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Abstract

Clinical machine learning (ML) algorithms can
exacerbate a wide range of injustices across
multiple domains and levels of society. These
harms are often underemphasized and differen-
tially distributed, with minoritized communi-
ties disproportionately experiencing the harms
and not the benefits of health ML algorithms.
By proposing a correspondence between promi-
nent algorithmic harm and social drivers of
health (SDOH) frameworks, we show that a
range of algorithmic harms ultimately impact
human health through SDOH factors, especially
structural factors. This presents an inherent
tension in the development of ML for health,
where the harms of algorithms may lead to
the worsening of health inequities. We rec-
ommend the consideration of SDOH through-
out the pipeline of ML system development
for examining algorithmic harms to health.
Effectively considering SDOH necessitates de-
veloping competencies in structural analysis
and community-engaged approaches. Account-
ing for SDOH could illuminate pathways to-
ward equity-promoting algorithms, although
we highlight that, in many cases, an equity-
promoting algorithm may not exist. Thus, we
also emphasize the need for interventions on the
root causes of health inequities.

Keywords: social drivers of health, struc-
tural drivers of health, algorithmic harms, ma-
chine learning for health, structural analysis,
community-engaged research, health inequities

1. Introduction

Clinical machine learning (ML) algorithms, although
widely portrayed as offering significant potential for
improving healthcare outcomes, are known to exacer-
bate a wide spectrum of injustices (Chen et al., 2021).

These impact multiple domains and levels of society,
ranging from systematic underdiagnosis for minori-
tized groups (Seyyed-Kalantari et al., 2021), to rup-
tures in institutional trustworthiness for populations
who already have histories of medical marginaliza-
tion (Nong and Platt, 2025), to environmental and
ecological degradation (Brevini, 2020). Despite the
existence of several frameworks detailing the multi-
level contours of algorithmic harms (Suresh and Gut-
tag, 2021; Shelby et al., 2023; Abercrombie et al.,
2024; Domı́nguez Hernández et al., 2024), evaluations
of clinical ML algorithms tend to focus on individual
impact and responsibility, partially rooted in biomed-
ical ethics (Vandemeulebroucke et al., 2022; Vande-
meulebroucke, 2025). This leads to a prioritization of
issues pertaining to algorithmic bias, fairness, safety,
and data privacy, while other harms remain under-
emphasized (Murphy et al., 2021; van Uffelen et al.,
2024).

In this perspective, we argue for the comprehensive
consideration of social drivers of health (SDOH) in
the conceptualization, creation, evaluation, and use
of clinical algorithms. By proposing a correspondence
between algorithmic harm and SDOH frameworks, we
show how algorithmic harms can be understood as
harms to factors that fundamentally impact health
outcomes and inequities, especially upstream struc-
tural factors. Neglecting to examine the full range of
harms caused by the health ML pipeline thus threat-
ens to worsen health inequities, in contradiction to
the purported goal of ML for health. We recommend
an SDOH-conscious algorithmic praxis, modeled after
a recent call for racism-conscious praxis in medicine
(Khazanchi et al., 2023), to accurately consider the
distribution of benefits versus harms of clinical algo-
rithms, and to facilitate the development of equity-
promoting algorithmic systems for health. Addi-
tionally, we highlight that interventions on the root
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causes of health inequities are essential and that, in
many contexts, an equity-promoting algorithm may
not exist.

2. Correspondence between social
drivers and algorithmic harms

SDOH are the non-medical factors that impact health
outcomes and risks, and they are known to be
key drivers of health inequities (Solar and Irwin,
2010). They comprise diverse social domains, in-
cluding economic stability, education, health care ac-
cess, neighborhood and built environment, and so-
cial and community context (HHS, 2024). The con-
ceptual framework for action on the social determi-
nants of health (Solar and Irwin, 2010), developed
by the World Health Organization, organizes SDOH
into two levels along a spectrum of causal priority:
structural and intermediary determinants. Struc-
tural determinants are upstream factors that gener-
ate social stratification and locate individuals within
systems of power, including social, economic, and
political forces. Intermediary determinants include
community-level and individual-level factors that di-
rectly impact patients’ health outcomes, including
material, psychological, social, behavioral, and bi-
ological factors. The structural determinants, by
virtue of being located causally upstream of and in-
fluencing the inequitable distribution of intermediary
factors, are also known as social drivers of health in-
equities. They shape the allocation of intermediary
factors, which then impact downstream health out-
comes. This conceptual framework was developed in
explicit acknowledgment of the diversity of domains
that these factors comprise, encouraging an intersec-
toral approach to addressing health inequities (Solar
and Irwin, 2010). Thus, the framework is appropriate
for algorithmic researchers to consider in their work.
In recent years, a lineage of work from responsible

artificial intelligence (AI), AI ethics, and related fields
has explored the landscape of algorithmic harms
(Suresh and Guttag, 2021; Shelby et al., 2023; Aber-
crombie et al., 2024; Domı́nguez Hernández et al.,
2024). A key distinction was made between repre-
sentational harms versus allocative harms (Barocas
et al., 2017), where representational harms contain
harms caused due to negatively stereotyping, erasing,
or alienating social groups, while allocative harms
comprise the inequitable (mis)allocation of resources
and opportunities. Following this, and due to the
existence of harms not accounted for in this binary,

subsequent constructs expanded to add further cat-
egories. A prominent taxonomy for the sociotechni-
cal harms of algorithmic systems delineates five cat-
egories of harms: representational, allocative, qual-
ity of service, interpersonal, and social system harms
(Shelby et al., 2023). Quality of service harms in-
volve the alienation and lower quality of services ex-
perienced by minoritized groups, including the addi-
tional labor they must perform to experience compa-
rable conditions. Interpersonal harms entail impacts
to individual and community relationships, includ-
ing impacts to trust, trustworthiness, privacy, auton-
omy, agency, and empowerment. Social system harms
impact broader societal processes and structures, in-
cluding the environment and ecology, political and
civic systems, and cultures. These five harm cate-
gories are not mutually exclusive, and this framework
explicitly notes that they may occur at different levels
of society, such as the macro-, meso-, or micro-level
(Shelby et al., 2023).

Considering harms within the five sociotechnical al-
gorithmic harm categories for health ML algorithms,
we observe that each of the five harm categories fun-
damentally represents harms to human health via
SDOH, especially at the structural level. Figure 1
captures examples of this correspondence, where al-
gorithms that generate harms in each of the five harm
categories negatively impact structural SDOH. These
harms then generate impacts to intermediary SDOH,
which cascade down to impact individual and com-
munity health outcomes and inequities. Thus, health
ML systems introduce novel structural inequities im-
pacting health into our social systems.

Additionally, the harms versus benefits of health
ML algorithms are differentially distributed (Dau-
vergne, 2022). The communities experiencing certain
harms are dissimilar from those experiencing benefits,
and they may be already disproportionately affected
by SDOH-related health inequities. Further, commu-
nities that bear certain harms, especially those lo-
cated in the Global South—who disproportionately
experience resource extraction of water, energy, and
minerals, as well as labor exploitation (Crawford,
2021; Dauvergne, 2022; Fiske et al., 2025)—may be
fundamentally unable to reap any benefits of health
ML due to the material realities of their healthcare
infrastructures (McCoy et al., 2025). For these com-
munities, existing problems may be worsened by at-
tempting to impose health ML.

Conceptualizing algorithmic harms as harms to
health via SDOH illuminates the inherent contra-
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Figure 1: Correspondence between social drivers of health (SDOH) (Solar and Irwin, 2010) and sociotechnical
algorithmic harms (Shelby et al., 2023) frameworks. Each of the five categories of algorithmic
harms impacts structural SDOH, which then impact downstream intermediary SDOH, followed
by health outcomes and inequities.

Health outcomes 
and inequities

Social drivers of health (SDOH)

Algorithmic harms (with illustrative examples)

Allocative 
harms

Quality of 
service harms

Interpersonal 
harms

Social system 
harms

Structural SDOH 
Upstream factors that generate 

social stratification

Intermediary SDOH
Downstream factors that directly 

influence individuals 
 

Representational 
harms

Natural language 
processing that 
systematically 
misinterprets 
symptoms 
described by 
people for whom 
English is not their 
first language. 

Individuals for 
whom English is 
not their first 
language 
experience greater 
error rates, lower 
service quality, 
and more effort. 

A disease diagnosis 
algorithm that 
systematically 
underdiagnoses 
and underallocates 
medical resources 
to patients from 
minoritized groups.

Medical resources 
and interventions 
are withheld and 
delayed for patients 
from minoritized 
groups who are 
erroneously 
underdiagnosed.

Individual patients’ 
health statuses are 
misrepresented. 

A predictive 
algorithm that 
erroneously uses 
a race adjustment  
for Black patients 
reifies harmful 
notions of 
race-based 
medicine. 

Patients may face 
stigma, mistrust, or 
disempowerment in 
their care, leading 
to psychological 
distress. 

Automated risk 
scores in the 
electronic health 
record (such as for 
opioid misuse) 
causes certain 
patient groups to 
be treated with 
mistrust and 
suspicion.

Model training 
consumes 
significant energy, 
contributing to 
carbon emissions 
impacting public 
health. 

Patients living 
near data centres 
experience worse 
air quality and 
lower access to 
energy dependent 
services. 

11/5/25: edit to change allocative harm example to not be about 
race-adjustments (since the representational harm example also is)
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diction in building health ML algorithms, which are
aimed at improving health but may worsen health
and especially health inequities. Previously, scholars
have named the systematic underemphasis on the en-
vironmental harms of ML (Brevini, 2020; Crawford,
2021), calling out the tension between developing ML
to improve human health while the underacknowl-
edged climate and environmental impacts of health
ML harm human health (Katirai, 2024; Fiske et al.,
2025). We extend this argument by claiming that
this is true not just for the climate and environmen-
tal harms of ML, but for many of the harms of ML
across the five sociotechnical harm categories that ul-
timately impact SDOH, as shown in Figure 1.

3. Algorithmic praxis informed by
social drivers

Praxis entails the process of circularly engaging in
reflection based on theory, followed by putting the-
ory into action, toward generating social and struc-
tural change (Freire, 1996). The conceptual frame-
work of SDOH provides opportunities for identifying
underemphasized sociotechnical harms and enabling
the development of socially conscious and equity-
promoting algorithms through considering the root
causes of inequities. It thus provides an avenue for
engaging in SDOH-informed algorithmic praxis. This
means we must remain aware of how social consider-
ations may be co-opted toward fairness-washing or
ethics-washing initiatives, where superficial consider-
ations of ethics or fairness replace substantive engage-
ment (Schultz et al., 2025). In the context of SDOH,
ethics- and fairness-washing could entail superficially
including SDOH variables in health algorithms with-
out analysis of structural causes. We must orient to-
ward genuine reflection and engagement.
Just as health algorithms and technologies can

materialize inequity—by codifying, reproducing, and
obscuring oppressive social structures (Benjamin,
2019)—they can also be intentionally created to ma-
terialize health equity (Khazanchi et al., 2023). Un-
til 2021, the clinical equation that was used to es-
timate kidney function and diagnose chronic kidney
disease, called the eGFR equation, included a race-
adjustment based on binarized race (Black versus not
Black). This equation materialized racism and in-
equity through systematically estimating Black pa-
tients as being less sick than they were, delaying ac-
cess to care, and reinforcing harmful essentialist ideas
of race as biological (Eneanya et al., 2019; Vyas et al.,

2020), thus causing allocative and representational
harms. Although the current equation does not in-
clude race as a covariate, disparities persist (Cusick
et al., 2024).

One potential approach toward materializing eq-
uity could involve investigating the complex web of
intersecting social and structural factors that cause
existing inequities, through considering SDOH, fol-
lowed by redressing these inequities by developing
algorithms that reallocate resources to those facing
inequities. For instance, community-engaged or theo-
retical approaches could be used to construct a causal
graph representing how social and structural vari-
ables impact health outcomes. Variables from this
graph could then be incorporated as covariates in al-
gorithms that inform resource allocation, to prioritize
interventions for populations that may be at higher
risk due to adverse SDOH, and prior work provides
guidance on such inclusion of SDOH as covariates in
predictive clinical algorithms (Foryciarz et al., 2025).
Other examples in health applications have demon-
strated integrating SDOH, algorithmic design, and
equity-promoting resource allocation. For instance, a
study from cardiac care piloted a digital clinical deci-
sion support tool that was created to actively recom-
mend specialist care for Black and Latinx patients,
who have been historically excluded, even when ac-
counting for other social determinants (Wispelwey
et al., 2022). Another study demonstrated the fea-
sibility of equity-oriented extensions to Medicare risk
adjustment algorithms for resource redistribution to-
ward minoritized groups, given structural and social
disparities (Reitsma et al., 2025). The SDOH frame-
work thus provides a valuable starting point toward
identifying structural and social causes of inequities,
to then begin to redress them.

Effectively identifying root causes of inequities to
develop equity-promoting algorithms requires that al-
gorithmic researchers develop competencies in sys-
tems thinking and structural analysis, and form col-
laborative relationships with scholars and commu-
nity practitioners who are experts in these areas.
Frameworks developed for structural analysis in clin-
ical practice and medical education could provide
valuable tools for health ML researchers to inves-
tigate structural causes and impacts in diverse do-
mains (Hassan and Bui, 2022). Importantly, equity-
promoting clinical algorithms often cannot act upon
the root causes of inequities, even as they can play
a crucial role in equitable allocation of healthcare re-
sources at a structural level. We emphasize that an
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algorithm may not be part of the solution and that an
“equity-promoting” clinical algorithm may not exist.
In these cases, we must remain cognizant of the risk of
normalizing health inequities caused by SDOH, which
could reinforce existing societal inequities (McCrad-
den et al., 2020). While we can and should use SDOH
to inform equitable resource allocation, as we rec-
ommend in this perspective, we must simultaneously
call attention to the importance of structural inter-
ventions acting upon the root cause SDOH factors
themselves.

In conjunction with structural analysis,
community-engaged approaches, as introduced
above, provide an avenue toward elucidating the
social and structural factors that impact health out-
comes (Parker et al., 2025). Social factors impacting
certain inequities may be difficult to ascertain,
and those directly experiencing these inequities
are uniquely positioned to possess knowledge of
these factors. Community-engaged approaches can
additionally provide a pathway for communities
to develop greater autonomy and influence in the
systems that impact them (Asabor et al., 2024).
Community-based system dynamics is one approach,
aimed at modeling non-linear dynamics of complex
social systems through co-creation of causal dia-
grams and quantitative simulation modeling, with
directly impacted community members who have
lived knowledge and experience (Hovmand, 2014).
The use of community-based system dynamics in
ML has previously been proposed (Martin Jr et al.,
2020; Prabhakaran and Martin Jr, 2020), and this
methodology has been used to identify causes of
racial bias in clinical algorithms (Kuhlberg et al.,
2020). The systems thinking approach within this
methodology may be well suited to understanding
the structural and social causes of health inequities,
as well as the multi-domain and multi-level impacts
of health ML algorithms, which may be otherwise
challenging to model and measure.

Curriculum that introduces systems thinking,
structural analysis, and community-engaged research
could be included in applied ML courses. This would
serve to introduce scholars to these areas and en-
courage deeper study as well as potentially lead to
the formation of partnerships between early career
ML scholars and experts in these approaches. Re-
searchers affiliated with institutions that have enti-
ties specialized in developing effective and responsible
community partnerships, such as offices of commu-
nity engagement, can seek collaborations with these

groups to center community-engaged approaches in
their work. Additionally, substantial prior literature
provides guidance on building community partner-
ships, developing trust and trustworthiness with com-
munity and patient partners, and conducting partici-
patory or community-engaged research (Minkler and
Wallerstein, 2011; Hovmand, 2014; Donia and Shaw,
2021; Birhane et al., 2022; Cohn, 2025).

Along with capturing communities’ knowledge of
the causes of structural inequities and algorith-
mic consequences, community-based system dynam-
ics and other community-engaged approaches can
raise the critical consciousness of community mem-
bers (Decker and Wendel, 2023). Critical conscious-
ness refers to the capacity to identify and take ac-
tion against social and political oppression (Freire,
1996). Community-based system dynamics can cre-
ate the conditions for communities to recognize the
structural causes of their material realities, reframing
their perspectives about the reasons for their individ-
ual experiences (Hovmand, 2014). When minoritized
communities co-create models, they move from be-
ing objects of representation to subjects who claim
their power to influence systems that represent them
and may directly impact them. This praxis of agency
to influence social conditions, which can be through
influencing algorithmic systems, has been noted as
an avenue for guiding interventions on SDOH (So-
lar and Irwin, 2010), and can increase the trustwor-
thiness of algorithmic systems. This also begins to
counter social narratives that ML systems cannot be
understood, critiqued, or contested from outside of
the systems of power that construct them, which fur-
ther opens space for communities to engage with ML
systems as subjects through reflection and action.

4. Conclusion

Examining the correspondence between algorithmic
harm and SDOH frameworks reveals how the harms
of health ML algorithms are harms to human health,
displaying an inherent tension in the development of
health ML. Conceptual SDOH frameworks provide
an approach for more comprehensively considering
the harms of health ML to health, especially illumi-
nating underemphasized harms and the differential
distribution of harms versus benefits. This can al-
low for a more accurate assessment of the impacts
of algorithmic systems, which should inform the de-
velopment of health ML algorithms. Importantly, the
conclusion may be that certain systems should not be
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built or that certain existing systems should be dis-
mantled. Identifying the SDOH factors that impact
health inequities can also enable the development of
algorithms that materialize an equitable distribution
of healthcare resources, and we simultaneously high-
light the need for interventions on the root causes of
health inequities.
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