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Poll Question

What is your familiarity withmachine learning techniques?

1 Not familiar or minimal
2 Read a few papers but never implemented
3 Implemented in at least one analysis
4 Experienced user







DATA



Electronic Databases

The increasing availability of electronic health information offers a
resource to health researchers

General usefulness of this type of data to answer targeted scientific
research questions is an open question

varies

May need novel statistical methods that have desirable properties
while remaining computationally feasible
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Chronic Conditions



FAMILIARQUESTIONS,
DIFFERENT PROBLEMS



Plan Payment Risk Adjustment
Over 50million people in the United States currently enrolled in an
insurance program that uses risk adjustment

I Redistribute funds based on health
I Encourage competition based on
efficiency and quality

I Massive financial implications

Spending outcome

Y = θ X

Coefficient vector
Input vector
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Abstract

Manyhospitals in the 1990smany hospitalswere accused of “upcoding” patient diagnostic related
groups (DRGs) to increase Medicare reimbursements. We find that between 1989 and 1996, the
percentage point share of the most generous DRG for pneumonia and respiratory infections rose
by 10 points among not-for-profit hospitals, 23 points among for-profit hospitals, and 37 points in
hospitals converting to for-profit status. Not-for-profit upcoding was also higher in markets with a
larger for-profit hospital share. Upcoding appears to reflect both risk-taking by administrators and
a closer alignment between the goals of the administration and the behavior of the clinical staff.
© 2003 Elsevier B.V. All rights reserved.
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1. Introduction

During the 1990s, many hospitals were accused by the federal government of upcoding,
where an elderly patient’s diagnostic related group (DRG) was shifted to yield a higher
reimbursement from the Medicare system. The most visible case was brought by federal
investigators against the Columbia/HCA (now HCA) chain of for-profit hospitals in 1997.
In this paper, we use a comprehensive sample of Medicare claims data to examine at the
national level whether and how hospital ownership and market structure affected upcoding
behavior during 1989–1997.
A variety of studies have posited that for-profit and not-for-profit hospitals operate

according to different objective functions (Newhouse, 1970; Pauly and Redisch, 1973;
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Prediction Using the “Wrong” Data



Prediction Using the “Wrong” Data



FAIRNESS



Who decides the research question?
Who is in the target population?
What do the data reflect?

Howwill the algorithm be assessed?
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Data transformations

Health Economics Computer Science & Statistics
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Fairness

Adding variables, separate formulas, statistical learning

Health Economics Computer Science & Statistics
van Kleef et al. (2013) Kamishima et al. (2012)
Rose (2016) Berk et al. (2017)
van Kleef et al. (2017) Zafar et al. (2017a,b)
Shrestha et al. (2018) Bechavod and Ligett (2018)
van Kleef et al. (2018) Dwork et al. (2018)



Fairness

Reinsurance, differing thresholds

Health Economics Computer Science & Statistics
e.g., McGuire et al. (2018) Bansal et al. (2014)

Hardt et al. (2016)
Kleinberg et al. (2018)
ElMhamdi et al. (2018)



Algorithmic Fairness
Typical algorithmic fairness problem in computer science has

I outcome Y
I vector X that includes a protected class or sensitive attribute A ⊂ X

Goal:
Create estimator for f(X) = Y while ensuring the function is fair for A
Commonmeasures of fairness are based on the notion of group fairness,
striving for similarity in predicted outcomes or errors for groups
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ImprovingMental Health Care, 1950-2000

Changes in financing and organization of mental health care, not new
treatment technologies, made the difference

“Improvements ... evolved through ...
more money, greater consumer choice,
and the increased competition among ...
providers that these forces unleashed”









Mental Health and Substance Use Disorders (MHSUD)

Risk adjustment in theMarketplaces
recognizes only 20% of enrollees withMHSUD

Individuals withMHSUD can be systematically discriminated against



Large Gains in Group Fairness vs. OLS
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ImprovingMultiple Groups
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Injury and poisoning

Congenital anomalies

Unclassified conditions

Digestive diseases

Musculoskeletal diseases

Genitourinary diseases

Nervous system diseases

Blood diseases

Skin diseases

Neoplasms

Pregnancy and childbirth complications

Circulatory diseases

Respiratory diseases

Other conditions

Perinatal conditions

Metabolic and immunity disorders

Infectious and parasitic diseases

0.8 0.9 1.0

Total Payment Ratio (TPR)

● Baseline

Constrained Regression 
 (TPRs set to 1)
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Discovering Groups



HUMANS +MACHINES



Predicting Unprofitability
Profit-Maximizing Insurer:

I Design plan to attract
profitable & deter unprofitable
enrollees

I Cannot discriminate based on
pre-existing conditions

I Raise/lower out of pocket costs
of drugs for some conditions

I Distortionsmake it difficult for
unprofitable groups to find
acceptable coverage
Demonstrate drug formulary identifies unprofitable enrollees



Predicting Unprofitability
I Limit to∼10 non-zero variables
I Augmentwith therapeutic classes forHIV&multiple sclerosis drugs



POLICYANDPRACTICE











Cardiac Stent Results



Cardiac Stent Policy Implications

Implications for patients, hospitals, manufacturers, and regulators.

I How can this information be incorporated into the patient’s
decision-making process?

I Will hospitals reconsider their complex contracting with
manufacturers to avoid poorer-performing devices?

I Shouldmanufacturers consider pulling stents from themarket?
I How should regulators respond to postmarket information that was
not available at the time of device approval?



IN CLOSING







Does Your AlgorithmHave a Social Impact Statement?

fatml.org/resources/principles-for-accountable-algorithms
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