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Abstract. This paper proposes a statistical framework of using artificial intelligence to
improve human decision making. The performance of each human decision maker is
benchmarked against that of machine predictions. We replace the diagnoses made by a
subset of the decision makers with the recommendation from the machine learning algo-
rithm. We apply both a heuristic frequentist approach and a Bayesian posterior loss func-
tion approach to abnormal birth detection using a nationwide data set of doctor diagnoses
from prepregnancy checkups of reproductive-age couples and pregnancy outcomes. We
find that our algorithm on a test data set results in a higher overall true positive rate and a

lower false positive rate than the diagnoses made by doctors only.
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1. Introduction

In the current era of machine learning, artificial intelli-
gence (Al) algorithms have emerged as valuable tools
that can learn significant features from data and poten-
tially facilitate decision making in various disciplines. In
medical research, Esteva et al. (2017) and Kermany et al.
(2018) utilize a deep neural network to automate diag-
nosis based on medical images. Berg et al. (2020) and
Sadhwani et al. (2021) leverage machine learning algo-
rithms to predict the default probability for bank lend-
ing decisions. Mullainathan and Spiess (2017) and
Athey and Imbens (2019) apply machine learning mod-
els to broad optimal policy assignment problems.

A considerable number of papers compare the perfor-
mance of algorithms with that of the representative
human decision makers. To mention a few, Esteva et al.
(2017) claim that their algorithm outperforms the aggre-
gate dermatologist on some skin cancer classification
tasks; Kermany et al. (2018) target macular degeneration
diagnosis and conclude that the machine algorithm out-
performs some retinologists; Rajpurkar et al. (2017)
highlight the performance gain of a deep convolutional
neural network over an aggregate cardiologist for pro-
cessing electrocardiogram sequences; Kleinberg et al.

(2018) train a gradient-boosted decision tree model to
predict crime risk during pretrial bail and suggest that
substituting human judges with the algorithm could
result in large welfare gains.

The findings of the aforementioned literature rely
mostly on the observation that the pair of false positive
rate (FPR) and true positive rate (TPR) point lies strictly
below the receiver operating characteristic (ROC) curve
generated by the machine learning algorithm, implying
that algorithms can achieve a higher TPR for a given
FPR or a lower FPR for a given TPR. In binary
classification/decision making, FPR is the number of
wrongly classified negative events divided by the num-
ber of actual negative events, and TPR is the number of
correctly classified positive events divided by the num-
ber of total positive events. FPR/TPR are synonymous
with size and power in classic hypothesis testing.

We first caution against such interpretations without
a deeper understanding of human decision-making pro-
cesses. The literature findings can be rationalized not
only by the superior information quality of algorithms,
but also by the incentive heterogeneity, that is, the dif-
ferential preferences for taking the same action by multi-
ple human decision makers, some of whom can be no
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less accurate than algorithms in processing information
from observational data. Machine algorithms provide
information, but decision making is a combination of
incentives and information. Using machine algorithms
to assist with decision making necessitates the modeling
of incentives. Second, the FPR/TPR pairs of human
decision makers are typically imprecisely measured,
especially when the number of cases for each decision
maker is not large. The data in our empirical analysis
shows not only substantial heterogeneity between indi-
vidual doctors, but also that the randomness in measur-
ing the quality of decision makers plays a key role when
the performance of decision makers is compared with
that of machine algorithms.

To illustrate the first issue of concern, consider Figure
1, in which a collection of FPR/TPR pairs for human
decision makers, denoted as j=1,...,], all lie approxi-
mately on an ROC curve generated by their employed
decision rules Y; j=1L(p(X;, U;) > c;) with different
individual cutoff threshold ¢; for decision maker j. In the
decision rule, X;; are observed features used in the
machine learning algorithm; U ; are private information
only observable to the human decision makers, and
p(x,u) =P(Y =1|x,u) is a propensity score function.
Also drawn is the machine ROC curve based on classifi-
cation rules Y; = 1(p(X;) > c), which collects the corre-
sponding FPR/TPR pairs by varying the cutoff
threshold ¢, and where p(x) = P(Y = 1|x) is the correctly
specified propensity score function using observable

Figure 1. (Color online) Individual and Aggregate FPR/TPR
Pairs
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Notes. When doctors use a correctly specified propensity score model
to process both public and private information variables, the collec-
tion of FPR/TPR pairs for human decision makers, represented by
the triangular points, all lie above the machine ROC curve. However,
the aggregate FPR/TPR of human decision makers can still lie below
the machine ROC curve. See Section 2.5 for a more detailed discus-
sion of how incentive heterogeneity can mask the nuances of compar-
ing between machine learning and human decision making through
an implication of Jensen’s inequality.

features x discovered by the machine learning algo-
rithm. However, after averaging over all decision
makers, the aggregate human FPR/TPR point lies visi-
bly below the machine ROC curve.

Our paper makes several contributions. First, we offer
a conceptual framework of information and incentives
for interpreting comparisons between the machine algo-
rithms and human decision makers. Second, we provide
a model to identify human decision maker candidates
for replacement by machine algorithms and to generate
machine algorithm-based decisions that incorporate
human decision maker preferences. The replacement
model accounts for the sampling uncertainty of individ-
ual decision makers. Third, an empirical application to
abnormal birth detection demonstrates that our pro-
posed replacement algorithm significantly improves the
overall performance of risky pregnancy detection.
Fourth, we conduct an extensive synthetic data analysis
that serves as guidance for evaluating empirical proce-
dures incorporating complementarity in the presence of
information asymmetry between human decision
makers and machine algorithms.

In this paper, in order to compare machines with
human decision makers, we restrict incentive heteroge-
neity and focus on information processing capacity. If
the individual FPR/TPR pairs are precisely known
without sampling errors, they can be directly compared
with the machine ROC curve; we interpret a human
FPR/TPR pair below the machine ROC curve as evi-
dence of the superiority of the machine algorithms. As
shown in Figure 2, a human FPR/TPR pair below the
machine ROC curve can be dominated by any point on

Figure 2. (Color online) Population Human FPR/TPR Pair
and the Machine ROC Curve
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Notes. Point A matches the human FPR but has a higher TPR. Simi-
larly, Point B matches the human TPR but has a lower FPR. The FPR
and TPR of any point between points A and B on the machine ROC
curve are smaller and larger, respectively, than the human decision
maker’s FPR/TPR pair.
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the line segment of the ROC curve between A and B.
Replacing the human FPR/TPR pair by any point on the
A-B segment of the machine ROC curve segment results
in higher TPR without increasing FPR or lower FPR
without sacrificing TPR.

In reality, only an estimate of the FPR/TPR pair can
be obtained from the empirical data. A statistical frame-
work to compare the performance of algorithms with
that of human decision makers requires accounting for
estimation sampling errors. We focus on two main
issues. First, we seek statistical evidence supporting the
information superiority of an algorithm that favors the
replacement of a human decision maker. Second, we
aim to identify the most appropriate point on the
machine ROC curve for this purpose. To address these
two issues, we experiment with both a heuristic fre-
quentist confidence set approach and a subsequent
Bayesian inference approach. In both scenarios, confi-
dence and credible regions are formed to inform the
decision-making process. The Bayesian approach
results in more replacement and additional improve-
ment in the aggregate FPR/TPR pair. We suggest the
Bayesian analysis as an applicable decision framework.

At a disaggregated level, each individual human can
have either less or more information processing capacity
than an algorithm has. For instance, Liang et al. (2019)
propose a machine learning algorithm to diagnose
childhood diseases that outperforms junior physician
groups but marginally underperforms senior physician
groups. Similar findings are reported in Peng et al.
(2021). Esteva et al. (2017) and Kermany et al. (2018) also
find substantial variability in the human experts’ perfor-
mance. Our framework chooses between each human
decision maker and the algorithm for making future
decisions. We identify a subset of human decision
makers to be replaced by the algorithm, whereas the
rest of human decision makers are retained.

We apply our statistical framework to a unique
National Free Prepregnancy Checkups (NFPC) data set.
The NFPC is a free health checkup service for conceiv-
ing couples across 31 provinces in China. In addition to
the pregnancy outcome and numerous patient-case fea-
tures, the data set also includes the doctors” IDs and
diagnoses of adverse pregnancy outcomes. We first split
the data into two parts. The first part is used to compare
doctors with algorithms. Specifically, we employ a ran-
dom forest (RF) method for diagnosing risky preg-
nancy, which achieves an area under the curve (AUC)
above 0.68. Using a 95% credible level, our Bayesian
approach suggests that the random forest algorithm
outperforms 46.1% of doctors. The second part of the
data set is used to evaluate the quality of the diagnosis
procedure based on the combination of retained doctors
and the algorithm. The combined decision-making pro-
cedure achieves an increase of 46.6% in the TPR and a
reduction of 10.1% in the FPR. Additional detailed

analysis further shows that the potential for machine
algorithms to improve decision-making quality is sub-
stantial even when only a smaller portion of doctors are
replaced. We also find that doctors practicing only in
country hospitals have a lower replacement ratio com-
pared with those having practiced in township clinics.
The result of our Bayesian analysis suggests that 51.2%
of doctors who have practiced only at township clinics
are replaced compared with 39.8% of doctors who have
practiced only at county hospitals.

1.1. Related Literature

Our paper relates to several strands of literature. An
extensive literature studies the utilization of Al to
enhance medical diagnostic capabilities. Machine learn-
ing, especially deep learning methods, which demon-
strate great potential in tackling diverse and complex
tasks, has been experimented to diagnose in multiple
medical subfields, including ophthalmology (Kermany
et al. 2018), cardiology (Rajpurkar et al. 2017, Hannun
et al. 2019, Ren et al. 2021), dermatology (Esteva et al.
2017), respirology (Ardila et al. 2019, Liang et al. 2019),
clinical psychology and psychiatry (Ashar et al. 2017,
Yoon et al. 2022), and tumor and cancer detection
(McKinney et al. 2020, Peng et al. 2021, Uhm et al. 2021,
Tian et al. 2024). Additional surveys can be found in
Erickson et al. (2017), Johnson et al. (2018), Dwyer et al.
(2018), Chan et al. (2020), Huang et al. (2020), and Swan-
son et al. (2023).

Beyond medical diagnoses, Al is widely explored in
social-economic decision making. See, for example,
Berg et al. (2020), Sadhwani et al. (2021), and Fekadu
et al. (2022) for loan approval and credit risk modeling;
Fuster et al. (2019, 2022) and Vallee and Zeng (2019) for
market structure implications of employing machine
learning algorithms; Berk (2017), Zeng et al. (2017), and
Kleinberg et al. (2018) for bail and parole analysis; and
Chalfin et al. (2016) and Sajjadiani et al. (2019) for pro-
ductivity assessment.

Numerous papers in the literature benchmark algo-
rithms against human decision makers.! Whereas
machine algorithms often outperform some aggregation
of human decision makers, these findings are not uni-
form across individual human decision makers. Unlike
machine algorithms, human decision makers can be
highly heterogeneous in both incentives and informa-
tion processing capacity. The health economics litera-
ture suggests that doctors may be swayed by multiple
nonmedical incentives, including lawsuit avoidance
(Studdert et al. 2005), financial gain (Johnson and
Rehavi 2016), demand pressure from the patient (Lopez
et al. 2018), and procedural skills (Currie and MacLeod
2017). Our analysis highlights the importance of model-
ing and restricting incentive heterogeneity in a
human-AI comparison.
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A growing literature also explores Al-assisted human
decision making. Whereas Brennan et al. (2019), Han
et al. (2020), Peng et al. (2021), Yang et al. (2021), and
Tian et al. (2024) report salient performance improve-
ment when doctors can refer to the prediction results of
algorithms, Jin et al. (2024) and Yu et al. (2024) report
contradicting evidence by which the performance of a
portion of doctors is worsened by Al assistance. By
offering doctors monetary incentives prior to the experi-
ment, Wang et al. (2023, 2024) find that doctor diagnoses
can be significantly influenced by both the machine
information and the preset incentive structures.
Whereas both Bansal et al. (2021) and Wang et al. (2023)
find that giving doctors explanations increases the
acceptance of machine recommendations, the effect of
providing explanation on performance is inconclusive
and varies. In the beverage vending machine business, a
field experiment on product assortment decisions con-
ducted by Kawaguchi (2021) finds heterogeneous adop-
tion by workers dependent on location and both worker
and machine characteristics. lakovlev and Liang (2024)
theoretically investigate the role of contextual and fea-
ture information between humans and Al

Alur et al. (2023, 2024) propose both a test of whether
human experts help improve machine algorithm predic-
tions and a framework that integrates human expertise
into algorithmic predictions. Our analysis also suggests
that the human machine complementarity, argued for
by Bansal et al. (2021) and Donahue et al. (2022), is not
only theoretically challenging, but also difficult to
implement empirically. The meta-analysis in Vaccaro
et al. (2024) finds limited scope of human-AlI effective-
ness improvement. Overall, the mechanism by which
Al assists human decision making is unclear. Our paper,
thus, focuses on a simple strategy that identifies and
replaces underperforming doctors. This modeling
choice is also consistent with the analysis in Mullai-
nathan and Obermeyer (2022) and Chan et al. (2022),
who suggest that doctor performance cannot be
explained by preference heterogeneity alone. In addi-
tion, the case-specific replacement algorithm described
in Online Appendix A.6 does not outperform the base-
line method for our NFPC data set.

A substantial body of literature discusses the discrim-
inatory bias of algorithms (O’Neil 2017, Eubanks 2018,
Berk et al. 2021). But the potential of Al and algorithmic
decision making to reverse extant bias in the training
data are also noted by Rambachan and Roth (2019),
Rambachan et al. (2020), and Gillis et al. (2021). Through
efficient information provision and scarce resource utili-
zation, Al can be instrumental for inequality reduction.
Using artificial intelligence to empower medical diagno-
ses in developing areas has been advocated by research
including Adepoju et al. (2017), Guo and Li (2018), Tri-
vedi et al. (2019), Mondal et al. (2023), and others.
Bulathwela et al. (2021) discuss the comprehensive

application of Al to narrow the education inequality
gap. Our finding using the NFPC data set is also consis-
tent with anecdotal information regarding the quality
disparity across tiers of the hospital classification system
in China.

Optimal decision making using machine learning
techniques is also drawing increasing attention from
econometrics. Kitagawa and Tetenov (2018), Mbakop
and Tabord-Meehan (2021), Athey and Wager (2021),
and Feng and Hong (2024) explore the asymptotic prop-
erties of empirical algorithm-based optimal decision
making. Manski (2018) considers the identification
problem when only the prediction conditional on a sub-
set of covariates and the conditional distribution of the
omitted covariates are known. In this paper, we assume,
as in the baseline cases of Kitagawa and Tetenov (2018),
that the machine algorithm is known and deterministic
in view of the large data size and the comprehensive list
of covariates in the NFPC data set.

The rest of this paper is organized as follows. Section
2 presents the statistical model of human-algorithm
comparison. Section 3 describes the data and the algo-
rithm. Section 4 reports results from the empirical analy-
sis of the machine algorithm and human decision
makers. Section 5 presents a set of synthetic data analy-
sis for additional insights, and Section 6 concludes.
Additional results are collected in the Online Appendix.

2. Replacing Human Decision Makers

with Algorithms
Consider a sample data set with labels Y; € {0,1} and
features X;,i=1,...,n. Define

PR - #oiz YiYi i (1= Y)Y,
: T
1 n
ﬁ = ;Z Yi/ (1)

i=1

, FPR=

7

where Y; € {0,1} is a predictor for Y; based on a general
decision rule such that (X;,Y;, Yl-) are independent and
identically distributed (i.i.d.) draws from an underlying
population. The law of large numbers implies that the
FPR/TPR converge to their population analogs
(denoted as g and @) as n — oo:

1 . 1 N
= _EYiYi/ a= —]E[(l - Y[)Yj],
f p 1-p
where p=EY;=P(Y;=1). )

A key concept in this paper is incentive heterogeneity.
In general terms, incentive refers to the motivation of
certain actions, and incentive heterogeneity refers to dif-
ferent payoffs across multiple human decision makers
for taking the same actions. Incentive heterogeneity
can typically be classified intuitively as either intraindivi-
dual or interindividual. On the one hand, interindividual
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incentive heterogeneity refers to situations in which the
cost assessment only varies across decision makers but
not across individual cases for each decision maker. On
the other hand, intraindividual incentive heterogeneity
refers to situations in which the cost assessments across
individual cases for a given decision maker vary based
on both publicly observed features x that are accessible
by the machine algorithm and private information fea-
tures u that are only available to human decision makers.
To compare human decision makers and machines, we
make the following two assumptions regarding incentive
heterogeneity:

Assumption 1. The machine ROC curve is generated by a
propensity score model of prediction:

?i,M = 1(m(x;) > c).

The decision maker j’s decision is also based on a perceived
propensity score model:

Yy = 1qjxij,ui ) > ¢p).
Both m(-) and q;(-) can be correctly specified or misspecified.

Assumption 1 rules out intraindividual incentive het-
erogeneity and allows us to focus on interindividual
incentive heterogeneity. Doctors in our data set exhibit
highly variable degrees of conservativeness in their
diagnoses. The FPR of the doctors with at least 300 diag-
noses has a mean of 0.236 and a standard deviation of
0.230. Some doctors tend to diagnose almost all patients
as highly risky, and some doctors rarely make a positive
diagnosis. The diffusive distribution of doctors” FPR/
TPR pairs also indicates both information processing
capacity difference and interindividual heterogeneity.
The analysis in Chan et al. (2022) shows that, when only
either diagnostic skill difference or interindividual
incentive heterogeneity is present, the doctor FPR/TPR
pairs will concentrate in a small region, which is not the
case in our data. Importantly, Assumption 1 also allows
for private information u; ; that is only observed by the
doctors and not used in the machine learning algorithm.
In the absence of the private information variable u; ;,
the doctors’ diagnoses are perfectly predictable by the
machine learning algorithm, which is very unlikely.

Assumption 2. The machine propensity score model m(x;)
and the jth decision maker’s propensity score model
qi(x; j, u;,;) are used without sampling errors in the machine
decision making procedure and by the jth decision maker,
respectively.

The first requirement is justified by the fact that the
machine learning model is implemented using a train-
ing data set that is orders of magnitude larger than the
number of cases for each individual human decision
maker. For instance, around 150,000 cases in the NFPC
training data set are used to estimate the machine ROC

curve, whereas the median number of diagnoses per
doctor in the classification set is only approximately 400.
The estimation error in the machine ROC curve is negli-
gible relative to the error in estimating doctors’
FPR/TPR pairs. The sampling error in estimating the
machine ROC curve is studied in a subsequent paper by
Feng and Hong (2024).

The second requirement that the g;(x; j, u; ;) are used
without sampling errors by the jth decision maker is
interpreted as stating that the behavior of the jth deci-
sion maker is consistent with the use of a propensity
score model g;(x; j, u; ;). The method in this paper does
not require the researcher to know the propensity score
model q;(x;,u;;) for the jth decision maker and does
not refer to any of the doctor propensity score models
qi(xi j,u;j),j =1,...,]. The second requirement also rules
out decision makers learning from the sample cases. A
doctor j does not update the doctor’s propensity score
model g;(x; j, u; ;) during the data sample period.

This is a reasonable assumption in our empirical data
set because the eventual pregnancy outcomes are typi-
cally not available to doctors when they diagnose con-
secutive patient cases. We are not concerned with how
doctors procure knowledge to develop their diagnosis
model g;(x;j,u;;). Doctor j might procure g;(x;;, u;;)
from trainings obtained from a medical school or from
working with a large pool of patients prior to the sam-
pling period. Section 3 provides more details about the
data-processing procedure, in which sampling errors
arise mainly from the relatively fewer number of obser-
vations for each individual decision maker.

2.1. Human FPR/TPR Pairs and ROC Curves in
the Population
The parameter of interest is the population pair of true
positive and false positive rates for an individual deci-
sion maker: Oy = (ap, f;), where a and B are defined as
in (2) and the subscript H refers to “human.” If 0y is
above a machine ROC curve, as in Figure 1, then given
the FPR ay, the algorithm has a lower TPR ) than
humans have. Similarly, given the TPR fy;, the machine
has a larger FPR aj, than humans have. In this sense,
humans outperform the algorithm. In particular, under
Assumption 1, if humans correctly use at least as much
information as the algorithm does, in the sense that the
propensity model is correctly specified, then Oy lies
above the machine ROC. The formal argument is given
in Online Lemma A.1.

Figure 2 shows a Oy pair for a human decision maker
that is below the machine ROC curve. A machine deci-
sion rule corresponding to a point on the machine ROC
curve between A and B performs better than the human
decision maker. The segment of the curve to the left of B
(to the right of A) has a smaller a)s and a smaller Sy (a
larger fas but a larger ay,) than the human decision
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maker. These segments of the machine ROC curve are
not directly comparable to the human decision maker.

The classic Neyman-Pearson lemma states that,
when p(x) =P(Y =1]|x) is correctly specified, for any
pair of positive numbers (1, ), there exists a cutoff
value c such that the point (a,, ) on the ROC curve cor-
responding to the decision rule § = 1(p(x) > ¢) maxi-
mizes a linear combination ¢ — na of the TPR and FPR.
Conversely, each point on this ROC curve optimizes
some linear combination of TPR and FPR. The
Neyman-Pearson lemma is also motivated by a Bayes-
ian decision maker who minimizes posterior expected
loss of misclassification upon observing the features x
based on a loss matrix of the following form:

Loss matrix =0 p7=1
y= 0 0 Co1
y= 1 C10 O,

where ¢y represents the cost of misclassifying one as
zero and ¢y, represents the cost of misclassifying zero as
one. Each point on the ROC curve, corresponding to a
decision rule § = 1(p(x) > c), minimizes Bayesian poste-
rior expected loss for some choice of c1p and cy; through
the relation ¢=cp/(c10+co1). Importantly, the cost
matrix cg1, ¢10 and linear combination coefficients 1, ¢ in
the Neyman-Pearson lemma are independent of the
features x in order to provide optimality justification of
the points on the ROC curve. Assumption 1 is then inter-
preted as each doctor behaving as a Bayesian decision
maker adopting the same constant cost matrix ¢y and
con among the doctor’s patients. The ex ante expected
minimized cost for the Bayesian decision maker corre-
sponds to a linear combination of FPR and TPR:

c1oE[p(X)(1 = Y)] + e E[(1 — p(X))Y]
= (1 — p)COlFPR — pCloTPR + pcio-

If we denote points A and B in Figure 2 as (ay, fig)
and (ag,By), then any point (ap, ,,) between (ag, ;)
and (ay, Bz) on the machine ROC curve satisfies ap <
ayand f,, > B;. For arbitrary ¢, 7 > 0 and ¢y, co,

nam — oy < nan — PPy, and
(1 =p)ecoram — peiofy < (1 —p)ecoran — pciofy-

Therefore, compared with human decisions, any point
(am,By;) between (ag,f,;) and (ay,Br) on the ROC
curve achieves a better linear combination for all possi-
ble values of ¢, 7, and lower expected cost for all loss
matrixes of cpi, ¢o. In this sense, (au, f,,) dominates
(aH/ﬁH)~

Recall that 0y is a population parameter that mea-
sures the expected performance of the human decision

maker. When 6y lies below the machine ROC curve, on
average, the machine algorithm can outperform the
human decision maker by increasing the population
TPR or reducing the population FPR. However, unless
the algorithm can make predictions with perfect accu-
racy, for each specific patient case, the human decision
maker can either underperform or outperform the
algorithm.

Our framework is likely to be applicable when people
make many repeated decisions to allow for a sufficiently
precise estimate of their error rates. It is less applicable
in situations when people only ever make a few deci-
sions of a type, a setting that may arise even when deci-
sions are frequent if some action rarely is or should be
taken. The lack of information renders the task of distin-
guishing humans from algorithms difficult even if
humans might be detectably worse in aggregate.” Our
application features a comprehensive set of covariates, a
large data set, reliable and measurable outcomes, and a
stable prediction environment that are consistent with
the scenarios in the important papers by Kahneman and
Klein (2009) and Currie and MacLeod (2017).

2.2. Human FPR/TPR Pair and ROC Curve Com-
parison in the Sample

Typically, the population value of 0y is not directly
observed and, instead, needs to be estimated from a
data set. Denote the sample estimates (FPR, TPR) in (1)
as Oy = (ap, f,;). In the presence of sampling uncer-
tainty, the inference problem pertains to how we can
make a probabilistic statement regarding whether 04 is
above or below the machine ROC curve. From a fre-
quentist analysis point of view, because the sample esti-
mate 6 g is a vector function of a multinomial
distribution, the finite sample distribution function of
Op can be analytically intractable. Large sample fre-
quentist analysis and simulation methods, however, are
facilitated by the joint asymptotic normal distribution
of 6 H-

Lemma 1. For an i.id. sample {Y; Y,}!, the > joint asymp-
totic distribution of a human FPR/TPR pair O = (dp, u)
is multivariate normal. In particular,

ag(l—ay) 0
~ d -
VA0 — 01)-5N(0, %), T= ( N mm)-
p

The proof of Lemma 1 is given in the Online Appen-
dix and follows from standard arguments for approxi-
mating multinomial distributions with normal limits.
The asymptotic covariance X can be consistently esti-
mated by a sample analog ¥, where the parameters
ap, By, and p are replaced by @y, f,;, and p. The result-
ing asymptotic confidence set of the FPR/TPR pairs
is elliptically shaped. As illustrated in Figure 3(a), the
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ellipse indicates a 95% level confidence set for a decision
maker in our data set.

An immediate consequence of Lemma 1 is that a
direct comparison of the sample estimate (4, ;) with
the machine ROC curve is likely to be insufficient. Con-
sider a situation in which the true population pair of
(avpr, Byy) lies strictly below the machine ROC curve:
By < glan), where g(-) denotes the machine ROC curve.
Then, with probability converging to one, (&, f;) lies
strictly below the machine ROC. Suppose we replace
(o?H,BH) by (ax,g(d@x)). By Lemma 1, P(@x > ay) — 0.5.
In other words, the replacement point (dy,g(dr)) on
the ROC curve does not dominate the true population
pair of (ay, ;) approximately half of the time. A similar
situation arises if we replace (dx,S5) by (¢ '(By), Br)-
In order to provide a probabilistic statement regarding
the property of the replacement procedure, a more for-
mal statistical framework is necessary. We consider
both a heuristic frequentist approach and a Bayesian
approach.

2.3. A Heuristic Frequentist Approach

We initially experiment with a heuristic procedure
based on the frequentist principle, the predominant
school of thought in statistical inference which typically
begins with confidence set construction. The procedure
is described as follows:

e Form a confidence set § for 6y, By Lemma 1,
n(éH - GH)Tﬁ’l(éH — 0Oy) converges to a chi-square
distribution with two degrees of freedom, where . is
any consistent estimator of X.. A confidence set on this
asymptotic distribution is elliptically shaped.

e For each s=(a,p,) € S, define A, as the set of
points that dominate s:

As={0=(a,B):a< as,f=B,}. 3)

s€S
nate all the points in S.

e Next, define A = ANROC: A is the set of points
on the machine ROC curve that simultaneously domi-
nate all the points in $.

The convention of choosing a large confidence level
suggests that the status quo of human decision making
is to be replaced by an algorithm only when there is
overwhelming evidence from the data indicating the
superiority of the algorithm. In our application, we only
consider the machine algorithm to outperform the
human decision when A # @, that is, when there exists
a point on the machine ROC curve that dominates an
entire confidence set of the human decision maker’s 6y
parameter. In essence, we use estimates of the sampling
uncertainty of the FPR/TPR pair of 6 to provide guid-
ance on how far O needs to be below the machine ROC

e Define A = N A;: Ais the set of points that domi-

curve in order to justify replacing the human decision
maker with the machine algorithm.

In the elliptical confidence set depicted in Figure 3(a),
denote by (g, Byq;) the point that achieves the highest
TPR on the confidence set, and denote by (&, ‘Baw) the
point that achieves the smallest FPR on the confidence
set. The point P in Figure 3(a) corresponds to (ttiew, Byg)-
There are three possibilities for the relation between the
position of the confidence set for the human FPR/TPR
pair O and the machine ROC curve.

1. Case 1 (Figure 3(a)): The human confidence set
and point P = (ajew, B),,;,) are both below the machine
ROC curve. We consider the human decision maker to
perform worse than the algorithm and, hence, can be
replaced by the algorithm. On the machine ROC curve,
we can find two points, namely, (ag,p,,;) and
(@iow, B ), labeled as points B and A in Figure 3(a), such
that any point on the ROC curve between A and B can
provide a machine decision rule to replace human deci-
sion making.

2. Case 2 (Figure 3(b)): The entire human confidence
set is below the ROC curve, but the point P = (@, :th‘gh)
is above the ROC curve. In this case, even though each
point in the confidence region of 0y is dominated by
some point on the machine ROC curve, it is not possible
to find a nonempty fraction of the machine ROC curve
that simultaneously dominates all the points in the
human confidence set. The data evidence is not suffi-
ciently convincing to account for the randomness of esti-
mating 0y by Oy. Consequently, the human decision
maker is not replaced by the algorithm.

3. Case 3 (Figure 3(c)): The human confidence set
has a certain area above the machine ROC curve. The
human decision maker is not replaced by the algorithm
either.

In summary, if the point P = (@, ﬁhigh) is below the
ROC curve, the human decision maker is replaced; oth-
erwise, the human decision maker is not. In cases 2 and
3, it is possible that the human decision maker is suffi-
ciently capable compared with the machine algorithm.
It is also possible that the human 0y is not estimated
precisely enough, for example, because of a lack of his-
torical data that results in a large confidence set.

In frequentist statistical inference, Oy is a fixed num-
ber. It is either above or below the machine ROC curve.
The confidence set itself $ is a random set such that
P(6 € S) — 1 — a. For a conventional size of a = 0.05, if
the confidence set is to be constructed 100 times from
different samples, S contains 6y approximately 95
times. Consequently, by construction, A is a random set
such that asymptotically,

P(6y € S) =P{A = @ and P dominates 0y}
+P{A + @ and A dominates Oy} >1—a.
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Figure 3. (Color online) Three Cases of the Heuristic Approach
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Notes. The heuristic frequentist approach makes use of the point P := (ajy, f,

;) that corresponds to the smallest FPR and the highest TPR of the

elliptical confidence set. Panel (a) shows the case in which P lies below the machine ROC curve and there exist dominating points on the curve. The
crosses are the bootstrapped FPR/TPR pairs. Panel (b) shows the case in which the confidence set lies below the machine ROC curve, but there is
no dominating point on the curve. Panel (c) shows the case in which a portion of the confidence set lies above the machine ROC curve.

Therefore, we have, asymptotically,
P{A dominates Oy|A # O}
1—a—P{A =@ and P dominates Oy}
P{A + O} '
If Oy lies below the ROC curve, P{A = @} — 0 as the
number of cases for the human decision maker increases
to infinity. Furthermore, P{A = @ and P dominates 6y}
< P{A =0} — 0, implying that, asymptotically, P{A
dominates Oy |A # O} >1 — a. If O lies above the ROC,
we can control P{A = @} >1 — a by reasoning that
P{A = @} = P{P is above ROC}

>P{P dominates 05} >P(0y € 5)>1 — .

=

However, the finite sample size of the test can be
severely distorted. By insisting on finding a segment of

the machine ROC curve that simultaneously dominates
the entire confidence region of 0y, the frequentist proce-
dure is conservative by construction.

Whereas conventional confidence sets are mostly sym-
metric, it is well known in statistics that, by inverting a
hypothesis test, alternative confidence sets can be con-
structed as the collection of parameter values for which the
null hypothesis is not rejected. For example, if we let the
null hypothesis be Hy: 0y = 0oy and the alternative
hypothesis be H : ay > appor fi; < By, a test can be
formed to reject the null hypothesis Hy when either &y >
ap +corwhen 8, < B, —d, where c and d are chosen by
the size of the test. The confidence set of Oy in which the
test does not reject takes the form of {Ooy : apy =dpy —
c,and By < B y +d}, which is lower rectangular. Whereas
forming confidence sets based on inverting inequality tests
is theoretically intriguing, it is not often used empirically.
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An alternative in Online Appendix A.3 is to test
whether the population value of 0y is above or below
the machine ROC curve. We do not use this test because
of its limitation that, even if the null hypothesis of the
status quo of human decision making is rejected, it does
not locate a point of the machine ROC curve to replace
human decisions as discussed in Section 2.2.

2.4. A Bayesian Approach

In the following, we focus on an alternative Bayesian
method, which often allows for a more transparent
interpretation than frequentist inference. The Bayesian
approach combines a prior distribution of the underly-
ing population parameters with the likelihood of the
data given the population parameters to produce a
posterior distribution of the parameters given the
data, which is then used in a decision-theoretic frame-
work in which a threshold is chosen to minimize the
posterior expected loss function. The combination of a
multinomial likelihood function with a Dirichlet con-
jugate prior drastically improves computability. Simu-
lating the posterior distribution of the key FPR/TPR
parameters to construct a Bayesian credible set is facil-
itated by writing them as a vector function of the mul-
tinomial parameters whose posterior distribution is
given analytically through the conjugate prior. The
empirical results suggest that the Bayesian method is
less conservative and suggests replacement of more
doctors by the machine algorithm than the frequentist
method does.

Computing a Bayesian posterior distribution requires
two key inputs: the likelihood of the data given the pop-
ulation value of 0y, and a prior distribution for the
underlying population parameters. Each observation in
the data set consists of both the doctor diagnoses and
the ground truth of pregnancy outcomes and follows a
multinomial distribution with four categories: diag-
nosed as risky and abnormal birth outcome, not diag-
nosed as risky and abnormal birth outcome, diagnosed
as risky and normal birth outcome, not diagnosed as
risky and normal birth outcome. The parameters of the
multinomial probabilities are

th=EYY, t, =E[(1 = Y)Y], ts = E[Y(1 = Y)],
ts =E[(1-Y)1-Y)].

Because t; + tp +t3 + £ = 1, we choose the first three as
free parameters. The multinomial distribution is a
completely specified parametric model and allows for
exact likelihood Bayesian posterior distribution compu-
tation. The likelihood of the data given the free para-
meters t = (f1,f, t3) depends only on a set of sufficient

9
statistics f = (f1, f,, f3), where

L1 A .1
b==3 VY, b==>[1-Y)Y],

i3 =
L1 A
t3 = ;Z[Yi(l =Yyl (4)

=1

In particular, we can write the data likelihood as (in
which D refers to data):

n h n— 71{ 7 n— nl? — n{
L(Dlt) — < R >tTtl . 1 t;ltz { 2
ntq nty nts
tg%tz(l*fﬁfrfa). @)

Given a prior distribution of ¢, denoted as 7t(t), the pos-
terior distribution of the parameter f, denoted as p(t|D)
can usually be simulated or calculated analytically:

_ n()L(D[t)
PUID) = F L Drar

We are interested in the posterior distribution of
On = (an, By), which can be written as functions of the
underlying multinomial parameters: h(t) = (a(t), By (t)).
If we can simulate from the posterior distribution p(t|D)
and denote the simulated draws as f,,r=1,...,R, then
the posterior distribution of 0y, denoted as p(O|D), can
be estimated using the empirical distribution of
h(t,),r=1,...,R.

Computing the posterior distribution using a multi-
nomial likelihood is facilitated by the Dirichlet conju-
gate prior. A Dirichlet prior on the K-dimensional
simplex of fy, k=1, ...,K, where Zszl tr =1, is specified
by hyperparameters y = (y,,k=1,...,K). Its density is
given by mi(t|y) = H,Ile tZkil/B(y), where B(y) is the
multivariate Beta function. See, for example, Kotz et al.
(2019). The case with y, =y, Vk=1,...,K is called a
symmetric Dirichlet distribution. In one dimension, in
which K = 1, the Dirichlet distribution specializes to a
Beta distribution, which, in turn, includes the uniform
distribution as a special case when y = 1.

The posterior distribution is also Dirichlet with para-
meters ¥ =(y,,k=1,...,K), where y, =y, + nt for
eachk =1,..., K. Simulating from the posterior distribu-
tion of Oy = (ay, ;) can be accomplished by recomput-
ing On,» = h(t,) after drawing for ¢, from the posterior
Dirichlet distribution with parameters ¥. Specifically,
foreach t, = (tr,k)szl, we calculate

0110 = h(t,) = (an(t,), By (t)), where

tr 1
, t)=—""—.
‘BH( r) tr,l + tr,S

tr, 2

ay(ty) = ————
H( r) tr,2 + tr,4

6)
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The simulated draws 6y,,,r=1,...,R can be used to
estimate posterior probabilities. For example, the poste-
rior probability that Oy lies below the ROC curve,
denoted as

/ p(6|D)d6s, %
Oy below ROC

can be estimated by the fraction of times in which Oy,
lies below the ROC curve:

R Z 1(6y, lies below the machine ROC curve)
r=1

R
= 2> 1By () < glan(t).
r=1

We are mainly interested in the maximum posterior
probability of Oy that are dominated simultaneously by
a single point on the ROC curve, denoted as

Jmax = Max / P(QH“D))CIGH/ (8)
ael0,1] a, By<g(a)

and the corresponding maximizing point, denoted as
Omax = (amﬂx’ﬁmux = g(amﬂ)), where

e = arg max / p(04|D)d6 V. ()
acl0, 1] Jan>apy<s(a)

Both (8) and (9) can be estimated by the simulated poste-

rior draws of Oy ,, 1 = ., Rby
R
Gonas = 10AX 2 Z Lan(t)=>a, py(t) <g@),

=1

A pax = arg max Z Lanu(ty) = a,pyt) <gl@). (10)
016[0,1] r=1

More generally, decision-theoretic Bayesian analysis
minimizes posterior expected losses. Let p(Oum,Or)
denote a loss function that represents the disutility of
replacing a human FPR/TPR pair 0y by a machine
FPR/TPR pair 0, Consistent with Assumptions 1 and
2, we specify p(Oy, 0y) =0 when ay < ay and B, >,
or when the machine FPR/TPR pair strictly dominates
the human FPR/TPR pair. Otherwise, p(Oum, Ox) may be
strictly positive. Given the choice of p(6y, 6n), a point
on the ROC curve can be chosen to minimize the poste-
rior expected loss

0%, = arg min
Om:Br=8(anm)

p(Or, O)p(0y | D)d Oy, (11)

which is also estimated using the simulated posterior
drawsof O ,,7r=1,...,Ras

ég/{ = arg min —Z p(Om, O, r)-
Oum: ﬁM—g(aM)

In particular, (8) is a special case of (11) when
p(Om, On) =1 — L(ag =am, By < Byy)- It is also possible

to explore more general loss functions. For example, we
may weight the loss of replacing 0 by 0, by the dis-
tance between 0 and the machine ROC curve:

p(Om,0n) =1 — L(an =am, By < By)
. Hgf{HGH —0]|: 6 on ROC}, (12)

where || - || is the Euclidean norm. Intuitively, the farther
a human FPR/TPR pair 6y, is from the ROC curve, the
smaller the loss (or the larger the benefit) of replacing it
with a dominating point on the machine ROC curve.
Alternatively, we can replace the distance from 0y to
the ROC curve by the distance of each 0, to the comple-
ment of the set of FPR/TPR points that dominate 0y
and use the loss function:

p(Om, 0n) =1 — War=am, By < By
-min(ay — am, By — By)- (13)

The Euclidean distance from the machine ROC curve
may also not fully capture the loss of not replacing a
human FPR/TPR pair 0y that lies under the machine
ROC curve. For example, a diagonal ROC curve corre-
sponds to completely randomized decision making with-
out using feature information. Similarly, a ROC curve
below the diagonal can be generated by a decision rule
that awards rather than penalizes misclassification errors.
These considerations suggest that replacing a human
FPR/TPR pair 0 below the diagonal line with a dominat-
ing 0y along the machine ROC curve should not entail
losses. We can adopt a convention of normalizing the loss
to be one when 0, does not dominate Oy, that is, when
am=ay orfy < By

We then specify the loss p(6p, Or) when 6, domi-
nates 6 and when 0y lies between the machine ROC
curve and the diagonal line. Each of such 0y can be
reproduced by a convex combination of a point on the
machine ROC curve and a point on the diagonal line,
using a decision rule that randomizes between the
point on the machine ROC curve and the point on the
diagonal. For example, (apy,g(ay)) is generated by a
machine-based decision rule Y;= 1(m(X;) > cp) for
some threshold ¢y, while (a, ap) is generated by a fully
randomized decision Y; = 1(U; =1 — ay), where U; is
independently uniformly distributed on (0,1). Then,
(o, Byy) can be generated by a lottery that places weight
(B — an)/(g(an) — an) on Y;=1(m(X;) > co) and the
remaining weight on Y;=1(U;>1—ay). More pre-
cisely, if V; denotes an independent random variable
uniformly distributed on (0, 1), the decision rule

s By —aH
Yi—]l(V <é#> 1(m(X;) > co)

Py —
+]1<V > 2 -

generates the (ap,f,;) FPR/TPR pair. The larger the

> 1(U;>1—apy)
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weight Ag, = (B, —an)/(g(an) —an) placed on the
machine ROC curve, the smaller the benefit or the larger
the loss of replacing 0y with a dominating pair 0, on
the machine ROC curve. The randomization scheme
motivates using the weight Ay, as a component of the
loss function

p(Om, On) =1 — L(ay =am, fy < fp)(1 —max{Aq,,0}).
(14)

Other randomization schemes can also be used. We
refer to the above construction as a vertical decomposi-
tion. Similarly, a horizontal decomposition replaces the
weights by Ag, = (B, — an)/(By — ¢ '(By))- In addition,
we experiment with decomposing the distance between
Om = (am, B);) and the diagonal line into two parts. The
first part is the distance from 0, to the boundary of the
set of FPR/TPR points that do not dominate 6. The sec-
ond part is the distance from this boundary to the diago-
nal line. The corresponding loss function that mirrors is

p(GM, QH) =1- ]l(O(H >QM,,BH < ,BM)(l —maX{AgH,@M,O}),

(15)

where distance can be measured either horizontally,
implying that Ag,, 0, = (B, — an)/(By, — am), or verti-
cally, implying that Ag,, ¢,, = (ﬁH — D(M)/(ﬁM —apm).

When ay < ap and B, > B, replacing 0y by 0, is
beneficial. The benefit, b(Om, On), is likely to be larger
when 6y is farther below the machine ROC curve.
When either ay >ay or B,, < B, we expect a cost
£(Om, On). A general loss function consists of both a cost
component and a benefit component:

p(Om, On) = L(ang < amor By > By € (Om,0n)
- ]l(aH ZO(M/,BH < ‘BM) b (GM/ﬁH) (16)

For each loss function, a guardrail threshold is used to
account for the status quo of human decision making. A
human decision maker is only replaced by the machine
algorithm when the posterior expected loss of the
replacement is below a given prespecified level or when
the posterior expected benefit exceeds a certain level.

In addition to the deterministic decision rules of rely-
ing exclusively on either an individual doctor or the
machine algorithm, randomized decision rules can be
generated by mixing between a given point on the
machine ROC curve and an individual doctor. Let w
denote the randomizing probability of using the
machine algorithm and 1 — w the corresponding proba-
bility of relying on the human decision makers. The
minimized expected posterior loss of the randomized
decision rule can be written as

min /p(a)QM +(1—w)0y,O0n)p (O |D)dOy.
[0/111 Om: ,BM g ay)

17)

Without expert domain knowledge of medical diagno-
ses, it is difficult to implement (16) and (17). Investigat-
ing expert domain knowledge is beyond the scope of
the current paper.

Our decision framework differs conceptually from
the minimization of posterior expected loss function in
Bayesian point estimation. A Bayesian point estimator
of 0, denoted as 6 1,8, is often defined as the minimizer
of an expected posterior loss function:

éH,B =arg I]Elinz 5(9 — eH)P(eHl]D))dQH-
1
The estimation loss function £(0 — Oy) typically depends
only on |0 — Oy| and is increasing in |0 — O, which is
different from our decision loss function p(O, Orr).

2.5. Discussion: Incentives and Costs

The visual illusion shown in Figure 1 that hampers the
comparison between machine learning algorithms and
human decision makers is an immediate artifact of Jen-
sen’s inequality. An optimal ROC generated by a cor-
rectly specified propensity score function is necessarily
concave because it is the primal function of a concave
program. See, for example, Feng et al. (2022). For the jth
doctor, denote the FPR as a; = E(1 — l])YU /(1 —pj) and
the TPR as §; = ]EY,]Y,] /pj, where p; = P(Y; = 1). If all the
(a;, B;) pairs 'lie on a strictly concave ROC curve g(-),
these variables are related by B;=g(aj). When the
patient cases across doctors are drawn from the same
population, p; = p is a constant. It follows from Jensen'’s
inequality that

1 / 1 / 1 J
B=2> Bi=7> 8la) <g| > ai| =g@),
J&5T T 45 ] 4

when a; are not all equal. This important observation
appears to have gone largely unnoticed by the literature.
Similarly, if each patient 7 is diagnosed using a point on
the human ROC curve (o; ],,B )and if a;;,i=1,...,m,
are not all equal, it is also the case that

1Y 1Y
= ;Zﬁ;; = ;Zg(ai,f) < g( Zal ]> 8().
J=1 J =1 o=
Online Lemma A.2 provides a set of primitive condi-
tions under which the aggregate human decision maker
FPR/TPR lies strictly below the machine ROC curve.

In general, without the restrictions in Assumptions 1
and 2, the decision maker j may use a model
¥ = 1(q;(x,u) > cj(x,u)). For decision maker j minimiz-
ing expected loss of misclassification conditional on the
feature x and u, consider the following loss matrix:

Loss matrix =0 7=1
y=0 0 cor(x, u)
y=1 c1o(x, u) 0,
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where the misclassification losses c¢y; and c¢;og are now
dependent on x and u. Equivalently, decision maker j
also minimizes the ex ante expected loss:

Elcio(X, U)gi(X, U)(1 — Y) + co (X, U)(1 — g;(X, U))Y].

The optimal decision rule is

co1 (x, u) o
g, ) > c10(x, 1) + cor(x,u) 6%, 10)

Consequently, for (x1,u1), (x2, uy) sharing the same pro-
pensity score q;(x1, u1) = qj(x2, u2), the choice of the deci-
sion maker can be different because of cost differences:
cj(x1,u1) # cj(x2,u2). Such a decision rule is considered
in Elliott and Lieli (2013). Even if all doctors have full
information-processing capacity so that g;(x, u) = p(x, u)
for a correctly specified propensity function p(x, 1), an
arbitrary FPR/TPR pair below the machine ROC curve
can still be rationalized by some decision rule i =
L(p(x,u) > cj(x,u)) corresponding to a reverse-
engineered cost function ¢;(x, u).

To illustrate using a synthetic example without u, let x
be uniformly distributed on (0,1) and p(x) = x. Let the
cutoff threshold function be

0, x<1/4
c(x)=4¢ 2(x—1/4), 1/4<x<3/4;
1, x>3/4.

Then, j =1 (x < 1) and (TPR, FPR) = (1/8,3/8), which
lies strictly below the diagonal line. An example when
the feature may enter into the cutoff threshold is bank
lending, in which y € {0,1} denotes whether a loan is
paid back and i7 € {0,1} denotes whether a loan applica-
tion is approved. The amount of principal and interest
are features x that are likely to affect the probability p(x)
of defaulting by the borrower but that are also likely to
affect the cost perception c(x) by the lender. Assumption
1 essentially excludes such difficulty of interpreting an
FPR/TPR pair arising from incentive heterogeneity.

To understand whether the cost perception of doctors
might vary systematically with the risk level of their
patients, we use the FPR rank for each doctor to measure
the conservativeness of the doctor’s diagnoses. Doctors
may be more willing to tolerate a higher FPR for higher
risk patients when they perceive riskier patients as less
healthy and more likely to incur a higher cost of under-
diagnosis. We then estimate the correlation between the
FPR ranks and a pregnancy risk-level indicator. In par-
ticular, we regress g, ;, the predicted abnormal birth rate
for patients diagnosed by doctor j from a random forest
algorithm described in Section 3 against 7;, the doctor’s
FPR rank:

9ij = By + P17j + €0

The doctors” FPR ranks are normalized to [0,1]. If the
FPR of doctor j is higher than 80% of the doctors, then

r; = 0.8. The regression results for doctors with no less
than 300 diagnoses and for doctors with no less than 500
diagnoses are summarized in Table 1. The regression
results suggest that there is no strong evidence that the
FPR rank of doctors is associated with the risk level of
their patients.

The use of statistical significance as a benchmark for
comparing doctors with the machine algorithm is moti-
vated by the difficulty of fixating a social cost function
even if we assume that informed human decision
makers are fully rational and impose strong functional
form assumptions. Designing a social loss function
empirically relies on the domain knowledge of the spe-
cific decision maker. Our replacement algorithm allows
for the choice of the cutoff threshold to be specific to
each individual doctor and does not require a homoge-
neous preference function to be applied to all doctors.
The baseline comparison between true positive rates
and false positive rates can also potentially mask the
severity of individual cases, the identification of which
requires a richer data set with more precise measurements
on the outcome variable. Whereas this information is not
available in our data set, exploring richer data information
can be a fruitful future direction of research.

A responsible phase-in protocol based on multiple
years of data on performance observations can incorpo-
rate long-term health and well-being outcomes into the
definition of performance and quality for decision mak-
ing. Our data are cross-sectional and do not follow doc-
tors or patients over time. When panel data become
available in which doctors and patients can be observed
over multiple time periods, future work can potentially
generalize the current approach to allow for sequential
testing and decision making. The challenge of account-
ing for longer term health outcomes is partially reflected
by the current strategy that replaces a doctor’s diagnosis
by the machine algorithm only when there is over-
whelming statistical evidence suggesting the superior-
ity of the machine decision.

3. Data and Algorithm Description

Our data came from the NFPC project. Starting from
2010, NFPC offers free health checkups for couples plan-
ning to conceive and is conducted across 31 provinces in
China. The data set contains more than 300 features for
each observation, including age, demographic charac-
teristics, results from medical examinations and clinical
tests, disease and medication history, pregnancy his-
tory, and lifestyle and environmental information of
both wives and husbands. The data also include the
birth outcome, which is denoted as normal (y = 0) or
abnormal (y = 1). In addition, the data set records doc-
tors’ IDs and diagnoses of pregnancy risk. The doctors’
diagnoses are graded according to four levels: zero for
normal, one for high-risk wife, two for high-risk
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Table 1. Predicted Abnormal Birth Probabilities and FPR Rank of Doctors
Linear term only With nonlinear term
(€] (2 3 “4) ®) (6)
FPR rank 0.003 —0.000 —0.105 0.120 —0.072 0.156
(0.20) (~0.01) (~1.71) (0.86) (~0.95) (0.91)
Rank’ 0.111 —0.456 0.072 —0.493
(1.69) (-1.32) (0.89) (—1.16)
Rank® 0.385 0.380
(1.61) (1.28)
Constant 0.206 0.205 0.224 0.205 0.216 0.197
(21.79) (18.28) (17.95) (14.33) (14.44) (11.33)
Number of doctors 584 367 584 584 367 367
R? 0.0001 0.0000 0.0059 0.0107 0.0025 0.0071

Notes. The table shows regression results for the relation between doctors’ preferences and their patients’ risk levels. In the baseline linear regression,
the dependent variable is the patient’s predicted risk by a random forest algorithm. The explanatory variable is the FPR rank of the patient’s doctor.
Regression results, including quadratic and cubic terms, are reported in columns (3)—(6) in the table. There are 584 doctors diagnosing at least 300

patient cases, and 367 doctors diagnosing at least 500 patient cases. Standard errors in parentheses are clustered by doctors.

husband, and three for high-risk wife and husband. In
this paper, we group the doctor’s diagnoses into two
categories, in which a grade of zero corresponds to a
normal pregnancy and any higher grade corresponds to
a diagnosis of risky pregnancy.

Our original data set includes 3,330,304 couples that
have pregnancy outcomes between January 1, 2014, and
December 31, 2015. We exclude duplicate features and
samples for which either doctors” diagnoses or more
than 50% of feature values are missing. We were left
with 168 features of 1,137,010 couples who were diag-
nosed by 28,716 doctors. Of these observations, 61,184
couples (5.38%) had abnormal birth outcomes.

A basic measurement of the prediction quality of a
binary classifier is accuracy, which is the proportion of
correct predictions. However, accuracy itself is inade-
quate in many applications. As the adverse birth rate is
about 5%, a naive classifier that categorizes all cases as
low risk would achieve an accuracy of nearly 95%. This
is clearly controversial. The doctors” overall accuracy is
73.63%, and 24.04% of pregnancies are diagnosed as
high risk. Doctors’ aggregate false positive rate and true
positive rate are 0.2379 and 0.2843. In contrast, the FPR
and TPR of the naive predictor are both zero. In other
words, doctors are willing to tolerate a higher FPR in
order to achieve a higher TPR.

We focus on doctors who diagnosed more than 300
patients. There are 584 such doctors corresponding to
584,181 patient cases. Using a ratio of 7:3 and stratifica-
tion methods, we randomly split our sample into a clas-
sification set and a performance set. We use the
classification set to train a machine learning algorithm,
and then, we categorize a doctor as either “replaced” or
“retained” according to our statistical procedure. The
performance set is used to compute the FPR/TPR of the
combined diagnoses. The data cases are stratified into
the four classes based on the actual birth outcomes and
the doctors’ diagnoses: true positive cases, true negative

cases, false negative cases, and false positive cases. The
random splitting process is performed through each
class of data with the same ratio of 7:3. Subsequently,
the data in each class are merged to form the classifica-
tion and performance sets. In total, there are 408,661
cases in the classification set and 175,520 cases in the
performance set.

We further split the classification set into two subsets.
The first subset is the training set used to estimate the
parameters in a machine learning algorithm. The second
subset is the validation set used to evaluate the perfor-
mance of the algorithm and obtain the machine ROC
curve. Splitting of the classification set into the training
and validation subsets is done using a ratio of 4:3 and
the same stratification method described above. There
are 233,435 cases in the training set and 175,226 cases in
the validation set.

We experimented with several algorithms. We begin
with decision trees, which are widely used in many
machine learning applications. However, a single-tree
method usually has high variance despite its low bias
and tends to overfit by generating results with substan-
tial variation even when a small amount of noise is pre-
sent in the data. In contrast, RF is a commonly used
ensemble learning algorithm proposed by Breiman
(2001) and overcomes these problems by constructing a
collection of decision trees that are trained using differ-
ent feature subspaces and bootstrapped samples. The
predictions of each tree are aggregated to make predic-
tions. Online Appendix A.2 provides more details about
the random forest algorithm.”

Remark 1. The classification of doctors” diagnoses by
both husband and wife raises a question regarding
the validity of Assumption 1 that rules out intraindivi-
dual incentive heterogeneity if the relative costs of
false positives to false negatives differ between when
a single person is deemed risky and when both are
deemed risky. A multiclass classification model with
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four outcome labels differentiating abnormal preg-
nancy outcomes because of high risks in wife, hus-
band, and both spouses can allow for heterogeneous
relative costs of false positives to false negatives
across these cases. However, in our data set, the out-
come label is only binary indicating whether the birth
is classified as normal or abnormal. The lack of the
corresponding four-way outcome label makes it diffi-
cult to compute an accurate TPR and FPR for each of
the diagnosis classes.

As an illustration, we empirically calculate the
FPR/TPR using the binary outcome label for each of the
four diagnosis cases and report the aggregate summary
in Table 2.

On the one hand, in panels A and B of Table 2, there
are some differences between the TPRs and FPRs
among the three diagnosing classes of high-risk wife,
husband, and both spouses. However, without the cor-
responding outcome level, it is difficult to interpret
these ratios because the total number of abnormal births
used in calculating the denominators aggregates the
three unobserved latent outcome labels corresponding
to high-risk wife, husband, and both spouses.

On the other hand, panel C of Table 2 reports the pre-
cision for each of the three diagnosis classes (high-risk
wife, husband, and couple). Precision is defined as the
fraction of abnormal birth for each of the diagnosis clas-
ses. For example, wife (husband) precision represents
the fraction of couples with a high-risk wife (husband)
diagnosis who have an abnormal birth outcome. Couple
precision is similarly defined. In panel C of Table 2, the
precision parameters for different diagnosis classes are
close to each other. The precision parameters, despite
being an imperfect measurement, provide a more accu-
rate indication suggesting that the relative costs of false
positives to false negatives are not different between

cases when a single person is deemed risky and when
both are.

4. Empirical Results for Al and Doctor

Decision Making
This section presents the empirical results from the heu-
ristic frequentist approach described in Section 2.3 and
the Bayesian approach described in Section 2.4. Doctors
who are not replaced by the machine algorithm are
called retained doctors hereafter.

4.1. Results of the Heuristic
Frequentist Approach

The frequentist approach identifies a dominating seg-
ment of the machine ROC for machine algorithm classi-
fication. The quality of machine algorithm classification
is evaluated by averaging over a uniform grid of points
on this dominating segment. For each doctor, we obtain
the 95% elliptical confidence area of Oy centered around
the sample estimates using an estimate of the asymp-
totic covariance matrix based on 100 bootstrap samples.
We find the largest TPR point (ap, , f;,) and the smal-
lest FPR point (o, ,,,) of the confidence set. The refer-
ence point of the doctor is then given by P = (@, ﬁhigh)
as shown in Figure 3(a), which is used to classify doctors
into two groups. When a doctor’s reference point P is
below the machine ROC curve, corresponding to case 1
in Section 2.3, the doctor is replaced by the algorithm.
When a doctor’s reference point P is above the machine
ROC curve, corresponding to cases 2 or 3 in Section 2.3,
either because this doctor is more capable than the algo-
rithm or this doctor’s capability cannot be precisely
measured because of fewer patient observations and a
larger confidence set, the doctor is retained in decision
making.

Table 2. Doctor Performance Summary by Multiple Diagnosis Classes
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Panel A: FPRs for different diagnosis classes

Min patient cases Num negative FP1 FP2 FP3 FPR1 FPR2 FPR3
300 554,195 51,896 33,266 20,954 0.0934 0.0600 0.0524
500 470,562 42,636 27,362 21,233 0.0906 0.0581 0.0451

Panel B: TPRs for different diagnosis classes

Min patient cases Num positive TP1 TP2 TP3 TPR1 TPR2 TPR3
300 29,986 3,250 1,750 1,941 0.108 0.0584 0.0647
500 24,758 2,589 1,384 1,412 0.104 0.0559 0.0570

Panel C: Precisions across diagnosis classes

Min patient cases Wife precision Husband precision Couple precision

300 0.0589 0.0500 0.0626
500 0.0572 0.0481 0.0624

Note. In the table, FPR1 denotes FPR where the label is abnormal birth and the diagnosis is wife being high risk; FPR2 and FPR3 are similarly
defined for the diagnosis classes of husband being high risk and both spouses being high risk and similarly for TPR1, TPR2, and TPR3.
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Among the 584 doctors, 175 doctors are classified by
the frequentist approach as replaced by the algorithm.
Consequently, patient cases in the performance set are
diagnosed by 175 machine doctors (30.0%) and 409
(70.0%) human doctors. For each of the replaced doc-
tors, N = 100 points on the dominating segment of the
machine ROC curve are chosen corresponding to a uni-
form grid of the threshold value ¢ for the algorithm to
make classification decisions as summarized in Online
Appendix A.3. Figure 4 shows the results of this experi-
ment. The aggregate FPR/TPR pair of all doctors on the
performance set, represented by the cross, is 0.2065 for

Figure 4. (Color online) Empirical Results of Combining
Doctors” and Machine Decisions Using the Heuristic Frequen-
tist Approach
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Notes. Doctors’ diagnoses > 300. Panel (a) displays the ROC curve of
the random forest classifier and the cross representing the FPR/TPR
pair of all doctors in the test set. The curved interval shows the aggre-
gate FPR/TPR pairs of combining retained doctors and the machine
algorithm using different cutoff threshold choices in the frequentist
replacement strategy. Panel (b) provides a magnified view of the
curved interval.

FPR and 0.2264 for TPR. The AUC of the random forest
on the performance set is 0.6851.

The square point uses a decision threshold ¢ corre-
sponding to the upper endpoint of the dominating seg-
ment of the machine ROC curve associated with a
highest FPR/TPR pair of 0.2017 and 0.3326. Compared
with the raw data in which all diagnoses are performed
by doctors, the square point increases the TPR by 46.9%
and reduces the FPR by 2.3%. The rhombus point corre-
sponds to the lower endpoint of the dominating segment
of the machine ROC curve and is associated with a lowest
FPR/TPR pair of 0.1836 and 0.2974. Compared with the
aggregate doctor diagnoses, the rhombus point increases
the TPR by 31.4% and reduces the FPR by 11.1%.

The curved interval in Figure 4 reflects a trade-off
between improving the TPR and reducing the FPR. Any
point along the interval represents an enhancement over
the aggregated doctors” FPR/TPR pair. Furthermore, the
triangular point achieves the maximum F1 score® of
0.1309 along the dominating segment of the machine ROC
curve. Figure 5 is a scatterplot of the FPR/TPR pairs of
both replaced and retained doctors against the ROC curve
in the performance data set. We see that two adjacent
points can be of different replacement status. This can be
due to different numbers of patients treated or the use of
the test set for calculating the FPR/TPR pairs. An impor-
tant caveat is that our test depends crucially on the sample
size of the numbers of patients treated by each doctor,
which introduces an implicit bias that favors experiment-
ing with junior doctors until the null hypothesis that a doc-
tor is not to be replaced is rejected with sufficient evidence
from seeing a large number of patient cases.

When the quality of the stock of decision makers may
evolve over time, allowing the juniors to learn from
making potentially suboptimal decisions for their
patients has the potential of increasing the future pool
of high-quality seniors. This is likely to be a very delicate
issue involving a complex welfare trade-off between
current and future generations of patients.

4.2. Results of the Bayesian Approach

The prior distribution 7t(f) is chosen to be a symmetry
Dirichlet distribution with the parameters (y,,75,75,74)
all set toy = 0.01. For doctor j’s ith patient case, lA/ij is the
doctor’s diagnosis and Yj; is the ground-truth label of
pregnancy outcome. The likelihood for data is given in
(5), where Yi, Y;, and n in (4) are replaced by ?,-j, Yjj, and
n;. The posterior distribution is also a Dirichlet distribu-
tion with parameters (y,,7,,75,7,), where y, =y + niy
for k=1,2,3,4. The posterior distribution of Oy =
(an, By;) can be simulated in a two-step procedure. In
the first step, R samples of {t, = (t1, t2 t3r, 1f4y)}f=1 are
drawn from the posterior Dirichlet distribution with
parameters (7,,7,,75,74)- In the second step, we com-
pute {Op,, = (azH(t,),[SH(iEr))}f=1 with the simulated R
samplesoft,,r=1,...,R, using (6).
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Figure 5. (Color online) Scatterplot of Replaced and Retained
Doctors in the Test Data Set Using the Frequentist Approach
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Notes. Doctors” diagnoses > 300. The FPR/TPR pairs in the scatter-
plot are calculated in the test data set of patient cases for each doctor.
It is possible for the FPR/TPR pairs of some of the replaced doctors to
lie above the machine ROC curve in the test data set. Two points that
are quite close to each other can be of different replacement status
because of different numbers of patients treated.

The simulated draws Oy ,,¥ =1, ...,R are used to cal-
culate (10). If 4,,>0.95, we mark the doctor as
replaced. The threshold c that corresponds to the point
(Amax, (A max)) given by (10) is used as the decision
threshold for the algorithm. In Figure 6(a), the maxi-
mum coverage rate 4, =0.9657 at the dot on the
machine ROC curve. The doctor is replaced by the algo-
rithm. In Figure 6(b), the maximum coverage rate
G nax = 0-3179. There is not sufficient evidence to replace
the doctor’s decisions with the algorithm’s.

Figure 7(a) shows the experiment results for doctors
who had diagnosed more than 300 cases. A total of 269
(46.1%) out of 584 doctors are classified as replaced. The
remaining 315 (53.9%) are retained human doctors. The
combined decisions by the retained human doctors and
the algorithm’s decisions indicated in the figure by the
triangular point, result in an FPR of 0.1856 and a TPR of
0.3319, corresponding to an increase of 46.6% in the TPR
and a reduction of 10.1% in the FPR. Similar to Figure 5,
Figure 7(b) is a scatterplot of the FPR/TPR pairs of both
replaced and retained doctors against the ROC curve in
the performance data set.

We experiment with several alternative definitions
described in Equations (12)-(15) for the Bayesian poste-
rior expected loss functions in (11). These results are
shown in Figure 8, in which panel (b) magnifies a por-
tion of panel (a) containing the replacement paths.
Ranking the doctors by their expected posterior losses
allows us to replace only the doctors whose expected
loss of being substituted by the machine algorithm is rel-
atively low. Figure 8 traces the dynamics of the aggre-
gate FPR/TPR pairs of combining the doctor with the

machine decisions when the ratio of replaced doctors
increases from 0% to 100%.

In the Figure 8(a) legends, Bayesian Test refers to the
baseline construction in (8), Euclidean Distance to the
ROC Curve refers to the loss function in (12), Complemen-
tary Set Boundary Euclidean Distance refers to the loss
function in (13), Diagonal Line Horizontal and Vertical
Decompositions refer to the loss function in (14), and Com-
plement Set Boundary Vertical and Horizontal Decomposi-
tions refer to the loss function in (15). No individual loss
function demonstrates saliently stronger discriminatory
power over the entire replacement path. Furthermore,
the incremental benefit going beyond a 50% replace-
ment rate is a small marginal reduction of FPR. In

Figure 6. (Color online) Illustration of Replaced and
Retained Doctors by the Bayesian Approach
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Notes. In these two figures, the crosses are sampled from the projec-
tion of the posterior Dirichlet distribution. One thousand draws are
made for each panel. On the machine ROC curves, the dots are the
points with the largest dominating posterior probability mass. Panel
(a) shows a doctor whose posterior probability of being dominated is
greater than 0.95. This doctor will be replaced by the machine deci-
sion rule corresponding to the dot. Panel (b) illustrates the opposite
case in which the doctor will not be replaced.
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addition, the baseline 95% credible level Bayesian test
implemented using (8) is not dominated by any of the
competing methods in the FPR/TPR comparison.

The null hypothesis of both the Bayesian analysis and
the frequentist analysis is the status quo of human deci-
sion making. A human decision maker is replaced by
the machine algorithm only when there is strong evi-
dence from the data favoring the machine algorithm.
An alternative conceptual paradigm is to treat the
machine algorithm as the status quo null hypothesis, in
which the human decision makers are by default
replaced by the machine algorithm unless there is strong
data evidence validating the superiority of human deci-
sion making.

However, when we experiment with the alternative
specification of the status quo, all except a few doctors
are determined to be replaced by the machine algo-
rithm. In the cross-point labeled as the dominate

Figure 7. (Color online) Empirical Results of the Bayesian
Approach
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Notes. Doctors’ diagnoses > 300. Panel (a) draws the ROC curve in
the test set of the random forest classifier, the FPR/TPR pair of all
doctors, and the FPR/TPR pair of doctor/machine combination. The
panel (b) scatterplot represents the FPR/TPR pairs of individual doc-
tors such that square points correspond to the replaced doctors and
the triangular points nonreplaced doctors.

Figure 8. (Color online) Bayesian Approach with Loss Func-
tions Constructed by Euclidean Distance and Randomized
Decomposition
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Notes. Doctors’ diagnoses > 300. The replacement paths trace the
dynamics of the aggregate FPR/TPR pairs of combining the doctor
decisions with the machine decisions when the replacement ratio
increases from 0% of decisions entirely by human to 100% of deci-
sions entirely by machine algorithms. Panel (b) magnifies a portion of
panel (a) containing the replacement paths.

method in Figure 9, a doctor is retained if there exists a
point on the machine ROC curve that is dominated by
at least 95% of the posterior distribution of p(6y|D). A
mere six doctors are retained in this method. In the
cross-point labeled as the above method in Figure 9, a
doctor is retained if the posterior probability of p(Oy | D)
above the machine ROC curve is more than 95%. Only
seven doctors are retained using this method. For doc-
tors who are replaced by the machine algorithm, the
replacement point on the ROC curve is determined by
the baseline Bayesian tests in (10).

At high replacement ratios, the FPR and TPR levels
decrease simultaneously across all loss functions. Even
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Figure 9. (Color online) Alternative Null Hypothesis of
Machine Algorithm: Doctors Are Replaced by Default and
Are Retained Only with Strong Evidence
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Notes. In the “dominate method” cross point, a doctor is retained if
there exists a point on the machine ROC curve that is dominated by
at least 95% of the posterior distribution of p(6|D). A mere six doc-
tors are retained in this method. In the “above method” cross point, a
doctor is only retained if the posterior probability of p(6y|D) above
the machine ROC curve is more than 95%. Only seven doctors are
retained using this method. These two points are almost indistin-
guishable in panel (a). Their difference is very small as shown in (b).

when all the doctors are substituted by the machine
algorithm, the resulting FPR/TPR pair still lies below
the machine ROC curve. This is because different
threshold cutoff values on the machine ROC curve are
employed to replace different doctors and because of
the concavity arguments formalized in Online Lemma
A2,

On the one hand, in the current empirical data set,
only a small fraction of doctors have FPR/TPR pairs
above the machine ROC curve. We have not been able
to combine doctors with the machine algorithm to gen-
erate an FPR/TPR pair above the machine ROC curve.
On the other hand, using a data-generating process that
allows for a substantial portion of doctors with

FPR/TPR pairs to be above the machine ROC curve,
reported in the synthetic data analysis Section 5, we are
able to combine the doctors and the machine algorithm
to generate a FPR/TPR pair that outperforms even the
machine ROC curve.

Instead of deterministically replacing some doctors
by the machine algorithm, Online Appendix A.5 reports
the results of a randomized replacement experiment in
which each replaced doctor accepts the machine deci-
sion probabilistically according to a prespecified accep-
tance rate A € [0, 1]. As expected, the overall FPR/TPR
pairs vary incrementally from when A = 0, correspond-
ing to human decision making, to when A = 1, corre-
sponding to deterministic replacement of doctors by the
machine algorithm.

Online Appendix A.6 considers a more general form
of substitution to replace a subset of patient cases for
each doctor. We use patient case covariates to predict
the likelihood that the doctor’s diagnoses differ from the
ground-truth outcome and replace only those patient
cases in which the doctor is prone to make mistakes.
Whereas the resulting pattern of the replacement paths
is quite different, the patient-case specific substitution
approach does not show saliently stronger discrimina-
tory power compared with the baseline Bayesian
approach.

4.3. Characteristics of Replaced Doctors
Our paper identifies a subset of the doctors to be
replaced by the machine algorithms according to
FPR/TPR indicators. We create a dummy variable
replaced that is set to one when a doctor is replaced by
the algorithm and is set to zero otherwise and examine
the partial correlation coefficient between the replaced
dummy variable with several confounding factors,
including whether they practice in a clinic or hospital.
We regress the replaced indicator on three confound-
ing factors. The first factor is county-level per capita
gross domestic product (GDP) (in 10,000 Chinese yuans)
collected manually from the statistical yearbooks of
2014 across cities and provinces, which is the starting
year of our data.” The second factor is the logarithm of
the total number of patient cases diagnosed by each doc-
tor. The third factor is represented by two dummy vari-
ables related to the practice history of each doctor. A
doctor in our data set may practice in more than one
type of facility. The practice facility can be either a
county hospital or a township clinic. Medical facilities in
China are typically classified by the administrative level
to which they belong. On the one hand, urban residents
usually go to a county-level hospital. On the other hand,
rural residents oftentimes go to a township-level clinic,
which is generally considered to be of lower quality
than a county-level hospital. The doctors in our data fall
into three categories. Doctors who have practiced in
both types of facilities are used as the reference level.
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The first dummy variable representing the third factor
is set to one for doctors who have practiced only in a
county hospital. The second dummy variable represent-
ing the third factor is set to one for doctors who have
practiced only in a township clinic. There are additional
variables in the data set that are only available at a more
aggregated city or province level, such as birth rate and
the average number of medical staff. We do not use
these variables because, given how administrative units
are divided in China, a municipal unit can include
many county-level units with heterogeneous economic
conditions.

The data summary statistics are reported in panel A
of Table 3. As shown in panel A of Table 3, doctors who
have practiced at both a county hospital and a township
clinic have seen the largest number of patient cases and
have a high replacement ratio. Doctors who have prac-
ticed only at a township clinic have seen a smaller num-
ber of patient cases compared with doctors who have
practiced only at a county hospital, but doctors who
have practiced only at a township clinic have a higher
replacement ratio than doctors who have practiced only
at a county hospital have.

Panel B in Table 3 reports a logistic regression of the
replacement indicator on county level per capita GDP
and the logarithm of the number of patients seen by the

Table 3. Characteristics of Replaced Doctors

Panel A: Summary statistics by doctor type

Num Lognum GDP Replacement ratio

County & town 276 6.797 3.956 0.522
(0.73) (2.94)

County only 161 6.515 3.675 0.398
(0.65) (2.27)

Town only 43 6.409 3.038 0.512

058)  (2.26)

Panel B: Logistic regression

1) @ ®) )

Panel C: TPR kernel regression

Log num 0.896 0.885 0.000251 0.000117
(2.85) (3.20) (0.04) (0.02)
GDP percap —0.0114 —0.0124 0.000569
(—0.37) (—0.41) (0.28)
Count only -0.367 0.0172 0.0181
(—1.99) (2.04) (1.99)
Town only 0.359 —0.0273 —0.0235
(0.86) (-1.73) (—1.63)
FPR 0.958 0.954
(44.02) (51.70)
Observations 457 457 480 469

Notes. Panel A shows the summary statistics of doctors grouped by
type of facility. Panel B shows regression results of a logistic
regression with province-level fixed effect. Cluster robust t-statistics
are reported in parentheses. A more direct analysis of doctor
performance is provided by a kernel regression of TPR on FPR and
other covariates reported in Panel C. As in panel B, t-statistics are
given in parentheses.

doctor. Column (2) adds an indicator of whether the
doctor practices only in a township clinic and an indica-
tor of whether the doctor practices only in a county hos-
pital. The reference level at which both indicators are
zero corresponds to doctors who have practiced in both
a township clinic and a county hospital. Province fixed
effects are included in the logistic regression. We use
cluster robust standard errors in order to correct for spa-
tial autocorrelation.

The logistic coefficient estimates do not contradict our
a priori reasoning. Whereas higher per capita GDP is
associated with a lower likelihood of replacement, the
corresponding coefficients are small and lack statistical
significance. The coefficients of the log number of
patients are positive and statistically significant, indicat-
ing the higher distinguishing power of the Bayesian test
when a doctor sees more patients. The FPR/TPR pairs
of doctors with more patient cases can be estimated
more precisely. Consequently, it is more likely for these
doctors whose FPR/TPR pairs are below the machine
ROC curve to be identified as replaced by our statistical
procedure. This finding is consistent with the lack of evi-
dence contradicting Assumption 2 that doctors accumu-
late experience from additional patient cases.

Doctors practicing only at township clinics have higher
replacement probability than reference level doctors prac-
ticing at both township clinics and county hospitals, who,
in turn, have higher replacement probability than doctors
practicing only at county hospitals. Anecdotal evidence
in China suggests that doctors with better medical school
records are more likely to be assigned directly to county-
level hospitals than to have to work their way up from
township clinics into county hospitals.

To distinguish an analysis of the predictors of perfor-
mance of doctors from the predictors of tests concluding
whether they are to be replaced by the machine algo-
rithm, we implement a kernel regression of TPR on FPR
and a number of confounding features, including
county-level per capita GDP, the logarithm of the num-
ber of patients seen by the doctor, an indicator of
whether the doctor practices only in a township clinic,
and an indicator of whether the doctor practices only in
a county hospital.® Among doctors achieving the same
FPR, those achieving a higher TPR can be considered to
perform better. A confounding variable with a positive
coefficient enhances the TPR after controlling for FPR
and is interpreted as a variable that positively predicts
performance.

Panel C in Table 3 reports the results from this regres-
sion. The regression coefficients have signs that are con-
sistent with a priori reasoning, but they are also mostly
insignificant except for the coefficients on the indicator
of whether the doctor practices only in a county hospi-
tal. For a given FPR, a higher TPR is positively associ-
ated with higher county-level per capita GDP, a larger
number of patients seen by the doctor, and the indicator
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that the doctor practices only in a county hospital but is
negatively associated with the indicator that the doctor
practices only in a township clinic. The statistical insig-
nificance of the coefficients on the logarithm of the num-
ber of treated patients in panel C of Table 3 and their
significance in panel B of Table 3 provide further evi-
dence that the replacement indicator is largely driven
by the difference in the sample size. A larger sample
size makes it easier to reject the null hypothesis that the
machine algorithm does not outperform the doctor.

5. Synthetic Data Analysis
5.1. An Example of Human-Algorithm
Complementarity
In our empirical data set, only a small fraction of doc-
tors lie above the machine ROC curve. Combining
the machine algorithm and the doctor decisions
results in aggregate FPR/TPR pairs that are still
below the machine ROC curve. In addition, Jensen’s
inequality (elaborated in Section 2.5) likely contri-
butes to the combined aggregate FPR/TPR pair lying
below the machine ROC curve. Even if we replace
every doctor by the machine algorithm, unless the
same point on the machine ROC curve is used to
replace all doctors, the combined aggregate
FPR/TPR pair is necessarily below the machine ROC
curve. The endpoints of the replacement paths in
Figure 8 correspond to replacing all doctors by the
machine algorithm. The algorithms that we imple-
mented use different points on the machine ROC
curve to replace doctors. These points also differ
across different doctors. In order for the combined
aggregate FPR/TPR pair to be above the machine
ROC curve, it is necessary that a sizable portion of
the original doctor diagnoses lie above the machine
ROC curve.

Whereas not the case in the NFPC data set, other data
sets might exist in which a significant portion of human
decision makers correctly use private information not
available to the machine algorithm. Figure 10 reports
the results from a synthetic data analysis in which the
combined aggregate FPR/TPR pair between doctors
and the machine algorithm lies above the machine ROC
curve.

The data-generating process of the simulation in
Figure 10 is as follows. The input features are three-
dimensional: x; 1, X; ;,2, and u; ;. On the one hand, the
first two features, denoted x; ;1 and x; j», are assumed
to be observable by both the doctors and the machine
algorithm. On the other hand, the last feature, denoted
u; j, is only observable to the doctors and is not used by
the machine algorithm. The three features are generated
from independent normal distributions with prespeci-
fied means and variances: X; ;1 ~N(0,1.95), X; ;> ~N
(0,0.25), and U;; ~N(0,2). The ground-truth variable

Figure 10. (Color online) Synthetic Data for Which Com-
bined FPR/TPR Is Above the Machine ROC Curve
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Notes. In the figure, we simulate 750 doctors with better information
than the machine algorithm and full information processing capabili-
ties. These doctors are represented as the square FPR/TPR points.
Meanwhile, we simulate 1,250 doctors with the same information but
use a misspecified prediction model in their decisions. These doctors
are plotted as the rhombus FPR/TPR points. Then, we apply our
Bayesian test approach to identify and replace the less capable doc-
tors in the simulation. As shown in the figure, the doctor-algorithm
combined aggregate FPR/TPR point lies above the machine ROC
curve, an example of complementarity.

Y;; €{0,1} is generated by

Y =1(p(Xi,1,Xij,2,U; ;) > 0;;) where
X1t X 2+ Ui g

P&, X2, Ui) = 7 —xox e,

and where 6;; is uniformly distributed between zero
and one. Using this specification of the data-generating
process, we simulated 600,000 patient cases and allocate
them evenly to 2,000 doctors. Each doctor is assigned
300 simulated patient cases.

Doctors are partitioned into two groups according to
their information-processing capacities. The first group,
consisting of 750 more capable doctors, use the correct
full-information propensity score p(x; j,1,%;,,2, 4;,;) with
different incentives to diagnose patient cases. Their
decision rule is given by, using C; that is uniformly dis-
tributed between 0.4 and 1 across doctors,

Yfz',j =1(p(Xi 1, X j,2, Ui ) > C).

The second group of doctors, consisting of 1,250 less
capable doctors, use a misspecified propensity score to
diagnose patients. Their decision rule is
Yi,]' = ]]-(Q(Xi,j,lzxi,]’,Zr U,',j) > C]) where
e~ Xi,j, 14X 2+ Ui j

X . ) =
q(Xij1, X j,2, Ui j) 1 1 o Xy 1#%,,2+ U

is a misspecified propensity score function.
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We divide the 600,000 simulated observations into a
training subset consisting of 240,000 observations, a vali-
dation subset consisting of 180,000 observations, and a
test subset consisting of the remaining 180,000 observa-
tions. We estimate a random forest model using only
the training subset and the first two features, x; ;1 and
x;,j,2, and use the baseline Bayesian test in Equation (10)
to combine doctors with the machine algorithm. The tri-
angular point in Figure 10 represents the combination of
doctors and the machine algorithm. It lies above the
ROC curve of the random forest model and also strictly
dominates the cross of the aggregate FPR/TPR pair
of all doctors. In summary, the synthetic data analysis
represented by Figure 10 illustrates the scientific princi-
ple of complementarity in human algorithm collabora-
tions. See, for example, Bansal et al. (2021).7

5.2. Aggregating Information by Predicted
Doctor Models

Our data set contains doctor diagnosis information in
addition to the eventual pregnancy outcomes. In this
section, we discuss whether estimating a model that
predicts the label of doctors’ diagnoses can assist in
improving the FPR/TPR trade-off of medical decisions.
A model of predicted doctors can be intuitively inter-
preted as doctors’ collective wisdom. The experience of
senior doctors can provide guidance to junior doctors
with limited clinical exposure.

In the NFPC data set, a model of predicted doctors
does not appear to improve on the aggregate
FPR/TPR pair. However, in several of the following
synthetic data examples, a predicted doctor model
improves upon the diagnoses of individual doctors.
Each doctor’s diagnosis may encode information het-
erogeneity or incentive heterogeneity or both. Con-
sider a model of incentive heterogeneity, in which
doctors” decision rules are given by 7, = 1(p(x;) > u;)
such that p(x;) is the correctly specified propensity
score and u; is an independent distribution with a
strictly monotonic cumulative distribution function
G(:). On the one hand, the aggregate doctor FPR/TPR
lies below the optimal ROC curve. On the other hand,
the predicted doctor model, given by E[1(p(X;) >
Uy)|X:] =P(U; < p(X;)) = G(p(X;)), is a monotonic trans-
formation of the true propensity score function and
recovers the optimal ROC curve.

We next focus on several information models without
incentive heterogeneity. Consider a baseline example in
which doctors have access to private information u; in
addition to the publicly observed features x; and are
aware of the correct full-information propensity score
model p(x;,u;). If we could directly observe doctors’
probabilistic assessment p(x;, ;) and use it as the label
to train a machine learning model, then the resulting
model necessarily coincides with the ground-truth
machine-learned propensity score model:

E[p(X;, U)| Xi] = E[E[Y;|X;, U;]| Xi] = E[Y;|Xi] = p(X;).

However, in reality, we rarely solicit doctors’ probabilis-
tic assessment of the likelihood of an illness. Instead, we
only observe the binary diagnosis by the doctors, which
corresponds to observing 7, = 1(p(x;, u;) > cp) for some
threshold value co. When we use §; as the label to train a
machine learning model, the propensity score of the
resulting predicted doctor model is

9(X;) = E[1(p(X;, U;) > co) | Xi]-

In general, q(X;) is different from p(X;). The ROC curve
implied by g(X;) coincides with p(X;) only when g(X;) is
an increasing transformation of p(X;): 9(X;) = A(p(Xy)),
where A(+) is a strictly increasing function. There is no
guarantee that this is necessarily the case.

Consider now three scenarios in which doctors
employ misspecified models to process private informa-
tion. In the first scenario, doctors process the full infor-
mation (X;, U;) using an incorrect propensity score
model g(X;, U;), but the ROC curve implied by the pre-
dicted doctor model ¢(X;) still coincides with the
ground-truth machine ROC curve. Figure 11(a) illus-
trates this scenario using the following data-generating
process. The ground-truth propensity score model is
p(X;) = exp(X;)/(1 + exp(X;)). The doctors use a misspe-
cified propensity model of q(X;, U;) = exp(X; + U;)/(1+
exp(X; + U;)). Both X; and U; are uniformly and inde-
pendently distributed: X; ~ U(—1,1) and U; ~ U(-2,2).
The “X; only” ROC curve is generated by p(X;); the “X;
and U;” ROC curve is generated by q(X;, U;). The
“Predicted Doctors on X” ROC curve is generated by
q(X;) = E[1(q(X;, U;) > o) | Xi]-

For any given cutoff threshold cy, the predicted doctor
model g(X;) is an increasing function of X; as is p(X;). In
this particular case, both p(X;) and g(X;) correspond to
the same ROC curve. This curve lies above the ROC
curve generated by q(X;, U;) and the aggregate doctor
FPR/TPR pair (co =0.7). Collective wisdom improves
upon the misspecified model employed by individual
doctors and results in higher diagnosing quality as
represented by the ROC curves.

The second scenario, pictured in Figure 11(b), is gen-
erated by a two-dimensional observable feature model.
The ground-truth propensity score model is

p(Xin, Xio) = exp(Xi + Xin)/(1 + exp(Xin + Xin)).

The doctors’ (misspecified) information model is
q(Xin, Xio, U;) = exp(Xin — Xip + U;)
/(1 +exp(Xn — Xpp + Uy)).
Here X1, X, and U; are independently distributed:
Xil ~ N(Or 1)/ Xi2 ~ N(0,0S), ui ~ N(0/4)
In this scenario, doctors also process the full informa-
tion (Xj1, X, U;) using an incorrect propensity score



Downloaded from informs.org by [188.253.115.249] on 05 March 2025, at 18:09 . For personal use only, all rights reserved.

22

Feng et al.: Tests for Replacing Human Decision Makers with Algorithms

Management Science, Articles in Advance, pp. 1-26, © 2025 INFORMS

Figure 11. (Color online) Three Cases of Learning from Doctors
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Notes. Instead of predicting ground-truth outcome, this figure illustrates three synthetic data examples in which machine algorithms are applied
to predict doctor’s diagnoses. Panel (a) shows a scenario in which the machine algorithm improves upon the individual doctor diagnoses and
generates the same ROC curve as a correctly specified model. Panel (b) shows a scenario in which aggregating information from doctor diagno-
ses is beneficial but not sufficient to recover the optimal ROC curve. The last case is shown in Panel (c) in which aggregating information from
doctor diagnoses results in a ROC curve inferior to that of the misspecified prediction model.

model. Whereas the ROC curve corresponding to the
predicted doctor model (X, Xp») = E[1(9(Xi, X, U;)
> ¢g)| X, Xiz] lies below the optimal ROC curve corre-
sponding to the correct propensity score model
p(Xi1, Xip), it still lies above the ROC curve correspond-
ing to the individual doctor misspecified information
model g(Xi1, Xip, U;) and the aggregate doctor FPR/TPR
pair. Collective wisdom in this case leads to limited
improvement over the misspecified information model.

The third scenario is pictured in Figure 11(c). The
ground-truth propensity score model is p(X;) = exp(X;)
/(1 +exp(X;)), but the doctors’ incorrect information
model is

q(X;, U;) = exp(—X; + U;) /(1 + exp(—X; + Uy)),

where X; and U; are distributed as in the first scenario

depicted in Figure 11(a). In this model, doctors’
information-processing capacity is very limited. The
predicted doctor model ¢(X;) = E[1(p(X;, U;) > co)| Xi]
exacerbates the misspecification of the doctors” private
information propensity score model and leads to an
ROC curve that lies strictly below the ROC curve corre-
sponding to the individual doctor’s misspecified pro-
pensity score model g(X;, U;).

The analysis in Figure 11 shows that, depending on
the extent of misspecification of the doctor’s informa-
tion model, the predicted doctor model that aggre-
gates the information among doctors using the subset
of observable features available to the machine learn-
ing algorithm might either reduce or exacerbate the
misspecification in the propensity score model. The
resulting ROC curve of the predicted doctor model
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might lie above or below the ROC curve of the doctors’
information model.

5.3. Replacement Strategies Initiated by Doctors
For a given decision maker, recognizing that machine
algorithms are more likely to be applicable in some candi-
date cases than in others is important for a replacement
model to achieve human and machine complementarity.
Formalizing such a general empirical replacement model
is difficult because of the unknown diagnosing model
employed by doctors in the data and because of our lack
of knowledge of doctors’ preferences for the machine
algorithm. To illustrate these difficulties, we experiment
with a set of simulations in which doctors decide when to
employ the machine learning algorithm.

In the simulation setup, each patient is associated with
three independently generated, normally distributed fea-
tures X1, Xp, U, where X; ~ N(0,0.5), X, ~ N(0,1.5), and
U ~ N(0,1). The probability of each patient being ill is a
logit function of the features

p(X1/X2/ u) = 6X1 +X2+U/(1 + EX] +X2+U).

The labels are generated according to the probability
model p(X1, X, U) for 30,000 patient cases. The diagno-
sis of doctors is modeled as a mixture between two deci-
sion rules. The first rule employs the correct probability
model p(X1, X5, U). The second rule replaces the proba-
bility model p(x) by an uninformative uniformly

Figure 12. (Color online) Replacement Result Under Different Replacement Rules
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Notes. A flexible replacing model allowing doctors to choose whether to apply the algorithm’s decision has the potential of achieving
human-machine complementarity, whereas in this figure, we show that the performance of this strategy highly depends on doctors’ choices. If
the doctors do not have a clear recognition of their information weakness, this strategy may not perform well.
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distributed random variable r ~ U(0, 1). The second rule
applies to a situation in which the occasional lack of
medical knowledge by doctors results in randomized
diagnosis. Specifically, we simulate doctor diagnosis Y

by
V= (X X4 /(1 + XXty > ) if X >0,
r>cy, otherwise.

In the above, ¢; = 0.5 is the decision threshold for doctor
diagnosis. The simulated data set is divided into train-
ing, validation, and test subsets by the ratio of 4:3:3.
They are used to estimate model parameters, compute
the ROC curve, and calculate FPR/TPR pairs, respec-
tively. We first train a random forest model using
features X; and X,, in which U is interpreted as unob-
served heterogeneity that is known to the doctors but
not to the machine algorithm.

We simulate four replacement rules. They are illus-
trated in Figure 12. In the first rule, shown in Figure
12(a), doctors know when their medical knowledge is
inadequate (e.g., when X; < 0) and choose to defer to
the machine algorithm in such a situation. This method
achieves complementarity between the human doctor
and the machine algorithm. It produces an FPR/TPR
pair that is better than the Bayesian approach in which
either all or none of the patients for each doctor are
replaced. In the second rule, shown in Figure 12(b), doc-
tors have partial but incomplete knowledge of when
their medical knowledge is inadequate. Doctors defer to
the machine algorithm when X; < 0.5. The second rule
improves over the doctors but does not outperform the
Bayesian approach. Figure 12(c) use a replacement rule
of Xp £ —0.5. In this case, the doctor does not know
when the doctor lacks medical knowledge, and the
replacement reduces both FPR and TPR. In Figure 12(d),
doctors mistakenly defer to the machine algorithm
when they do have medical knowledge (e.g., when
X;20) but make their own decision when they are
uninformed (e.g., when X; <0). The resulting
FPR/TPR pair is strictly dominated by the original doc-
tor diagnosis.

6. Conclusion

In this paper, we propose statistical tests for replacing
human decision makers with algorithms. Decision rules
that robustly dominate diagnoses made by humans can
be determined based on the machine ROC curves. We
propose both a heuristic frequentist approach and an
alternative Bayesian posterior loss function approach.
By replacing a subset of decision makers with algo-
rithms, we can achieve a higher quality decision-
making outcome. We experiment with the two
approaches using a data set of prepregnancy checkups
and find that the replacement of a subset of doctors
using the Bayesian approach significantly improves the

overall performance of risky pregnancy detection. Fur-
thermore, our results indicate that doctors who practice
only at township clinics are more likely to be replaced,
whereas doctors who practice only at county hospitals
are less likely to be replaced.

Our analysis shows that both stable preference and
decision-making quality are important for comparing
machine algorithms with human decision makers.
Whereas allowing the juniors to make potentially sub-
optimal decisions for their patients and learn from the
results has the potential of increasing the pool of high-
quality seniors, this is a very delicate issue involving a
complex welfare trade-off between current and future
generations of patients. In panel data sets with rich
dynamic information, human decision makers can
engage in information updating and peer learning. Our
current data set is only cross-sectional. The eventual
pregnancy outcomes are typically not available to doc-
tors when they diagnose consecutive patient cases.
Juniors might also benefit more generally from off-line
learning without having to make substantial and high-
stakes decisions.
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2 We are grateful to the associate editor for pointing out this impor-
tant clarification.

3 We choose the following parameter settings. The number of esti-
mators N is 100. The number of max features per node M is 50. The
minimum number of samples required to split is 50.

“ The F1 score is the harmonic average of precision and recall and is
often used as a single measurement that conveys the balance
between precision and recall. It is widely used in evaluating the per-
formance of algorithms (see, for example, Baeza-Yates and Ribeiro-
Neto 1999).

5 The statistical yearbook of year A records the latest available data
before year A.
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a direct analysis of the performance of doctors.
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ence literature on human-algorithm collaboration complementarity.
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