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Overview
• Ethics in healthcare

• Challenges
• Bioethics: Foundation of ethics in healthcare

• AI in the mix
• Limitations of algorithmic fairness
• Overview of fairness in AI and healthcare
• Where can AI really help?
• Beyond Classification



Challenges

Privacy



Challenges: Systemic bias, disparity, generalizability

Infant mortality rates were more than twice as high 
for each Indigenous group, compared with the non-
Indigenous population

Other Challenges: Cultural context, informed consent…



Bioethics: Foundation of ethics in healthcare

Nonmaleficence Beneficence Justice Autonomy



AI in the mix: Limitations
• Focus: Systemic bias, disparity, generalizability

Nonmaleficence Beneficence Justice Autonomy

Algorithmic fairness in ML hasn’t operationalized these for classification (some exceptions!)



Overview of fairness in AI and healthcare
• Identify sources of disparity

Predicting mortality and psychiatric readmission from unstructured clinical notes
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Figure 1. 95% Confidence Intervals for Error Rate (Zero-One Loss) in ICU Mortality for 
Gender  

 
 
Figure 2. 95% Confidence Intervals for Error Rate (Zero-One Loss) in ICU Mortality for 
Insurance Type 

 
 
Prediction in the psychiatric setting. In contrast to ICU mortality, predicting 30-day 
psychiatric readmission is significantly more challenging, leading to lower model 
accuracy.50 One potential cause could be the importance of unmeasured residential, 
employment, and environmental factors in predicting short-term psychiatric 
readmission.51 Another factor could be the level of hospital intervention, such as 
outpatient appointments.52  
 
Comparison of prediction errors in ICU and psychiatric models. We compare differences in 
error rates in 30-day psychiatric readmission and ICU mortality for race, gender, and 
insurance type. Figure 3 shows differences in error rates in psychiatric readmission 

95% confidence intervals for error 
rates in ICU mortality prediction 

on MIMIC-III clinical notes
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between racial groups, which were not statistically significant, with black patients having 
the highest error rate for psychiatric readmission. Differences in error rates in ICU 
mortality were also observed between racial groups.23  
 
Figure 3. 95% Confidence Intervals for Error Rate (Zero-One Loss) in Psychiatric 
Readmission for Racial Groups  

 
 
We show consistent gender differences across data sets in Figures 1 and 4, with the 
highest error rates for female patients, although the difference in error rates between 
genders was only statistically significant for ICU mortality. Note that because of the 
smaller size of the psychiatric notes data set, the confidence intervals overlap; however, 
the heterogeneity in topic enrichment values aligns with the higher error rates for female 
patients. 
 
Figure 4. 95% Confidence Intervals for Error Rate (Zero-One Loss) in Psychiatric 
Readmission for Gender  

 
 

95% confidence intervals for error rates 
in psychiatric readmission prediction 

on a New England hospital cohort

Chen, Irene et al , Can AI Help Reduce Disparities in General Medical and Mental Health Care? AMA Journal of Ethics, 2019



Overview of fairness in AI and healthcare
• Identify sources of disparity

Mistrust between patients and caregivers reflects disparity in End-of-life care

Boag, Willie et al , Racial Disparities and Mistrust in End-of-Life Care MLHC, 2018

Mistrust reflected in i) non-compliance, and ii) autopsy rates

Racial Disparities and Mistrust in End-of-Life Care

Figure 3: Noncompliance Cohort Disparities: A cohort of noncompliance-derived mis-
trust admissions yields significant differences in both ventilation and vasopressor duration.

(a) Mechanical Ventilation

White: 4810 patients

Black: 510 patients

p < 0.001

(b) Vasopressors

White: 4456 patients

Black: 453 patients

p=0.001

Figure 4: Autopsy Cohort Disparities: A cohort of autopsy-derived mistrust admissions
yields significant differences in ventilation, but a non-significant difference in vasopressor
duration.

(a) Mechanical Ventilation

White: 4810 patients

Black: 510 patients

p<0.001

(b) Vasopressors

White: 4456 patients

Black: 453 patients

p=0.059

mistrust had a threefold increase in the treatment gap, this autopsy-derived metric has a
twofold increase from the racial disparities found in ventilation (1,559 vs. 832 minutes) and
vasopressors (245 vs 106 minutes).

Negative sentiment analysis exhibits the same trend for ventilation (p < 0.001) but a
surprising result for vasopressor usage, as shown in Figure 5. There seems to be virtually
no sentiment-based difference at all in vasopressor duration (p= 0.241). In fact, even the
ventilation gap is smaller than with the other mistrust-based cohorts: 570 minutes (gaps for
noncompliance and autopsy were 2,580 and 1,559, respectively). These results show that
sentiment analysis is a bit of an outlier from the other two mistrust metrics. Nonetheless,
we believe even this metric’s results are a useful contribution for exploring the space of
algorithmically-defined trust.

5.2.4 Not Just Some Acuity Score Proxies

These mistrust metrics are typically more effective than race at stratifying the data to
show treatment disparities. However, one possible concern is the possibility that the scores
are capturing severity-of-illness rather than mistrust: certainly, high-risk patients would be
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Non-compliance derived cohort and aggressive 
care reflected in treatment durations
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Autopsy derived cohort and aggressive care 
reflected in treatment durations



Overview of fairness in AI and healthcare
• Algorithmic solutions to fairness in healthcare

Pfohl, Stephen et al , Counterfactual Reasoning for Fair Clinical Risk Prediction MLHC, 2019

Counterfactual Reasoning for Fair Clinical Risk Prediction (MIMIC-III Mortality Prediction task)
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p(ŶA a(U)|X = x, YA a = y,A = a) = p(ŶA a0(U)|X = x, YA a0 = y,A = a)
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Individual Equalized odds Counterfactual Fairness (IECF)

p(ŶA a(U)|X = x,A = a) = p(ŶA a0(U)|X = x,A = a)
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Counterfactual Fairness (CF)

V (h(x, a), y) = 1� ↵0p(1[h(x, a) � T ] = 1|Y = 0)p(Y = 0|X = x,A = a)

�↵1p(1[h(x, a) � T ] = 0|Y = 0)p(Y = 1|X = x,A = a)
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Utility of a predictor - reasonable for a clinical policy

Difference: Utility of a predictor under CF is not a function of true outcome and          
is preferred

Y = 1
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Overview of fairness in AI and healthcare

Pfohl, Stephen et al , Creating Fair Models Of Atherosclerotic Cardiovascular Disease AAAI/AIES, 2019

Atherosclerotic cardiovascular disease risk stratification model 

• Algorithmic solutions to fairness in healthcare

p(f(X)|A = Ai, Y = Yk) = p(f(X)|A = Aj , Y = Yk)8Ai, Aj 2 A;Yk 2 Y
<latexit sha1_base64="i7e1tUGyFkAo56gXYg1NEKO7+9w="></latexit><latexit sha1_base64="i7e1tUGyFkAo56gXYg1NEKO7+9w="></latexit><latexit sha1_base64="i7e1tUGyFkAo56gXYg1NEKO7+9w="></latexit><latexit sha1_base64="i7e1tUGyFkAo56gXYg1NEKO7+9w="></latexit>

Equalized odds for Risk Scoring (Enforce the same ROC Curve for protected groups)

Training procedure:

1. Learn regressor to predict risk

2. Leverage adversarial learning to match group specific distribution of scores

f : R ! [0, 1] (parametrized by ✓f )
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g : R⇥ Y ! [0, 1]k (parametrized by ✓g)
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min✓fLcls � �Ladv
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min✓gLadv
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• Focus: Systemic bias, disparity, generalizability

Nonmaleficence Beneficence Justice Autonomy

Algorithmic fairness in ML hasn’t operationalized these for classification (some exceptions!)

Overview of fairness in AI and healthcare



Overview of fairness in AI and healthcare
• Operationalizing bioethical principles

Ustun, Berk et al, Fairness without Harm: Decoupled Classifiers with Preference Guarantees, ICML 2018

Nonmaleficence Beneficence

Beneficence: Decoupled classifiers — i.e., train a classifier for each group using data 
from that group

Nonmaleficence: Loosely similar to preference guarantees — i.e. each group should 
prefer their assigned model to (i) a pooled model that ignores group membership 
(rationality) and (ii) the model assigned to any other group (envy-freeness)

Decoupled Classifiers with Preference Guarantees

;

femalemale

young

old

young

old

ĥ0

ĥ1 ĥ2

ĥ3

Figure 3. A set of decoupled classifiers assigned to 4 groups de-
fined by 2 sensitive attributes Z = (male, female)⇥ (young, old).
Here, we train the classifiers HT = {ĥ1, ĥ2, ĥ3} using the data at
the leaves VT = {(young, male), (old, male), (female)}. The tree
structure ensures that decoupled classifiers are trained using the
data pertaining to groups with shared sensitive attributes.

choose between a set of decoupled classifiers with prefer-
ence guarantees.

Our decoupling procedure can handle any cost function, and
will strive to optimize cost only after it has found a tree
that does not violate preferences. Illustrative cost functions
include:

• Worst-Case Group Risk: maxz2Z Rz(
ˆha(z)), which re-

flects the worst error incurred by any group that is assigned
to its own classifier (see e.g., Hashimoto et al., 2018).

• Population Risk:
P

z2Z ⇡zRz(
ˆha(z)), which reflects the

aggregate generalization error over a population of interest.
Here, ⇡z is the probability that an individual belongs to
group z. These weights can be set as ⇡z = nz/n by
default, or used to correct for systematic sampling bias.

Atomic Groups vs. Assigned Groups Our definitions of
rationality and envy-freeness apply to the most granular
groups that can be specified by sensitive attributes – i.e.,
for the atomic groups z 2 Z. This reflects a notion that
is robust against the possibility of “gerrymandering” along
sensitive attributes (see e.g., Kearns et al., 2018; Hébert-
Johnson et al., 2018). In settings where these guarantees are
too strong given the available data and the number of atomic
groups, one could also consider relaxing the definitions so
that preferences hold for only for the groups generated by
the decoupling procedure i.e., for each v 2 VT . Although
our decoupling procedure can handle both settings, we adopt
the stronger definitions throughout our paper.

3. Preference Guarantees
In this section, we present formal conditions for decoupled
classifiers to satisfy preference guarantees.

We first observe that decoupled classifiers will satisfy ra-
tionality and envy-freeness on training data if we directly
minimize the error rate (i.e., via the 0-1 loss function).

Remark 1 A set of decoupled classifiers HZ = {ˆhz}z2Z ,
will satisfy rationality and envy-freeness on training data

ˆ

�z(
ˆhz, ˆh0) � 0 and ˆ

�z(
ˆhz, ˆhz0

) � 0

for all z, z0 2 Z so long as ˆhz 2 argminh2H ˆRz(h) for
each z 2 Z.

As shown in Figure 4, classifiers trained with a surrogate loss
function (as in Zafar et al., 2017b) do not provide such guar-
antees, and may not satisfy rationality and envy-freeness on
training data. Such violations can stem from a lack of data
for some groups, or the fact that surrogate losses may not be
robust to outliers (e.g., points belonging to a heterogeneous
subpopulation; Brooks, 2011; Nguyen & Sanner, 2013).

In Theorem 2, we present a sufficient condition for a set of
decoupled classifiers to satisfy rationality and envy-freeness
(see Appendix A for a proof).

Theorem 2 Given a set of decoupled classifiers HZ =

{ˆhz}z2Z , denote the minimal empirical preference gap of
group z as

✏̂z = min

✓
ˆ

�z(
ˆhz, ˆh0), min

z02Z/{z}
ˆ

�z(
ˆhz, ˆhz0

)

◆
.

Then HZ satisfies rationality and envy-freeness with proba-
bility at least 1� � so long as the following conditions hold
for all groups z 2 Z:

nz �
64 ln |H|+ 4 ln

⇣
2|Z|2

�

⌘

✏̂2z
and ✏̂z > 0.

Theorem 2 has several implications for decoupled training
in finite-sample settings:

• There exists a finite number of samples nz after which
decoupled classifiers satisfy rationality and envy-freeness.

• In finite-sample regimes, nz is fixed. Thus, we obtain
better guarantees by minimizing |H| while maximizing ✏̂z.
This is why we train linear classifiers by optimizing the
0-1 loss.1

• In settings with a large number of groups (e.g. |Z| � 10),
we require even more samples per group to provide prefer-
ence guarantees. This may motivate the need to consider
weaker preference guarantees that hold for the groups de-
termined by our decoupling procedure (see Section 2).

1The bound in Theorem 2 is for a finite hypothesis class H.
However, an analogous bound can be derived by replacing |H|
with a term based on the VC-dimension.

• Reliable risk estimation for identifiable and intersectional subgroups in healthcare is critical

Hebert-Johnson, Ursula et al, Multicalibration: Calibration for the (Computationally-Identifiable) Masses, ICML 2018



Where can AI/ML really help?

Commercial algorithm for targeting patients for “high risk care management” underestimated the needs of black patients

Obermeyer, Ziad, et al. "Dissecting racial bias in an algorithm used to manage the health of populations." Science 2019.

• Audit existing algorithms - Bias in referrals to costly care management programs



Where can AI/ML really help?

Pierson, Emma, et al. “Using machine learning to understand racial and socioeconomic differences in knee pain" Under Review at JAMA 2019.

• Audit existing algorithms - Understanding and fixing bias in knee pain
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• Higher prevalence of painful conditions

– By income

– By education

Grol-Prokopczyk, Pain 2017, Baldassari et al., Osteoarthritis and Cartilage 2014

We trained the algorithm to listen to the 
patient?

Kellgren-Lawrence  = Pain = 

What if instead of learning from the 
radiologist…

More - Black knees eligible for 
surgery

Less - Black knees, severe pain 
but ineligible for surgery

Severe pain + no surgery + high 
algorithm score = most likely to be 
on oral pain medicine incl. opiates

Simulation: Who would get surgery… 
if the algorithm were in charge, not the doctor?

• Identify patients with severe pain and

– High disease severity according to human

– High disease severity according to algorithm (same n)

Slide courtesy - Ziad Obermeyer from https://blogs.worldbank.org/impactevaluations/machine-learning-pain-relief

https://blogs.worldbank.org/impactevaluations/machine-learning-pain-relief


Beyond Classification
• Ignoring sources of implicit bias in observational healthcare data

✏ATE = | 1
n

nX

i=1

(ŷ1(xi)� ŷ0(xi))�
1

n

nX

i=1

(y1(xi)� y0(xi))|
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Model performance

Disparity in causal effect estimation

�p
✏PEHE

= |
p
✏PEHEA=0 �

p
✏PEHEA=1|
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�✏ATE = |✏ATEA=0 � ✏ATEA=1|
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• Always consider implicit bias when doing covariate selection for causal effect estimation

• Conventional propensity scoring models - Protected attribute inclusion improves effect estimations unless there is exclusive treatment disparity

• Flexible models like deep neural networks are more amenable to misspecification of generative assumptions - but use all covariates!

Yi et al, Fair and Robust Treatment Effect Estimates:Estimation Under Treatment and Outcome Disparitywith Deep Neural Models, Fair ML for Health, NeurIPS 2018



Conclusion
• To tackle disparities:

• Leverage mathematical foundations of AI for better science in healthcare

• Formulate the right problem/task (think beyond models)

• Heart attack gender gap

• Endometriosis diagnosis delays

• Black and indigenous infant and maternal mortality

• Operationalize bioethical principles as fairness metrics for evaluation

Chen, Irene et al Treating Health Disparities with AI Nature Medicine, 2019 (to appear)


