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The increasingly rapid pace of research and development of prediction algorithms over the past decade has spurred their adoption
across seemingly every industry and aspect of life. This growth and the subsequent increase in public awareness have brought a range
of concerns into focus regarding the potential bias and fairness impacts of these algorithms. This cross-disciplinary survey assesses
peer-reviewed publications from the last 10 years which assessed fairness in a predictive algorithm using real world data. We begin
with a descriptive overview of the fields of research, types of publication, and the types of outcomes being predicted. We then engage
in a more detailed exploration of the fairness analyses that were applied, the metrics used, and the evidence provided to justify these
selections. We also discuss the contexts in which these analyses were conducted. We conclude by highlighting the lack of inclusion of
perspectives from people who are impacted by the algorithms being analyzed and discuss directions for future work in this area.
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1 Introduction

The immense investment into prediction-based technologies over the past decade plus has resulted in several technical
and implementation breakthroughs using predictive algorithms. These technologies may utilize predictive algorithms
in complex, interconnected structures such as transformer neural-network architectures or may implement relatively
simple, straight forward prediction techniques like linear regression [9, 30, 38]. Over the past few years in particular,
many of the technologies that leverage prediction algorithms at some point in their process have been marketed to
the public under the catch-all label of “AI” [22]. The increased prevalence of predictive algorithm-driven technologies
is perhaps most obviously demonstrated by the mass uptake in use of large language model-based applications like
Open AI’s ChatGPT or Google’s Gemini [23, 28]. The rapid, widespread increase in public (re)awareness of predictive
algorithms that has been reignited by these applications has also increased the frequency and intensity of calls both to
adopt these technologies more broadly and raised concern about the moral and ethical consequences of doing so.

In response to the surge of industry, academic, and public interest in the adoption and effects of predictive algorithms,
many tools, frameworks, measures, and metrics have been developed to identify or address bias and fairness in predictive
algorithms. Several of these tools have received institutional backing from major tech companies including Microsoft’s
Fairlearn [40], Amazon’s SageMaker Clarify [18], LinkedIn’s LiFT [37], and IBM’s AI Fairness 360 [3] and Watson
OpenScale [20] tools. These tools offer a vast array of methods and metrics that could be used in the assessment fairness
in predictive algorithms. So many, in fact, that an increasing number of researchers, ethicists, and community leaders are
becoming concerned that these types of tools more effectively enable “fairness washing” than they assist in meaningful
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investigation of fairness in predictive algorithms [5, 6, 27, 36, 41]. In this context, fairness washing refers to the post hoc
cherry-picked reporting of only fairness measures that an algorithm performs well on, creating the illusion of having
met a rigorous standard for algorithm prediction fairness without actually having done so.

Currently, existing surveys, guidelines, and assessment tools addressing fairness assessment in predictive algorithms
provide a broad selection of possible fairness analysis methods and metrics to draw upon [3, 8, 24, 39, 40]. Despite or
perhaps because of this breadth of choice, there does not appear to be any consensus as to which tools are appropriate
for use in which contexts, nor is it currently clear how these analysis techniques are actually being used in practice.
Therefore, we decided to formally investigate these questions by the applying a rapid review-style methodology to
survey the predictive algorithm fairness testing literature.

1.1 ResearchQuestions

This literature survey seeks to answer the following research questions.

(1) Which forms of fairness analysis are most prevalent in peer-reviewed literature that empirically assesses fairness
in predictive algorithms using real-world data?
(a) Which types of justifications were provided to support the selection of the fairness analysis methodologies

implemented in the surveyed articles?
(2) Which metrics are most frequently used to measure aspects of fairness within the fairness analyses of peer-

reviewed articles that empirically assess predictive algorithms using real-world data?
(a) Which types of justifications were provided to support the context-specific validity of the fairness metrics

used by these articles?

1.2 A Note Regarding Terminology

For the purposes of this paper we will draw upon the NIST definition of an algorithm [12], and use the term predictive

algorithm to refer to any clearly specified mathematical process for computation; a set of rules that, if followed, will
produce a prediction based on the information input into that process. A predictive algorithm’s prediction must be
reproducible. This means there needs to be a way to specify a seed or similar setting within the process such that the
algorithm will always produce the same prediction given the same input and settings, regardless of whether this is how
the process is typically interacted with.

For the sake of clarity throughout this paper we will exclusively use the term predictive algorithm to refer to any
processes that meet the above definition.

2 Methods

This surveywas conducted using an adapted rapid review (survey) methodology. Our surveymethodologywas developed
using the Cochrane Rapid Reviews Methods Group guidelines [14, 15], with the largest difference between the guidelines
and our methods being the splitting up of the article screening process into three rounds instead of two. This change to
the screening process better reflects computer science writing norms as well as the ACM- and IEEE-styles of article
formatting. The process of conducting the search, screening, and evaluation of articles is detailed in the following
subsections.
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Inclusion Criteria Exclusion Criteria

Involves some form of prediction or
decision-making.

Definition of bias or fairness was not applied em-
pirically to real-world data.

Evaluates predictions produced by an algorithm
or algorithms.

Definition of bias or fairness was not applied to
an algorithm[s]’ predictions.

Provides an empirical definition of bias or fairness.
Article was published in or after 2015.
Article was published in English.
Full text is available at Ontario Tech University.

Table 1. Inclusion and exclusion criteria used to create the survey’s sample

2.1 Inclusion and Exclusion Criteria

The inclusion and exclusion criteria for this survey, which are presented in Table 1, were set in line with our research
questions. The inclusion criteria were initially operationalized through the creation of the literature search strategy and
were then applied throughout all stages of article screening (detailed in section 2.2). The exclusion criteria were applied
in addition to the inclusion criteria during the final full text article screening stages to ensure that our final sample
would reflect the population we wished to survey.

2.2 Search Strategy and Article Screening

The first iteration of the search strings and database selection for our survey were informed by our research questions,
then this initial search strategy was further refined with the help of a subject-matter expert librarian at Ontario Tech
University. We used our finalized search strategies to search the ACM Digital Library [34], Computer and Applied
Sciences Complete [11], and SCOPUS [13] databases for peer-reviewed journal articles and published conference
proceedings that were published between January 1st, 2015 and March 7th, 2025 (the date the searches were conducted).
The articles retrieved by the search needed to have mentioned the terms related to bias, fairness, algorithm, and
assessment in their title, abstract, or keywords. The complete search string for each database has been included in
Appendix A.

The article screening was conducted in 3 stages to better accommodate the normative differences in abstract writing
across academic disciplines. For example, in health sciences abstracts are typically highly condensed versions of the
entire work, which specify the methodology used and the exact results of the experiment conducted. This contrasts
with abstract writing norms across many disciplines of computer science, where abstracts are often written less as
specific result-oriented summary and more as short introduction to explain what the article is about and why someone
might wish to read it.

The first stage of article screening involved examining the potential applicability of the inclusion criteria broadly
using the title, abstract, and keywords used by each article. The second stage of screening consisted of skimming the
full-text of the article, looking for the presence of the inclusion criteria, and the final stage of screening was to read the
entirety of each article and fully applying the survey’s inclusion and exclusion criteria.

2.3 Data Extraction

Bibliographic information (title, authors, publication type, date of publication, etc.) for each of the articles included in
the full survey was extracted from the metadata contained in the database that the article had found in.
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2.3.1 Fairness Analysis Variables. The fairness analysis in each article surveyed was described qualitatively using the
following criteria and their definitions.

• Equivocates lack of bias with fairness. The article’s definition of fairness for the purposes of its analysis

assesses for a lack of bias between individuals or groups.

For example, when assessing a binary classification algorithm an article may choose to define fairness as being
when observations that have an attribute “A” have an equal probability of being predicted to be in the “positive” class
by the algorithm as observations that do not have the attribute “A”. (This definition is typically called group fairness
or statistical parity difference [39]). Assessing the statistical parity difference metric in an algorithm’s predictions
represents a purely technical assessment of performance, in this case an assessment of prediction bias associated with
the attribute “A”. Therefore, unless the article grounds their assessment of statistical parity difference in the specific
context of the prediction itself (the qualitative dimension that distinguishes fairness from bias), the example article has
conflated a lack of bias with being fair in their analysis.

• Fairness analysis methodological justification. A categorization of the degree to which each article has

provided evidence that supports its chosen fairness analysis methodology.

Articles were classified as “justified” if they (a) specified one or more specific ethical, philosophical, or theoretical
frameworks to support its decision; (b) provided context-specific evidence of the validity of its chosen methodology; (c)
consulted with persons affected by the algorithm to confirm their chosen method’s appropriateness and applicability;
(d) cited specific laws or legal standards that were being measured against; or (e) had cited previous fairness analyses
for the purpose of conducting a replication study. Articles were classified as “partially justified” if they (a) provided
evidence for the validity of methodology that was not specific to the context in which it was being applied; (b) had cited
previous fairness analyses without explaining the connection between those analyses and the methodology selected ;
or (c) claimed justification by alluding to ethical, philosophical, or theoretical frameworks without providing evidence
to support this claim specifically. Articles were classified as having “no justification” if no justification for the fairness
analysis methodology was provided in the text of the article.

• Fairness analysis included those affected by the algorithm. The article indicated that the fairness analysis
was planned with, conducted alongside, or had consulted with people who are impacted by the algorithm being

analyzed.

When this was the case, the persons who had been consulted were categorized by whether those people were persons
who apply the algorithm, have the algorithm applied to them, or both. Articles that analyzed real-world data but were
primarily focused on replication or meta-research into the research of fairness in predictive algorithms were excluded
from this question.

• Context of fairness analysis: A classification situating the context of that article’s fairness analysis.

A fairness analysis was classified as the “primary focus of the article” if the fairness analysis of the predictive
algorithm is the purpose of the article. A fairness analysis was classified as being a “novel fairness-related intervention”
if the article was proposing new predictive algorithms, measurements of fairness, or a novel framework for assessing
fairness in predictive algorithms. A fairness analysis was classified as a “sensitivity analysis” if it was included as a
secondary analysis or test of robustness that was not part of the primary research question. A fairness analysis was
classified as a “meta-fairness analysis” if its primary focus was researching the ways in which fairness and predictive
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algorithms are implemented. (e.g., a study comparing the performance of multiple fairness mitigation techniques using
a real-world scenario/dataset).

2.3.2 Fairness Measure and Metric Variables. The specific measure and metrics used in each article’s fairness analysis
were identified and summarized by the average number of measures used per article and the frequency with which
each measure appeared in the surveyed articles. In this survey out goal was to describe how fairness is being assessed
in the literature, so rather than applying a specific taxonomy or categorization to the measures we observed, we have
reported the measures as described by the article they were used in. The exception to this was if multiple names had
been used to describe the same calculation, in which case the measures were combined under a single name for the
purposes of this survey’s analysis. The fairness metrics used in each article were also categorized qualitatively using
the following criteria.

• Fairness measure selection justification: A categorization of how each article supported its selection of the

metric[s] used in its fairness analysis.

An article’s fairness metric selection was classified as having “evidence of context-specific validity” if it cited or
provided evidence supporting the validity of the measures used. An article was classified as having “cited prior use” if
the article cited that prior work had used the selected measures but did not provide evidence supporting the validity of
those measures in the article’s use case. An article was classified as having a “plausible argument” if it provided an
explanation supporting its measure selection without providing evidence to support that argument. An article was
classified as “none” if it did not provide an explanation for its measurement selection.

• Level of detail provided for fairness measure: Indicates how an article describes the fairness measures used in

its analysis.

An article was classified as “formula” if the article provided the formula used to calculating the fairness measures
employed in the article. An article was classified as “interpretation” if it included written guidance regarding how
to interpret the fairness measure. An article was classified as having provided “both” if it met both the formula and
interpretation criteria. An article was classified as “none” if no explanation of the fairness measure was provided.

3 Results

A step-by-step walk through of the literature search and screening process that produced this survey is presented
visually in Figure 1 using an adapted PRISMA flow diagram [29]. The initial search of the three databases returned 3837
results, consisting of 3563 unique, non-retracted articles. After conducting the abstract screening, 631 articles were
passed along for the full-text skim screening stage, of which 378 articles were selected for the full-text screening stage.
Of those 378 articles, 35 articles were excluded for not including an empirical application and an additional 14 articles
were excluded for not directly evaluating the predictions of an algorithm. In total, the screening process produced 329
articles which met the inclusion and exclusion criteria for this survey. A complete bibliography of the articles analyzed
in this survey can be found in Appendix B.

As can be seen in Figure 2 (a), more than 90% of the articles included in this survey were published within the
past five years (2021-2025). Further, nearly half of all the surveyed articles were published within 12 months of the
search being conducted. Figure 2 (b) shows the adjusted frequency of publication for articles that assess predictive
algorithms and fairness when controlled by the overall number of publications that assess predictive algorithms. More
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Fig. 1. Adapted PRISMA flow diagram of rapid review process. Diagram adapted from Page MJ, et al. The PRISMA 2020 statement:
an updated guideline for reporting systematic reviews. BMJ. 2021 Mar 29;372:n71.

specifically, that control was set by re-running the search strings used to create this survey’s sample without any of the
fairness-related search terms.

Slightly more than two thirds of all the articles included in the survey were journal publications. On a year-by-year
basis a larger proportion of articles were published as part of conference proceedings until 2021, after which the number
of journal articles outpaced the number of conference papers published per year in our survey. Articles in this survey
came from a diverse set of disciplines including healthcare, criminal justice, education, human resource management,
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Fig. 2. Base frequency (a) and adjusted-rate (b) of peer-reviewed articles published that assessed fairness of predictive algorithms
using real-world data. By year, 2015-2015.

Number of Articles 329

Fairness Analysis (%)
Explicitly Incorporated 260 (79.0)
Hypothesized Applicability 52 (15.8)
Not Incorporated 17 (5.2)

Table 2. Inclusion of fairness analysis in surveyed articles

and social work; all of which intersect with computer science and related fields in the study of fairness in predictive
algorithms.

As can be seen in Table 2, nearly four fifths (𝑛 = 260, 79.0%) of the articles in our survey explicitly incorporated some
form of fairness analysis in their results. A further 52 articles (15.8%) hypothesized about the applicability of extending
their work onto notions of fairness and there were 17 articles (5.2%) which met this survey’s inclusion and exclusion
criteria despite not actually reporting results from a fairness analysis. This is largely an artifact of the multitude of
meanings of the word “bias” (see section 3.1 for more detailed discussion). For example, if an article discussed the
importance of fairness, justice, or equity without evaluating any of those notions and the article’s analysis involved
evaluating the difference between an algorithm’s predicted and actual means (what we’ll refer to as “statistical bias”),
then that article met this survey’s inclusion and exclusion criteria through a technicality. Therefore, since this survey’s
goal is to understand how fairness analyses and measurements are being used in practice, these 17 articles were dropped
from the rest of this survey’s analyses. This change causes the reduction seen from our original survey sample (𝑛 = 329)
to the revised analytic sample of (𝑛 = 312) articles.

Table 3 reflects that 90.1% of the articles in our literature survey assessed an algorithm’s predictions of real-world
data in the context a binary classification prediction task. Regression (4.2%), ordinal ranking (4.2%), and multinomial
classification (2.2%) were the next most common prediction tasks tested. Ten (3.2%) of the articles in the survey reported
testing fairness on more than one type of prediction task. The vast majority of articles (𝑛 = 275, 88.1%) measured the
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Number of Articles 312

Fairness Analysis (%)
Explicitly Incorporated 260 (83.3)
Hypothesized Applicability 52 (16.7)

Prediction Tasks (%)
Binary Classification 281 (90.1)
Graph Matching 1 (0.3)
Image Segmentation 3 (1.0)
MAUP 1 (0.3)
Multinomial Classification 7 (2.2)
Ordinal Classification 1 (0.3)
Predicted Probability 3 (1.0)
Ranking 13 (4.2)
Regression 13 (4.2)

Type of Comparison Used (%)
Algorithm – Algorithm 275 (88.1)
Human – Algorithm 8 (2.6)
No Comparison Used 29 (9.3)

Table 3. Descriptive summary of prediction tasks utilized by surveyed articles

fairness of an algorithm’s predictions in relation to another algorithm or algorithms. Another 29 articles (9.3%) assessed
prediction fairness without making a direct comparison to another prediction process and a small number of articles
(𝑛 = 8, 2.6%) evaluated a predictive algorithm’s fairness in relation to human predictions for the same task.

3.0.1 Authors’ Interpretation: Survey Sample. In this survey we observe a rapid growth in the number of publications
investigating fairness in predictive algorithms that use real-world data. There were almost no articles that met our
search criteria in 2015, whereas that number rose to more than 100 articles that met our search criteria in 2024. This
trend of year-over-year increases in the number of publications continues to hold when we controlled for the overall rate
of predictive algorithm papers published between 2015 and 2025. However, it is of note that to see the year-over-year
trend visualized in Figure 2 (b), the proportion of publications assessing fairness had to be scaled to be the number
fairness-related articles published per 100,000 total predictive algorithm articles published. This suggests that while
there has been a real increase in research into fairness and predictive algorithms over the past five-plus years, its current
2024 peak of < 50 fairness-related articles per 100,000 total articles suggests that this is still a relatively niche area of
predictive algorithm research.

As has been highlighted in previous surveys, the current body of work investigating fairness and predictive algorithms
has been almost entirely focused on binary classification problems [2, 8, 24, 25]. This trend is reflected by our sample as
well, as was expected. Our sample also demonstrates that there has been some work toward implementing fairness
analyses more broadly to ordinal ranking and regression-based predictive algorithms, though these efforts typically seek
to extend the binary classification-based notions of fairness onto these problem types [2, 25, 26, 35]. Further discussion
regarding the fairness analyses and measurements employed in the surveyed articles can be found in Subsections 3.1.1
and 3.2.1, respectively.
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We do not find it surprising that the vast majority of the articles in our survey assessed algorithm performance (and
fairness) by contrasting two or more predictive algorithms. As we see it, this is mostly likely because (a) not all the
real-world prediction tasks that were assessed are currently being done by humans (e.g., if a decision is currently being
made by an algorithm, comparing an intervention against that current algorithm would be best practice), (b) comparing
an algorithm’s predictions to (expert) human predictions may be infeasible or beyond the scope of the research project
being reported on in the article, and (c) the use of human predictions typically requires receiving research ethics board
approval which can add considerably to the length of time and amount of preparatory work needed prior to conducting
the article’s analysis. When we further add the context of how relatively new this area of research is, we believe it makes
sense that relatively few large scale studies have been conducted to do date where an aspect of fairness is assessed by
comparing algorithm and (expert) human predictions.

3.1 Fairness Analyses

A descriptive summary of the fairness analyses that were reported by the articles in the survey can be found in Table 4.
More than four fifths of the articles (254 articles, 81.4%) conflated a lack of bias with fairness. Just under half of the
analyses (152 articles, 48.5%) presented a novel fairness-related intervention, and approximately one third of fairness
analyses reported (105 articles, 33.7%) were the primary objective of the article they were reported in.

Nearly all the articles surveyed (305 articles, 97.8%) provided some form of justification for their methodological
choice of fairness analysis. Of the 118 articles (37.8%) that provided a complete justification for their methods’ selection,
the most common type of justification was context-specific validity (48 articles, 15.4%), followed by having specified a
particular ethical, philosophical, or theoretical framework (43 articles, 13.8%). Having cited a specific policy or law to be
tested and conducting replication research were both employed in 14 (4.5% each) articles’ justifications. The majority of
the articles (187, 59.9%) in our survey partially justified their selected fairness analysis methodology, 155 of which cited
the prior use of the fairness analysis methodology but omitted explanation as to why that fairness analysis methodology
was applicable to the context in which the article was using it.

Less than one percent of the surveyed articles (2, 0.6%) included persons affected by the real-world algorithm
predictions in their fairness analysis process. The two articles that included people affected by the algorithm being
assessed in their evaluations both included persons who apply the predictive algorithm being assessed. None of the
surveyed articles included people who had had the algorithm applied to them in their fairness analysis processes.

3.1.1 Authors’s Interpretation: Fairness Analyses. One of the central themes we identified throughout this survey is
the pervasiveness of narrowly defining fairness as a lack of bias. More specifically, this assertion posits that when an
algorithm’s predictions lack inter-group or between-individual differences for a specified statistical bias measure, then
that algorithm can be said to be “fair” (at least in terms of the measure being tested). The ubiquity of this conflation is
perhaps most poignantly demonstrated by the number of articles in this survey that acknowledge the existence of a
wide variety of ways in which fairness could be defined and operationalized, then go on to solely assess fairness as a
lack of bias (equivalence) between groups. Defining fairness as a form of equivalency between groups or individuals is
not necessarily an invalid operationalization of fairness, though it is important to recognize that this definition relies
on the assumption that the aspect of fairness being measured can be meaningfully reduced into a single equality statement.

By our assessment, the defining of fairness to be a lack of bias has most likely been arrived at using egalitarian
perspectives on fairness. Broadly, egalitarian notions of fairness aim for groups and individuals to receive equal amounts
of success or for those persons to be provided equal access (opportunity) to achieve said success [1, 4]. These notions
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Number of Articles 312

Fairness Analysis (%)
Explicitly incorporated 260 (83.3)
Hypothesized applicability 52 (16.7)

Conflated [Lacking] Bias with Fairness (%)
Yes 254 (81.4)
No 58 (18.6)

Context of Fairness Analysis (%)
Fairness meta-research 40 (12.8)
Novel fairness-related intervention 152 (48.7)
Primary focus of Article 105 (33.7)
Sensitivity analysis 15 (4.8)

Fairness Analysis Justification (%)
Methodology justified 118 (37.8)

Context-specific validity 48 (15.4)
Framework 43 (13.8)
Law/Policy 14 (4.5)
Replication 14 (4.5)

Methodology partially justified 187 (59.9)
Claim without evidence 9 (2.9)
Non-specific validity 22 (7.1)
Previous analysis 155 (49.7)

No justification provided 7 (2.2)

Impacted Persons Included in Analysis (%)
Yes 2 (0.6)

People who apply the algorithm 2 (0.6)
People who the algorithm is applied to 0 (0.0)

No 310 (99.4)
Table 4. Descriptive summary of fairness analyses

map roughly onto the rights-based conceptualizations of fairness and meritocracy that are prevalent throughout North
American and European law and social norms [1, 4, 31–33]. Given the high proportion of the authors in our survey
whose reported institutional affiliation were from North America or Europe, it makes some sense that an egalitarian
approach to fairness could be the default perspective for many of these researchers.

Several prominent surveys have touched upon the question of how researchers who were investigating fairness
in predictive algorithms/ML/AI have operationalized fairness within their analyses. These include surveys by Verma
& Rubin [39], Mehrabi et al. [24], and Caton & Haas [8], all of whom report evidence in line with what we found in
this survey; that the majority of research investigating fairness in predictive algorithms narrowly defines fairness as
being an equality between groups or individuals (a lack of bias). Mehrabi et al. goes further by asserting that “[i]n
the context of decision-making, fairness is the absence of any prejudice or favoritism toward an individual or group
based on their inherent or acquired characteristics” [24, pg.1]. Notably, there is no citation provided for this definition,
nor is there explanation as to the theoretical framework or evidence base that justifies why the provided definition
can be said to be “the” definition of fairness. We use Mehrabi et al.’s definition here not as a critique of that work in
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particular, rather we believe their definition is representative of the pervasive conflation between (a lack of) bias and
fairness throughout this area of research [24]. Definitions steeped in an egalitarian, equivalency-based perspective
of the meaning of “fair” represent a lens through which some aspects of fairness can be conceptualized, however, we
question whether the ubiquity of these equivalency-based operationalizations of fairness is reflective of those definitions

being the most appropriate and valid choice for the context in which they have been used.

When we consider the immense variety of discourses on the topic of fairness across time and culture, it is perplexing
to see how little the surveyed articles draw from this rich history. This lack of engagement from the surveyed articles
can be seen in how more than half of the articles did not make space in their manuscript to discuss why their selected
operationalization of fairness was appropriate for the context in which it was being applied. Many of these articles take
the time to (correctly) emphasize that there is no one single definition or operationalization of fairness that can be
comprehensive of every situation, unfortunately, when these articles also neglect to provide specific justification for the
fairness operationalization they use in their analysis, they seem to imply that ‘if there is no one, universal definition of
fairness then all fairness definitions must be equally valid’. We posit that on the contrary, a lack of a single, universally
generalizable definition of fairness makes it even more crucial that we deeply consider the context-specific validity of the

fairness analysis methods we employ. The seemingly handwave-y dismissal of the responsibility to justify the validity of
the fairness analyses used becomes even more troubling when said article goes on to make factual claims about having
“improved” prediction fairness.

Perhaps the most surprising observation from this survey is that only 2 of the surveyed articles mentioned incorpo-
rating the perspectives of people were or would be involved with the use of the algorithm being studied, and 0 of the
articles included the perspectives of people who were or would be affected by the assessed algorithm’s predictions.
While the incorporation of those impacted by or who could have been impacted by a predictive algorithm may not
have been feasible for every fairness analysis within our survey, it seems surprising that less than one percent of the
analyses reported attempting to do so. This lack of incorporation of lived experiences seems particularly surprising
when we take into account the simultaneous general lack of theoretical justification provided to support the fairness
analyses being used.

3.2 Fairness Measures and Metrics

As can be seen in Table 5, three quarters of the 312 surveyed articles (235 articles, 75.3%) justified the metric(s) used
in their fairness analyses through citing the prior use of that metric without providing evidence that supported the
metrics use in the context in which the article was applying it. Less than 10% of the articles surveyed provided direct
evidence supporting the validity of the metrics they employed or were a conducting a replication study (15 articles,
4.8% and 11 articles, 3.5%, respectively). Nearly all the surveyed articles included some form of explanation as to how
the metrics used in fairness analyses had been calculated. Ten articles (3.2%) achieved this solely by providing the
formula (as mathematical notation) for the metrics used in the article’s fairness analysis, 77 articles (24.7%) provided a
written description of the calculation process or interpretation of their selected metric’s results and 178 articles (57.1%)
provided both the formula and a written expiation for the calculation of the metrics used in each article’s fairness
analysis. Approximately one in ten articles (28, 9.0%) from our survey proposed a novel metric that they used to measure
an aspect of fairness in a type of predictive algorithm.

The 312 articles in the analytic sample utilized 144 mathematically distinct metrics to assess fairness in algorithm-
produced predictions. Table 6 shows that the median surveyed article’s fairness analysis used 3 different metrics
(𝐼𝑄𝑅 = [1, 4]) to measure fairness, with slightly less than half of all articles (143 articles, 45.8%) having used two or
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Number of Articles 312

Article’s Fairness Measure Selection Justification (%)
Cite prior use 235 (75.3)
Evidence of validity 15 (4.8)
Plausible argument 32 (10.3)
Replication study 11 (3.5)

Article’s Description of Fairness Measure (%)
Formula and interpretation 178 (57.1)
Interpretation 77 (24.7)
Formula 10 (3.2)
None provided 47 (15.1)

Article Proposed New Fairness Measure (%)
Yes 28 (9.0)
No 284 (91.0)

Table 5. Overview of justifications and descriptions of metrics used in fairness analyses applied to predictive algorithms 312 academic
articles published between 2015 and 2025

Fig. 3. Polar coordinate plot of the frequency of fairness metric
use in the articles surveyed.

Number of Unique Fairness Measures 144

Confusion Matrix-Based Metrics
n Unique (% of 144 Definitions) 60 (41.7)
Prevalence (% of 989 Uses) 787 (79.6)

Fairness Measures per Article
Mean (SD) 3.17 (2.44)
Median [IQR] 3 [1,4]
Table 6. Overview of fairness metric use per article.

fewer metrics in their fairness analysis. Figure 3 is a polar coordinate plot representing the frequency of use of the 19
fairness metrics that had been used at least 10 times by articles in the survey. Sixty (41.7%) of the 144 unique metrics
identified in this survey were based on binary classification confusion matrices. These confusion matrix-based metrics
constituted four fifths of all metric uses across the 312 papers in our survey (787 of 8989 total metric uses, 79.6%).
Additionally, approximately 10% of the unique metrics observed in the survey were specific to a certain domain such
as difference in wait times in a health care setting or difference in blink sequence accuracy based in [vehicle] driver
surveillance video [7, 17]
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3.2.1 Authors’s Interpretation: Fairness Measures and Metrics. The operationalizations of fairness on a metric level seen
in the surveyed articles largely centres on achieving the egalitarian operationalization of fairness that we discussed in
Section 3.1.1. This ethos can be seen in the high prevalence of metrics which define “fair” as a state where an algorithm’s
predictions meet an equality statement that compares prediction performance between groups or individuals in a data
set. Importantly, the use of equality statements or acceptable thresholds for differences are not in-and-of themselves
indicative of a metric being an egalitarian operationalization of fairness, in fact most operationalizations of fairness rely
on these tools to some degree. It is rather the (often unstated) assumption that parity in performance between groups is
fairness. In short, the vast majority of the metrics employed by the articles we surveyed are used in such a way that
they functionally reduce the many complex and multi-faceted notions of fairness to !bias == fair.

4 Discussion

Having discussed the results of this literature survey study’s sample, the fairness analyses observed, and the fairness
metrics utilized, we now return to our initial research questions.

(1) Which forms of fairness analysis are most prevalent in peer-reviewed literature that empirically assesses fairness in

predictive algorithms using real-world data?

Answer: More than 90% of the identified articles investigated binary classification problems. Over 85% of
articles assessed fairness in a predictive algorithm by comparing it with another predictive algorithm while less
than 3% articles assessed a predictive algorithm’s fairness in comparison to human predictions.
(a) Which types of justifications were provided to support the selection of the fairness analysis methodologies

implemented in the surveyed articles?

Answer: The most prevalent form of justification was to cite that the chosen fairness analysis method had
been used previously in a different context without providing reasoning as to why that method would be
valid in the article’s context.

(2) Which metrics are most frequently used to measure aspects of fairness within the fairness analyses of peer-reviewed

articles that empirically assess predictive algorithms using real-world data?

Answer: The most frequently used metrics in the articles surveyed were those derived from confusion matrices,
such as equalized odds [19], as well as those derived solely from an algorithm’s predictions, such as group
fairness (AKA statistical parity difference) [10].
(a) Which types of justification were provided to support the context-specific validity of the fairness metrics used

by these articles?

Answer:Three quarters of the surveyed articles cited the use of their chosenmetrics generally, but neglected
to provide evidence or reasoning that supported those metrics’ validity in the context that the article had
applied it to. Less than 5% of articles provided evidence that directly supported the context-specific validity
of said article’s selected metrics.

One of the central themes that emerged from this survey is the current relative lack of investigation into how to
meaningfully measure predictive algorithm fairness. This is perhaps most clearly demonstrated by the 0 out of 329
articles from the survey that reported incorporating the perspectives of the people who the predictive algorithm was
being applied to in their fairness analyses.

In line with the observations of previous surveys in this area, the vast majority of the articles in our survey investigated
fairness in binary classification tasks using confusionmatrix-based metrics [8, 24]. We also observed trends of reductively
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defining fairness as a lack of bias, a general vagueness as to which aspect[s] of fairness were being assessed, and a
lack of meaningful engagement with the real-world impacts of the predictive algorithms being assessed. Broadly, we
would describe many of the articles in our survey as being written from a purely technical perspective, despite the
sociotechnical nature of the problem being investigated.

While the themes we have highlighted so far in this discussion section represent high-level trends across the 329
articles surveyed, there many articles to which few or none of these generalizations apply. For example, Gerchick
et al. [16] deeply engaged with the context of their fairness analysis as they investigated injustice and systematic
discrimination in an algorithm used to predict the risk of child welfare neglect. Another example can be seen in the
work of Imai et al. [21], which sought to develop a fairness measurement specifically for predictions made in pretrial
Public Safety Assessments, a part of the US’s criminal justice system.

Next steps for research in this area could include beginning to bridge the mathematical formulations of fairness
utilized throughout the surveyed papers with notions of fairness grounded in the lived experience of those affected,
or in any of the plethora of ethical and philosophical foundations that have been developed throughout the ages.
Researchers could also begin establishing the context-specific validity of different approaches to fairness analysis in
specific scenarios.

This survey has several strengths. To the best of our knowledge, this study is the first rigorous survey into how
fairness analyses of predictive algorithms are used in practice. Accordingly, our survey builds upon the established
knowledge base created by previous surveys which focused on aspects of fairness analyses such as identifying fairness
metrics, creating taxonomies for bias and fairness-related terms, or summarizing current mitigation techniques [8, 24, 39].
This survey adds to this existing knowledge by providing context for the prevalence and frequency of use of those
fairness analysis tools and metrics, as well as by providing insight into factors that could have led to the usage trends
we observed. Further, as part of methodological rigour of our survey, we applied an adapted rapid review protocol and
followed reporting best practices to enhance the accuracy and reproducibility of our results [14, 15]. This survey is also
strengthened by the length of time from which articles were searched. Using a 10-year look back window allowed our
survey to better contextualize the growth of research into predictive algorithm fairness over time. This survey also
has several limitations. The practical decision to search the ACM library, SCOPUS, and CAS databases only means
that papers which could have met our search criteria but were not indexed in those databases would have been missed.
Given the varied and rapidly changing meanings of terms around fairness and predictive algorithms, (e.g., the seemingly
ever-expanding definition of “AI” in the past 3 years [22]), our search criteria may not have sufficient captured all
papers to which our meaning applied to if those papers did not use the terminology we developed. Knowing this would
be a limitation, we consulted with a subject-matter expert librarian on our search terminology prior to conducting the
survey. This survey is also limited in its conclusions due to the observational nature of surveys.

5 Conclusion

We began this search to better understand how researchers across disciplines are investigating fairness-related concerns
in prediction algorithms that are being used on real-world data. Having now conducted the survey, we found a wide
variety of methods and metrics that could be used in fairness analysis; however, we also found a general lack of
engagement with how meaningfully the fairness assessments being used aligned with the real-world contexts that
those analyses were being applied to. Particularly noticeable among the surveyed papers was the lack of inclusion of
perspectives from the people affected by the algorithms being studied.
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At its core, any assessment of fairness in predictive algorithms is an assessment of a sociotechnical phenomenon.
Therefore, we believe it is important to underline that it is our responsibility as researchers to ensure that both the
“socio” and the “technical” aspects of fairness in predictive algorithms are addressed in the analyses we conduct.
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A Search Strings

A.1 Generic Search String

(bias*) AND (fair* OR unfair* OR equit* OR justice OR prejudice OR discrimination) AND (algorithm

OR “artificial intelligence” OR AI OR “machine learning” OR “machine-learning” OR ML OR “deep

learning” OR “predictive model*” OR “predictive analy*”) AND (definition* OR outcome* OR metric*

OR measure* OR framework OR test* OR assess* OR technique* OR tool* OR summar* OR eval* OR report*)

A.2 ACM Search

Search String:
[[Title: bias*] AND [[Title: fair*] OR [Title: unfair*] OR [Title: equit*] OR [Title: justice]

OR [Title: prejudice] OR [Title: discrimination]] AND [[Title: algorithm] OR [Title: "artificial

intelligence"] OR [Title: ai] OR [Title: "machine learning"] OR [Title: "machine-learning"] OR

[Title: ml] OR [Title: "deep learning"] OR [Title: "predictive model*"] OR [Title: "predictive

analy*"]] AND [[Title: definition*] OR [Title: outcome*] OR [Title: metric*] OR [Title: measure*]

OR [Title: framework] OR [Title: test*] OR [Title: assess*] OR [Title: technique*] OR [Title:

tool*] OR [Title: summar*] OR [Title: eval*] OR [Title: report*]]] OR [[Abstract: bias*] AND

[[Abstract: fair*] OR [Abstract: unfair*] OR [Abstract: equit*] OR [Abstract: justice] OR

[Abstract: prejudice] OR [Abstract: discrimination]] AND [[Abstract: algorithm] OR [Abstract:

"artificial intelligence"] OR [Abstract: ai] OR [Abstract: "machine learning"] OR [Abstract:

"machine-learning"] OR [Abstract: ml] OR [Abstract: "deep learning"] OR [Abstract: "predictive

model*"] OR [Abstract: "predictive analy*"]] AND [[Abstract: definition*] OR [Abstract: outcome*]

OR [Abstract: metric*] OR [Abstract: measure*] OR [Abstract: framework] OR [Abstract: test*]

OR [Abstract: assess*] OR [Abstract: technique*] OR [Abstract: tool*] OR [Abstract: summar*]

OR [Abstract: eval*] OR [Abstract: report*]]] OR [[Keywords: bias*] AND [[Keywords: fair*] OR

[Keywords: unfair*] OR [Keywords: equit*] OR [Keywords: justice] OR [Keywords: prejudice] OR

[Keywords: discrimination]] AND [[Keywords: algorithm] OR [Keywords: "artificial intelligence"]

OR [Keywords: ai] OR [Keywords: "machine learning"] OR [Keywords: "machine-learning"] OR [Keywords:

ml] OR [Keywords: "deep learning"] OR [Keywords: "predictive model*"] OR [Keywords: "predictive

analy*"]] AND [[Keywords: definition*] OR [Keywords: outcome*] OR [Keywords: metric*] OR [Keywords:

measure*] OR [Keywords: framework] OR [Keywords: test*] OR [Keywords: assess*] OR [Keywords:

technique*] OR [Keywords: tool*] OR [Keywords: summar*] OR [Keywords: eval*] OR [Keywords:

report*]]] AND [E-Publication Date: (01/01/2015 TO 31/12/2025)]

A.3 CAS Search

Limiters: Full Text; Peer Reviewed; Publication Date: 20150101-20251231. Expanders: Apply equivalent subjects.
Narrow by Language: English.
Search String:
TI(("bias*") AND ("fair*" OR "unfair*" OR "equit*" OR "justice" OR "prejudice" OR "discrimination")

AND ("algorithm" OR "artificial intelligence" OR "AI" OR "machine learning" OR "machine-learning"

OR "ML" OR "deep learning" OR "predictive model*" OR "predictive analy*") AND ("definition*" OR
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"outcome*" OR "metric*" OR "measure*" OR "framework" OR "test*" OR "assess*" OR "technique*" OR

"tool*" OR "summar*" OR "eval*" OR "report*")) OR AB(("bias*" AND ("fair*" OR "unfair*" OR "equit*"

OR "justice" OR "prejudice" OR "discrimination") AND ("algorithm" OR "artificial intelligence"

OR "AI" OR "machine learning" OR "machine-learning" OR "ML" OR "deep learning" OR "predictive

model*" OR "predictive analy*") AND ("definition*" OR "outcome*" OR "metric*" OR "measure*"

OR "framework" OR "test*" OR "assess*" OR "technique*" OR "tool*" OR "summar*" OR "eval*" OR

"report*")) OR KW(("bias*") AND ("fair*" OR "unfair*" OR "equit*" OR "justice" OR "prejudice" OR

"discrimination") AND ("algorithm" OR "artificial intelligence" OR "AI" OR "machine learning" OR

"machine-learning" OR "ML" OR "deep learning" OR "predictive model*" OR "predictive analy*") AND

("definition*" OR "outcome*" OR "metric*" OR "measure*" OR "framework" OR "test*" OR "assess*"

OR "technique*" OR "tool*" OR "summar*" OR "eval*" OR "report*"))

A.4 SOCPUS Search

Limiters: Articles; Publication Year: > 2014 & < 2026. Narrow by Language: English.
Search String:
TITLE-ABS-KEY(("bias*") AND ("fair*" OR "unfair*" OR "equit*" OR "justice" OR "prejudice") AND

("algorithm" OR "artificial intelligence" OR "AI" OR "machine learning" OR "machine-learning"

OR "deep learning" OR "predictive model*" OR "predictive analy*") AND ("metric*" OR "measure*"

OR "framework" OR "test*" OR "assess*" OR "technique*" OR "tool*" OR "summar*" OR "eval*")) AND

PUBYEAR > 2014 AND PUBYEAR < 2026 AND (LIMIT-TO(DOCTYPE,"ar")) AND (LIMIT-TO(LANGUAGE,"English"))
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