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Responsible AI Deployment Model Includes Fairness
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Spies, Nicholas C., Christopher W. Farnsworth, Sarah Wheeler, and Christopher R. McCudden. “Validating, Implementing, and Monitoring Machine Learning
» Solutions in the Clinical Laboratory Safely and Effectively.” Clinical Chemistry 70, no. 11 (November 4, 2024): 1334-43. https://doi.org/10.1093/clinchem/hvae126.
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Lessons of Algorithmic Fairness Apply Today
Bias
Mechanisms

Fairness Bias
Metrics Mitigation

Laboratory

Medicine
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Talk Outline

 Section 1: Transferrable Lessons from Algorithmic Fairness
e Section 2: Case Study — Unfair Healthcare Al
e Section 3: Case Study — Unfair Laboratory Testing

WashU Medicine — Division of Laboratory and Genomic Medicine
Private Information



Talk Outline

» Section 1: Transferrable Lessons from Algorithmic Fairness
e Section 2: Case Study — Unfair Healthcare Al
e Section 3: Case Study — Unfair Laboratory Testing

WashU Medicine — Division of Laboratory and Genomic Medicine
Private Information



Lesson 1: Measurable Fairness Concepts

Fairness
Metrics

Algorithmic

Fairness
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What is Algorithmic Fairness?

General

A fair algorithm will treat people
equally, without bias or favoritism

WashU Medicine — Division of Laboratory and Genomic Medicine
Private Information

10



How is Fairness Operationally Defined?

Measurable Fairness Concepts™

Fairness through unawareness
Individual fairness
Demographic parity

Equalized odds

Predictive parity

o s wh e

Equalized outcomes

*Not a comprehensive list
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How is Fairness Operationally Defined?

Measurable Fairness Concepts™

Definition Fairness through unawareness
Individual fairness

Demographic parity

Equalized odds
Predictive parity

S -

Equalized outcomes

"Group Fairness” Concepts

*Not a comprehensive list
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Group Fairness

A fair algorithm should treat
different groups of people similarly
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Group Fairness

Problems with group labels
e Societal constructs

* Nonrandom missingness and
unreliability

* Group heterogeneity
* Intersectionality

WashU Medicine — Division of Laboratory and Genomic Medicine
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Demographic Parity Definition

Diseased Healthy

The algorithmic output should be
independent of group membership

demographic parity i

% % of pos % of neg

Positive

/5 /5 /5

t 25 25 25

Negative

Vahid Azimi, Mark A Zaydman, Optimizing Equity: Working towards Fair Machine Learning
WashU Medicine — Division of Laboratory and Genomic Medicine Algorithms in Laboratory Medicine. Journal of Applied Laboratory Medicine, Volume 8,
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Demographic Parity Limitations

Limitation: Demographic parity does Diseased Healthy

not consider variation in disease ﬁi’

prevalence or test accuracy

demographic parity i ' ii *
% % of pos % of neg

Positive

T 75 75 75

' 25 25 25

Negative

Vahid Azimi, Mark A Zaydman, Optimizing Equity: Working towards Fair Machine Learning
WashU Medicine — Division of Laboratory and Genomic Medicine Algorithms in Laboratory Medicine. Journal of Applied Laboratory Medicine, Volume 8,
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Equalized Odds Definition

] ] Diseased Healthy
The algorithmic output should be
independent of group membership i i i
2
when conditioned upon the true 2
O
outcome > i
eq odds
% Se Sp
v
>
71 100 33 =1 i
L
=
‘I‘ 29 100 33

Vahid Azimi, Mark A Zaydman, Optimizing Equity: Working towards Fair Machine Learning
WashU Medicine — Division of Laboratory and Genomic Medicine Algorithms in Laboratory Medicine. Journal of Applied Laboratory Medicine, Volume 8,
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Predictive Parity Definition

The probability of the true outcome Diseased Healthy
should be independent of group
membership when conditioned 2
upon the algorithmic output S i
pred parity
% PPV NPV "
60 33 66 o i
=
‘i‘ 40 33 66

Vahid Azimi, Mark A Zaydman, Optimizing Equity: Working towards Fair Machine Learning
WashU Medicine — Division of Laboratory and Genomic Medicine Algorithms in Laboratory Medicine. Journal of Applied Laboratory Medicine, Volume 8,
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Exclusivity of Group Fairness Limitations

Diseased Healthy Diseased Healthy Diseased Healthy
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Exclusivity of Group Fairness

It is not possible to satisfy all group fairness concepts unless:

1. The algorithm lacks any predictive skill
2. The base rate of the discase is the same across groups

It is not possible to have a perfectly fair algorithm in an unfair world
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What Should We Do?

1. Advocate for our patients inside and outside the confines of medicine
2. Stop focusing on intermediate statistical notions of fairness
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Equalized Outcomes (Equity)

Definition

The notion that fairness occurs
when all individuals get an

opportunity to enjoy their full
health potential

o
it

o
I3
CTp—
=

.k;" : ﬂl

o Wals}flU Medicine — Division of Laboratory and Genomic Medicine https://interactioninstitute.org/illustrating-equal ity-vs-equity/
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Equalized Outcomes (Equity)

Limitation

We rarely have outcomes-based data in laboratory medicine
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Defining Fairness - Key Points

There are many definitions of fairness
These definitions are imperfect, but may be useful
Different definitions may be in conflict

B w e

It is best to prioritize equity over intermediate statistical notions
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Lesson 2: Comprehensive Bias Analysis

Mechanisms
of Bias

Algorithmic

Fairness
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ML Models Learn from Our Data and Objectives

Just like the fish in the water, the ML algorithm can only knows the world in which it exists
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Every Step in the Model Cycle is Vulnerable to Bias

1- Conception
6- Post-deployment Surveillance
e Implicit Bias
e Systemic Bias
e Confirmation Bias
e Sensitive attribute Bias

e  Concept Drift

e Automation Bias

e Feedback Loop Bias
e Dismissal Bias

2- Data Collection

Al Model § e Representation Bias

5- Post-processing
(Clinical Deployment)

Life Cycle e Selection Bias

e  Sampling Bias

e Participation Bias

e Measurement Bias
e Historical Data Bias

e Evaluation Bias
e Predictive Bias

4- In-processing

(Algorithm Development & Validation) .
3- Pre-processing

e Algorithmic Bias e  Aggregation Bias
e Validation Bias e Missing Data Bias
e Representation Bias e Feature Selection Bias

e Representation Bias

Hasanzadeh, Fereshteh, Colin B. Josephson, Gabriella Waters, Demilade Adedinsewo, Zahra Azizi, and James A. White. “Bias Recognition and Mitigation Strategies in Artificial Intelligence
Pr Healthcare Applications.” Npj Digital Medicine 8, no. 1 (March 11, 2025): 154.



Every Step in the Test Cycle is Vulnerable to Bias

Action ™= Clinical (¢ ACcess

Question N
Results Test
Interpretation Selection
Post-Analytic , \ _
Pre-analytic
Results Test
Reporting Total Laboratory ~ °™
‘ Testing Process 1
Results Specimen
Verification Collection
Analysis _Sl_pecimerrt1
, ranspo
Analvti = Psrggglsn;i?\g/ -
na y IC Preparation
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Lesson 3: Targeted Bias Mitigation

Bias
Mitigation

Algorithmic

Fairness
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Debiasing Should Be Mechanistically-Targeted

1. Defining a Problem 2. Data Curation 3. Assigning Labels and 4. Feature Selection 5. Choice of Algorithm
Ground Truth

ocOee
ST e
~— OOee®
@ N’ OOee®
9. Monitoring of Performance 8. Model Testing 7. Model Training, Tuning 6. Defining an
in Practice and Validation Objective Function

Vahid Azimi, Mark A Zaydman, Optimizing Equity: Working towards Fair Machine Learning Algorithms in Laboratory

WashU Medicine — Division of Laboratory and Genomic Medicine Medicine. Journal of Applied Laboratory Medicine, Volume 8, Issue 1, January 2023, Pages 113-128
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Debiasing Should Be Mechanistically-Targeted

Action ™= Clinical (¢ ACcess

Question N
Results Test
Interpretation Selection
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Results Test
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Talk Outline

 Section 1: Transferrable Lessons from Algorithmic Fairness
e Section 2: Case Study — Unfair Healthcare Al
e Section 3: Case Study — Unfair Laboratory Testing
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A Case Study of Unfair Healthcare Al

Claims Data
Demographics Input
Diagnosis Codes
Medications
Procedures

output  Fyture
Costs

WashU Medicine — Division of Laboratory and Genomic Medicine 33
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This Tool was Broadly Deployed

supplemental Care
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The Model Exhibits a Calibration Bias

Black Patients Had To Be Sicker s =
= = @=— = Black
Than White Patients To Receive the White .
61 Referred for screen Defaulted into program |
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Resources : of
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algorithm used to manage the health of Lk s e il
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Equalized Odds

The Algorithmic Output is not -
Similar when Conditioned on the | b | pedabead
True Outcome i
2 £ |
:-% < - 3_act.iie c_hroiic E.c:ndluon_s et AL {o- £
gx |<7' e
= )
R L
s
' am ‘~'n A y g w0

Percentile of Algorithm Risk Score

Ziad Obermeyer et al., Dissecting racial bias in an algorithm used to manage the health
WashU Medicine — Division of Laboratory and Genomic Medicine of populations. Science 366, 447-453 (2019)
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Predictive Parity
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Equalized Outcomes (Equity)

. . . Race : .
How will this algorithm affect - "
health equity? I
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Identifying a Mechanism of Bias

* Total Health Care Costs was Used
as a Proxy Training Label for
Healthcare Needs

* The Model Predicts Total Costs
without Bias

e Black Patients Consume Fewer
Healthcare Resources Compared
to White Patients of Equal Need

Ziad Obermeyer et al., Dissecting racial bias in an algorithm used to
p, manage the health of populations. Science 366, 447-453 (2019)
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Mechanism-Informed Bias Mitigation

Alternative Training Labels Increases Opportunity for Black Patients

Algorithm training Fraction of Black patients in
label group with highest risk (SE)
1otal CoSts 0141 (0.003) .
Avoidable costs .. 0.210 . 0.003) .

Active chronic conditions 0.267 (0.003)

Ziad Obermeyer et al., Dissecting racial bias in an algorithm used to

WashU Medicine — Division of Laboratory and Genomic Medicine manage the health of populations. Science 366, 447-453 (2019)
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Section 2 Take Aways

* This Case Study Demonstrates the Application of Algorithmic Fairness to
Healthcare Al
— Fairness Metrics
— Bias Mechanism Identification
— Mechanism-Informed Bias Mitigation
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Talk Outline

 Section 1: Transferrable Lessons from Algorithmic Fairness
e Section 2: Case Study — Unfair Healthcare Al
e Section 3: Case Study — Unfair Laboratory Testing
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A Case Study of an
Unfair Laboratory

Test

“Moments after birthing her first child, we
inserted panic and fear with an accusation of
child abuse. We caused harm during a vulnerable

and memorable time for this young mother.”

Lauren Nacke, MSW, LCSW

Slide courtesy of Vahid Azimi, MD
Barnes-Jewish Hospital

WashU Medicine — Division of Laboratory and Genomic Medicine
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Peripartum Urine Drug Screening (UDS)

Biochemical Testing Panels for Drug Perinatal Drug Screening @WashU/BJHC

Metabolites in Urine

Not Recommended by ACOG
Guidelines for Routine Use

- Mass Spectrometry

- Broad Range of Analytes

* In Appropriate Setting can Help - Includes cannabinoids

Guide Clinical Management

Can also Cause Harm
— Fracture Trust Relationship
— CPS Reporting
— Reduce Mom/Baby in Room Time
— Stress and Anxiety

Slide courtesy of Vahid Azimi, MD

WashU Medicine — Division of Laboratory and Genomic Medicine
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Measuring Fairness in Peripartum UDS

 Demographic Parity
— Black Mothers: 46% of Deliveries, 69% of UDS Orders
— UDS Rates with 2x Bias (23.2% vs 11.1%, Black vs White)

* Predictive Parity
— PPV for Clinically Relevant Drug Use ~2.5x Bias (15% vs 37%, Black vs White)

* Equalized Outcomes
— CPS Reporting for UDS Positivity with ~2x Bias (11.3% vs 5.8%, Black vs White)

WashU Medicine — Division of Laboratory and Genomic Medicine
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Priv

Mechanisms of Bias in Peripartum UDS Screening

* Order Indications Correlated with Maternal Race e S

4124

— History of Isolated Cannabis Use =
— Limited Prenatal Care 2

20

* These Indications Drive Low Utility Testing

— Low Rate of non-Cannabis Positivity

12.75
10

—99.5% of Children of Mothers Reported for Cannabis RAg sk
Only Positive were Discharged Home with Mother www.flourishstlouis.org

* High Risk of Harm

— 90% of Cannabis Only Positives Led to CPS Report
(MO has Mandatory Reporting)

Rubin, Alexandra, Lydia Zhong, Lauren Nacke, Candice Woolfolk, Nandini Raghuraman, Ebony Carter, and Jeannie Kelly. “Urine Drug Screening for Isolated
Marijuana Use in Labor and Delivery Units.” Obstetrics & Gynecology 140, no. 4 (October 2022): 607-9. 46



Mechanism-Driven Intervention

Goal:
Restrict the Problematic Indications:

- |Isolated History of Cannabis Use
- Limited Prenatal Care

Intervention:
- Formal Policy Change (OB-GYN)

- Electronic Clinical Decision Support
(eCDS) (Laboratory Informatics)

WashU Medicine — Division of Laboratory and Genomic Medicine
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Intervention
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eCDS: Order-Associated Question

Required to Order UDS on Labor and Delivery Floor

@ Please select the labor and delivery indication for ordering

[ 1 Does not apply because the patient is not on Labor and Delivery [_] Sudden change in mental status
[ 1 Pinpoint or dilated pupils [] Aggressive or labile behaviors

[ ] Unexplained late fetal demise or repeated spontaneous abortions

[ 1 Unexplained abruption of placenta [] Unexplained seizure [ ] Unexplained hypertensive crisis

[ 1Mo prenatal care [ ]| Substance use during pregnancy, excluding marijuana

[ | History of opioids prescribed during pregnancy [_]| Other (requires free text Comment)

MISSING:

* History of isolated cannabis use
Slide courtesy of Vahid Azimi, MD ¢ Limited prenatal Care

WashU Medicine — Division of Laboratory and Genomic Medicine 48
Private Information




Prospective Interventional Study

Intervention
‘ 16 months ‘ 16 months ‘
6/2021 Pre 10/2022 Post 2/2024
Outcomes:
- UDS Rates

- CPS Reporting Rates
- Detection Rates of lllicit Compounds
slide courtesy of Vahid Azimi, MD - Neonatal Outcomes

WashU Medicine — Division of Laboratory and Genomic Medicine 49
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Cohort Characteristics

No. (%) of participants?

Characteristic or outcome Preintervention period Postintervention period P value
Maternal characteristics
No. 4639 4757 NA
Age, median, (IQR), y 29 (24-33) 29 (24-33) .89
Race
Black 2210 (47.6) 2095 (44.0) .005
White 2054 (44.3) 2223 (46.7) .25
Other® 375 (8.1) 439 (9.2) .35
Multiparous 341 (7.4) 341 (7.2) .89

WashU Medicine — Division of Laboratory and Genomic Medicine
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0.3

0.2 A

UDS Rate
o
|_I

0.0

0201 119 vs.
0154 (P<0.001)

0.10 -

0.05 -

CPS Report Rate

0.00 -
June 2021

Pre

Slide courtesy of Vahid Azimi, MD

WashU Medicine — Division of Laboratory and Genomic Medicine
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B Black or African American

23% vs. (P<0.001) White

5% vs. 4% (P=0.40)

4% vs. (P=0.59)

January 2024
Post

Intervention
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Detection of Actionable Positives was Maintained
Reduced Detection of Cannabis and Prescribed non-Cannabis Compounds

No. (%) of participants

\_

Variable Black (n = 4305) White (n = 4277) P value

Any noncannabis substance positive UDS result
Preintervention 115 (5.2) 105 (5.1) .95
Postintervention 52 (2.5) 60 (2.7) .92

(Nonprescribed, noncannabis substance positive UDS result \

Preintervention 50 (2.3) 57 (2.8) .84
Postintervention 43 (2.1) 45 (2.0) >.99 )

Isolated cannabis positive UDS result
Preintervention 210 (9.5) 50 (2.4) <.001
Postintervention 16 (0.8) 3(0.1) 72

WashU Medicine — Division of Laboratory and Genomic Medicine
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Neonatal Outcomes were Unchanged

No. (%) of participants®

Characteristic or outcome Preintervention period Postintervention period P value
Neonatal outcomes

No. 4826 4948 NA
Preterm birth 1038 (21.5) 1040 (21.0) .92
5-min Apgar score <7 330(6.8) 381 (7.7) .55
Birth weight <2500 g 981 (20.3) 996 (20.1) .92
Birth weight <1500 g 277 (5.7) 273 (5.5) .92
NICU admissions 598 (12.4) 577 (11.7) .86
Length of stay, median (IQR), d 2 (1-2) 2 (1-2) .15
Neonatal withdrawal ICD-10 code 107 (2.3) 105 (2.2) .97

WashU Medicine — Division of Laboratory and Genomic Medicine
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Summary and Conclusions

A successful intervention

- Improved fairness in UDS rates
- Improved fairness in CPS reporting

- Reduced detection of clinically
irrelevant positives for all

- Reduced CPS reporting rates for all

- Maintained sensitivity for clinically
actionable results

- No change in neonatal outcomes

Slide courtesy of Vahid Azimi, MD
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Section 3 Take Aways

* This Case Study Demonstrates the Application of the Lessons of
Algorithmic Fairness to Conventional Laboratory Testing
— Fairness Metrics
— Bias Mechanism Identification
— Mechanism-Informed Bias Mitigation
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\ Apply the Lessons of
Algorithmic Fairness:

1. Monitor for Test Fairness

2. ldentify Bias Mechanisms
ACTI o Throughout the Testing Cycle
3.

Develop Targeted and Effective
\\/ Bias Mitigation Strategies
- s ’
J

WashU Medicine — Division of Laboratory and Genomic Medicine
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Laboratories Need to Ensure Fairness

* Laboratory Testing is Complex
* Our Expertise is Critically Needed

Action ™=y Clinical ¢z ——— ACcceSS
Questlon.

Results Test

Interpretation Selection
Post-Analytic , \ Pre-analytic
Results Test
Reporting Total Laboratory ~ ©°™
‘ Testing Process 1
Results Specimen
Verification Collection
Specimer
Analvtic "R
na y IC Preparation
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REVIEW

Optimizing Equity: Working towards Fair
Machine Learning Algorithms in Laboratory
Medicine

Vahid Azimi (5 and Mark A. Zaydman™*

Background: Methods of machine learning provide opportunities to use real-world data to solve complex
problems. Applications of these methods in laboratory medicine promise to increase diagnostic accuracy and
y leading to in the quality and efficiency of healthcare delivery.
However, machine learning models are vulnerable to learning from undesirable patterns in the data that
reflect societal biases. As a result, irresponsible application of machine learning may lead to the perpetuation,
or even amplification, of existing disparities in healthcare outcomes.
Content: In this work, we review what it means for a model to be unfair, discuss the various ways that machine
learning models become unfair, and present engineering principles emerging from the field of algorithmic
fairness. These materials are presented with a focus on the development of machine learning models in
laboratory medicine.
Summary: We hope that this work will serve to increase awareness, and stimulate further discussion, of this
important issue among laboratorians as the field moves forward with the incorporation of machine learning
models into laboratory practice.

105 410 P

IMPACT STATEMENT

Applications of machine learning in the clinical laboratory promise to increase diagnostic accuracy and la-
boratory operational efficiency, However, machine learning models are vuinerable to learming patterns that
reflect societal biases, risking the codification and amplification of existing healthcare disparities. In this
work, we review concepts of algorithmic fairness, describe vulnerabilities for incorporating bias in each step
of the machine learning development pipeline, and suggest practical approaches for mitigating algorithmic
bias. Our hope i to increase awareness of this important issue amongst the laboratory medicine community
as the incorporation of machine learning models becomes more ubiquitous in this.
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Racial Equity in Urine Drug Screening Policies in Labor and Delivery

Vahid Azimi, MD, MS; Cassandra Trammel, MD,

LESW, MSW; Alexandra Rubin,

Abstract

E Black igni ikely ir White
undergo peripartum urine drug screening (UDS) and subsequent reporting to child protective
services (CPS),

OBJECTIVE Toevaluate ation of i cannabis use

MSN, RNC-OB; 2y Vaugh
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Key Points

Question What i the association of
remaving isalated cannabis use and
limited prenatal care a5 approved order
indications for urine drug screening with
racial parity in urine drug screening and

s order indications, combined with cinician-facing cinical decision support, with racial parity in
peripartum UDS and CPS reporting.

DESIGN, SETTING, ICIPANTS This quality i assessed 9396 pregnant
patients at a single tertiary care center ina Midwestern | region who delivered

repor
hospitallabor and defivery unit?

Findings Inthis quality improvement
study of 9396 pregnant patients,

before (June 1, 2021, to September 31, 2022) and after (October 1, 2022, to January 31, 2024) the
Intervention.

EXPOSURE Updated UDS indicat

Primary d CPS report rate by race
before vs after the intervention. Tl the rate of
substance-positive UDS.

RESULTS Of 9336 female patients (median [IQR] age. 29 [24-33] years; 4305 [45.8%] Black, 4277
[45.5%)] White, and 814 [8.7%] other race) included in the analysis, 4639 and 4757 defivered in the
peeintervention and postintervention periods, respectively

was assoclated with a significant
reduction in racialdispariies in testing
and child weffare reports, with no.
change in balancing measures.

Meaning These findings suggest that
an updated labor and delivery urine drug
screning palicy combined with clinical
decision support may reduce racial
inurine drug screening and reporting
1o child protective services without
impacting the identification of dlinically

s

sigrifficant decrease in the number of Black patients before vs after the intervention (2210 [476%)
w5 2095 [44.0%). P = D05); there were no significant differences in ather race groups, median age,
or multiparity. Before the intervention, 513 (23.2%) and 228 (111%) Black and White patients,
respectively, had UDS. (P < 001 compared with 95 (4 5%) and 79 (3.6%) Black and White patients,
respectively, after the intervention (P = .40). Before the intervention, an association between Black
race and CPS repor 249 (11.3%) Black patients, P < OOT); there
was o assadiation between race and CPS report after the intervention (87 [4.2%] Black and 78
[3:5%] White patients, # = 67). There was no association between the intervention and the

07 [2.5%)
preinte P= 14), There was association
Intervention
CONC! RELEVANCE removal of isolated bi
use and limited prenatal care as UDS indications, coupled with dinical decision support, was.
ial it i i ity in UDS testing and CPS reporting.

associated with a significant change in LIDS pasitivity for nonprescribed, nancannabis substances

feontinusd)
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