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Abstract

Al systems are increasingly introduced to augment human decision-making in high stakes environments. However,
measuring the performance of hybrid human-AlI teams is challenging because the outcomes used for evaluation
are often an imperfect proxy for the goals of human decision-makers. For example, while a doctor may wish to
accurately diagnose and treat disease, diagnosis labels in medical records may imperfectly reflect patients’ medical
condition (e.g., due to limited health insurance). This gap between the goals of human decision-makers and the
outcome observed in data makes it challenging to reliably measure the performance of alternative decision policies
(e.g., human-only, Al-only, Human+AI). In this work, we develop evaluation tools to support robust comparison
of decision policies under imperfect proxy labels. Our tools enable practitioners to assess whether the relative
performance of different policies holds under plausible assumptions on the quality of proxy labels. Using our
framework, we re-examine eight influential studies comparing human versus Al decisions across domains such
as healthcare, lending, and child welfare. We find that the relative performance of decision policies can change
under different assumptions about the gap between observed labels and the goals of human decision-makers.
This work underscores the importance of developing robust evaluation approaches to evaluate the efficacy of
different approaches designed to improve communication, coordination, and collaboration in human-AI teams.
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1. Introduction

Al systems are increasingly introduced under the rationale that they improve performance over an
alternative (e.g., human-only) decision-making policy [1]. For example, Al systems have been developed
with the goal of improving the accuracy and consistency of decisions in healthcare and education
domains [2, 3]. When introducing an Al system to form a hybrid human-Al team, it is critical to examine
the relative performance of alternative human-Al team configurations. We call a specific configuration
of a human-Al team a decision policy. A common policy comparison involves evaluating human-only
versus Al-only decisions to establish baseline performance (e.g., [4, 5]). A second frequently-conducted
policy comparison involves evaluating whether a hybrid human-AI team produces better decisions than
human-only or Al-only decisions alone — i.e., measuring human-AI complementarity [6, 7, 8].

However, reliably comparing decision policies is challenging because the “ground-truth” labels
used for evaluation often imperfectly reflect the goals of human decision-makers [9]. For
example, risk assessments used to inform judicial pre-trial release decisions target re-arrest as a proxy
for re-offense [10], while clinical models used to inform program enrollment decisions target measures
of healthcare utilization (e.g., cost) as a proxy for medical needs [11]. These proxies can be impacted
by target-construct misalignment when they systematically differ from the unobservable construct of
interest to humans (e.g., “medical needs”, “criminal risk”) [12, 9]. Critically, it is often impractical or
impossible to obtain labels that reflect the full scope of decision-makers objectives’, given that they
often reflect an unobserved latent construct. As a result, the validity of a policy comparisons
hinges on the extent to which proxy labels reflect the broader objectives of humans.
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Therefore, in this work, we develop a method for comparing decision-making policies in human-Al
teams under imperfect proxy labels. Our framework allows practitioners to examine the sensitivity of
policy comparisons to different assumptions about the quality of observed proxy labels. Our method
consists of two specific evaluation strategies: measurement sensitivity analysis enables practitioners to
assess the largest magnitude of measurement error permissible before the relative performance between
policies is indeterminate. Cost ratio curves enables practitioners to examine the relative performance of
decision policies under different costs of false positive and false negative decisions.

We leverage our methodology to re-analyze eight widely-cited human-AI decision-making policy
comparisons reported in prior human-AI decision-making literature. We re-examine comparisons of (1)
human-only versus Al-only policies [13? , 14, 15], (2) human+AI versus Al-only policies [16, 17, 11],
and (3) an Al-only versus a checklist-based policy [18]. Our analysis finds that performance
comparisons are sensitive to outcome measurement error. Of the studies included in our empirical
application, all eight become inconclusive when 5% or more outcomes are mismeasured. This error
tolerance is well below existing measurement error estimates for re-arrest outcomes carefully estimated
in the criminology literature (= 18%). This indicates that observed policy performance differences
may be attributable to measurement error as opposed to meaningful differences in decision policy
performance. Furthermore, we find that the optimal decision policy (e.g., human versus Al) can change
under plausible changes to the relative weighting of false positive versus false negative costs. Based on
our findings, we discuss implications for how to reliably evaluate the performance of human-Al teams.

2. Related Work

A substantial body of interdisciplinary work has investigated the relative performance of human versus
Al decision policies (e.g., see meta-analyses [1, 19, 20]). More recently, HCI and ML researchers have
examined Al-assisted human decision-making, studying how Al tools and process interventions (e.g.,
explanations) might augment human-only decisions [21, 22, 23]. Although studies suggest that Al-only
decisions often outperform human-only decisions [13? ], these comparisons typically rely on
imperfect proxy outcomes that may overlook the impacts of outcome measurement error.

Recent work has identified key challenges affecting the validity of proxy labels used to measure
the performance of decision policies [9, 4]. One key issue is outcome measurement error, in which
proxy outcomes systematically differ from the target outcome of interest to humans [10, 24]. A
second challenge is omitted payoff bias, in which the broader objectives of human decision-makers are
imperfectly reflected by human-AI decision performance metrics [25, 4]. A specific source of omitted
payoff bias is the cost ratio reflecting the utility of false positive versus false negative classification
outcomes — e.g., the cost of ordering a test for a sick patient (false positive) versus turning away a
healthy patient (false negative). While many evaluations weigh these costs equally (e.g., via accuracy),
it is critical to examine different cost ratios that may encode differing objective functions. In this work,
we develop an approach for assessing the impact of both of these factors on policy comparisons.

3. Framework Overview

We now introduce key components of our framework here and defer full discussion to Appendix A.
Our framework examines the sensitivity of decision policy comparisons to measurement error via a
measurement sensitivity analysis [24]. This method identifies the largest magnitude of measurement
error permissible before the relative performance of two policies is no-longer definitive. In the case
of our framework, we measure the difference between two decision policies 7; and 7, via the regret
R(my, my) = V() — V(3), where V(ir;) is a measure of the performance of each independent policy.
Let Y* denote a binary unobserved target outcome of interest and let Y denote an observed proxy
outcome. The sensitivity parameter y = P(Y* # Y) controls the probability that the target and
proxy outcomes differ. This sensitivity parameter can be used to construct a performance interval

!See Section A for a comprehensive discussion of related work.



Table 1
An overview of policy comparisons included in our emprical analysis.

. . . . Second policy Reported
Prior Work Domain Proxy Outcomes First policy (1) (r,) findings
Dressel and

Farid [21]
Lin et al.
(22] Human: MTurk Algorithm: Algorithm
. . Y,;: General re-arrest S
Biswas et al. Judicial . recidivism Thresholded better than
Y,: Violent re-arrest - .
[15] predictions risk scores Human
Fogliato et al.
(13]
Green and Judici.al / Y,;: General re-arrest Human-+Algorithm:
Chen [23] Lending /'Y;: Loan default Participant Algorithm: Algorithm
vtamit g PR door | Trshled bt

al. [31] welfare rral, Yy: viewing risk scores : 8

Services rithm
Y;: Diagnosis with Hum.ar.1+A|g0t.’1t.hm: Algorithm

Obermeyer : Physician decisions
et al. [18] new chronic after reviewing risk . worse than
’ condition g Algorithm: Human+Algo-

Healthcare scores Thresholded rithm

Scoring Rule: risk scores Aleorith
Moody et al. Y.: Hospitalization Modified Early b tgto”thm
[25] 1: Hosp Warning Score etter thar

> 5) Scoring Rule

R(my, m5;), R(y, 723 y) that contains the best-case and worst-case performance difference between r;
and 7, for a given magnitude of measurement error (y). The measurement sensitivity analysis identifies
the smallest magnitude of y permissible before the performance interval contains zero.

Our second methodology, cost-ratio decision curves examine the relative performance of decision
policies for different misclassification costs. Let ¢y denote the cost of a false positive and let ¢; denote

the cost of a false negative. The cost ratio n = E—O denotes the relative cost of the two costs. Cost ratio
1

decision-curves plot the regret interval R(sry, 75; Y, 1), R(ty, 7 v, 1) for different values of 7.

4. Re-examining the Performance of Hybrid Human-Al Teams

We now apply our framework to revisit decision policy comparisons studied in human-algorithm
decision-making literature. Our analysis illustrates how sensitivity analyses and decision curves can be
used to examine the robustness of performance comparisons to imperfect proxy outcomes. Critically,
our results indicate that (1) policy comparisons may be inconclusive under a small and plausible
magnitude of measurement error and (2) the optimal decision policy can change under plausible
shifts to the relative weighting of classification costs. Table 1 summarizes policy comparisons
included in our empirical application. We analyze data from prior human-subjects experimental studies
in judicial [13? , 14, 24, 16], lending [16], and child welfare domains [17]. We provide an overview of
the judicial and healthcare domains below and detail additional domains in Appendix B.

Judicial: In the criminal justice context, Al models have been introduced to inform judicial pre-trial
release decisions [26, 27]. While judges are often interested in the risk of re-offense (Y*) if a defendant
is released, we instead observe re-arrest outcomes in administrative data. Re-arrest is an imperfect
measure of re-offense because many crimes go un-reported or un-addressed by police (see Section
A.3.1). Re-arrest outcomes are sometimes segmented into general (i.e., all charge types) and violent
(e.g., Murder). We use these outcomes for our decision curves in Section A.4.2

*While we do not necessarily endorse the use of Al models in this domain (or others included below), human versus Al
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Figure 1: Measurement sensitivity analyses. Blue point (y = 0) indicates observed performance on proxy
labels under no measurement error. Sensitivity parameter y* in red indicates the largest magnitude of
measurement error permissible before the comparison is inconclusive. Green marker shows a reference
point for a plausible measurement error tolerance in criminal justice contexts based on the findings of
Scurich and John [28]. The shape of regret bounds is non-linear in y for plots E, F, H and | due to the
constraint that y does not exceed the size of the high-cost probability region (see e.q. 1).

Healthcare: Al models are increasingly used in clinical contexts to help doctors decide which
patients should be enrolled in preventative care programs. However, observed labels such as cost
of medical care (Y) are often an imperfect reflection of medical need (Y*). We re-analyze a policy
comparison provided by Obermeyer et al. [11] by comparing human+AI versus Al-only decisions.

4.1. Results: Measurement Sensitivity Analyses

Figure 1 shows measurement sensitivity analyses for policy comparisons reported in Table 1. The y-axis
titled policy regret refers to the difference in cost of an Al-only versus alternative policy (e.g., Human,
Human+Al). A negative policy regret indicates that the Al-only policy performs best. The blue point
(y = 0) indicates the observed performance difference without measurement error, while y* indicates
the largest magnitude of measurement error allowed before the comparison is inconclusive. We provide
a plausible reference point for measurement error in the criminal justice context [28].°

Critically, we find that all studies have a small error tolerance. Panel D of Figure 1 has the largest
measurement error tolerance among all studies in the criminal justice domain, with y* = 0.05. This plot
indicates that the relative performance of Human versus Al policies compared by Fogliato
et al. [15] is inconclusive if over 5% of outcomes are mismeasured. This tolerance is well-within
the plausible range of prior studies on measurement error in re-arrest outcomes (Section A.3.2). For
example, Scurich and John [28] estimate that at least 18% of re-offenses are incorrectly recorded in official

comparisons in criminal justice (e.g., [13? , 14, 15]) have shaped the conversation surrounding the relative benefits of human
versus Al decisions. This makes it especially critical to re-examine the sensitivity of these studies to imperfect proxy labels.
*Figure 1 isolates the impacts of measurement error by fixing 7 = 1 and varying y.
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Figure 2: Cost-ratio decision curve for the study reported by Dressel and Farid [13]. The larger left panel is an
expanded version of the highlighted section in the right panel. The Al-only policy is better than the human-only
policy when the cost of unnecessary detentions (i.e., false positives) is greater than the cost of re-offense (i.e.,
false negatives). When the cost of unnecessary detentions is less than the cost of re-offense, the optimal policy
depends upon the specific ratio across both violent re-arrest and general re-arrest outcomes.

arrest records, which exceeds the 5% tolerance reported in Panel D of Figure 1 by a large margin. While it
is critical to link measurement error estimates to the specific sample being used for a policy comparison
(see Section A.3.1), these results indicate that prior human-subjects experimental studies comparing
human versus Al policies in criminal justice may be inconclusive under outcome measurement error.
A similar analysis can be performed to assess whether the small measurement tolerance reported on
other domains (e.g., education, healthcare) falls within a plausible range.

4.2. Results: Cost Ratio Decision Curves

Figure 4 shows a decision curve for the study conducted by Dressel and Farid [13]. The bottom right
panel shows policy regret over regions where the cost of unnecessary detentions (i.e., false positives)
exceeds the cost of defendant re-offense (i.e., false negatives). Negative policy regret over this region
indicates that the Al-only policy performs better than the human-only policy under this relationship for
classification costs. Kang and Wu [29] found that members of the public preferred a general re-arrest
cost ratio of 1.67 false positives to one false negative (y = 1.67) and a violent re-arrest cost ratio of seven
false positives to one false negative (n = 7), which falls within this region.

The upper left panel of Figure 2 illustrates the setting in which the cost of unnecessary detentions is
less than the cost of re-offenses. This region shows that the Al-only policy performs better than the
Human-only policy if judges are willing to accept .6+ unnecessary detentions for each violent re-arrest
prevented OR we were willing to accept .7+ unnecessary detentions for every general re-arrest prevented.
The Al-only policy also out-performs the Human-only policy for combinations of classification costs
spanning (; = 0,1y = 1) to (7; = .75, 3 = 0). The classification cost ratio which Barnes and Hyatt [30]
elicit from criminal justice stakeholders falls within this region of the multi-outcome decision curve
(7 = 0.4). Taken together, this evidence indicates that the most likely set of classification cost preferences
falls within the grey region of Figure 2 — i.e., the Al-only policy likely out-performs alternative policies
in this setting. Appendix B provides additional cost ratio analysis for studies listed in Table 1.

Our analysis is not intended to provide a definitive recommendation for a feasible set of classification
costs in this domain. Instead, classification cost ratios are an important public policy decision which
should be made by domain experts and impacted community members. However, our analysis under-
scores that these tacit decisions imply qualitatively different conclusions when performing comparative
performance analyses. This underscores the need to characterize sources of outcome variable
uncertainty while comparing hybrid human-AI team configurations, in addition to communi-
cation, coordination, and collaboration interventions designed to improve performance.



5. Discussion

In this work, we propose an evaluation framework for comparing decision policies under imperfect
proxy labels and applied it to a diverse set of policy comparisons performed in prior literature. Our
analysis shows that (1) a small magnitude of outcome measurement error can yield inconclusive policy
performance comparisons, and (2) the qualitative conclusions of a performance comparison can depend
on the relative weighting of misclassification costs. We conclude by discussing implications for analyses
of lab-based empirical studies before highlighting limitations of our framework.

Our empirical application cites several experimental human subjects studies assessing the relative
performance of human versus algorithmic decision-making. While the directionality of our results is
consistent with that of prior studies (i.e., algorithmic policies tend to out-perform alternatives [19, 1, 20]),
our results indicate that human versus algorithmic performance comparisons may be less conclusive
than previously imagined. In particular, because algorithms are conducted on imperfect proxy labels,
standard performance analyses (e.g., AU-ROC and Accuracy) will naturally tend to favor the algorithm.
Yet, this performance assessment overlooks sources of uncertainty that impact outcome variables.
Going forward, it may be necessary to carefully re-examine prior comparisons of human
versus algorithmic decision-making to assess their robustness to measurement error.

Our formulation simplifies assumptions to cleanly parameterize target-variable related uncertainty
sources that impact policy performance comparisons. Most notably, we assume ignorability (i.e., no
unmeasured confounding), which can introduce additional uncertainty in off-policy evaluation of
decision policies. We also assume that outcomes are observed under both possible actions being
considered by 7; and m,. While this simplification overlooks known challenges such as selective labels
[31], our analysis foregrounds uncertainty arising from under-specified classification costs and outcome
measurement error because (1) policy evaluation under confounding and unobserved counterfactuals
has been studied by prior work [3, 32] and (2) would introduce additional uncertainty sources which
could yield vacuous regret intervals. As a result, our results should be interpreted as a lower bound on
uncertainty impacting policy performance comparisons.

Furthermore, our partial identification result recovers conservative worst-case regret bounds. An
advantage this bound is that it subsumes more specific measurement error models (e.g., group-dependent
error [33]) which may arise in particular policy evaluation contexts. However, our bounds may also be
overly conservative in some contexts because they do not exploit additional domain specific information
which could be used to tighten regret intervals. For instance, assuming that measurement errors
deferentially impact the recommendations of the algorithmic policy would yield tighter regret intervals
and enable certifying policy performance differences up to a larger magnitude of error.

6. Declaration on Generative Al

A Generative Al system (ChatGPT) was used for (i) sentence polishing and (ii) rephrasing of some
sentences. Specifically, existing content written by a human was provided to the model with a prompt
instructing the model to identify opportunities to improve clarity, conciseness, style, and identify
spelling mistakes. After using this tool, the author(s) reviewed and edited the content as needed and
take full responsibility for the publication’s content.
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A. Extended Related Work

In this section, we introduce a body of literature which performance comparative performance as-
sessments of decision policies (Section A.1) which frequently overlooks key sources of uncertainty
impacting proxy outcomes (Section A.2). We then introduce several model evaluation approaches (i.e.,
decision curves, sensitivity analyses) which we extend to support better-informed policy comparisons
under imperfect proxy outcomes (Section A.3).

A.1. Comparisons of human versus algorithmic decision-making policies

Alarge body of research has investigated the relative performance of human versus algorithmic decision-
making approaches [1, 19, 20, 13?7 , 21, 22, 16, 23, 34, 35, 36, 15, 37]. This work dates back to influential
meta-analyses of studies comparing the predictive performance of ‘clinical” (i.e., human expert) versus
“actuarial” (i.e., statistical model) decisions across a variety of decision-making domains [1, 19, 20].
ProPublica’s widely-cited article on the COMPAS risk assessment spurred renewed interest in the
relative accuracy and fairness of human versus algorithmic decision-making in the criminal justice
context [13? ].

More recently, a growing body literature studying algorithm-assisted human decision-making in-
vestigates how algorithmic decision support tools might augment existing (i.e., human only) protocols
[21, 22, 16, 23, 34, 35, 36, 15, 37, 17]. Some studies examine the quality of decisions made in real-world sys-
tem deployments via retrospective analyses of log data [38, 39, 40, 41], while others perform experimental
human subjects studies examining how various interventions (e.g., training, explanations, workflow
modifications) impact decision performance under controlled conditions [22, 16, 23, 34, 35, 36, 15, 37].
While many studies compare decision policies in aggregate (i.e., averaged over multiple human decision-
makers), some report more granular breakdowns at the individual decision-maker level [38, 3, 42].

To date, the prevailing narrative in this literature is that algorithmic approaches tend to make
higher-quality decisions than humans would acting alone [1, 19, 20, 13? ]. However, prior studies
typically assess the quality of decisions via predictive performance computed via imperfect
proxy outcomes. As a result, existing policy comparisons overlook key sources of uncertainty
impacting target variables in real-world predictive modeling contexts.

A.2. Sources of uncertainty impacting proxy outcomes

Recent research has identified a host of challenges impacting the validity of target variables in real-
world predictive modeling contexts [9, 4, 43, 27, 44, 45, 39, 11, 46, 5, 25, 10, 24, 47, 48, 33]. For example,
predictive models deployed to inform judicial pre-trial release decisions often target defendant re-arrest
as a proxy for re-offense [10, 49]. Predictive models intended to inform healthcare program enrollment
decisions often target measures of utilization (e.g., cost) as a proxy for medical need [11, 50]. Outcome
measurement error can impact performance evaluations when readily-available proxy outcomes (e.g.,
cost, re-arrest) systematically differ from the target outcome of policy interest (e.g., health need, re-
offense) [9]. Similarly, omitted payoff bias occurs when the objectives of human decision-makers (e.g.,
the relative weighting of misclassification outcomes) are incompletely captured by decision policy
performance measures [25, 4, 51, 16, 3]. While additional challenges (e.g., intervention effects [52],
unmeasured confounding [32]) can also impact policy performance comparisons, the framework we
develop in this work assesses impacts of challenges most directly-related to proxy labels (i.e., outcome
measurement error, omitted payoffs) on policy performance comparisons.

A.3. Policy performance evaluation under uncertainty

In this work, we build upon existing evaluation tools (i.e., decision curves [53, 54], sensitivity analysis
[24]) to support better-informed policy performance comparisons under imperfect proxy outcomes.



A.3.1. Assessing omitted payoff bias

A large body of participatory machine learning literature leverages feedback from non-technical stake-
holders to refine development and evaluation of Al models [55]. In our context, utility elicitation
methods have been developed to (1) assess stakeholder perceptions surrounding the relative cost of
false positive and false negative classification outcomes and (2) leverage these perceptions to select
appropriate risk thresholds [29, 30]. For example, Kang and Wu [29] explore public perceptions of the
misclassification cost ratio by performing an online experimental study which asks participants to
rank models with varying false positive and false negative rates. Their analysis found that participants
preferred a cost ratio of 1.67 false positives (i.e., unnecessary detentions) for each false negative for
general (i.e., all purpose) recidivism outcomes and 7 false positives for each false negative for violent
recidivism outcomes.

Decision curve analysis is an evaluation approach frequently used to compare predictive models
against relevant baselines (e.g., test all patients, test no patients) across a range of decision thresholds
in medical contexts [53, 54]. Rambachan et al. [3] leverages a variant of this technique in the criminal
justice domain to compare judicial decisions against algorithmic decisions over a variety of classification
costs. In this work, we extend this approach to (1) compare performance over multiple policy-relevant
target outcomes and (2) model interactions with outcome measurement error impacting target variables.

A.3.2. Assessing outcome measurement error

In many contexts, it is difficult to characterize the precise relationship between the unobserved target
outcome of interest (e.g., crime, health) and the proxy observed in performance benchmarking datasets
(e.g., re-arrest, cost of care) [56]. This is because linking unobserved constructs with observed proxies
requires measurement assumptions which cannot be directly verified. However, sensitivity analyses
offer a practical alternative to model evaluation under measurement error without need for strong
assumptions on the relationship between target and proxy outcomes.

Sensitivity analyses assess the magnitude of bias in analysis required to draw the overall findings (e.g.,
the relative performance of decision policies) into question. This analysis has been widely-leveraged in
causal inference settings to assess the robustness of causal effects to confounding [57, 58, 59, 60, 32] or
measurement error [61]. Most directly-related to our setting, Fogliato et al. [24] develop a framework for
characterizing the predictive performance of risk assessments under outcome measurement error. We
extend this approach to characterize the relative performance of two decision policies rather than a single
policy in isolation. Additionally, while [24] study traditional predictive performance measures (e.g.,
AU-ROC, FPR) we study a cost-sensitive performance measure which assesses the differential-impact of
false positive and false negative classification errors on the comparative performance analysis.



A. Methodological Framework

In this appendix, we introduce our approach for comparing decision policies under imperfect proxy
labels. This framework characterizes the impact of two distinct sources of uncertainty — outcome
measurement error and under-specified classification costs — on policy performance comparisons. We
introduce our technical approach in Section A.2. We then introduce two evaluation tools leveraging
this approach:

+ Measurement sensitivity analysis which characterizes the robustness of policy comparisons
to outcome measurement error (Section A.3).

+ Cost ratio decision curves which assess the robustness of policy comparisons to the relative
cost of false positive and false negative classification errors (Section A.4)
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(a) Hlustration of a measurement sensitivity analysis
plotting upper and lower regret bounds as a func-
tion of the measurement error tolerance. Yellow
region corresponds to feasible values of the true
regret under a y-magnitude of measurement error.
The far left point shown in blue (y = 0) corresponds
to the regret computed over proxy labels. The far
right point shown in red (y*) shows the maximum
amount of measurement error permissible before
the regret interval contains zero. This plot assumes
that c is fixed and we vary y over a single proxy.

A.1. Preliminaries

(b) Illustration of a cost-ratio decision curve plotting
regret as a function of false positive to false negative
cost ratio. Blue region indicates cost ratios =
20 for which 7, has a higher cost than ;. Red

Co.1

region indicates cost ratios for which , has lower
cost than 7;. The rank-order of model performance
reverses when the regret crosses zero. This plot
assumes that the cost of true positives and true
negatives are fixed.

Letm : X —> dand my : & — of be two decision policies which assign binary actions &f € {0, 1} given
covariates X € . Let D; and D, denote random variables indicating actions selected under 7; and
m,, respectively.* Let Y* € {0, 1}X be a vector of K unobserved target outcomes and let Y € {0, 1} be a
vector of K corresponding observed proxy outcomes. We let P*(X, Dy, D,,Y*,Y) denote the unobserved
joint distribution over target and proxy outcomes and let P(X, Dy, D5,Y) denote the observed joint
distribution over proxy outcomes.

We quantify the performance of a policy via its expected cost over target outcomes. In particular, let
¢ € RE2%2 pe g classification cost matrix, where each entry Ck,a,y = 0 denotes the cost of the k’th proxy

*We sometimes write 7 and D when defining quantities for a generic decision policy



outcome y given action a. Following the standard cost-sensitive classification setup, we assume that
costs are fixed across levels of co-variates (e.g., age, race or sex).

Definition A.1 (Policy Cost). The expected cost of & is given by
C*(r;c) = Ep- [Ck,a,y ‘I{D = a,Y = y}].

This performance measure reflects the net cost of classification outcomes computed over target
variables [62, 3, 63].> We can compare the relative performance of 7; and 7, by evaluating the policy
regret — i.e., the difference in their expected cost.

Definition A.2 (Policy Regret). The policy regret between m; and m is given by
R*(ﬂ'l, TT9; C) = C*(JTZ; C) - C*(ﬂl; C).

A positive regret indicates that 7; has lower cost (i.e., better performance) than z,. Conversely, a
negative regret indicates that ; has higher cost (i.e., worse performance) than 7.

However, because target outcomes are unobserved, the policy regret is partially identified within an
interval R(rt;, 7my; ), R(rry, 75 ¢) from observed proxy outcomes. We assume that each target outcome is
observed under measurement error of magnitude y, = P(Y # Y;') such that y; < .5, vk. This places a
constraint on the magnitude of measurement error but makes no assumptions on which instances are
mislabeled [24]. Given a vector and a finite sample 0 := {(D}, D}, Y}, .., Y}()}?:l ~ P(-), our goal is to
bound the oracle regret within the interval R*(ry, m5; ¢,) € [R(my, 15 €, ), R(my, 755 €, ).

A.2. Partial identification of policy regret

In this section, we provide an approach for partially identifying the true policy regret within a worst-case
interval using observed proxy outcomes. To ease exposition, we introduce our approach in the single
outcome setting. We generalize this approach to the multiple outcome setting in Appendix C.

Recall that our measurement error model assumes up to y percent of outcomes have been mislabeled.
Therefore, we minimize regret by shifting as many instances as possible from the high-cost to the
low-cost outcome. Let wy(d;,dp) = P(D; = d;, D, = dp,Y = y) be the joint probability of the policy
actions and the proxy outcome. Because we are interested in performance differences (i.e., regret), we
would like to apply mislabeled examples to instances where the two policies select different actions —
ie, wy(0,1) and wy(1,0).

Let 8y = cqy — Cu,y be the cost difference between actions a and a” for outcome y and let ¢ =
{841 > 8,0} be the outcome which maximizes the cost under action a. We minimize regret by shifting
instances from high-cost disagreement terms w,:(a, 1 —a) to low-cost disagreement terms w;_:(a, 1—a),
while ensuring the number of mislabeled instances does not exceed the size of the high-cost region. In
particular, we impose the constraint on y that

Yo = min{w;;(0,1),y}, y1 = min{w(1,0),y — yo} 1)

for yy + y1 < y. Proposition A.1 leverages this approach to bound the true regret as a function of the
user-specified error tolerance (y) and classification cost matrix (c).

Proposition A.1. The regret R*(ry, ) is bounded within the interval

B(”ls T9; C, }’) = Z 5a,y : (Wy(a: a,) + E((l, J/)),
a.y

R(my, s ¢.y) = ) 8ay- (wya,a’) + T(a, ),
ay

where I(a, y) = (-1)¥=%}a -y, + @’ - yo) and T(a, y) is similarly defined by taking ¢; = 1 — c.

*This performance measure is equivalent to the expected welfare or utility of a decision policy when utilities u,, , > 0 are used
in place of costs.



We prove this result and extend it to the multiple outcome setting in Appendix C. Importantly,
the bounds we compute in Proposition A.1 assume knowledge of the user-specified cost matrix and
measurement error tolerance. We now show how to use this result for policy comparisons when when
the exact measurement tolerance (y) and classification costs (c) are uncertain.

A.3. Measurement sensitivity analysis

The exact magnitude of measurement error impacting proxy outcomes is often unknown. As a result,
policy regret bounds computed via Proposition A.1 can be overly conservative if y is too large, or
invalid if y is too small. Fortunately, in comparative performance evaluations, we are often interested
in the more tractable question “What magnitude of measurement error is required to draw the relative
performance of policies into question?” A measurement sensitivity analysis operationalizes this idea
by computing the smallest magnitude of error (y*) required to yield a regret interval containing zero
(Figure ??).% This analysis entails (1) varying y € [0,.5), (2) computing regret bounds for each y, then (3)
computing y* - the smallest y such that the regret bounds contain zero.’

A.3.1. Determining a ‘plausible” measurement error range

When interpreting a measurement sensitivity analysis, a key question involves whether y* falls within a
“plausible range” of measurement error informed by domain knowledge of proxy outcomes. The results
of a policy comparison conducted via proxy labels may be inconclusive if y* falls within a feasible range
estimated by domain knowledge. A large body of scientific literature in algorithmic decision support
domains (e.g., criminology, medicine) has estimated plausible ranges for outcome measurement error
impacting proxy outcomes.

For example, algorithmic risk assessments deployed in criminal justice often target re-arrest as a
proxy for re-offense [27, 24, 10]. In criminology, the so called “dark figure of crime” refers to crimes
that are not recorded in official arrest statistics due to under-reporting [28]. Scurich and John [28]
leverage self-reported victimization data to estimate measurement error in sexual recidivism outcomes.
They find that measurement error in sexual recidivism outcomes varies between 18-41% depending
the outcome time-span and various modeling assumptions. Hardin and Scurich [64] use self-report
and collateral informant data to estimate the measurement error rate violent offenses among patients
discharged from psychiatric hospitals. Their analysis estimated the measurement error rate (y) between
all reporting sources (Y*) and official records (Y) of 21%. Fogliato et al. [65] develop a methodological
framework for estimating the likelihood of official police records and victimization data. Applying this
framework to official records from the National Incident Based Reporting System, the authors found
that on average, about 20% of violent offenses eventually result in arrest. In healthcare, similar studies
are also commonly used to analyze error rates in diagnostic testing instruments [66].

A.3.2. Contextualizing measurement error estimates

When interpreting a measurement sensitivity analysis, it is critically to collect measurement error
estimates that generalize to the sample used for a policy comparison. For example, a study of sexual
recidivism rates (e.g., [28]) or violent re-offense rates among patients discharged from psychiatric
hospitals (e.g., [64]) may not generalize to the sample of Boward County defendants used to train and
evaluate the COMPAS risk assessment. Therefore, it is important to interpret measurement sensitivity
parameters y* against a large body of contextually-similar empirical evidence.®

®In sensitivity analysis literature, y* is often called the design sensitivity or error tolerance because it is the cuttoff value which
changes the overall interpretation of the results (i.e., which policy is better overall) [59].

"This procedure fixes misclassification costs and varies y. As we demonstrate in Section 4, it is also possible to vary both in
combination.

8Some empirical studies of measurement error target the false negative rate P(Y = 0 | Y* = 1) and false positive rate
P(Y =1|Y* = 0) of proxy outcomes while we model the sensitivity parameter y = P(Y # Y*). Our sensitivity parameter can
be recovered by multiplying by the prevalence,ie. -y =P(Y =0|Y*=1)-P(Y*=1)+P(Y =1|Y"=0)-(1 - P(Y* = 1).



A.4. Cost ratio decision curves

The relative cost of classification errors (i.e., false positives, false negatives) encode additional informa-
tion about a proxies’ relevance to a decision-making process of interest. For example, a false negative
prediction for patient mortality may be much more costly than a false positive mortality prediction,
while false positive and false negative patient re-admission predictions may carry a different set of
payoffs [67].

We propose a simple alternative approach to cost elicitation which characterizes the relative per-
formance of decision policies over a plausible range of false positive to false negative classification cost

ratios n = ?—0 To perform this analysis, a practitioner first specifies a feasible set of false positive to
0,1

false negati\}e costs (e.g., “false negatives are at least twice as costly as false positives” or n < .5) based
on domain knowledge.” Next, the analyst plots the regret interval recovered by Proposition A.1 as a
function of 5 (Figure ??). This performance analysis is conclusive if the direction of the performance
difference is constant across all feasible values for 7. The analysis is inconclusive if the sign of the
performance difference changes over the plausible set of cost ratios. As a result, more specific intervals
for cost ratios (e.g., “a false negative is between 2 to 3 times more costly than a false positive”) are more
likely to yield conclusive performance comparisons.

Cost-dependent decision policies. In many settings, the decision policy being evaluated depends
on the user-specified classification costs. For example, algorithmic decision policies are typically
constructed by (1) estimating the conditional probability of the binary proxy outcome p(x) = P(Y =
1| X = x), then (2) thresholding predicted probabilities at a cost-dependent cut-off. Similarly, in
experimental human-Al decision-making studies, it is common to construct human decision-making
policies by (1) asking participants to predict the probability of a proxy outcome, then (2) assigning
decisions by thresholding predicted probabilities at a cut-off [? 15, 16, 22].1° In the following proposition,
we show how to construct an optimal decision policy for a user-specified classification cost matrix
defined over multiple outcomes.

Proposition A.2. The decision policy which minimizes cost with respect to ¢ is given by

¥ (x) =1 iz pe(x) > T*(c)} , where
k

Ck,1,0 ~ Ck,0,0
™(c) =

T Ck0,1 7 Ck,1,1 ~ Ck0,0 T Ck,1,0

is the optimal probability threshold corresponding to the K proxy conditional probability functions p(x).

We prove this result in Appendix C.

°By Proposition A.2, r will be well-defined when ¢,; = 0. Analysts can plot regions where ¢,; = 0 in decision curves by
assigning false negative costs to small values near zero ( ¢,; = e'%).
1%predicted probabilities are often bucketed into intervals of .1 or .01.



B. Additional Experimental Details and Results

Lending Domain: Financial institutions are often interested in assessing the “creditworthiness” (Y*)
of applicants for financial products [68]. In practice, organizations frequently target “loan default” (Y)
as a proxy for the lending potential of an applicant. However, loan default is an imperfect measure of
creditworthiness because applicants can fail to repay loans due to factors unrelated to their financial
responsibility [69]. Further, the repayment timeline and type of default (e.g., technical, non-technical)
can carry different implications for the lending potential of the applicant [70].

Child Welfare: Predictive models have been introduced in child welfare contexts to help social
workers identify children at high-risk for abuse and neglect [41]. Often, social workers are legally
required to assess imminent threats to child safety (Y*) when deciding whether to screen-in a re-
referral for further investigation. However, predictive models introduced in this context often target
indirect child welfare measures (Y), such as out-of-home placement in foster care, agency re-referral, or
acceptance for welfare services [45]. For example, an early version of the Allegheny Family Screening
Tool targeted out-of-home placement and agency re-referral [71]. However, the re-referral outcome
was later removed because it was perceived as being highly dependent on family socio-economic status
and only distally related to child safety. !!

« Dressel and Farid [13]: We let 7y be human risk predictions of two-year general recidivism
outcomes and let 7, be thresholded COMPAS decile scores. We analyze data from the MTurk No
Race condition. We show outcomes evaluated against two-year general recidivism and violent
recidivism in the two-dimensional cost ratio decision curves.

« ? ]: We let 7; be human risk predictions of two-year general recidivism outcomes and let 7, be
thresholded COMPAS decile scores. We use data from the “Vignette, No Feedback” condition.

« Fogliato et al. [15]: We let ; be human risk predictions of two-year general recidivism after
viewing algorithmic risk predictions and let 7, be algorithmic risk predictions. We analyze data
from “Phase 2, No Anchor” condition.

+ Green and Chen [16]: We let 7; be human risk predictions of two-year general recidivism after
viewing algorithmic risk predictions and let 7z, be algorithmic risk predictions. We use data from
the “Shown RA + Make Predictions” condition in both the criminal justice and lending contexts.

+ Biswas et al. [14]: We let 7; be human risk predictions of two-year general recidivism outcomes
and let 7, be thresholded COMPAS decile scores.

« Kawakami et al. [17]: We let 7y be human risk predictions of two-year placement in foster care
and let 7, be Allegheny Family Screening Tool scores thresholded at 15.' Note this data is from
synthetic vignettes inspired by real-world cases. We use data from the pre-test assessment phase
of the study.

+ Obermeyer et al. [11]: We let 7; be physician enrollment decisions for a high risk medical program
(informed by cost of care prediction risk scores) and let i, be thresholded predictions of diagnosis
with a new active chronic condition in the following year. Note this is a synthetic dataset matching
means and covariance of the original data used by [11].

« The MIMIC-IV-ED is a database of emergency department admissions at Beth Israel Deaconess
Medical Center from 2011 to 2019 [18]. In a hypothetical emergency triage task, we let the
baseline policy consist of thresholded Modified Early Warning Scores (> 5), which is a standard
checklist based scoring system used for emergency triage [73]. We compare this policy to a
logistic regression model targeting hospitalization (Y). Hospitalization is an imperfect measure
of patient acuity (Y*) because some patients may be re-routed to a different facility or suffer
from mortality prior to receiving care. MIMIC-IV-ED Dataset [18]: We let 7; be the Modified
Early Warning Score (MEWS) thresholded at the high-risk cutoff (> 5) and let 7, be thresholded

"Qur analysis re-analyzes experimental human subjects data from [17], which asks participants to make decisions on synthetic
vignettes inspired by real-world AFST cases. As a result, our analysis is not intended to be a direct assessment of the AFST,
though such an assessment would be supported by our framework.

2Qur use of 15 as a screen-in threshold follows from the high-risk protocol recommendation cutoff [72].
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Figure 4: Multi-outcome decision curves. We fix y = 0 and plot the policy regret as a function of the cost ratio
for two pairs of two proxy outcomes outcomes. Blue indicates regions in which the Human or Human+Algorithm
policy out-performs the Algorithm policy alone. Grey regions indicates regions in which the Algorithm policy
performs better. Top three panels correspond to pairwise comparisons across child-welfare outcomes available as
part of Kawakami et al. [17] (see main text for descriptions). Bottom two panels plot policy regret across violent
and general re-arrest in the criminal justice domain.
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Figure 5: Analysis of multi-outcome decision curve for Kawakami et al. [17]. Infeasible region corresponds to

settings in which the cost of missed out-of-home placements is less than cost of missed re-referrals. Feasible
region corresponds to settings in which the cost of missed out-of-home placements is greater than cost of missed
re-referrals.

hospital outcome predictions. We evaluate the scoring rule and model via hospitalization data
over a held-out test set. We train a logistic regression model and evaluate both the model and the
scoring rule over a held-out evaluation dataset.
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Figure 6: Measurement sensitivity decision curves for four studies included in Table ??. Left panel
fixes y = 0.05 (left) and y = 0.15 (center) and varies the cost ratio 5. Solid black line indicates observed
performance under no measurement error. Blue shaded region indicates partially-identified performance
interval. Right column computes the design sensitivity parameter y* for each cost ratio . We use
general re-arrest outcomes for criminal justice studies [14, 15].




C. Proofs

C.1. Proposition A.1

We begin by re-defining terms in the multiple outcome setting with K > 1 proxies. Let wy(d;,d;) =
P(Dy = d;, Dy = dy,Y = y) be the joint probability of the policy actions and the k’th proxy outcome. Let
Skay = Ckay — Cka,y and let ¢ o = {0k a1 > Okao} by the outcome with the highest cost under action a

for the k’'th proxy. Additionally, let

ve = min{y, wg (0, D}, v = minfyy -y, wee (1,0)}

be the probability mass which can be shifted from the high-cost to the low cost terms for the k'th

proxy observed under a y; magnitude of measurement error.

Proposition C.1. R*(ry, my) is bounded within the interval
R(my, myic,y) = Y, Seay- (wy(a,a") + Ik, a,y)),
k.a,y

R(ﬂ'l’ 725 €, }/) = Z 5k,a,y ' (Wyk(a, a,) + f(k, a, )’)),
ka,y

where L(k, a, y) = (—1)f=%1(q - Y +a - y)) andT(k,a,y) is similarly defined by taking Ga=1-

Proof. To begin, observe that we can factorize C(sr;) into
C(”l) = IE]P[Ck,a,y : ]I{A =aY = )/}]
= ), Gay PA=aYe=y| X =x) p(X =x)
k.a,y.x

= Z Ck,a,y'P(A =aY=y,X=x)
k.a,y.x

= Z kay” p(A =a, Yk = y)
k.a,y

= ) Gy (w,(@,0) + wy (a,1)).
ka,y

By the same argument, C(r,) factorizes into
Clmy) = Y cayk (wy(0.0) +wy (1,a)).
a,y.k

Therefore, we can express the regret over proxy outcomes as
R(ry, m3) = C(rrz) — C(my)

= Z Ck,a,y ' (Wyk(as a/) - Wyk(a,9 a))
k.a,y

= Z Wyk(aa a,) : (ck,a,y - ck,a’,y)-
k.ay

*
Ca

Let ¢ , = I{0k a1 > Okq0} be the value of the proxy outcome yy = ¢ , which maximizes the cost under

action a. Further, let

yp = min{y, wy (0, D}y = minfyy — yf, wer, (1,0}

be the largest probability mass which can be shifted from the high-cost terms to low-cost terms under a

Yx magnitude of error. This implies the bound

Z(Wc,:’a(a’ a’)- Yk,a) ) 5a,k,c,j’a
k.a

+(W1—c]’:’a, (@,a)+ Yk,a) : 5a,k,1—c,’:,a < R*(ﬂ'la 72)

where the result follows from re-arranging. Similarly, the upper bound follows by taking c]’:’ =1 —c]’; o

O]



C.2. Proposition A.2

Proof. The proof follows by extending the standard cost sensitive learning setup [74] to to our setting
with K outcomes. In the single outcome case, the optimal policy is given by

* ) ko0 (1= () + o1 - (),
7*(x) = arg min e s , Vk. 2
() g { k1,0 - (1= p(x)) + ¢ 1,1 - () @

The optimal probability threshold ;. follows by solving e.q. 2 for y(x)

x %k,1,0 ~ k,0,0
ll =

Ck,0,1 — Ck,1,1 — k0,0 T Ck,1,0

The result follows by summing over the K outcomes

Ck,1,0 — Ck,0,0
() = o

Ck,01 — Ck,1,1 — k0,0 1 Ck,1,0
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