Effects

Explicit efforts to avoid social biases, such as through the exclusion of social category
information (e.g., on race, gender, or age), can fail due to a hidden correlation between social
categories and other aspects of the data—that is, a proxy effect [94]. For example, zip code,
occupation, education, or consumer behavior variables often serve as proxies for race, gender,
or socioeconomic status because they vary systematically as a function of these demographics
[95]. Recidivism tools such as COMPAS—found to predict a higher likelihood of recidivism for

Black than White Americans despite equal past offenses—illustrate this dynamic: although race
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was omitted from its training data, geographic variables correlated with race reproduced racial
disparities in risk scores [96]. Proxy effects are particularly insidious because they obscure the

presence of bias while preserving its consequences (Box 1).

B. Selection of Data for Model Training

The choice of dataset to use for model training is itself a human decision, guided by technical
objectives, availability, convenience, and cost, and also by developers’ awareness of, and
concern for, the social consequences of their systems. Even when developers do not intend to
introduce bias, dataset selection can systematically misrepresent or exclude vulnerable
populations, which in turn can produce models that disproportionately harm those groups. In
this section, we describe three contexts in which dataset choice introduces human bias into an

Al system.

Selection of image training data. The impact of training dataset choice on face classification
systems has been well documented. Large, widely used face image datasets—often scraped
from U.S.-based websites and social media—are heavily skewed toward White faces, and
models trained on such datasets perform worse for individuals with darker skin tones,
especially women of color [97]. When such datasets are selected to train face classification Al
systems, these systems perform less accurately in classifying and identifying minority-group
faces [98]. By contrast, face classifiers trained on demographically balanced datasets, such as
DiveFace [99] and FairFace [97], show substantial improvements in accuracy across race,

gender, and age and reductions in performance disparities.
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Selection of Text Corpora. As discussed in the previous section, LLMs are trained on digitized
text drawn from multiple sources, and the composition of these corpora has profound
implications for model behavior. In recent years, LLMs are increasingly trained on text from
blogs, forums, and social media—media outlets accessible to a wider range of social groups.
While these sources add demographic diversity, they introduce their own biases; for example,
social media content is disproportionately political, moralized, emotional, and polarized
[100,101]. When such datasets are selected to train an Al system, the resulting models are
likely to overestimate the prevalence, normativity, or acceptability of extreme or divisive

content such as overt racism and sexism.

Cohort effects. Training data selection is also shaped by when data were produced. Language,
norms, and social attitudes change over time, and older texts can express stronger social
stereotypes than more recent ones [41,77,102]. When decades-old news articles or books are
selected to train LLMs, these LLMs inherit not only outdated vocabulary and grammar but also
historically entrenched prejudices. These cohort effects can be exacerbated by the pursuit of
scale: If data are included from older sources to increase a dataset’s size, the increased size

could paradoxically intensify social bias.

C. Tech Culture & Organizational Effects

Algorithmic bias is also shaped by the organizational contexts in which Al systems are

developed. When Al tools are created within technology firms whose goals, incentive
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structures, and cultures are misaligned with principles of fairness or equity, these

organizational factors constitute an additional source of human bias in Al systems.

Lack of diversity in tech. Technology companies—particularly in the United States—remain
demographically homogeneous, with leadership positions disproportionately occupied by
White and Asian men [103]. Women, Black, Latino, disabled, and LGBTQ+ individuals are
underrepresented, particularly in decision-making roles, and many tech workers come from
relatively high socioeconomic backgrounds. Research in organizational psychology shows that
such homogeneity produces predictable blind spots: male-dominated organizations are less
likely to recognize harms affecting women, and White-majority organizations are more likely to
overlook or discount harms to racial minorities [44,104,105]. Highly publicized failures, like the
so-called ‘racist soap dispensers’ that failed to detect dark skin [106], illustrate these risks. Such
blind spots influence which concerns are raised, which harms are anticipated, and which design

decisions are prioritized or dismissed.

Market Pressures and Power Dynamics. Organizational culture interacts with market pressures
to further exacerbate bias toward historically disadvantaged groups. Al systems are often
optimized for engagement or efficiency in ways that do not always align with fairness or
positive social impact [88]. In the absence of regulatory constraints, bias mitigation may be

deprioritized—particularly when harms affect groups with limited economic or political power.

Organizational power dynamics further shape algorithmic bias through relationships with
annotators, contractors, and users. Annotators—often low-paid and geographically distant—

have limited power compared with tech companies, and research shows that employees who
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have less power or more vulnerable work status are less likely to raise concerns about the
ethics of an organization or a task [107]. The emergence of Al auditing as a professional practice
reflects growing recognition that organizational structures themselves are a critical context for

understanding and mitigating algorithmic bias [108].

D. Multimodal Compounding of Human Bias

So far, we have described distinct human sources of bias and their independent effects on Al
systems. However, many contemporary Al systems are multimodal, integrating information
from text, images, numerical data, and human-generated judgments [109]. In such systems,
biases introduced at different stages and in different modalities do not merely coexist—they
compound. For example, a medical decision-support system may combine radiological images,
clinical notes, prior diagnoses, and demographic or environmental risk factors. If each input
includes human bias—such as underrepresentation of minority patients in imaging datasets,
biased language in clinicians’ notes, and historically unequal access to care encoded in medical
records—the resulting model may amplify disparities more strongly than any single data source
[110]. Because these biases originate from distinct yet correlated human decisions, their effects

can interact multiplicatively rather than additively.

Multimodal compounding also obscures sources of bias, making discrimination harder to detect
and correct. Errors may appear to arise from complex model interactions rather than from
identifiable human inputs, diffusing accountability across data types and organizational roles

and contributing further to Al bias laundering (Box 2). Understanding how human biases
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accumulate across modalities will be essential for diagnosing algorithmic bias and designing

effective interventions.

3. Human Sources of Bias in Al Consumption

The second major entry point for human sources of algorithmic bias is in their downstream
effects: in how Al systems are perceived, interpreted, and acted upon by human decision-
makers whose judgments are shaped by well-documented biases in social cognition,
motivation, and reasoning. These psychological processes systematically influence whether
algorithmic outputs are trusted and implemented in ways that reinforce the very biases already

encoded in Al systems.

Overreliance and Trust in Al. A key determinant of whether a biased model translates into real-
world discrimination is the extent to which human users trust and accept its output. When Al
systems are perceived as fair, objective, or technically superior, users are more likely to rely on
them uncritically, allowing biased outputs to go unchecked and enacted in real-world decisions

[111].

Trust in Al varies across individuals: Users with less knowledge or experience with search
engines and Al systems tend to be more trusting of algorithmic outputs [112,113]. Trust varies
by age, too, with children and older adults exhibiting greater trust in internet search results
than younger adults [114], and by gender, with men trusting Al more than women [115].

Greater trust in Al, in turn, predicts stronger intentions to rely on Al in decision-making [116].



The Psychology of Algorithmic Bias 17

The risk posed by trust is compounded by Al’s veneer of objectivity—the tendency to perceive
mathematical or computational outputs as inherently impartial [117]. However, this effect
depends on context: users are more skeptical of Al outputs when they mimic uniquely human

capacities such as moral reasoning [118,119].

An additional concern is that differences in trust between sociodemographic groups (e.g.,
women, older people) lead to systematic differences in the adoption or skilled utilization of Al
tools [120], which could disadvantage certain groups. This pattern was observed in a study in
China, where wage disparities between men and women were in part attributed to a gender

gap in Internet usage [121].

Motivated Social Cognition and Prejudice. Human interactions with Al can be further shaped
by motivated social cognition—the tendency to process information in ways that serve one’s
personal or group-based goals [122,123]. Research shows that, indeed, trust in Al is influenced
by one’s goals and beliefs [111,124,125], suggesting that Al outputs matching an individual’s
existing views are more likely to be accepted, trusted, and applied in decision-making [126].
These tendencies reflect confirmation bias: the tendency to search for, prioritize, and accept
information that supports preexisting beliefs or expectations [94]. In practice, this means that
even identical algorithmic outputs can have different downstream effects depending on the

user’s goals and attitudes.

Availability and Anchoring Heuristics. Even in the absence of social motives, limitations of
human cognition can produce decision biases. For example, human judgments tend to rely on

information that is salient or readily accessible, especially under uncertainty—an effect known
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as the availability heuristic [127]. Moreover, initial information tends to anchor one’s judgment,
such that it weighs more heavily than subsequent information in a decision process. These
findings suggest that, in the context of Al, a decision maker would over-weigh information
presented first or most prominently, such as top-ranked search results or the initial output of a
generative model [94,128]. A study of gender bias in internet search outputs demonstrated this
effect: the prevalence of men relative to women in search results for specific professions
strongly influenced users’ beliefs and decisions regarding the suitability of men (vs. women) for

those jobs [6].

4. Closing the Loop: A Cycle of Bias Between Humans and Al

The Human-Al Loop Model emphasizes the cyclical nature of human and computational

contributions to algorithmic bias. Humans and Al systems are not independent sources of bias,
but interact dynamically to reinforce one another over time: human prejudices are embedded
in training data, biased data shape model outputs, model outputs in turn shape human beliefs
and behavior, which generates new data that feed into subsequent models [6,101]. Over time,

this feedback loop can entrench and accelerate inequality.

Unlike prior ‘human-in-the-loop” models, which aim to engage human oversight to improve
fairness and accuracy [129], our analysis describes human contributions to algorithmic bias.
That is, the Human-Al Loop model describes specific mechanisms through which human bias,
stemming from prejudices as well as general cognitive tendencies, can introduce or amplify bias

in Al systems (Table 1). By emphasizing the many ways in which human bias infiltrates Al, at
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multiple stages of human-Al interaction, this model expands and clarifies our understanding of

how algorithmic bias is formed and expressed.

Table 1. Human Sources of Bias Across the Al Use Cycle and Intervention Targets

Al Use Stage

Human Source of Bias

Core Psychological
Mechanisms

lllustrative Intervention Strategies

Al Creation: Data
Productions &
Curation

Biased annotation

Homogeneous datasets

Historical bias in records

Linguistic & cultural bias

Situational pressures on
annotators

Stereotyping; implicit
prejudice; heuristic judgment

Availability bias; limited
perspective-taking

Institutional discrimination
reflected in outcomes

WEIRD overrepresentation;
group—attribute associations

Fatigue; low accountability

Diverse annotator pools; bias-aware
instructions; training with feedback;
preserve annotator disagreement

Match data to intended use; ensure
adequate or equal group
representation; dataset
documentation

Reweight or exclude biased labels;
supplement with counterfactual
data

Expand non-WEIRD and multilingual
corpora; report corpus composition

Improved labor conditions;
workload limits; quality monitoring

Organizational
Context

Lack of diversity in tech
organizations

Market-driven incentives

Power asymmetries

Social identity norms;
organizational blind spots

Motivated reasoning; profit
optimization

Moral distancing; reduced
accountability

Inclusive hiring and leadership;
participatory design practices

Regulation; mandated impact
assessments; fairness benchmarks

Fair labor standards; transparency;
independent Al auditing

Al Consumption:
Human Use &
Interpretation

Algorithmic overtrust

Confirmation bias

Motivated social cognition

Availability & anchoring

Individual differences in
prejudice

Automation bias; veneer of
objectivity

Belief-consistent information
search

Identity protection; moral
justification

Salience-driven judgment

Prejudiced attitudes;
dominance motives

Trust calibration; uncertainty
displays; performance metrics by

group
Disconfirmation prompts;

counterfactual outputs; structured
decision checklists

Accountability requirements;
independent human justification

Multiple or randomized outputs;
delayed recommendations

Restrict Al use in high-discretion
contexts; targeted bias education

Feedback Loop

Biased human feedback

Reinforcement learning from
biased behavior

Slowed retraining cycles; human
review checkpoints; bias audits of
feedback data




The Psychology of Algorithmic Bias 20

5. Breaking the Loop: Implications for bias reduction

Effective mitigation of algorithmic bias requires interventions that disrupt the psychological
mechanisms that sustain bias across the human—Al loop, rather than isolated technical fixes.
Below, we outline intervention strategies targeting human biases that influence both the

creation and use of Al systems, with emphasis on insights from social and cognitive psychology.

A. Upstream interventions: Reducing Bias in Data Creation

Interventions to reduce bias in the creation of Al systems target the social-cognitive processes

that govern data generation, data selection, and institutional priorities.

Promoting fair and diverse annotation. Because many Al systems rely on human-labeled data,
reducing bias in annotation is critical. Recruiting demographically and culturally diverse
annotators broadens the perspectives informing labels and reduces the dominance of majority
viewpoints. Annotation protocols can also be improved through bias-awareness prompts, clear
task instructions, and structured practice with feedback—conditions shown to reduce reliance
on heuristics and stereotypes [67,68]. Practical factors such as fatigue, time pressure,
distraction, and incentives should be actively managed, as these conditions increase reliance on

cognitive shortcuts.

Although value-aligning measures will promote fairness, some degree of bias—particularly
involving indirect expressions—may be unavoidable [74]. Transparency is therefore essential.

Documenting annotator demographics, cultural context, and task instructions can clarify the
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interpretive frame embedded in training labels and inform downstream model evaluation

[130].

Reducing bias in dataset selection. Bias can also enter Al systems through the choice of training
data. Dataset selection should therefore be guided by the intended use of the system. For
example, Al tools designed for cross-cultural deployment require training data that adequately
represent relevant populations. Importantly, proportional representation based on population
frequency is often insufficient: achieving comparable performance across majority and minority
groups typically requires equal representation of those groups in training data. This pattern is
well documented in face classification models, where minority-class underrepresentation leads
to persistent accuracy gaps [97]. In LLMs, careful curation of training data to remove human

patterns of prejudice has also been shown to reduce bias in model performance [131].

Transparency is key here, too. Dataset characteristics—such as demographic composition,
geographic origin, and historical context—should be clearly documented and communicated to
developers and users [130]. Regulatory standards that mandate disclosure of training data

properties would support these efforts.

Prioritizing fairness within institutional cultures. Organizational priorities play a central role in
shaping algorithmic bias. In many technology firms, speed, scale, and profit have historically
outweighed fairness considerations. Cultural change in corporations is challenging, but two
forces appear particularly effective: sustained external pressure from researchers, advocacy
groups, and users, and top-down regulation that mandates transparency, accountability, and

bias mitigation [132]. Emerging legal frameworks, such as the EU’s Al Act, illustrate how
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structural incentives can normalize fairness as a core design requirement rather than an
optional add-on. Progress will also depend on increasing gender, racial, and socioeconomic
diversity within technology organizations, particularly in leadership roles where strategic

priorities are set.

B. Downstream interventions: Reducing Bias in Al Use

Psychology is especially well positioned to inform interventions at the point of Al consumption,
drawing on extensive research on prejudice reduction, judgment, and self-regulation. Evidence

suggests that combining individual-level and structural interventions is most effective [133].

Individual-level interventions. Individual-level interventions involve educating users to detect
and avoid the use of potentially biased Al outputs. Research on the self-regulation of prejudice
identifies two core processes: detecting potential bias and implementing corrective responses
[134,135]. Bias detection can be enhanced through education that emphasizes both the harms
of bias and the difficulty of recognizing it, along with clear criteria for what constitutes biased
output in the specific context of Al systems and clear instructions for how to avoid it. Once
detected, unbiased decisions can be facilitated through the use of proactive strategies such as
implementation intentions—if-then plans that link a situational cue to a specific action [136]—

which can promote the prioritization of unbiased information [137].

Insights from judgment and decision-making research further suggest strategies to reduce

overreliance on biased Al outputs. For example, encouraging users to consider alternative
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hypotheses, generate counterfactuals, or explicitly justify decisions can reduce anchoring,

confirmation bias, and undue trust in belief-consistent Al outputs [128,138].

Structural interventions. Structural interventions reduce bias by altering decision environments
rather than relying on individual self-control. Classic examples include blind grading and blind
auditions, which can successfully reduce bias by removing irrelevant social cues [139]. These
approaches are effective precisely because they bypass the need for individuals to detect or
regulate their own biases. Analogous strategies can be applied to Al use. For example, interface
designs could reduce overreliance on single outputs by presenting multiple alternatives,
displaying uncertainty estimates, restricting Al systems to clearly specified decision contexts

and criteria, or requiring fact-checking against non-Al sources.

At the policy level, laws requiring transparency, documentation, and algorithmic impact
assessments function as structural guardrails that shape how Al systems are interpreted and
applied [140]. Such measures not only constrain technology but, by raising awareness, increase

the public’s awareness of how Al outputs are perceived, evaluated, and implemented.

6. A Psychology of Algorithmic Bias

More broadly, our analysis highlights the crucial role of psychology—its theories, methods, and
perspectives—in understanding and addressing algorithmic bias. If biases expressed by Al
systems originate in human cognition, motivation, and social structure, then algorithmic bias

cannot be fully explained or mitigated without psychological science.
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This perspective calls for deeper engagement of computer and data scientists with social and
cognitive psychologists, particularly those studying prejudice, social cognition, and decision
making. Psychology offers well-established frameworks for identifying bias, tracing its cognitive
and motivational roots, and designing interventions that target both individual and structural

processes in the context of Al technologies.

Of course, not all forms of algorithmic bias arise directly from human behavior: statistical
artifacts, nonrepresentative sampling, model misspecification, and evaluation on restricted or
unrepresentative test sets can introduce bias even in the absence of explicit human prejudice
[74]. However, these technical errors are rarely independent from human judgment: as we
have discussed, decisions about data selection, model tuning, evaluation criteria, and
deployment contexts are themselves shaped by human goals, assumptions, and institutional
incentives. A psychological approach therefore complements a technical analysis of algorithmic

bias by clarifying how human decisions shape and interact with ostensibly technical failures.

Advancing a psychology of algorithmic bias will require structural changes in how Al research is
conducted. It will require interdisciplinary teams that integrate psychological expertise with
computational approaches from the earliest stages of question development and research
design. Funding agencies can accelerate this shift by prioritizing research programs that
explicitly link computational methods with theories of human cognition and social behavior.
Similarly, training programs should prepare a new generation of researchers fluent in both

psychological science and Al computation, capable of identifying bias across the full human—
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machine loop. While such changes have already begun, particularly in the emergence of
interdisciplinary data science centers, this approach can be expanded further to include social
psychological expertise that specifically addresses the human sociocognitive processes that

interact with Al.

7. Concluding remarks

In this article, we introduced the Human-Al Loop model of algorithmic bias, which
conceptualizes bias in Al systems as emerging from dynamic, reciprocal interactions between
humans and Al. By describing how human biases can enter during both the creation and use of
Al systems, in a self-perpetuating cycle, this framework identifies human psychological
processes as a root cause of algorithmic bias and explains its role in the persistence of
algorithmic discrimination. Progress toward fairer Al will require a consideration of how these
psychological processes shape the ways humans generate data, interpret algorithmic outputs,
and incorporate Al into social decision-making, along with interventions that effectively target

them.
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Box 1. Algorithmic Implicit Bias & Bias Laundering (334/400 words)

The “Human-Al Loop” model posits that algorithmic bias is not merely an artifact of
computation, but a novel expression of human prejudice. That is, it reflects the transmission of
prejudice between social systems and individuals via the interface of Al datasets and systems
(Box 1 Fig 1). This perspective on Al reimagines the construct of implicit bias—the indirect
expression of prejudice—as a multilevel process in which prejudice is communicated between

individuals, social systems, and technology.

This view differs from past theories of implicit bias as an intra-individual process [141] or, more
recently, as a reflection of structural inequalities on collective cognition [142,143]. In these
cases, implicit bias exists within an individual, and its “implicitness” refers to how prejudice

represented in one’s mind is expressed indirectly in their behavior [144].

Algorithmic implicit bias, by contrast, represents the transmission of prejudice between
completely independent entities—social structures (e.g., social disparities in training data),
individuals (e.g., annotators and end-users), and Al computation—and therefore the indirect
(i.e., implicit) nature of this transmission is distinctly discerned. Because the components of
algorithmic bias are distinguished by level of analysis, each step in the production of implicit

bias can be directly traced and quantified.

Traditional models suggest that implicit bias can operate within awareness or intention, but

such claims have been difficult to establish empirically [144,145]. By contrast, the multi-
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component nature of algorithmic implicit bias effectively precludes the roles of awareness or
intention from the expression of prejudice. For this reason, this Al-mediated form of implicit
bias is particularly dangerous: because its expression is obscured by the opacity of Al
computation and “veneer of objectivity” with which Al outputs are consumed [93,117], its

origins in human and societal prejudice are easily masked—a virtual ‘laundering’ of human bias.

Al algorithms
A @ b
L S
Societal-level Bias is ‘laundered’ via Human users perceive
inequalities algorithmic obfuscation and  outputs as unbiased and

veneer or objectivity use in decisions

Societal-level inequalities are reinforced

Box 1 Fig 1. The ‘laundering’ of human bias via Al systems

This reconceptualization of implicit bias—as a novel, computationally-mediated indirect
expression—transforms our understanding of how prejudices are expressed and communicated
without awareness or intention between humans and social systems. Future research is needed

to characterize algorithmic implicit bias and understand its implications.
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Box 2. The Computational Level of Analysis in Theories of Prejudice

Our analysis suggests an updated framework for theories of prejudice in the digital age.
Traditionally, research on prejudice has focused on either the individual level of analysis,
primarily within psychology, or the societal level, primarily within sociology, with limited
crosstalk. The Human-Al Loop model introduces Al systems as a third, algorithmic (i.e.,
computational) level of analysis that functions as a unique mechanism through which biases are
formed, represented, and expressed and which operates interactively with individual and

systemic forms of prejudice.

Societal/Systemic

Intergroup Bias: o
Levels of Analysis Algorithmic

Individual

Box 2 Fig 1. The algorithmic level of bias is distinct and complementary to individual and
systemic levels.

Al systems learn, represent, and express social biases that resemble those observed in both
individuals and social structures, yet they do so via distinct computational processes. Similar to
individual-level forms of bias, Al systems are trained on collections of individual behaviors and
judgments (e.g., text corpora, annotations), and they typically express bias through direct

interactions with individual users that shape perceptions, beliefs, and decisions.

At the same time, algorithmic bias resembles societal-level prejudice in scale and breadth.
Algorithmic models encode collective patterns of bias, often across large populations, akin to

culturally-shared stereotypes that persist even when they are often rejected at the level of
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individuals. Like other forms of systemic bias, Al systems enable the offloading of prejudice
from individuals to opaque institutional structures, thereby allowing biased outcomes to be

produced and justified with reduced personal accountability.

Due to its hybrid character, algorithmic bias constitutes a unique interface through which
prejudice is transmitted between individual minds and social structures. By formalizing social
bias in computational systems and reinserting it into everyday decision-making, Al systems
have introduced a novel feedback pathway linking individual cognition, collective
representations, and societal structures. By this perspective, understanding contemporary
theories of prejudice will require treating technological systems not merely as reflections of

human bias but as active contributors to a multilevel, recursive system of human prejudice.
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Glossary

Algorithmic bias: systematic errors in Al systems that discriminate against disadvantaged social
groups.

Al system: a computational system designed to perform tasks that typically require human
intelligence, such as perception, language understanding, reasoning, or decision-making.

Social cognition: Mental processes that support how people perceive, interpret, judge, and act
towards other people and social groups.

Prejudice: A positive or negative evaluation, attitude, or affective response toward a person
based solely on their membership in a social group.

Stereotypes: Cognitive beliefs or expectations about the characteristics, traits, or behaviors of
members of a social group.

Discrimination: differential treatment of individuals or groups based on their social category
membership (e.g., race, gender, age, religion), rather than on their individual
characteristics or merit.

Annotator bias: systematic distortions in human-labeled data that arise from annotators’
beliefs, stereotypes, expectations, or situational influences, and which become embedded
in the datasets used to train Al systems.

Perceptual hypodescent: Human tendency to perceive and classify multiracial faces as

belonging to socially subordinate groups.

Gendered race effect. Biasing effect of racial stereotypes associated with male or female traits

on human’s perceptions and classifications of gender.
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Other-race effect: The greater tendency for human perceivers to confuse or misidentify faces
from other racial groups.

Proxy effect: When an Al system uses seemingly neutral input variables that are statistically
correlated with protected attributes (e.g., race, gender, socioeconomic status), thereby
indirectly reproducing group-based disparities even when the protected attribute itself is
excluded.

Bias laundering: The process through which human sources of prejudice and discrimination

become obscured in institutional or algorithm-based policies and decisions.
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