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Appendix 1: Developing a Conceptual Framework for Fairness
Methodology

Informed by our approach to the notion of fairness as a shifter, our data extraction template
focused on four broad disciplinary points of view: the computational sciences, medicine, the
social sciences and interdisciplinary perspectives (research teams containing at least one member
from two of the above categories). We searched Medline, PubMed and Google Scholar using the
terms provided in eTable 1, supplemented by additional hand searches for other relevant sources.
We extracted the following thematic features from 213 English language papers from 1960 to
July 31, 2021: how the notion of fairness was being used; who was advocating for fairness and
why; dimension and/or attribute of fairness of focus; key source of unfairness; relevance to ML
in healthcare; and future areas of research. Two research team members (LS, SLH) analyzed the
data using rapid Framework Analysis[1] augmented by Smith’s (2014) approach to textual
analysis.[2] Search and analysis were completed in two rounds: to explore previously identified
issues (a priori), as well as those emerging from the analysis (de novo). Additional team
members (MM, DB, KH, ZF) refined our framework and developed the case scenario in
psychiatry outlined in the final section of this paper. The search categories and specific terms
used are presented in eTable 1 below.
Results

eTable 1: Categories and search terms used in literature searches
Primary Search
Term

Secondary Search Term(s)
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Broad
Search
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―Health equity‖ AND/OR ―Social Justice‖ AND/OR
―Healthcare‖ AND/OR ―public health‖
Fairness

Step 2:
Targeted
Search

―Machine learning‖ AND/OR ―Artificial Intelligence‖ AND/OR
―Algorithms‖ AND/OR ―Big Data‖

―Transparency‖ AND/OR ―Interpretability‖ AND/OR
―Explainability‖ AND/OR ―Accountability‖ AND/OR
―Responsibility‖ AND/OR ―Governance‖ AND/OR ―Data
Sovereignty‖ AND/OR ―Privacy‖ AND/OR ―Stewardship‖
AND/OR ―Trust‖ OR ―Trustworthy‖
Fairness

AND

Health

―Impartiality‖ AND/OR ―Bias‖ AND/OR ―Provenance‖
AND/OR ―Metadata‖ AND/OR ―Context‖ AND/OR
―Discrimination‖ AND/OR ―Deployment‖

AND

Machine
Learning OR
Artificial
Intelligence

―Inclusion‖ OR ―Diversity‖ AND/OR ―Completeness‖ OR
―Missingness‖ AND/OR ―Data quality‖ AND/OR ―Small Data‖
AND/OR ―Data Sovereignty‖ AND/OR ―Patient
Engagement‖ OR ―Patient and Family Engagement‖ OR
―Equity‖
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Appendix 2: Case Scenario: Risk Assessment in Psychiatry

In this Appendix, we consider fairness as it relates to risk assessment in inpatient psychiatric
settings.[3,4] We provide examples of considerations for each pillar in this expanding area of
predictive care (summarized in Table 3).
Transparency
Often, algorithms used in predictive care are not transparent; an algorithm may classify an
inpatient as being at high risk of violence during their stay, but the nature of the algorithm can
make it difficult to understand how classification is derived.[5] Thus, revisiting our expectations
for transparency involves fostering open, democratic and sustained debate on the development
and implementation of predictive care models in psychiatric settings with various stakeholders,
including patients experiencing complex and serious mental illness and/or substance use
disorders.
Among those developing predictive care models, interpretability involves calculating metrics to
determine whether model performance is consistent across samples and settings. These metrics
are also used to gauge fairness, which can demonstrate how models that are interpretable can
nevertheless be unfair. In the context of risk assessment, suppose a model trained on patient
characteristics is correct 78% of the time in predicting violent behaviour at a community
psychiatric facility.[3] If applied to a new set of patients (e.g., at a different facility or county),
the model would be interpretable if it achieved similar performance (~78%). However, if the
model generated more false positives for inpatients defined by certain features (e.g., sex, race, or
immigration status) at the community psychiatric facility, its interpretability would be
maintained if the bias were carried forward to a new set of inpatients at this or another facility.[6]
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Understanding how these model features contribute to biased predictions can address this
limitation of interpretability. For example, predictions of inpatient violence improve with the use
of structured risk assessments, which direct clinicians to rate behavioural antecedents of
violence, such as irritability and unwillingness to follow directions, and guide action to prevent
aggression.[7] Given that scores from risk assessments are highly predictive for ML
modelling,[3] finding that recent immigrants tend to be given higher scores could suggest that
language barriers or cultural miscommunications contribute to perceptions of risk, potentially
leading to more false positive predictions for this group.
However, explainability is only useful if features point to sociodemographic biases in model
performance. Otherwise, pairing predictions with feature explanations can lead clinicians to
over-rely on ML models,[8] particularly when explanations of predictive features appear
reasonable (e.g., high irritability and non-compliance noted in a structured risk assessment).
Unfortunately, if the prediction is biased (e.g., generating more false positive predictions in
recent immigrants), this overreliance on ML systems could result in adverse impacts being
disproportionately allocated to already structurally disadvantaged groups.
This potential for amplifying harms in predictive care makes it necessary to reconsider
accountability, since those who are primarily impacted should not be expected to identify biases
and mobilize change. Many inpatients in psychiatric facilities are acutely ill or marginalized.
They can suffer from chronic and complex health needs related to historical and
intergenerational traumas, homelessness, and encounters with the law. These patients might be
unaware of potential biases in predictive care and would not have the means to redress any harm
caused by this bias. As another example, using wearable sensors to monitor patients with
dementia has been explored as a way to reduce burden on staff and caregivers (and promote

Sikstrom L, et al. BMJ Health Care Inform 2022; 29:e100459. doi: 10.1136/bmjhci-2021-100459

Supplemental material

BMJ Publishing Group Limited (BMJ) disclaims all liability and responsibility arising from any reliance
placed on this supplemental material which has been supplied by the author(s)

BMJ Health Care Inform

increased independence for patients). Various documented associations between actigraphy and
aggressive behaviour introduce an opportunity to train ML models to predict aggression in
patients with dementia.[9] However, few efforts have been made to evaluate models across
samples and settings leading to issues of generalizability. If a subset of patients is likely to be
incorrectly classified, who will know? Even if models are interpretable and explainable, who
should advocate for patients, given their particularly vulnerable status?
Impartiality
Although efforts are being made to manage biases in data (e.g., provenance), they are often the
result of social or political systems which cannot be contained or addressed with ML modelling.
In the psychiatric literature for instance, predictors of violent behaviour in inpatient settings have
consistently included prior conviction for assault and a diagnosis of schizophrenia, making these
factors important features for ML modelling.[3,10] At the same time, these factors could result in
certain groups being disproportionately classified as at high risk. Black men may reside in more
policed areas than white men, making them more likely to have prior convictions.[11]
Furthermore, Black men with affective disorders may also be more likely misdiagnosed with
schizophrenia than white men.[12] Since schizophrenia positively predicts inpatient violence,
whereas affective disorder is a negative predictor,[205] deploying a model trained on these
psychiatric comorbidities could increase the rate of false positive risk classifications in Black
men.
Identifying and removing biased features from training datasets, or encoding more data about
them, does not necessarily result in fair prediction of inpatient violence, in part because these
features are inextricably linked to other predictors. For example, given historically racist
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attitudes toward Black people, Black men may exhibit behaviours (e.g., paranoia, agitation, or
frustration) that could be perceived as symptoms of psychosis in clinical interviews;[13,14] these
might also be regarded as antecedents to violent or aggressive behaviour in encounters with
police or during structured risk assessments in inpatient settings. However, these behaviours
might stem from experiences of racism and a resulting mistrust in legal or healthcare
settings.[14] This mistrust can lead to delays in seeking treatment and worsening illness, in turn
contributing to misdiagnosis and perceptions of risk. Delays in treatment might also lead to selfmedication and substance use, which is another predictor of inpatient violence.[15,16] Even if
ML models were redressed to prevent Black men from being misclassified as at high risk (e.g.,
with adversarial learning), this would not address the underlying social and political realities
contributing to bias in the training data.[17,18]
Deploying biased models can perpetuate harmful outcomes for already disadvantaged groups
when model predictions are used to make clinical decisions. The development of ML models to
predict violence in psychiatric settings is primarily motivated by an aim to improve patient and
staff safety.[3] However, there is also an underlying desire to more effectively allocate staff and
hospital resources, given limited operating costs.[3,19,20] The logic behind this secondary
motivation is that surveillance or pre-emptive intervention (e.g., restricting freedoms or
privileges) can be focused on subsets of patients at highest risk of violence. However, clinicianpatient interactions, particularly those that limit patient freedoms or deny requests, are known
antecedents to violent behaviours, precipitating almost 40% of incidents in inpatient settings.[21]
Most patients identified with ML to be at risk do not become violent.[22] However, if preemptive interventions were implemented,[3] these patients could become aggressive or violent
due to increased interactions with clinicians. Clinicians and staff might also respond to ML-
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based risk classification by treating these patients differently, altering their trajectory of care.
Critically, once a predictive care model is deployed, what is defined as “fair” (accurate, efficient,
cost-effective) from a health systems perspective may not be perceived as fair (unbiased) from
the patient’s point of view. Thus, considerations related to implementation must involve
balancing among multiple and sometimes competing interests (e.g., of clinicians, hospital
administrators, patients).
Inclusion
Finally, when operationalizing fairness by focusing on legally protected categories, we might
overlook biases in relation to unobserved characteristics, such as sexual orientation or disability.
For example, Queer youth in crisis might avoid sharing their sexual orientation or gender identity
due to anticipated discrimination.[23,24] In the context of risk assessment, individuals with
invisible or undiagnosed disabilities (such as Autism Spectrum Disorder) may also display
features that could be interpreted as precursors to violence or aggression.[25–27] Additional
marginalized groups might emerge when intersectional identities are taken into account (e.g.,
defined by sex and race). To our knowledge, there have been no efforts to determine whether
ML-based predictions of inpatient violence are biased against protected categories or unobserved
characteristics, let alone groups defined by intersectional features (e.g., pertaining to Black men).
In addition to ensuring that predictive care has equitable impacts across sociodemographic
groups, inclusion also involves engaging those impacted groups in all aspects of the ML process
– from data compilation to model development and implementation. Qualitative data from acute
psychiatric inpatient settings emphasizes that collaboration in decision-making during admission
and maximizing choice are important values for patients, particularly in settings where autonomy
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is somewhat limited.[28–30] While current efforts to operationalize fairness emphasize
prediction performance across protected groups, patients may have different notions of fairness
or prioritize other aspects of care altogether beyond what is captured by ML. For example,
Hejmanek (2016) found that Black youth in psychiatric custody attributed their recovery to the
caring relationships that they built with staff and peers, not to State-mandated therapeutic
interventions, like group therapy.[31] Moreover, typical institutional responses to aggression
adversely impact the experience of care,[32,33] reduce patients’ willingness to disclose sensitive
information, and undermine treatment adherence.[34,35] Thus, in service of achieving inclusion
in ML-based risk assessments, we must seek to understand and include the perspectives,
preferences, and experiences of patients in acute psychiatric settings.
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