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Abstract

Al systems have long been touted as a means to transform the
healthcare system and improve service user outcomes. How-
ever, these claims frequently ignore the social context that
leaves service users subject to epistemic oppression. This pa-
per introduces the term “epistemic calcification” to describe
how the use of Al systems leads to our epistemological sys-
tems becoming stuck in fixed frameworks for understanding
the world. Epistemic calcification leads to contributory injus-
tice as it reduces the ability of healthcare systems to mean-
ingfully consider alternative understandings of people’s
health experiences. By analysing examples of algorithmic
prognosis and diagnosis, this paper demonstrates the chal-
lenges of addressing contributory injustice in Al systems and
the need for contestability to focus on more than the Al sys-
tem and on the underlying epistemologies of Al systems.

1 Introduction

Artificial Intelligence (AI) systems have long been heralded
for their potential to “transform” medicine and healthcare
(Topol 2019; Obermeyer, Ziad and Emanuel, Ezekiel J.,
M.D. 2016). This trend shows no signs of slowing in the era
of generative Al systems (Zhang and Boulos 2023). In a
global survey, more than two in three clinicians expressed
excitement around the use of Al in healthcare with a third
claiming to have used Al in the last year (Sooch and Pateraki
2023). However, despite the optimism from some corners
on the potential of Al systems, there are several accompa-
nying criticisms of the hype surrounding medical Al such as
the difficulties of implementing medical Al in practice, re-
duction of trust between patients and doctors, and turning
aspects of care into unexplainable black box decisions
(Cabitza et al., 2017; Chin-Yee & Upshur, 2019; Grote &
Berens, 2020; Lee Peter et al., 2023; Morley, 2023; Starke
et al, 2020).

This paper focuses on another kind of criticism of medical
Al its potential to exacerbate contributory injustice, a form
of epistemic oppression, in medicine. Epistemic oppression,
as introduced by Dotson (2012), describes the ways people
are systematically excluded and dismissed from producing
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knowledge. One type of epistemic oppression is contribu-
tory injustice, when marginalized groups are excluded from
contributing equally to dominant understandings of their ex-
periences. Most work on epistemic oppression in medical Al
systems has focused on Fricker's (2007) examples of testi-
monial and hermeneutical injustice (Chin-Yee and Upshur
2019; Faissner et al. 2024; Pozzi 2023; Walmsley 2020),
which are well-documented in medicine (Carel and Kidd
2014; Blease, Carel, and Geraghty 2017). Less work has fo-
cused on understanding how medical Al systems can per-
petuate other forms of epistemic oppression, as explored in
Herzog (2022) and Faissner et al. (2024). This paper builds
on this research by analysing how Al systems in medicine
exacerbate contributory injustice.

This paper argues medical Al systems will amplify con-
tributory injustice due to their tendency for ‘epistemic cal-
cification’, when knowledge systems “harden” and become
set in a fixed framework for understanding a problem. Sec-
tion 2 outlines Dotson’s (2012, 2014) framework of epis-
temic oppression including contributory injustice and how it
manifests in healthcare and medicine. Section 3 turns to how
Al systems generally worsen contributory injustice and in-
troduces the concept of ‘epistemic calcification’ to explain
why this occurs. Section 4 demonstrates the risks of epis-
temic calcification leading to contributory injustice through
two examples of applications of Al systems in medicine:
prognosis and diagnosis. Section 5 reflects on the challenge
of addressing this issue in a discourse that prioritises the val-
ues of patients over their knowledge, failing to treat them as
equal members of knowledge production. This paper con-
cludes that contributory injustice cannot be addressed
through simple technical fixes and requires recognizing the
use of Al systems as representative of underlying
knowledge systems that themselves need to be challenged.

2 Epistemic Oppression and Contributory In-
justice

Epistemic oppression describes the systematic exclusion of



individuals or groups from participating in knowledge pro-
duction (Dotson, 2014). Theorising about epistemic oppres-
sion starts from the basic assumption that there are very dif-
ferent ways to conceive of and understand the world and that
this knowledge is socially mediated. What we know or un-
derstand can often be intimately shaped by our social iden-
tities and experiences. For example, an asylum seeker flee-
ing war in their home country will likely have a deeper un-
derstanding of the situation in their home country than the
asylum decision maker where they are seeking asylum.

While there are ways we can understand ourselves indi-
vidually, Dotson (2014) explains how the process of coming
to understand and assess our experiences is also dependent
on collective epistemic resources, which are collective ways
of understanding. Epistemic resources can be our language,
conceptual frameworks or criteria of evaluation (Pohlhaus
Jr. 2012) as well as our emotions and embodiments which
can inform how we understand our experiences (Shotwell
2017).

Some epistemic resources will be more dominant than
others, whether due to social, political or pragmatic reasons,
and which are the dominant resources may vary depending
on the community. For example, particular slang or idioms
may be dominant in a regional or ethnic community but the
dominant linguistic epistemic resources in a country may be
more formal. This example helps demonstrate two points
about epistemic resources. First, dominant epistemic re-
sources won’t necessarily be those that are most popular or
widely used. Second, and relatedly, dominant epistemic re-
sources may become so due to institutional adoption. In the
language example, the style guide of a major newspaper or
news outlet could play a significant role in establishing what
counts as dominant epistemic resources. In Doston’s terms,
epistemic resources prevail within an epistemological sys-
tem, which is a “holistic concept that refers to all the condi-
tions for the possibility of knowledge production and pos-
session” (2014: 121). Because epistemic resources shape
how we understand the world, the epistemological system
and dominant epistemic resources within it can play a pro-
found role in constraining how we act or make decisions.
For example, the asylum seeker is subject to how dominant
epistemic resources in the country she’s seeking asylum in
categorise what is happening in her home country, what the
risks are to her, and whether she’s believed or not.

Epistemic oppression occurs because not everyone is
equally able to utilise or contribute to dominant epistemic
resources, leading to potential injustice and oppression. Dot-
son (2014) introduces three kinds of epistemic oppression.
This paper is primarily concerned with third-order epistemic
oppression, where the exclusion of peoples’ ways of under-
standing themselves is due to dominant epistemic resources
being inadequate or irrelevant to capturing an individual or
group’s experience. One form of epistemic oppression is
‘contributory injustice’ described in Dotson (2012).

Contributory injustice occurs when people rely on struc-
turally prejudiced dominant epistemic resources and choose
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to ignore alternative epistemic resources in ways that sys-
tematically exclude and harm an individual or group (Dot-
son 2012). Ignoring alternative ways of understanding expe-
riences can sometimes lead to material harms for individuals
or groups. For example, if a decision is made to deny asylum
to an asylum seeker due to dominant prejudiced epistemic
resources not recognising the risks to the asylum seeker even
though they can point to alternative epistemic resources
showing clear evidence of harms, contributory injustice is
responsible for both epistemic and material harms to the in-
dividual. The failure to understand a person’s experience re-
sults from the choice to ignore resources that explain their
experience and continue to use the dominant prejudiced ep-
istemic resources that fail to accommodate the speaker’s ex-
perience.

One context where contributory injustice can lead to ma-
terial harms is healthcare. Miller Tate (2019) explains how
contributory injustice manifests in psychiatry in the experi-
ences of service users who hear voices and their interactions
with the medical system. There are several other examples
of contributory injustice in healthcare such as the experi-
ences of intersex and trans communities, who both have
been and are subject to epistemic oppression due to domi-
nant epistemic resources in medicine understanding their so-
cial identities as a medical condition to be treated (Spade
2003; Merrick 2019; Keyes, Hitzig, and Blell 2021; Faye
2021). Disabled people also can face contributory injustice
in how medicine relies on dominant epistemic resources that
ignore alternative understandings of their abilities and expe-
riences that have been developed by disabled communities
(Blease, Carel, and Geraghty 2017; Amundson 2000).

Another recent example is the patient-led research intro-
ducing the medical condition ‘Long COVID’ — the persis-
tence of COVID-19 symptoms for more than 28 days, which
can occur in some patients. Patients experiencing these
symptoms found that doctors were at a loss to help them as
their experiences did not fit into a medical framework that
believed someone could not suffer ongoing COVID-19
symptoms. This resulted in patients developing their own
resources to catalogue their experiences and culminated in a
report defining this condition as “Long COVID” (Mccorkell
etal. 2021; Callard and Perego 2021). The inability for these
patients to be understood by doctors was partly due to inten-
tional or non-intentional ignorance of these alternative re-
sources and dismissal of anecdotal evidence. While now the
“Long COVID” reports have been discussed in medical
journals and mainstream media outlets, these patients were
subject to contributory injustice and may continue to face
epistemic oppression from medical professionals who are
unaware or choose to ignore these epistemic resources or the
condition itself.

Addressing contributory injustice is made especially dif-
ficult due to the resilience of our epistemological systems.
Doston (2014) describes epistemological resilience as the
ability of an epistemological system to adapt to changes
without having to be restructured. For example, a scientific



theory can demonstrate epistemological resilience when
new scientific discoveries are made without the theory hav-
ing to be radically overhauled. As Dotson emphasises, resil-
ience is not itself a bad feature — the stability of resilient
epistemological systems allows us to understand change and
share a framework. In the scientific theory example, a resil-
ient theory allows scientists to share new insights and de-
velop applications based on this theory. Similarly, having a
stable understanding of the world, allows us to identify
shortcomings in our communities and societies and reason
about interventions.

But when our dominant epistemic resources are structur-
ally prejudiced, their resilience makes it difficult to over-
come contributory injustice as it is harder to acknowledge
and address the inadequacy of dominant resources. Address-
ing third-order epistemic oppression requires knowers to
grapple with the limitations of their own epistemological
systems and understand the merits of an outside perspective
on them. For example, Miller Tate (2019) argues addressing
contributory injustice requires the medical system and med-
ical professionals to be aware of and take seriously alterna-
tive epistemic resources for understanding service user’s ex-
periences, such as hearing voices. In summary, one step to-
wards avoiding contributory injustice requires embracing
the plurality of alternative epistemic resources for under-
standing our experiences and the world.

The next section introduces epistemic calcification to ex-
plain why Al systems are particularly likely to exacerbate
contributory injustice.

3 Epistemic Calcification

There is a developing literature exploring epistemic injus-
tice (a subset of epistemic oppression) and Al in various
contexts, including healthcare (Faissner et al. 2024; Pozzi
2023; Symons and Alvarado 2022). Herzog (2022) and Mi-
ragoli (2024) both discuss the potential for Al systems to
cause epistemic oppression. Herzog (2022) argues that the
lack of explainability of Al systems can in some cases cause
third-order epistemic oppression in medicine. Miragoli
(2024) argues epistemic oppression is related to the ten-
dency to only treat statistically dominant information as ep-
istemically relevant. This section argues we can better un-
derstand the risks of contributory injustice and epistemic op-
pression from Al systems through the lens of “epistemic cal-
cification”.

Epistemic calcification is the tendency of epistemological
systems and epistemic resources to “harden” and become
stuck in a fixed framework for structuring and understand-
ing the world. In epistemic calcification, the practical ways
an epistemological system is embedded and implemented in
a person or institution’s activities can leave parts or all of
the epistemological system fixed and resistant to change.
While there may be ways an individual’s epistemic re-
sources could become epistemically calcified, here the main
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concern is epistemic calcification in institutions or commu-
nities. The more epistemically calcified a system is, the
more barriers there will be to shifting the system to consider
and include alternative epistemic resources.

Classification systems are a key example of how epis-
temic calcification can occur. Bowker and Star (1999) pro-
vide a detailed analysis of how classification systems act as
powerful infrastructures shaping our experiences in the
world through multiple domains. For example, the catego-
ries included on the census represent a particular epistemo-
logical system for understanding the world. In theory, the
categories on the census ought to provide a comprehensive
description of the population they survey but in practice, the
decisions made around what categories to include and how
they’re defined are laden with social and political values.
Because of how the census feeds into political decision-
making, the categories chosen can become epistemically
calcified as they reinforce the ongoing reification of those
categories by other political bodies, institutions and individ-
uals who are forced to express their identities in ways that
comply with those categories. For example, Guyan (2022)
critically discusses the framing of sexual orientation ques-
tions added to Scotland’s 2022 census and the exclusion of
non-binary identities as shaping national conceptions of the
LGBTQ+ community.

Epistemic calcification contrasts with Dotson’s (2014)
epistemological resilience, which emphasises the ability
for epistemic resources to adapt to change without having
to be restructured. Epistemologically resilient systems will
likely retain some degree of adaptivity as a means of re-
maining dominant. However, in epistemic calcification, an
epistemological system remains dominant despite a lack of
adaptability. Instead, the epistemological system remains
dominant as it is embedded in systems in ways that intro-
duce barriers to adapting and restructuring these resources.
In this way, epistemic calcification can also lead to ‘value
capture’ as defined by Nguyen (forthcoming). In value
capture, “a person or group adopts an externally-sourced
value as their own, without adapting it to their particular
context” (7). Nguyen gives an example of the introduction
of law school rankings fundamentally shifting how stu-
dents make decisions and how departments organise their
missions. Prior to the USN&WR law school rankings,
there was more value pluralism in how people approached
deciding which law school to go to as there was a recogni-
tion that different law schools may be more or less aligned
with what a student wanted from their studies. The introduc-
tion of the ranking diminished this value pluralism as the
rankings came to dominate students’ decision process as
well as incentivising law schools to abandon their specific
missions in pursuit of what would help them climb the rank-
ings. Just as value capture reduces value pluralism, epis-
temic calcification hinders epistemic pluralism. This conse-
quence of epistemic calcification heightens the risk of con-
tributory injustice.



Technical factors

EPISTEMIC OPPRESSION
EPISTEMIC
CALCIFICATION :

Sociological factors 3 . -
testimonial hermeneutical
injustice injustice
\. 2/

[U}ZI’V‘I—‘W-(UU —b]

Figure 1. Diagram illustrating the relationship between Al
systems, epistemic calcification and contributory injustice.

The next sections build on this definition of epistemic cal-
cification to show how Al systems exacerbate it. Figure 1
illustrates this paper’s central argument mapping how Al
systems, due to technical and sociological factors, lead to
epistemic calcification which exacerbates contributory in-
justice, a form of epistemic oppression.

3.1 Epistemic Calcification in AI Systems

This section argues Al systems cause epistemic calcification
because using Al systems keeps an epistemological system
calcified by introducing barriers to adapting it. Digital sys-
tems leading to epistemic calcification is not a new phenom-
enon. In an interview from 1985, Joseph Weizenbaum re-
marks, “I think the computer has from the beginning been a
fundamentally conservative force. It has made possible the
saving of institutions pretty much as they were, which oth-
erwise might have had to be changed [...] the computer has
acted as [...] a force which kept power or even solidified
power where is[sic] already existed” (ben-Aaron 1985).
This centralization of power highlights the risks of epistemic
calcification through digital systems — by entrenching epis-
temological frameworks in a system, institutions can further
reinforce power imbalances that continue to disadvantage
those with experiences that aren’t represented or understood
through those systems. Al systems are tools for epistemic
calcification which increase the likelihood of contributory
injustice.

The roots of epistemic calcification from Al stem from
foundational assumptions in 20" century Al research. In
knowledge-based Al (or Good Old-Fashioned Al), an ap-
proach more popular in the early days of Al based on the
work of Newell and Simon, the goal was to mimic expert-
level human problem-solving by explicitly creating a
‘knowledge base’ of relevant facts that Al systems would
then infer new knowledge from. Alison Adam (1998) shows
how the knowledge base of these early Al systems made im-
plicit assumptions about who counted as knowers and prior-
itised their knowledge systems. One example is the still-on-
going Cyc project that aims to create a knowledge base for
Al systems that includes all the basic knowledge about the
world needed to capture human common sense. The ques-
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tion: whose common sense does this represent? Adam anal-
yses Cyc to show the worldview represented in the system
is significantly influenced by the largely white middle-class
male developers, who ultimately decide which facts about
the world constitute common sense knowledge. Systems
like Cyc lead to epistemic calcification, where a particular
framework for understanding the world becomes fixed in the
system thereby influencing how it will utilise knowledge to
solve problems.

Another example analysed by Adam is Soar, a problem-
solving Al project that worked by formally defining a set of
problem states that the Al system would then “search” to
find a solution. In this case, Adam traces how Soar’s prob-
lem-solving approach was based on empirical studies on hu-
man problem-solving conducted on male US college stu-
dents. Thus, “the theory of human problem solving]...]
which has strongly influenced not just the development of
Soar but of symbolic Al in general, is based on the behavior
of a few technically educated, young, male, probably mid-
dle-class, probably white college students working on a set
of rather specialised tasks” (Adam, 2004, 339). Here epis-
temic calcification is brought about, not just from the
knowledge embedded into the system, but by fixing a par-
ticular approach to problem-solving in the first place.

In these historic examples, epistemic calcification oc-
curred due to the explicit project of incorporating particular
types of knowledge into Al systems. However, one might be
tempted to think that newer approaches to Al like machine
learning (ML), which avoids explicit articulation of
knowledge in lieu of allowing the algorithm to “learn” for
itself, would thereby be less susceptible to epistemic calci-
fication. The next two sections outline how ML systems can
introduce epistemic calcification due to technical and soci-
ological factors.

3.2 Technical Factors Contributing to Epistemic
Calcification

Epistemic calcification can result from factors related to the
technical development of Al systems.

First, while there is no explicit knowledge representation
in machine learning (ML) systems, there are several other
ways that epistemic calcification can occur in machine
learning. Many Al systems used in medicine for diagnostic
or prognostic purposes use supervised learning. In super-
vised learning, an algorithm is trained on datasets labelled
by human annotators, so the desired input-to-output map-
ping is known. In other words, if you are training an image
recognition algorithm to be able to diagnose skin conditions,
then the images it will be trained on will be labelled appro-
priately according to whether they are examples of a partic-
ular skin condition or not. Supervised learning imposes a
structure of categories that are decided by the developers in
a similar way to the development of Cyc. In contrast to as-
sumptions that labels represent a ground-truth about the real



world, they are shaped by those defining the labels and re-
quire negotiation and iteration to decide on consistent cate-
gories (Birhane et al. 2022; Miceli, Posada, and Yang 2021;
D. Wang, Prabhat, and Sambasivan 2022). Because of this,
ML systems will still tend to epistemic calcification as they
will entrench the specific categories and labels determined
during training or fine-tuning.

Second, the dataset used for training can result in epis-
temic calcification. It is well-known that algorithms, such as
facial recognition algorithms, can exhibit bias due to the
lack of diversity in the datasets they are trained on (Buolam-
wini and Gebru 2018). However, epistemic calcification
considers further what frameworks for problem-solving can
be reinforced by datasets used for training. For example, if
a diagnostic tool for skin conditions is based on image
recognition, then this promotes the idea that images are all
that is needed for diagnosis. The privileging of particular
modes of evidence for diagnosis obscure other kinds of evi-
dence that are more holistic, such as non-visual properties
of the skin, texture and how it feels to the patient. The same
is true for datasets that rely on standardised demographic
categories for patient classification (e.g. sex, race, gender).
Boulicault (2023) shows how data classifications can both
essentialise social differences (e.g. when the use of sex cat-
egories in COVID-19 health outcomes data led researchers
to look for biological instead of social explanations for in-
fection disparities) or ‘invisibilize’ groups (e.g. when
COVID-19 data classification failed to explicitly collect
data on trans/non-binary people). Here the chosen datasets
will dictate a framework for approaching a problem, just as
in Soar, leading to epistemic calcification. This shows the
limits of approaches which change the composition of da-
tasets for addressing epistemic calcification. More diverse
datasets may reduce bias but it will not normally shift the
implicit approach to problem-solving used by the system or
who holds the power to impose this view on others (Burrell
2024; Miceli, Posada, and Yang 2021).

3.3 Sociological Factors Contributing to Epistemic
Calcification

Epistemic calcification can also be the result of sociological
factors in the wider Al ecosystem.

First, there is a broad commitment to the project of scala-
bility. The enthusiasm for algorithms that have the ability
“to scale” encourages ML systems that can be developed in
one domain and then be transferred for application in new
domains and new markets (Sloane et al. 2022). This means
that programmers are incentivised to strive for systems with
fixed definitions of notions like ‘fairness’. These operation-
alisations are then assumed to be universal and thus gener-
alisable to multiple contexts (Selbst et al. 2019). However,
this scalability presumes a homogeneity of users that is
harmful to those who are already marginalized (Hanna and
Park 2020). In other words, the underlying goal of having a
neutral universal subject has not changed from the days of
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Cyc and expert systems research in Al. In this way, the mo-
tivating goals of the field continue to encourage epistemic
calcification.

Second, there are factors reducing the likelihood of chal-
lenges to the use of Al systems. Automation bias, the over-
reliance on automated systems despite contrary evidence,
further entrenches the dominance of the “knowledge” of Al
systems. This can be particularly harmful when information
from automated systems contradicts the testimony of al-
ready marginalized groups, as occurred in the UK’s Post Of-
fice Horizon scandal, where a flawed software system led to
hundreds of Post Office workers being wrongfully prose-
cuted for fraud (Gray 2023). Even when digital systems are
known to be flawed and in need of update, there is a deep
inertia to updating legacy systems with a recent survey sug-
gesting a majority of healthcare organisations still use leg-
acy operating systems (“2021 HIMSS Healthcare Cyberse-
curity Survey”). Through increased reliance on automated
systems and long-standing inertia to updating these digital
systems, even when presumed or found to be flawed, epis-
temic calcification can be perpetuated even under conditions
where people are aware of potential issues.

4 How AI Systems Reinforce Contributory In-
justice

So far this paper has discussed contributory injustice in
healthcare and introduced how Al systems are used for ep-
istemic calcification. In this section, those two strands are
combined to explain how the use of Al systems in healthcare
leads to epistemic calcification, which consequently rein-
forces contributory injustice.

4.1 Prognostic Algorithms

This section considers the use of a prognostic algorithm for
risk prediction. Obermeyer et al. (2019) examine a
healthcare risk prediction algorithm used by hospital sys-
tems for millions of patients annually to decide where to in-
vest their resources. The purported goal of these systems is
to identify those with the greatest healthcare needs so they
can be placed into care management programs. Based on a
set of inputs such as insurance type, prescribed medications,
and demographic information like age and sex (but specifi-
cally excluding race), the algorithm is trained to generate a
risk score that evaluates an individual’s healthcare needs. To
assess healthcare needs, the algorithm uses past healthcare
costs as a proxy. This means that a person who has higher
predicted medical costs in the next year will be given a
higher risk score. These risk scores are then used to flag peo-
ple for enrolment into extra healthcare programs (at 97% per-
centile) and refer people to their PCPs (at 55™ percentile).
In their paper, Obermeyer et al. (2019) set out to answer:
does this algorithm’s risk score accurately predict the
healthcare needs of patients? To test this, they define a new
measure for healthcare needs, the ‘comorbidity score’,



which quantifies the number of active chronic conditions a
patient has. When Black and white patients with the same
risk score are compared, the Black patients have a much
higher comorbidity score. This means that the algorithm is
systematically underestimating how sick Black patients are
when predicting healthcare needs, leading to bias in who is
recommended to healthcare programs by the algorithm. A
large proportion of Black patients will not be recommended
for the healthcare program on the basis of their risk scores,
even though a white patient with the same number of
healthcare issues would be recommended. Indeed, when
Obermeyer et al. (2019) control for this, they show that the
fraction of Black patients recommended for the healthcare
program would more than double (from 17.7% to 46.5%).

This is attributed to the issue of ‘label bias’. Since
healthcare providers spend less on Black patients in general,
the use of healthcare costs as a proxy for healthcare needs
disadvantages Black patients who will have lower predicted
healthcare costs. As expected, this effect persists despite
race not being an explicit variable during training. Ober-
meyer et al (2019) suggest that this bias is due to the differ-
ent kinds of costs that emerge, with Black patients more
likely to have emergency visits and dialysis treatments than
inpatient and outpatient costs. Benjamin (2019) connects
this to the historical context of the medical data used to train
these algorithms, which requires reckoning with “segre-
gated hospital facilities, racist medical curricula, and une-
qual insurance structures” (422).

As demonstrated by their research, the epistemological
system that the prognostic algorithm is part of is structurally
prejudiced both due to biased data and label bias. Epistemic
calcification occurs due to the embedding of this algorithm
based on a fixed knowledge system into the medical triage
process in a way that fixes the understanding of people’s
healthcare experience to a narrow set of epistemic resources.
By choosing predicted healthcare costs as the appropriate
proxy in the algorithm, the system prioritises epistemic re-
sources which favour groups for whom greater healthcare
need will generally result in increased expenditure of
healthcare resources, such as white patients. This conceptual
framework for understanding health obscures the challenges
with accessing healthcare in the first place, racial inequali-
ties in how healthcare resources are distributed, who has
health insurance in the US, and lack of trust in medical pro-
fessionals. When Benjamin (2019) situates this research in
its historical context, she is demonstrating the inadequacy of
the dominant epistemic resources shaping the Al system to
reckon with Black peoples’ experiences in the healthcare
system. In this way, the system results in contributory injus-
tice.

One consequence of the epistemic calcification of the
prognostic algorithm is that it provides no opportunity for
patients to contribute their own understanding of their
healthcare needs on their terms. Their health experiences are
categorised into conditions (known or unknown) to create
labels for machine classification without ability to appeal or
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contest them. This increases the likelihood of epistemic op-
pression, where patients’ testimony regarding their health
status could be dismissed in lieu of a risk score that under-
estimates how sick they are, mirroring the issues of the UK
Post Office Horizon scandal (Gray 2023). This prognostic
system bypasses the need to rely on peoples’ testimony at
all. Similarly, it serves as a source of epistemic oppression
and contributory injustice in that it excludes alternative la-
bels and proxies for understanding healthcare needs.

Obermeyer et al. (2019) show that a new variable for
‘healthcare needs’ that combines health prediction with cost
prediction results in an 84% reduction in bias in the algo-
rithm. The dramatic reduction demonstrates how important
the selection of labels is in determining the outcomes from
algorithms. But the fact that there is still bias in the algo-
rithm shows that overcoming these issues is not as simple as
changing the label. The use of an epistemically calcified al-
gorithm will force a fixed mode of problem-solving and tri-
age that still perpetuates harms, even if there is a reduction
in bias.

Ultimately, we should challenge the purpose of this algo-
rithm in the first place. Is it there to help patients or to reduce
costs for the hospital system, hence explaining the choice of
healthcare costs as the label? This question is in line with
scholarship documenting the deep connections between the
historical development of Al and administrative bureau-
cracy, such that Al “thinks like a corporation” (Penn 2018;
Cave 2019). The issue at the heart of the matter is how Al
systems preserve bureaucracy, which we already know is
oppressive and harmful to marginalized communities
(Alkhatib 2021).

To meaningfully address contributory injustice, redress
and the ability to contest the decision of an Al system is not
enough. It requires contesting the underlying structurally
prejudiced epistemological system that delivers these deci-
sions at scale and introducing ways for alternative epistemic
resources to be adopted.

4.2 Diagnostic Algorithms

This section considers a second example of diagnostic algo-
rithms. In medical Al literature, diagnosis is sometimes pre-
sented as a value-neutral activity with a focus on the poten-
tial for ML systems to improve diagnostic accuracy and dis-
cover “objective” measures for disorders such as schizo-
phrenia (Starke et al. 2020). This obscures the social, ethi-
cal, and political implications of diagnosis. Consider Esmé
Weijun Wang’s discussion of her diagnosis: “[s]Jome people
dislike diagnoses, disagreeably calling them boxes and la-
bels, but I’ve always found comfort in preexisting condi-
tions. I like to know that I’m not pioneering an inexplicable
experience” (E. W. Wang 2019). For her, diagnosis can be
an empowering process providing someone with epistemic
resources through which to understand their experiences and
situate them in an established community. For others, diag-
noses can be oppressive forcing trans people to conform to



certain medicalised understandings of their experiences in
order to access resources (Spade 2003). Similarly, diagnoses
are frequently considered to be value-laden and may carry
stigma or negative associations (Ho 2004). These nuances
fail to be understood in diagnostic algorithmic systems.

More generally, the narratives that inform and shape di-
agnoses are bound up in the collective epistemic resources
that we use and develop. To this end, as Keyes (2020) ar-
gues, we must pay attention to the discursive harms of diag-
nostic Al tools: “what algorithms do is not just a question of
material goods and (direct) material harms, but a question of
the discourses and narratives they depend on, perpetuate and
legitimise” (5). Through critical discourse analysis, Keyes
illuminates how the researchers developing diagnostic Al
tools for autism frame autism from a highly medicalised per-
spective that portrays autistic people as socially abnormal,
lacking communicative competence, and lacking under-
standing of themselves and others. They show how this de-
nies autistic people agency and personhood as well as ex-
cluding their knowledge of their own experiences from nar-
ratives that will become calcified in these Al systems. In-
stead, the research guiding diagnostic Al developers centres
the perspectives of caregivers and healthcare professionals
over autistic people.

Here the scientific research that underlies the develop-
ment of diagnostic Al systems for autism is structurally prej-
udiced against autistic people’s ability to contribute their
own resources for understanding their experiences. Epis-
temic calcification occurs here as the embedding of these
diagnostic Al systems will further disempower people who
are already excluded from processes of medical knowledge
production. Service users in a healthcare system are often
considered sources of data and not participants in the epis-
temic process of decision-making (Carel and Kidd 2017,
Scrutton 2017). While the structural prejudice may already
exist in the scientific research independent of Al systems,
the use of an algorithmic system increases the inertia inher-
ent in the system and provides further barriers to challenging
and adapting this framework. In doing so, it leads to contrib-
utory injustice as the algorithm will systematically fail to
account for alternative accounts of autism that don’t pathol-
ogise their experiences. The contributory injustice occurs
since “one valid perspective on an experience is lost because
another [...] perspective is dominant and exclusive, giving
rise to a one-sided interpretation” (Scrutton, 2017, 350).

In a non-Al context, Scrutton (2017) explains how service
users are often forced to articulate their experiences to fit
into an existing framework, which can potentially exclude
other factors that are important to the patient. Furthermore,
the very structure of contemporary healthcare can privilege
certain modes of sharing knowledge or evidence in ways
that disadvantage different modes of understanding illness
(Carel and Kidd 2014; Shotwell 2017). For example, medi-
cine often privileges quantitative measures for understand-
ing disease at the risk of ignoring subjective measures that
can help one understand the experience of illness in order to
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better help patients (Carel 2007). These risks will only be
exacerbated through the use of Al systems.

5 Challenges

So far, this paper has outlined the connection between epis-
temic calcification in Al and the risk of contributory injus-
tice when Al systems are used in prognosis and diagnosis.
This section discusses a proposal to alleviate contributory
injustice in medicine and explains why it fail for Al systems.

Recall that addressing contributory injustice requires be-
ing aware of alternative epistemic resources for understand-
ing experiences and the world. This allows someone to have
the flexibility to shift their perspective appropriately to en-
gage with an individual or group on their epistemic terms.
For healthcare professionals, this means engaging with al-
ternative perspectives in a way that bridges the gap between
them and the service user such that the latter is considered
an equal participant in the medical decision-making process.
Furthermore, it will also expose clinicians to differing non-
medical perspectives disturbing the typically narrower
views they have been exposed to throughout their training,.
In this way, clinicians can strive to avoid the epistemic cal-
cification that leads to contributory injustice.

5.1 Value-Flexible AI Systems

When it comes to Al systems, the path to avoid epistemic
calcification is unclear. One potential solution is value-flex-
ible AI. McDougall (2019) argues that Al systems under-
mine shared decision-making as they impose particular val-
ues on how medical decisions are ranked. The example she
uses is how IBM’s Watson for Oncology ranked decisions
based on maximising life, which may not align with patient
preferences and values. She argues that to address this we
need Al systems that are ‘value-flexible’ and responsive to
different individual patient values to avoid reinforcing med-
ical paternalism. Would value-flexible Al suffice to address
epistemic calcification?

Let’s start by accepting McDougall’s suggestion that we
need value-flexible AI. Immediately, it is hard to envisage
how this would be implemented with our current paradigms
of Al Take her own example of Watson for Oncology,
which uses life maximisation to assess and weight different
cancer treatments. A value-flexible Al system would pre-
sumably allow for different values to be used for assessing
and weighting cancer treatments. One plausible value that
might be deemed important to this decision is quality of life.
How would this be implemented in a value-flexible Al sys-
tem? What constitutes quality of life itself will vary from
individual to individual so there will be no simple operation-
alisation to implement in an Al system that would satisfy
individual patient values. Ultimately, the values that can be
incorporated in Al systems for medical decision-making
will prioritise those that are quantifiable rather than qualita-
tive measures that may be equally or more important to a



patient. In doing so, Al systems will still embody epistemic
calcification, which excludes other perspectives on evaluat-
ing medical decisions.

However, aside from questions around implementation,
the real danger of this framing of value-flexible Al is that it
situates the risk of medical Al systems at the level of values
focusing concern on the lack of alignment between Al and
patient values. While conflict with patient values is defi-
nitely a significant issue (Birch et al. 2022), this emphasis
has diminished the importance of patient knowledge as an
equally pressing issue. When the potential for Al to conflict
with someone’s knowledge is discussed in the literature, it
centres on the conflict between the clinicians’ knowledge
and Al system’s recommendation rather than that of the pa-
tient. For example, Grote & Berens (2020) warn of how ML
algorithms could undermine the epistemic authority of cli-
nicians. Similarly, when Walmsley (2020) warns of the risk
of epistemic injustice in Al medical diagnosis, it is the risk
that “a GP’s opinion may be discounted or rejected simply
because the GP is human” (5). Framing the issue in this way
assumes that the significance of patient participation in de-
cision-making centres on making sure their values are re-
flected in medical decisions rather than acknowledging the
patients’ status as knowers. In the context of medical Al,
rarely is it considered that patients themselves may be dis-
advantaged by the epistemic status accorded to Al systems
and the forms of knowledge these systems privilege. This is
despite patients being equally if not far more likely to deal
with negative consequences of use of Al systems compared
to doctors.

Kukla (2007) challenges this “fact-value division of la-
bor” between doctor and patient, emphasising how medical
knowledge is not value-neutral and that patient narratives
can contribute valuable knowledge that is often missing
from physicians’ expertise. This echoes lessons from phe-
nomenological accounts of illness, which argue that first-
person experiences of illness are key to understanding ill-
ness, in contrast to naturalist accounts of disease that solely
define disease as biological dysfunction (Carel 2007). In do-
ing so, the worry is that naturalist accounts of disease ignore
how patient experience and subjective measures of illness
constitute valuable medical knowledge for understanding
disease. To make this more concrete, consider the example
in §4.2. The issues autistic people face with algorithmic di-
agnostic systems are not stemming from a conflict with their
value preferences but a more fundamental issue with how
their own understanding of their experiences are dismissed
by those with power to create and sustain the epistemologi-
cal framework of medical systems represented in Al sys-
tems. What is required to address this is the ability for flex-
ibility in the knowledge represented and framings embedded
in Al systems in the first place. In other words, challenging
an Al system must allow a person to contest the epistemic
resources underlying it.

When we consider the risk of medical Al systems at the
level of knowledge rather than values, there is more reason
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to be skeptical about the potential for flexible Al that avoids
epistemic calcification. It is not sufficient to change the ex-
plicit values that Al systems utilise in their decision-making
without also interrogating the knowledge that medical Al
systems rely on. Since the data that Al systems are trained
on will necessarily be restricted to information that can be
“datafied”, they will struggle to accommodate phenomeno-
logical data, which is a long-standing challenge for Al
(Chin-Yee and Upshur 2019). Chin-Yee & Upshur (2019)
argue that the potential exacerbation of epistemic injustice
with medical Al systems is a result of their failure to include
phenomenological and qualitative data about illness. How-
ever, there is something to gain from recognising the role
that epistemic calcification of Al systems plays in this too.
Contributory injustice results not just from the kinds of data
and evidence used in an Al system but from the calcification
of this epistemic system introducing barriers to challenging
it.

This problem is deeper than a simple technical fix. Even
if there were ways to amend this on a technical level, atten-
tion to alternative hermeneutical resources does not fit with
the universalising mindset that underlies Al systems. As we
develop systems that are built to scale for more general use,
we must contend with a loss of context and flexibility (Boyd
& Crawford, 2012). Given this, those using Al systems will
struggle to recognise the limitations of their own framework
in such a way that allows them to shift to alternative ones.

One could argue that if Al systems were used in tandem
with clinician judgment, they would be able to introduce
some degree of flexibility that could prevent epistemic cal-
cification. Given patients are often subject to epistemic op-
pression at the hands of clinicians, this should introduce
some caution in relying on clinicians to mitigate contribu-
tory injustice from Al systems in medicine. Furthermore, the
presence of Al systems can change the behaviour of those
who use them where individuals may exhibit automation
bias by being overly influenced by automated systems in
spite of contradictory evidence (Skitka et al. 2000; Bond et
al. 2018) or resist recommendations in biased ways (Selbst
et al. 2019). The use of algorithms could also shift epistemic
norms in healthcare by enforcing the standardisation of
medical data to make it usable by algorithms or encouraging
clinicians to align their conceptual frameworks with those
used by algorithms to make better inferences from them
(Grote and Berens 2020). Based on this, the epistemic calci-
fication of Al systems may further calcify clinicians’ epis-
temic resources resulting in healthcare infrastructures that
are more susceptible to epistemic oppression.

6 Conclusion

The issue of epistemic oppression is not a new one in medi-
cine and is not dependent on the use of Al systems in medi-
cine. What this paper has aimed to do is provide an analysis
to show why the use of Al systems in medicine is likely to



exacerbate contributory injustice rather than resolve it.
Through epistemic calcification, Al systems promote a fixed
and inflexible approach to understanding experiences and
introduce barriers to engaging with alternative understand-
ings. In medicine, where there is a need to accommodate al-
ternative frameworks of understanding experience of illness
to ensure epistemic justice, this quality of Al systems cul-
minates in a situation liable to perpetuate epistemic oppres-
sion in medicine. This paper does not outline a clear solu-
tion. Instead, it calls for questioning what we want from Al
systems in medicine, arguing for contestability to centre on
more than just values and challenging whether Al systems
can be developed in ways that better accommodate different
epistemologies. If not, we must recognize the limitations of
using Al systems in domains such as medicine without rein-
forcing harms to already marginalized communities.
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