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Supporting Information Text
S1. Contributions to the Literature

Our work contributes to a growing literature that addresses the selective labels problem when evaluating human decisions
and Al recommendations. In particular, we consider an evaluation design in which the provision of Al recommendations is
either randomized or assumed to be unconfounded while single-blinding the treatment assignment so that Al recommendations
affect the outcome only through human decisions. We show that under this design, it is possible to evaluate the classification
performance of human-alone, Al-alone, and human-with-AI decision-making systems. In contrast, related studies have been
restricted to observational settings. For example, previous works exploit discontinuities at algorithmic thresholds and staggered
roll-outs of algorithms (e.g. 1-5) or use survey evaluations (e.g., 6, 7).

Several studies have advocated designs that use quasi-random assignment of cases to different decision-makers. They use the
differing decision rates as an instrumental variable to estimate various performance measures of Al recommendations and/or
human decision-makers (e.g. 8-11). Unlike these studies, which rely on two-stage least squares, our approach does not assume
monotonicity (though their causal quantities of interest differ from ours). As a result, under the proposed experimental setting,
we can guarantee the required identification assumptions by design. Furthermore, while related approaches have been used
to evaluate algorithmic decisions, we also evaluate the relative performance of human decision-makers with and without Al
recommendations, as well as the Al-alone decision-making system.

Closest to our approach is (11), who compare Al-assisted human decisions to those of the algorithm by studying cases
where humans override the algorithmic recommendation (see also 12). Our framework is also similar to the one proposed by
(13), but we focus on a single potential outcome rather than joint potential outcomes, allowing us to avoid making additional
assumptions.

When point identification is not possible, we use partial identification to bound the quantities of interest (e.g., 14). This
methodological development is related to partial identification approaches proposed by (15) and (16). In particular, (16)
consider general approaches to partial identification of the predictive performance of classification algorithms. In contrast, we
focus on comparing the predictive performance of the aforementioned three different decision-making systems that involve
humans and/or Al, leading to different identification results and estimation strategies.

Prior work has also considered classification ability measures that are related to ours. For example, in the pre-trial risk
assessment setting, (11) consider the misconduct rate among released defendants; this corresponds to the false negative rate. (9)
consider the proportion of individuals who are detained erroneously, i.e., the false discovery rate. Other work develops a more
general framework. For instance, (16) consider a generalized notion of performance that includes functions of the confusion
matrix as well as other measures like calibration and mean square error, which we do not consider here.

In contrast to these approaches, (13) introduce a principal stratification framework that considers the joint set of potential
outcomes and three principal strata of individuals: (1) preventable cases (Y (1),Y(0)) = (0, 1)) — individuals who would engage
in misconduct only if released, (2) risky cases (Y (1),Y(0)) = (1,1)) — individuals who would engage in misconduct regardless
of the judge’s decision, and (3) safe cases (Y (1),Y(0) = (0,0)) — individuals who would not engage in misconduct regardless
of the detention decision. The authors focus on the effect of Al recommendation provision on the human decision, conditioned
on these principal strata.

(17) also introduce a related fairness notion, called principal fairness. These quantities—although relying on both potential
outcomes—can be related to the loss function perspective we take. In particular, under the strong assumption that a positive
decision entirely prevents a positive outcome (i.e. Y (1) = 0 for all individuals), there are only preventable and safe cases. In
that case, the effect on the judge’s decision given that a case is preventable is the effect on the false positive rate, while the
effect on the judge’s decision given that a case is safe is the effect on the false negative rate. Whether such a connection exists
without the strong assumption that Y (1) = 0 is an open question.

Our estimation strategy draws heavily on principles of doubly-robust estimation in randomized control trials and observational
studies that leverage estimates of both the propensity score and outcome model to efficiently estimate treatment effects. See
(18-20) for recent reviews and perspectives on the long literature on this subject. In addition, our estimation strategy for upper
and lower bounds draws on extensions of the double-robust methodology to partially identified parameters. Examples of such
work can be found in (21-24).

Finally, our empirical results clarify whether providing judges with the PSA at the predisposition stage improves criminal
justice outcomes. This is a question that has thus far lacked consistent evidence, both for the PSA specifically and for risk
assessment tools more broadly. Three unpublished before-and-after studies of reform packages that included PSA adoption
have reported conflicting findings. Two found statistically significant increases in the use of own recognizance release by 20 and
11 percentage points, respectively, without corresponding changes in failure to appear (FTA), new criminal activity (NCA),
or, in the only study to measure it, the number of days spent in predisposition detention (25, 26). A third study reported
statistically significant reductions in FTA (from 30% to 24%), NCA (20% to 15%), and new violent criminal activity (NVCA,
6% to 4%) following implementation of a similar PSA-based reform (27). A fourth study observed a temporary increase in
own-recognizance decisions, a longer-term rise in FTA, and no meaningful changes in NCA or NVCA (28).

Furthermore, the only randomized controlled trial (RCT) of a bail-stage risk assessment instrument that we are aware of —
and indeed, the first RCT ever conducted in the legal field — found that providing a simple risk tool, along with a structured
phone reminder program, increased the share of defendants released on their own recognizance from 14% to 60%, with no
statistically significant change in FTA (29).
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S2. Generic Loss Functions

As a generic loss function, we can define separate weights for true positives £11, true negatives foo and false positive £o1 so that
the expected loss is given by R({oo, Lo1,£11) = £10g10 + 01901 + £11g11 + Loogoo with a proper normalization constraint such as
l10 = 1. All of the quantities we have considered in the main text are special cases of this generic loss function. For example,
the difference in risk between the human-with-Al and human-alone systems is given by,

RMUMAN+AI (6007 gOl, 611) - RHUMAN (ZOO, €017 611)
= p1o(D(1)) = p10(D(0)) + Lo1(po1(D(1)) — po1(D(0))) + £11 (p11(D(1)) — p11(D(0)))
+ £oo (poo(D(1)) — poo(D(0))) -

Now, recall that although the false positive proportion under each system po1(D(z)) is not identified, the difference between
po1(D(1)) and po1(D(0)) is identifiable as po1(D(1)) — po1(D(0)) = poo(D(0)) — poo(D(1)). We can similarly point identify
the difference in true positive proportions as p11(D(1)) — p11(D(0)) = p10(D(0)) — p1o(D(1)). So, following the argument for
Theorem 1, we can point identify the difference in risk with the generic loss function as:

RHUh'I,\N+AT(£007 6017611) - RHUMAN (EOO, EOI,éll)
= (1= £11) (pro(D(1)) = pro(D(0))) + (oo — £o1) (poo(D(1)) — poo(D(0))) -

We can similarly evaluate the human-with-AI vs Al-alone and human-alone vs Al-alone systems by following the partial
identification arguments in Section D, and evaluate the decision-making systems independently directly using the results shown
in Section S10.

S3. Classification Risk of a Generic Decision-making System

In Section D, we focus on the evaluation of an Al-alone decision-making system based on the specific Al recommendation A used
in the experiment. For completeness, here we show how to evaluate the classification ability of any alternative decision-making
system D* in itself that satisfies the following conditional independence D* 1LY (0) | A, X. Define such a decision-making
system as f(a,z) :=Pr(D* =1| A =a,X = z). The classification risk of this decision-making system D" can be written as,

R(tor; D7) = E[(1—f(A,X))Pr(Y(0) = 1] A, X)+ Lo f(A, X) Pr(Y(0) = 0] A, X)].
The sharp bounds are given by the following theorem.
THEOREM S1 (SHARP BOUNDS ON THE CLASSIFICATION RISK OF A GENERIC STOCHASTIC DECISION-MAKING SYSTEM) Consider

the decision making system f(a,z) := Pr(D* = 1| A = a,X = z) that satisfies the conditional independence relation,
D* 1Y (0) | X,A. The sharp bounds on its classification risk R(£o1; D*) are given by:

R(lo1; D) € [E[(m fAX) {1 = (1 +Lon) f(A, X))} [gf(A,X) maxPr(Y =1,D =0 4,X,2 = )
+(1 = g5(A, X)){1 —maxPr(Y =0,D =0 A, X, Z = Z,)}]}
E[for - £(A,X) + {1 = (14 €o) f(A, X)} [g(4, X){1 ~ maxPr(Y =0,D = 0| 4,X,Z = )}
+(1 - gf(A7X)) ITLE%XPI‘(Y =1,D=0 | A,X,Z _ z/)]]]

where gf(a,z) = 1{1 — (1 + fo1) f(a,z) > 0}.

S4. Technical Assumptions

ASSUMPTION S1 For each z = 0,1, we have:

(IIm” (2,) = (2, |2 + [1m¥ (2,) = 1" (2,)12) * [le = é]l2 = 0p(n" %),
Im” (z,-) =¥ (2, )loo = 0p(1), [Im"”(z,-) =10" (2, )loo = 0p(1),  lle = ellow = 0p(1),

where for a given function f, |13 = E[f(X)?] and || f]lcc = sup,cx | f(2)].

Assumption S1 relates to the standard product-rate assumption for doubly-robust AIPW estimators, but it involves both
the decision and outcome models because the compound outcome W; involves the product of the decision and the outcome.” In
a randomized experiment, the propensity scores are known, and so we only require that we consistently estimate the outcome
models, with no particular rate requirement.

*To establish Theorem 2, it is sufficient to have only a rate requirement for a combination of the two models. For clarity, however, we give a somewhat stronger sufficient condition in Assumption S1.
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ASSUMPTION S2 There exist constants C > 0 and a > 0 such that:
Pr (|(1 —mP(1-2X,0)m" (1 —2,0) - (1— mD(z,x,O))mY(z,x,O)| < t) < Ct,
Pr(|(1-m"”(1-2X,0)1-m"(1-2420) - (1-m"(z20)1-m"(z2,0)| <t) < Ct*.

Larger values of the margin parameter o imply that the difference in the bounds is often large, and so it is easy to classify
which is tighter. Conversely, smaller values of @ mean that the classification problem is harder because the difference between
the bounds is often small. In the continuous case, if the covariates have a bounded density, then o >= 1 (30). Margin
conditions such as this have been used when estimating partially identified parameters (21, 31-33) and for policy learning
(23, 24, 34, 35). This margin condition, along with the following additional rate conditions, establish the asymptotical normality
of the estimated bounds.

ASSUMPTION S3 For z=0,1 and a = 0,1,

1. (Hmy(zv '70) - mY(Z’ '70)”2 + ”mD(z7 '70‘) - mD(z7 '70‘)”2) X”é(z’ ')_6(27 )H2 = 0Op (nil/Q)’ Hmy(zv .’0)_mY(Z’ '70)H00 =

OP(l)f and ||mD(Zv '70') - mD(Zv '70')"00 = Op(l)
2. (H’ﬁ”LD(Z,-,O) - mD(zv 4 0)[[oo + ||my(z: 50) — my(z7'70)||°°)1+a =% (ni%)

The first rate condition in Assumption S3 is analogous to the rate condition in Assumption S1, but for the outcome and
decision models conditional on the AI recommendation A. As before, in a randomized experiment, we only require consistency
of the outcome and decision model estimates.

In contrast, the second condition in Assumption S3 requires that we can estimate the outcome and decision models at a
sufficiently fast rate to estimate the nuisance classifiers well. The margin parameter o determines how fast the rate needs to be.
If the classification task is more difficult and « is small, then we will need to estimate the nuisance components at closer to the
parametric n~Y/? rate; if the task is easier and « is large, then the rate can be slower. However, the required rate is always
strictly slower than the parametric rate because a > 0. The knowledge of propensity score in a randomized experiment does
not remove this requirement, though we can choose what covariates to include. Including more covariates can lead to more
informative bounds, although estimation may become more challenging.

S5. Exact Expressions of the Sharp Bounds of Theorem 3

L.(x) = (1+€01){mE}XPI‘(Y:l,D:(LA:(HZ:Z/,X:I)—PI‘(Y:].,DIO|Z:Z,X:.’L‘)}
Ho{Pr(D=0,A=1|Z=2X=2)-Pr(D=1,A=0|Z=2X =)},
U.(x) = (1+£01){Pr(A—O|X—x)Pr(Y—l,D—O|Z—z,X—x)

fme}xPr(Yzo,Dzo,A:O|Z:z/,X:x)}

Ho{Pr(D=0,A=1|Z=2X=z)-Pr(D=1,A=0|Z=2X =2)}.
S6. Efficient Estimators of the Sharp Bounds

The efficient estimators of the sharp bounds are based on the following two sets of efficient estimators. The first is for the

models of Y(1 — D)(1 — A) and (1 - Y)(1 —D)(1 — A),

1{Z=2}(1-A)(1-D)
é(z, X)

?:1(Z,X,D,A,Y) = (1 — A1 —mP"(z,X,0)m" (2, X,0) + (Y —m¥ (z,X,0))

1{Z = z}(1 — A)

—m (z,X,0) 20z X)

(D —m”(z,X,0)),

1{Z =2}(1— A)(1 - D)
é(z, X)

?:0(Z,X,D,A,Y) =(1—-A) 1 —m"(zX,0)(1 —m" (2 X,0)) — (Y — Y (2, X,0))

1{Z = 2}(1 — A)

—(1—m" (2 X,0)) é(z,X)

(D —mP"(z,X,0)).
The second set is for the models of A(1 — D), and (1 — A)D,

PP(2,X,D,A) = A(1 —mP (2, X,1)) — %A(D —mP(z, X, 1)),

1{Z = 2}

~D (1 D
v0(Z,X,D,A)=(1—-A)m (z,X,0)+ 2(Z.X)

(1— A)(D —m"(z X,0)).
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As before, we remove the circumflexes to refer to the true uncentered influence functions. Finally, we estimate the upper and
lower bound as

~ 1 N N
LZ = g Z(]‘ +E()l) (@Zl(ZivX’hDi?A’ﬁm) - SOZ(Z’HX’HD’HYL’O))
i=1
+ o1 ($2(Zi, X, Di, Ai, Vi) — P20(Zi, Xi, Diy AiY))
+ (14 £o1)9r, (Xi) (Pr1-21(Zi, Xi, Di, Ai, Y:) — 021(Zs, X4, Diy A Y3))
~ 1o N N
U. = > Z(l + lo1) (9=1(Zi, X, Di, A, Yi) — 9=(Zi, X3, Dy, Y35 0))
=1

+£01$51(Z¢,X¢,D¢,A¢,Y§) + @E{)(Zi,Xi,Di,Ai,YQ)
— (14 Lo1)gu. (Xi) (P1-2,0(Zi, Xi, Di, Ai, Yi) — @z0(Zi, Xi, Di, Ai, Y3)) .

125 S7. Exact Expressions of the Asymptotic Variances of Theorem 4

Vi, =E{(1 4 Lo1)(¢=(Z, X, D, A)Y) — 0.(Z,X,D,Y;0)) + lo1 (02 (Z, X, D, A,Y) — (2, X, D, A, Y))
+ (14 €01)gr. (X) (p1-21(Z, X, D, A,Y) = :(Z, X, D, A,Y)) = L2}?],
Vo, = E{(1 4 Lo1)¢:1(Z, X, D, A,Y) = 0:(Z, X, D,Y;0) + L1 (Z, X, D, A,Y) + 950(Z, X, D, A,Y)
+ (1 +Lo1)gu. (X) (91-20(2, X, D, A,Y) = ¢0(Z, X, D, A,Y))}?.

26 S8. Minimizing the Excess Worst-case Risk

127 We take an empirical risk minimization approach and find a policy #pec that minimizes our estimate of the worst-case excess
128 risk by solving:

n

1 —~ ~
fipee € arg minﬁ 7(X5) [(1 4 o1) (Po1(Zs, X, Di, Ai, Ys) — po(Zi, Xi, Ds, Yi;0))
mell -
129 i=1 N D [Sl]
+ L1801 (Zi, Xi, Di, Ai, Vi) + Goo(Zi, Xi, Di, A, Yi)

—(1 4 Lo1)gu, (Xs) (P10(Zs, Xi, Ds, A, Yi) — @oo(Zs, Xi, Di, Ai, Yi))] .

130 Due to the lack of point identification, we bound the excess worst-case risk of the estimated policy #pec versus the population
131 policy mppe-

THEOREM S2 Under Assumptions 1, S1, S2, and S3, we have:
E[(frope(X) = mope) Uz (X)]

1
<C Z ||mY(Z/7 '70) - my(zlv '70)”2 + “mD(Z/: '70) - mD(z/f '70)”2

+ o ImY (z,) = (20 l|l2 + ImP (2, ) = 7 (2, )2 + [mP (2, -, 1) = (2, 1)|2>

X ”é - 6”2 + QC(HT?LD(, 70) - mD('v 70)”00 + ”my(v 70) - mY('7 '7O)H<>O)l+a
t

+ (1 + 727> (44 6£01) R (IT) + %:

12 with probability at least 1 — 2exp(—t2/2).

133 Theorem S2 shows that the error in the nuisance components and the complexity of the policy class control the excess worst-case
13¢  risk. In contrast to the case of the estimated Al-recommendation provision rule 7zge, however, the knowledge of the propensity
135 score is not sufficient for the estimated Al-alone decision rule 7ggc to have low excess risk. As with Theorem 4, because
136 optimizing for the worst-case excess risk involves estimating sharp bounds (and the nuisance classifier gy, (z)), the estimation
137 error of the outcome and decision models enter into the bound alone.
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S9. Lemmas

We present two lemmas used to derive sharp bounds on classification risks and their differences. These lemmas provide sharp
bounds on the two key unidentifiable quantities 0, := Pr(Y(0) =1,D =1, A =a) and &,. :=Pr(Y(0) =1,D(2) = 1,A = a).
For notational simplicity, we omit covariates. However, the two lemmas continue to hold if we condition on covariates X.

LEMMA 1 Define 0, := Pr(Y(0) = 1,D = 1, A = a) for a = 0,1. Then, under Assumption 1, its sharp bounds are given by
Oa € [0a,04] where

0o = maxPr(Y =1,D=0,A=a|Z=2)—Pr(Y =1,D=0,A=na),

z

0o = Pr(A=a)—Pr(Y =1,D=0,A=0a) —maxPr(Y =0,D=0,A=0a| Z = z).
for a=0,1. These sharp bounds can be achieved simultaneously for a =0, 1.

LEMMA 2 Define &q, :=Pr{Y(0) = 1,D(z) = 1,A = a} for a,z =0,1. Then, under Assumption 1, its sharp bounds are given
by éaz S [é‘az,&az} where

£z = mé}xPr(Y:1,D:0,A:a|Z:z/)—Pr(Y:1,D:O,A:a|Z:z),

z

o = Pr(A=a) —Pr(Y = 1,D:0,A:a|Z:z)fmz/mer(Y:O,D:O,A:a|Z:z')
for a,z=10,1. These sharp bounds can be achieved simultaneously for a = 0,1 given z =0, 1.

S$10. Separate Evaluation of Each Decision-making System

While we have focused on identifying and bounding the differences in classification risks of the three decision-making systems —
human-alone, Al-alone, and human-with-Al, it is also possible to partially identify the classification risk of each decision-making
system separately.

THEOREM S3 (SHARP BOUNDS ON THE CLASSIFICATION RISK OF EACH DECISION-MAKING SYSTEM) The sharp bounds on the
risk of each decision-making system are given by:

(a) Human-alone system:
Ruuuan(€o1) € [p10(D(0)) + Lo1 - po1(D(0)), p1o(D(0)) + Lor - po1(D(0))],
(b) Human-with-Al system
Ruvuanta1(fo1) € [pro(D(1)) + Lot - po1(D(1)), p1o(D(1)) + £Lo1 - po1(D(1))],
(c) Al-alone system:
Rai(fo1) € [mgxPr(Y =1,D=0,A=0|Z=2)+4n 'mzz/xxPr(Y =0,D=0,A=1|Z=2"),

Pr(A:O)fmz,xxPr(Y:(),Dzo,A:O|Z:z/)

lor - {Pr(A: 1) —maxPr(Y = 1,0 =0,A=1] Z = z)H :

z

where po1(D(2)) :=Pr(D=1|Z=z)— €o: — &2 and po1(D(2)) :=Pr(D=1|Z =2z) — €0z — £12 with the following upper and
lower bounds of £u := Pr{Y(0) =1,D(z) =1, A = a}:

oz = mgxPr(Y:l,D:0,A:a|Zzz’)—Pr(Yzl,DzO,A:a|Z:z),

fuz = Pr(A:a)—Pr(Y:17D:0,A:a|Z:z)—m@xPr(Y:O,D:O7A:a|Z:Z/)
fora,z=0,1.
Similarly, we can derive the partial identification bounds for non-linear classification measures, such as FNR, FPR, and FDR.
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S11. Proofs

A. Proof of Theorem 1. The law of total probability implies:
Pr(Y(0) =y) = pyi(D(2)) + pyo(D(2)), for z € {0,1}.
Then, we have:
Py1(D(1)) 4 pyo(D(1)) = py1(D(0)) + pyo(D(0)) = py1(D(1)) = pyo(D(0)) = pyo(D(0)) — py1(D(1)),
for y € {0,1}. Using this result, we obtain:
Ruvnian+a1(€01) — Ruvmax(€01) = p1o(D(1)) + Lo1po1 (D(1)) — {p10(D(0)) + Lo1po1 (D(0))}

=p10(D(1)) — p10(D(0)) + o1 {po1 (D (1)) — por(D(0))}
=p10(D(1)) — p10(D(0)) — o1 {poo(D(1)) — poo(D(0))} .
Under Assumption 1, we have
pyo(D(z)) = E[Pr{Y(0) =y,D(z) =0 X}]
= EPr{Y(0)=y,D(z)=0|Z=2,X}]
= EPr{Y=y,D=0]|Z=2z2 X}

Plugging Eq. (S3) into Eq. (S2) yields the identification formula.

B. Proof of Theorem 2. Define 3. and then rewrite it as

B=EPr(Y =1,D=0|Z=2,X)— Loy xPr(Y =0,D=0| Z =z, X)]
=E[(1 —mP(z, X))m" (2, X) — lo1 x (1 —mP” (2, X))(1 —m" (z,X))]
= E[(1 = m" (2, X)){(1 +Lor)m" (2, X) — tor}]
=E[(1 = D(z){(1 + £01)Y (2) — Lo1}]
=E[EW | X,Z =z]].

Using this, we can write the classification risk difference as Ruumanta1(€01) — Ruvman(fo1) = 81 — Bo.
Next, we define:

m(z,x;001) =EW | X =2,Z=2]=E[1—-D){(1+401)Y —lo1} | X =2, Z = z].
Then, the (uncentered) efficient influence function is given by,

1{Z =z}

=(Z, X, W; = ) T
© ( 1% 601) m(z x 401) + 6(2,X)

(W —m(z, Xi;£o1)).

Now we write the compound outcome model as
m(z,@;o1) = (1 —m” (z,2)){(1 + lor)m” (2,x) — Lor}.
Plugging this expression along with W = (1 — D){(1 4 £o1)Y — o1} into the efficient influence function yields

©0(Z,X,D,Y; 1) = (1 —m” (z, X)){(1 + Lor)m” (2, X) — lo1 }
1{Z = 2}(1 - D)

O o) L SR Y (2, X))
{0+ o () — o) TSN D - (e X)),

[52]

[S3]

Following the rubric for one-step estimators outlined in (19), it remains to show that the remainder bias is controlled
under the rate conditions in Assumption S1. Adding and subtracting terms, the bias of the one-step estimator (8, :=

Pro{$.(Z,X,D,Y;001)} is
E[3. — 5]
=E [(1 = m” (2, X)){(1 + Lor)" (2, X) — L1} — (1 = m” (2, X)) {(1 + lor)m” (2, X) — Lo1)}

+ (1 + 4o1) <ZEZ§; — 1) 1- mD(z,X))(mY(z7X) — my(z,X))

e(z, X)
é(z, X)

—{(1 4 Loy)m" (2, X) 1301}< - 1> (mP (2, X) — P (z, X))

Eli Ben-Michael, D. James Greiner, Melody Huang, Kosuke Imai, Zhichao Jiang, and Sooahn Shin
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188

+ (14 Lon)(1 = m” (2, X)) (m" (2, X) =" (2, X))
—{(1+ L) (2, X) = Lo }(m" (2, X) — " (2, X))]

=FE [(1 + Lo1) (W) (1 —mP(z, X)) (m" (z,X) =" (2, X))]

_E {{(1 + Lo )Y (2, X) — o1} (W) (mP (2, X) — mD(z,X))}

ez, X) — é(2, X) mY (x B —mP(x
=E e x) {1+ or)m™ (2, X) — Lo }(1 (2, X))
—{(1 + Lo1)m" (2, X) — bor }(1 — (2, X))] }
_E e(zigz_;()z Y 10+ o) (m” (2, X) — Y (2, X)) + bor (mP (2, X) — P (2, X))

—(L+ Lor)(m" (2, X)m” (2, X) — " (z, X)m" (2, X))] } :

Therefore, the absolute bias is bounded by

[E[B: — B:]| < C(Ilm" (z,) = " (2,) |2 + [[m” (z,-) =" (z,)]l2) x [|e(z, ) = e(z, )|z,

By Assumption S1 and (19) (Proposition 2), we can then write

Bl - BO - (51 /BO Z@l ZlaX17D27YL) SDO(ZHX’HDMK) - (ﬂl - BU) + Op (n_l/Q) .

i=1
This leads to the desired result,
A A d
Vi (B = Bo = (B1 — Bo)) — N(0,V),
where V = E[(¢1(Z,X,D,Y) — 0o(Z,X,D,Y) — (81 — 0))?].
a

C. Proof of Lemma 1. We first show that the joint distribution of (Y (0), D, Z, A) can be expressed in terms of 6, and the
observed data distribution. Since (D, Z, A) are observed, it suffices to show that Pr(Y(0) =1 | D =1, Z, A) can be expressed
in terms of 6, and the observed data distribution. We can write
Pr(Y(0)=1,A=a|Z=2) = Pr(Y(0)=1,A=nq)
= Pr(Y(0)=1,D=1,A=a)+Pr(Y(0)=1,D=0,A=a)
= 6,+Pr(Y=1,D=0,A=a),
where the first equality follows from Assumption 1. Therefore,

PriY(0)=1,D=1,A=al| Z =2)
=Pr(Y(0)=1,A=0a|Z=2)—-Pr(Y(0)=1,D=0,A=a|Z=2)
=0.,+Pr(Y=1,D=0,A=a)—Pr(Y=1,D=0,A=a| Z=2z). [S4]

This provides a unique expression of Pr(Y(0) =1,D =1,A=a | Z = 2z) in terms of §, and the observed data distribution.

Next, we derive the sharp bounds on ,. Because Assumption 1 is already incorporated in Eq. (S4), we only need to solve
the inequalities that Pr(Y(0) =1,D =1,A=a | Z = 2) lie within [0,Pr(D=1,A=a| Z = 2)]:

0<0,+Pr(Y=1,D=0,A=0a)—Pr(Y=1,D=0,A=a|Z=2)<Pr(D=1,A=a| Z=2).
This yields the following sharp lower and upper bounds:
0. > mia,XPr(Y:1,D:0,A:a|Z:z)—Pr(Y:1,D:O,A:a)7
O < mzin{Pr(Yzl,D:O,A:a\Z:z)—|—Pr(D:1,A:a|Z:z)}—Pr(Y:LD:O,A:a)
= Pr(A:a)fPr(Y:l,D:0,A:a)fmzaxPr(Yzo,D:O,A:a|Z:z).

The above derivation implies that for any observed data distribution of (Y, D, Z, A), there exists a complete data distribution
of (Y(d),D(z),Z, A) such that 0y and 01 equal their upper or lower bounds simultaneously. a
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Verifying sharpness of bounds in Lemma 1. We verify the sharpness of the bounds in Lemma 1 using an alternative method.
Specifically, given that all of our constraints are linear equalities or inequalities, we can find the sharp bounds on 6, via linear
programming.

Denote pyaa(z) =Pr(Y(0) =y, D =d,A=a | Z = z), leading to 16 values of the joint distribution Pr(Y (0) =y,D =d, A =
a,Z = z) = pyda(z) Pr(Z = z). While we can identify pyoa(2) =Pr(Y =y, D=0,A=a | Z = z) for a,y € {0, 1}, we cannot
identify py1a(2) for a,y € {0,1}. We have the following constraints corresponding to the three classes of constraints above:

1. From the observed data, we can identify Pr(A =a,D =d | Z = z) for a,d, z € {0,1}, which gives us the following four
equality constraints when D = 1:

po1a(2) + p11a(2) =Pr(A=a,D=1|Z=2), a,z€{0,1}.
2. Because the probabilities sum to one for each Z = z, we have the following two equality constraints:
po10(z) + po11(z) + p110(2) + p111(2) = 1 — {pooo(2) + poo1(2) + p1oo(2) + pro1(2)}, =z € {0,1}.

3. The assumption Z 11 (Y (0), A) implies Pr(Y(0) =y,A=a | Z=0)=Pr(Y(0)=y,A=a|Z=1) for all a,y € {0,1}.
This gives four equality constraints:

Py1a(0) — py1a(1) = pyoa (1) — Pyoa(0), a,y € {0,1}.

4. Finally, we have the non-negativity constraints pyoa(z) > 0 for all a,y,z € {0,1}. Note that the constraint that the
probabilities are bounded by 1 is redundant given the non-negativity and sum-to-one constraints.

Overall, this leads to the constraint that Ap = b and p > 0, where

P = (po10(0),po11(0), p110(0), p111(0), Po10(1), po11 (1), pr1o(1), p111(1))

is the eight dimensional vector of unknowns. A is a 10 x 8 matrix of constraints of the form

M1 010 0 0 0 0]
0101 0 0 0 0
0000 1 0 1 0
0000 0 1 0 1
q_]tr 110 0 0 o0
o000 1 1 1 1]
1000 -1 0 0 0
0100 0 -1 0 0
0010 0 0 -1 0
0001 0 0 0 -1

where the green rows correspond to the constraints imposed by observing the margins Pr(A = a,D = d | Z = z), the blue rows
correspond to the sum-to-one constraints for Z = 0 and Z = 1, and the red rows correspond to the constraint imposed by
conditional independence Z 1 (Y (0), A). The 10 dimensional vector b is given by

b=(Pr(A=0,D=1|Z=0),Pr(A=1,D=1|Z=0),P(A=0,D=1|Z=1),Pr(A=1,D=1|Z=1),

1 = (P00o(0) + poo1(0) 4 p1o0(0) + p101(0)), 1 — (pooo (1) + poo1 (1) + proo(1) + pro1(1))

Pooo(1) — pooo(0), poo1 (1) — poo1(0), p1oo(1l) — p100(0), pro1(l) — p101(0))T
Now note that we can express the parameter 6, = Pr(Y(0) =1,D =1, A =a) as

o =Pr(Y(0)=1,D=1,A=0a,Z=0)+Pr(Y(0)=1,D=1,A=a,Z =1)
= (1 =Pr(Z =1))p11a(0) + Pr(Z = 1)p11a(1)
So to find sharp bounds 6y and 6; we can solve the following linear programs:
max / min (0,0,1 — Pr(Z =1),0,0,0,Pr(Z =1),0)
st.Ap=0b, p=>0.

max /min (0,0,0,1 — Pr(Z =1),0,0,0,Pr(Z = 1))
st.Ap=10b, p>0.

There are 10 equations and 8 unknowns so some of the equality constraints are redundant. The matrix A has rank 6, so we
can reduce to the following 6 linearly independent constraints:

p010(0) + p110(0)=Pr(A=0,D=1|Z =0)

Eli Ben-Michael, D. James Greiner, Melody Huang, Kosuke Imai, Zhichao Jiang, and Sooahn Shin 9 of 36
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(0)+p(O)=PrA=1,D=1] 2 =0)
po1o(1) + p110(1)=Pr(A=0,D=1|Z=1)
poii(l) +pii(1)=Pr(A=1,D=1|Z=1)
(0) = pr10(1)
(0) —pina(1)

p011(0) + p111(0

p110(0 p1io(l pm[)( ) pm[)(o)

p111(0 p111(1 :pml( ) P1(11(0)~

Now note that these constraints decouple for a = 0 and a = 1 so we can solve two separate smaller linear programs, one fo~r
each value of a, to solve for sharp bounds on 6, simultaneously. We can encode these constraints as a reduced 3x4 matrix A:
1 1 0 O
A=10 0 1 1
01 0 -1

and the corresponding reduced right hand side constraint vector
b=(Pr(A=a,D=1|2Z=0),Pr(A=a,D=1|Z=1),p10a(1) — p10a(0)) "
Redefining the vector of unknowns as p = (po14(0), p11a(0), po1a(1), P11a(1)) T, the reduced program is

max /min (1 — Pr(Z = 1))p114(0) + Pr(Z = 1)p114(1)
s.t. Ap = l~), p > 0.

This is a linear program in standard form, and so the optimal solution can be written in terms of an optimal basic feasible
solution. For a set of basis elements B = {i1, 12,43}, define AB as the 3x3 submatrix of A that has the columns indexed by B
and pp as the subvector of p with elements indexed by B. If Ap is non-singular and A;Z; > 0, the basic feasible solution
defined by the basis B is pp = Aglg and p; =0 for all ¢ ¢ B.

Since the linear program achieves its optimal value at at least one basic feasible solution, to find sharp bounds on 8, we can
directly enumerate all possible bases (or equivalently, all vertices of the polyhedron defined by the constraints Ap = b and
p > 0). There are (3) = 4 possible bases. For each of these bases, we can compute the corresponding basic feasible solution
and what the value of 8, is for this solution.

The four basic solutions are:

plOa(O) _ploa(l) + PI‘(A = 0,7D =1 | 7 = O)
(i) _ P10a(1l) — p1oa(0)
p Pr(A=a,D=1|Z=1) ’
0

P10a(0) = proa(1) + Pr(A=a,D=1|Z=0)—Pr(A=aq,D=1|Z=1)
p(”) _ plOa(l) — pma(O) + PI‘(A = a,D =1 ‘ 7 = 1)
o 0

Pr(A=a,D=1|Z=1)

Pr(A=a,D=1|2Z=0)

Pl = 0

p10a(l) = p10a(0) + Pr(A=a,D=1]|2Z2=1) |’
P10a(0) — p1oa(l)

0

(iv) _ Pr(A=a,D=1|2Z=0)

P = proa(1) = pr1oa(0) + Pr(A=a,D=1|Z=1)—Pr(A=a,D=1| Z=0)
p10a(0) — p10a(l) + Pr(A=a,D=1[Z=0)

We now plug these possibilities into the expression for 6,, noting that due to the constraint that p114(0) = p11a(1) + p1oa(1) —
P1a0(0), we can write 0, as
0o = p11a(1) + proa(1) = Pr(Y =1,D =0,A = a),

so we can simply plug in the value of p114(1) from each basic solution. This gives the following four possibilities:
0) =Pr(Y=1,D=0,A=a|Z=1)—Pr(Y =1,D=0,4 = a),

00" = Pr(A ) Pr(Y =0,D=0,A=a|Z=1)—Pr(Y =1,D=0,A=a),

0 =Pr(Y =1,D=0,A=a| Z=0)—Pr(Y =1,D =0,A = a),

6" = Pr(A ) Pr(Y=0,D=0,A=a|Z=0)—Pr(Y =1,D=0,A4 =q).
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Now note that 659 — 0% = Pr(A=a,D=1|Z=1)>0and o5 — gl = Pr(A=a,D=1]|Z=0) >0, so the maximum
value is either 65 or 88" and the minimum value is either 0% or L)

Finally, we check feasibility. Note that p™ and p() cannot both be feasible. If 0 < p1oa(1) — proa(0) < Pr(A=a,D =1
Z = 0) then the minimal solution is 09 and if —Pr(A=a,D=1|Z=1) < p1oa(1) — p10a(0) < 0, then the minimal solution
is 90" This gives that the sharp lower bound on 6, is

maxPr(Y =1,D=0,A=a|Z=2)—-Pr(Y =1,D=0,A=a).

Similarly p@? and p") cannot both be feasible at the same time. Note that since pooa(2) + p1oa(z) = Pr(D =0,A=a | Z = 2)
and Z1L(Y (0), A), we have

010a(0) = p10a(1) + Pr(A=a,D=1|Z2=0)—-Pr(A=a,D=1|Z=1)
=Pr(A=a|Z=0)-Pr(A=a|Z=1)+ pooa(l) — pooa(0)
=pooa(1l) — pooa(0),

and similarly that

plDa(l) —pwa(O) +PI‘(A = a,D =1 ‘ Z = 1) = PI‘(D = 1,A =a | Z = O) +p00a(0) _pOOa(l)
P10a(0) — p1oa(1) + Pr(A=a,D =1| Z =0) = pooa(l) — pooa(0) + Pr(A=a,D=1,| Z =1).

So, if 0 < pooa(1) — pooa(0) < Pr(A =a,D =1|Z = 0) then the maximal solution is 00 and if —Pr(A=a,D=1|2Z=1)<
Pooa(1) — pooa(0) < 0, then the maximal solution is #**). This gives that the sharp upper bound on 6, is

Pr(A=a)—-Pr(Y =1,D=0,A=a) —maxPr(Y =0,D=0,A=a| Z = z2).

which matches exactly with the bounds in Lemma 1. This verifies the sharpness of our bounds.

Finally, note that this analysis yields additional feasibility constraints that —Pr(A=a,D =1|Z =1) < p19a(1) —p10a(0) <
Pr(A=a,D=1|2Z=0)and —Pr(A=a,D=1]|Z =1) < pooa(l) — pooa(0) < Pr(A =a,D =1| Z = 0). These
are conditions that ensure the sharp lower bound is less than or equal to the sharp upper bound, i.e. that 951“’) > Hl(f) and
9((1“) > 0£iii) (we have already seen that 91(1“‘) > Géi) and 0((1“)) > Héiii)). If these feasibility conditions are not satisfied then the
lower bound will be above the upper bound, indicating that there is a failure of some assumptions of the model, for instance if
Z is not independent of Y(0) and A or if Z has a direct effect on the outcome.

D. Proof of Lemma 2. By combining Lemma 1 with Eq. (S4), the desired sharp bounds on Pr(Y(0) =1,D(z) =1,A=a) =
Pr(Y(0)=1,D =1,A =a| Z = z) follow immediately. These bounds can also be attained simultaneously for z = 0, 1, because
the bounds on 6y and 61 can be attained simultaneously (Lemma 1). O

E. Proof of Theorem 3. To simplify the notation, we will focus on bounding the quantities without conditioning on the
covariates X (and assuming that provision Z is independent of (A, {Dz),Y(d)}. act0,13))- The proof conditional on X is
analogous. We express the risks under the three decision-making systems in terms of the observed data distribution and
Pr(Y(0) =1,D(z) =1, A = a). For the Al-alone system, we have

RA1(€01) = PI“(Y(O) =1, A= 0) + o1 X PI"(Y(O) = O,A = 1)
= Pr(Y=1,D=0,A=0|Z=2)+Pr(Y(0)=1,D(2) =1,A=0)+
+o1 X{Pr(Y =0,D=0,A=1|Z=2)+Pr(Y(0)=0,D(2) =1,A=1)}. [S5]

The second equality holds for both z = 0,1 due to independence between (Y (0), A) and Z. Similarly, for the human-alone
system, we have

RHUMAI\'(Eol) = PI‘(Y = l,D =0 ‘ 7 = 0)

S6
+ o1 x {Pr(Y(0) =0,D(0)=1,A=1)+Pr(Y(0)=0,D(0)=1,A=0)}. [56]

Finally, for the human-with-Al system, we have
RHUMAN+AI(‘€01) = PT(Y = 1, D=0 | Z = 1) [87]

+lo1 x {Pr(Y(0) =0,D(1)=1,A=1)+Pr(Y(0) =0,D(1) =1, A =0)}.
From Eq. (S5) with z = 0 and Eq. (S6), we have

Ra1(€o1) — Ruvman (bo1)

— Pr(Y(0)=1,D(0)=1,A=0)+Pr(Y =1,D=0,A=0|Z=0)—Pr(Y =1,D=0] Z = 0)
+o1 x {Pr(Y =0,D=0,A=1|Z=0)—-Pr(Y(0)=0,D(0) =1,A =0)}

= Pr(Y(0)=1,D(0)=1,A=0)-Pr(Y=1,D=0,A=1|Z=0)
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+lo1 X {Pr(Y =0,D=0,A=1|Z =0)—Pr(D(0) =1,4=0)+Pr(Y(0)=1,D(0) = 1,4 = 0)}
= (1+€0) xPr(Y(0)=1,D(0)=1,A=0)—Pr(Y =1,D=0,A=1]| Z =0)

oy X {Pr(Y =0,D=0,A=1|Z=0)-Pr(D=1,A=0] Z =0)}
= (1+00n) x {Pr(Y(0)=1,D(0)=1,A=0)—Pr(Y =1,D =0,A=1| Z = 0)}

oy x {Pr(D=0,A=1]|Z=0)—Pr(D=1,A=0] Z=0)}.

Using Lemma 2, we obtain
Ra1(£o1) — Ruuwax(fo1)
> (14 Llo) X {mgxPr(Y: 1,LD=0,A=0|Z=2)—Pr(Y =1,D=0| Z:O)}
+lo1 x {Pr(D=0,A=1|Z=0)-Pr(D=1,A=0|2=0)}
and
Ra1(€o1) — Ruvman (bo1)
< (1+44o) x {Pr(A:O)—Pr(Y:l,D:O|Z:O)—mzaxPr(Y:O,D:O,A:O|Z:z)}
oy x {Pr(D=0,A=1]Z=0)—Pr(D=1,A=0]Z =0)}.
Similarly, from Eq. (S5) with z =1 and Eq. (S7), we have

Ra1(£o1) — Ruuman+a1(£o1)
= (1+£o) x {Pr(Y(0)=1,D(1) =1,A=0)—Pr(Y =1,D=0,A=1|Z =1)}
oy x {Pr(D=0,A=1]|Z=1)—-Pr(D=1,A=0]| Z=1)}.

Again, using Lemma 2, we have the desired result:

Ra1(o1) — Ruvwan+a1(€o1)
> (14 Llo) x {m?XPr(Y: LD=0,A=0|Z=2)—Pr(Y =1,D=0| Z:l)}
oy x {Pr(D=0,A=1|Z=1)—-Pr(D=1,A=0|Z=1)}
and

Ra1(£o1) — Ruuman+a1(fo1)
< (14fo) x {Pr(A:O)—Pr(Y:LD:O|Z:l)—maxPr(Y:O,D:O,A:O|Z:z)}
oy x {Pr(D=0,A=1|Z=1)-Py(D=1,A=0|Z=1)}.

F. Proof of Theorem 4. Beginning with the lower bound, we write
E[L-(X)]
=(14+4l1)EPr(Y=1,D=0,A=0|Z=2,X)-Pr(Y=1,D=0|Z =2X)]
+ L EPr(D=0,A=1|Z=2X)-Pr(D=1,A=0]|Z =2, X)]
+ 1+ lo1)Eg(X)(Pr(Y =1,D=0,A=0|Z2=1-2X)—-Pr(Y=1,D=0,A=0]| Z =2,X))]
=(1+ f01)19{2 + L1095, + 1+ f01)193LZ7

where

01, =E [(1—m*(X)) {1 = m"(2,X,0))m" (2,X,0) — (1 = m" (2, X))m" (2, X) }] ,
95, =E [m*(X) {1-mP”(z, X,1) — (1 - m*(X))m"” (2, X,0)}],
0%, = E [gr. (X)(1 —m* (X)) {(1 —=m" (1 -2, X,0))m" (1 — 2,X,0) — (1 - m" (2, X,0))m" (2, X,0) }] .

We show how to estimate each in turn. First, we estimate 9%, as

n

~ 1 ~ ~
. = - Z (p=1(Zs, Xi, Di, A3 Ys) — ¢-(Z;, Xi, Ds, Y5;0))

=1
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In the proof of Theorem 2, we have controlled the second term, so it suffices to consider the first term. Note that it
is equivalent to the AIPW estimate with the compound outcome W = (1 — D)Y restricted to where A = 0, because
EW | X =22 =2 =(1-mP"(z,2,0)m"(2,2,0), AILZ | X, and the (uncentered) efficient influence function is

QOzl(Z7X7fW/) =(1- )(1 - D(Z X, 0))mY(Z7X>O)

MZ=232A) (- Dy — (1= mP (s, X, 0)m” (2, X,0)}

T

=(1-A4)(1-mP"(z,X,0)m" (z,X,0) + 1z = Zi((lzv_;)‘)(l — D) (Y —m” (2, X,0))

U Z=z}(1-Am"(z,X,0) P (s
(=, X) (D (2,X,0)).

Now, we control the remainder bias term,
E[@:1(Z,X,D,A,Y) — (1 —m™(X))(1 — m"” (2, X,0))m" (2, X, 0)]
=E [( —m* (X)) {(1 —mP(z,X,0)m" (2, X,0) — (1 —m”(z,X,0)m" (2, X, 0)}]

—HE[(l—mA(X)) ez )0~ - X)(Z’X’O))(my(z,X,O)—my(z,X,O))]

_E [(1 —mA(X))m" (2, X, 0) ée(zz ()2) (mP (2, X,0) — " (X, 0))}

where m*(z) := Pr(A=1| D =0, X = z). Following the proof of Theorem 2, this is equal to

E [(1 A (X)) (W) (1= m® (2 X,0)(m” (2, X) - m"mx»}
+E [(1 — A (X)) - Y (2, X,0)) <e(“2_(zx)) (m® (2, X,0) = (2, X, 0))}
<C(|m” (z,-,0) = ¥ (z,-,0)l|2 + |m"” (z,-,0) =" (z,-,0)|2) x [|é(z,-) — e(2,")]|2

287 Next, we estimate 9%, with
n

05 = -3 B0 (20, X, Diy A, Vi) — B8 (21, X, D, A ).

288
i=1

This is the standard ATPW estimator for the mean of (1 — D(2)) restricted to A = 1 (p2}) minus the mean of D(z) restricted
to A=0 (QZDO) From the standard product term decomposition for the doubly robust estimator of a mean with missing

outcomes, we can see that the bias is

B[}, - 0] = E {(1 () (( e )> (mP (2, X,0) = (2, X, 0))}

+E [mA(X) (W) (mP (2, X, 1) — mD(z,X,l))]

é(z, X)
< C ([Im”(2,-,0) = (2, 0)[l2 + [m” (z,-,1) = " (z,-, Dll2) x [|é(z,-) = e(2, )2
289 Finally, we estimate 9%, with
05, = ZgL (P1-20(Zi, Xi, Diy Ai, Yi) = $21(Zi, X, Diy Ai, Yi))

To make the results more compact, let
f(z) = (1 —m*()) {(1 —mP(1—2z,2,0)m" (1 —z0) —(1— mD(z,x,O))mY(z,x,O)} ,
fz) =1 —m*()) <[(1 —mP(1—2z,2,0)m" (1 —2z0) — (1—m"(z2z0)n" (2,2, 0)} .

To compute the bias, notice that

E[/@éz - 1932] =K [ng (X) (;51*271(27 Xa D7 A7 Y) - a21(Za X7 D7A7 Y))] - E[ng (X)f(X)]
[( X) —9L. (X)) f(X)} +]E [.ng(X) (;51—271(2, X3D7A7 Y) - {521(23 X7D7A’Y) - f(X))]
( -9

[(922(X) = gr. (X)) F(X)]
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+C (Z Hmy(z/v 50) — my(z/: '70)H2 + HmD(Zlv '70) - mD(Zlv '70)”2> X Hé(zv ) = 6(Z7 )H2

z'=0

where the final inequality follows from the same arguments about 9%, above. Next, notice that gz (z) = 1{f(x) > 0}, and if

gL, (z) # gr. (), then
f ()] < |£(z) — f(=)]
Pa

<N =mP1=2z2z,0m"(1-220) —1—-mn"1-zz2z0)m" (1-zu1z0)]
+|1—m (z,a:,O)m (z,x,O)—(l—m (z,x,O)m (z,,0)]

< 2max |mP (2, z,0) —mP (2, x,0)| + 2max Y (2, z,0) —mY (2, z,0)|.

Following the argument in (30), this implies that

E[(§1-(X) — gr. (X)) F(X)]
<E[1{ge-(X )aégm XN
S E[L{|f(X)] < IF(X) = FXOI}I( )]
<E[1{|f(X)| < |f(X f( )HA(X) = F(X)]
< 2(|m”(--,0) —m ( s 0)lloo + [l (- ) mY (-, 0)]loo) Pr(|£(X)] < [£(X) = (X))
<20(|m” (-, 0) = m"( ~,-70>||oo+|\m (5 0) =m" (-, 0)]loe)'

Putting together the pieces, under Assumptions S1, S2, and S3, we have

—~ 1 —
LZ = E Z(l +£Ol)(8021(Z7;’X7La D’L)A’HY;) - SDZ(ZHXHD’H}/’HO))

+€01(4Ple(Zi7Xi,Di,Ai,Yi) - @Z](ZininiaAth))
+ (L +Lo1)gr. (Xi) (1-21(Zi, Xi, Di, Ai, Vi) — par (Zi, Xiy Diy As, Vi) + 0p (0 1/?),
201 Thus, we have the desired result,
V(L. — L.) -5 N(0,Vi.),
where
Vi, =E [{(1 4+ £o1)(¢=(Z, X, D, A,Y) — 0.(Z,X,D,Y;0)) + Lor(¢21(Z, X, D, A,Y) — v20(Z, X, D, AY))
+(L+ Lor)gr. (X) (p1-21(Z, X, D, A)Y) — ¢:(Z,X,D,A,Y)) — L.}*] .
Turning to the upper bound, notice that
E[U-(X)]
=(1+Lo)E [(1 - m* (X)) = m” (2, X)m" (2, X) — (1 = m™*(X))(1 —m" (2, X,0))(1 — m" (2, X,0))]
+ Lo E [m*(X)(1 - mP(z,X,1)) — (1 - m*(X))m" (2, X,0)]
+ (14 £o1)E[gu. (X)(1 — m* (X))
x{(1=m”(1—-2X,0)(1-m"(1-2X,0) - (1—-mP"(zX,0)(1 —m" (2 X,0))}]
=(1—401)E [(1 —-mA(X)(1 —mP(z, X,00m" (2, X,0) — (1 — mD(z,X))mY(z,X)]
+ L1 E[m™ (X)(1 — mP (2, X, 1))] + E[(1 — m*(X)m” (2, X, 0))]
— (1 4 £o1)E[gu. (X)(1 — m™ (X))
x {(1=mP(1—2X,0)(1 —m" (1 -2X,0)) — (1 —m"(z,X,0)(1 —m" (z,X,0))}]
=(1+ o1)¥%. + 95, — (1+ o1)V5-,

)
)

where
79?2 =E[(1 - mA(X))(l — mD(z,X, O)mY(z,X7 0)—(1- mD(z,X))mY(z,X)}
VY, = b1 E[m™ (X)(1 — mP (2, X, 1))] + E[(1 — m*(X)mP” (2, X, 0))]
95, = Elgu. (X)(1 — m™(X))((1 —m” (1 — 2, X,0)(1 —m" (1 - 2,X,0)) — (1 - m”(2,X,0)(1 —m"” (2, X,0))))]
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Notice that 9¥, = 9¥, above, which we have already analyzed. Next, we estimate 95, with
1 n
19;]2 = E Z EOIS/’SZDI (ZZ7 Xi7 Di7 Aia YZ) + ;O\EO(ZM Xi, Di7 Ai7 le)
i=1
Following the decomposition for 1§2LZ — 9%, above, we can see that
E["ggz - ﬁgz] S C (HmD(zv ) 0) - mD(za ,O)HQ + ||mD(Z7 N 1) - mD(Zv B 1)”2) X ||é(Z, ) - 6(2’, ')H27

for some C' > 0. Finally, we estimate 95, with
. I~ . N
95, = - ZQUZ (X3) (p1-2,0(Zs, Xi, Ds, Ai Ys) — ©20(Zs, X, Diy As, Y5))
i=1

The analysis of E[JY, — 95,] follows that of E[J%, — 9%.], with 1 —mY (2, X, 0) and 1 — mY (2, X, 0) replacing m" (z, X, 0) and
mY (z, X, 0) throughout. Putting together the pieces as with L. above gives the desired result.
O

G. Proof of Theorem 5. Denote the objective in Eq. (3) as }A{Rm(ﬂ'; lo1). Notice that

RR,E(:(ﬁREc; 601) - RREC (W:Ed ‘601)

= RREC(ﬁ'I(EC; 601) - f'zm-:c (ﬁ'uh‘c; 601) + lec(ﬁ'nb‘c; ZOI) - RREC(TF;EC; 601)

<0
+ R[{EC (W;EC; 601) - Rch(ﬂ';Ec; ZOl)
< 2sup |RREC(7T; e()l) - RR,EC(7U ‘601)‘
well
< 2sup |RREC(7TQ 501) - E[RREC(W; 501)“ + 2 sup ‘E[RREC(W; 501)] - RREC(W; ZOI)|7
well well

where the first inequality uses the fact that # minimizes RREC(W;K(H). Now, RREC(W;AE(H) — E[RREC(TF;&H)] is a mean-zero
empirical process. In addition, note that since A, D,Y are all binary, the elements of Rgzsc are bounded by (1 + %) (14 o).
Therefore, by (36), Theorem 4.2,

t

2sup |V (r) — E[V(r)] < (1 - ;‘;) (L+ Lon)Rn (I1) + —=,

mwell

with probability at least 1 — exp (7%)

It remains to control sup, |]E[ﬁfRE0(7T;£01 )] — Ruwc(m;£01)|- Recall that we have bounded each of the components of
IE[]%REC (75 €01)] — Rrec(m; €o1) in the proof of Theorem 2. Combining those bounds, along with the fact that «(z) € [0, 1] for all
x € X, gives the result.

O

H. Proof of Theorem S1. We first derive the sharp bounds on Pr(Y (0) = 1| A). We can express this quantity in terms of 6
and 6Oo:

Pr(Y(0)=1|A=a) = Pr(Y(O):1,D:1,A:P;L()A+:Plc“l()Y(0):I,D:O,A:a)
0. +Pr(Y=1,D=0,A=aq)
a Pr(A =a) '

From Lemma 1, we have the sharp bounds on Pr(Y(0) =1| A = a):

Pr(Y(0)=1|A=a) maxPr(Y =1,D=0[A=qa,Z =2

z

l—maxPr(Y =0,D=0[A=a,Z=2).

z

>
Pr(Y(0)=1|A=a) <

Following the similar procedure with X in the conditioning set, we can obtain the bounds on Pr(Y(0) =1| A =a,X):

PriY(0)=1|A=a,X) > m@xPr(Y:l,D:O|A:a,X,Z:z')

Pr(Y(0)=1|A=a,X) < l—mz}xPr(Y:O7D:0|A:a,X7Z:z').

z
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Observe that we can write the expression of R({o1; D*) as follows:

R(lo1;D*) = E[{1— f(A X)}Pr(Y(0)=1]A,X)+ Lo f(A, X)Pr(Y(0) =0 | A, X)]
= Elfor- f(A,X)+ {1 - (1+£01)f(AX)}Pr(Y(0) = 1] A, X)].

Plugging the bounds on Pr(Y(0) = 1| A = a, X) into the expression, we have the bounds on R(fo1; D*):
R(lo1; D*) > E[zm CFAX) + {1 = (14 Lo) (A, X))} [g5(A, X) maxPr(Y =1,D=0]4,X,Z =)
H{1 = g7 (A, X)H1 = maxPr(Y =0,D = 0] A, X, Z = 2}
R(fo1; D) < E[ém CFAX) + {1 — (1 + Lo f(A, X))} [gp(A, X){1 - maxPr(Y =0,D =04, X, 7 = 2}
+H{1 = g7(4, X)}maxPr(Y =1,D =0 A, X, Z = z')ﬂ.
where g¢(a,z) = 1{1 — (1 + o1) f(a,xz) > 0}. O

I. Proof of Theorem S2. Define V() as the objective in Eq. (S1) and V (r) = E[x(X)U.(X)]. Following the proof of Theorem 5,
notice that

V(&) = V(x") < 2sup |V(r) - V(r)|

< 2sup [V (m) — E[V(m)]| + 2 sup B[V (m)] = V()]

because T minimizes V(7). As in the proof of Theorem 5, V(m) — E[V(7)] is a mean-zero empirical process and since 4, D,Y
are all binary, the elements of V' are bounded by (1 + %) (4 + 6£o1)." Therefore, by (36), Theorem 4.2,

2sup |V (r) —E[V(n)] < (1 +

well

t
) (4 + 6£01)Rn(II) + T

I N

with probability at least 1 — exp (7%)

It remains to control sup, ¢y |E[V (7)]—V (x)]. To do so, notice that we have bounded each of the components of E[V (x)]—V (r)
in the proof of Theorem 4. Combining those bounds, along with the fact that w(z) € [0,1] for all z € X, gives the desired result.
d

J. Proof of Theorem S3. The proof follows immediately from Lemma 2. a

S12. Prompt Used for the Large Language Model

You are a judge in Dane County, Madison, Wisconsin and are asked to decide whether or not an arrestee should be released
on their own recognizance or be required to post a cash bail. If you think the risk of unnecessary incarceration is too high,
then the arrestee should receive own recognizance release. On the other hand, you should assign cash bail if the following
risks are too high: the risk of failure to appear at subsequent court dates, the risk of engaging in new criminal activity, and
the risk of engaging in new violent criminal activity. You are provided with the following 12 characteristics about an arrestee
(label - description): [description of PSA inputs]. This arrestee has the following characteristics (label - arrestee’s value):
[arrestee’s PSA inputs]. Should this arrestee be released on their own recognizance or given cash bail? Please provide your
answer in binary form (0 for released on their own recognizance and 1 for cash bail), followed by a detailed explanation of your
decision. Example: binary decision - reason.

o see this, note that ©021(Z;,X;,D;,A;,Y;)| <1+ % and similarly for the other components of V (7).
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xs S13. Additional Empirical Results

Agreement between Human Decisions and PSA Recommendations
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Fig. S1. Subgroup Analysis of Estimated Impact of Al Recommendations on Agreement between Human Decisions and Al Recommendations. The figure shows the extent of
agreement between judges and Al recommendations when provided to the judges, compared to when it is not. Each panel presents overall and subgroup-specific results using
the difference in means estimates of an indicator 1{D; = A; }. For each quantity of interest, we report a point estimate and its corresponding 95% confidence interval for
the overall sample (red circle), non-white and white subgroups (blue triangle), and female and male subgroups (green square). The results show that judges agree with Al
recommendations more often, especially for white and male arrestees.

Eli Ben-Michael, D. James Greiner, Melody Huang, Kosuke Imai, Zhichao Jiang, and Sooahn Shin 17 of 36



True Negative Proportion (TNP) False Negative Proportion (FNP) TNP - FNP
0.50
ET
e
5]
0.251 =
< £
n S
o I
S
OO + N S T A + ++-|i
Q
(o]
o
=
-0.25 1 5
o
<
%)
n-l/
-0.50 41
Ovérall Non—lwhite erme Fenlwale Mé\le Ovérall Non—lwhite Wt;ite Fenl1a|e Melile Ovérall Non—lwhite er1ite Ferrl1ale Mé\le

Fig. S2. Subgroup Analysis of Estimated Impact of Al Recommendations on Human Decisions for the Cases where Al Recommends Cash Bail (A = 1). The figure shows how
the human judge overrides the Al recommendation of cash bail in terms of true negative proportion (TNP), false negative proportion (FNP), and their differences. We adjust
for the baseline disagreement between the human-alone and Al-alone systems by setting the human-alone system as the baseline. Each panel presents the overall and
subgroup-specific results for a different outcome variable. For each quantity of interest, we report a point estimate and its corresponding 95% confidence interval for the overall
sample (red circle), non-white and white subgroups (blue triangle), and female and male subgroups (green square). The results shows no statistically significant evidence that
the judge correctly overrides the Al recommendation of cash bail.
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Fig. S3. Subgroup Analysis of Estimated Impact of Al Recommendations on Human Decisions for the Cases where Al Recommends Signature Bond (A = 0). The figure
shows how human judge overrides the Al recommendation of signature bond in terms of true positive proportion (TPP), false positive proportion (FPP), and their differences.
We adjust for the baseline disagreement between the human-alone and Al-alone systems by setting the human-alone system as the baseline. Each panel presents the overall
and subgroup-specific results for a different outcome variable. For each quantity of interest, we report a point estimate and its corresponding 95% confidence interval for the
overall sample (red circle), non-white and white subgroups (blue triangle), and female and male subgroups (green square). The results show no statistically significant evidence
that the judge correctly overrides the Al recommendation of signature bond.
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Fig. S4. Estimated Bounds on Difference in Classification Ability between Al-alone and Human-with-Al Decision Making Systems. The figure shows misclassification rate, false
negative proportion, and false positive proportion. Each panel presents the overall and subgroup-specific results for a different outcome variable. For each quantity of interest,
we report estimated bounds (thick lines) and their corresponding 95% confidence interval (thin lines) for the overall sample (red), non-white and white subgroups (blue), and
female and male subgroups (green). The results indicate that Al-alone decisions are less accurate than human judge’s decisions with Al recommendations in terms of the false

positive proportion.
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Fig. S5. Estimated Preference for Human-with-Al over Al Decision-Making Systems. The figure illustrates the range of the ratio of the loss between false positives and false
negatives, £o1, for which one decision-making system is preferable over the other. A greater value of the ratio £y implies a greater loss of false positive relative to that of false
negative. Each panel displays the overall and subgroup-specific results for different outcome variables. For each quantity of interest, we show the range of £¢; that corresponds
to the preferred decision-making system; human-with-Al (green lines), and ambiguous (dotted lines). The results suggest that the human-with-Al system is preferred over the
Al-alone system when the loss of false positive is about the same as or greater than that of false negative. The Al-alone system is never preferred within the specified range of
501.
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Fig. S6. Estimated Bounds on the Difference in Classification Ability between Llama3 and Human-alone Decisions. The figure shows the differences in terms of misclassification
rate, false negative proportion, and false positive proportion. Each panel presents the overall and subgroup-specific results. For each quantity of interest, we report estimated
bounds (thick lines) and their corresponding 95% confidence interval (thin lines) for the overall sample (red), non-white and white subgroups (blue), and female and male
subgroups (green). The results indicate that Llama3 decisions are less accurate than human judge’s decisions in terms of the false positive proportion and the overall
misclassification rate.

22 of 36 Eli Ben-Michael, D. James Greiner, Melody Huang, Kosuke Imai, Zhichao Jiang, and Sooahn Shin



Table S1. Estimated Values of the Empirical Risk Minimization Problem under the Optimal Policy. The table presents the estimated values
of the empirical risk minimization problem as described in Eq. (3) for the second and third columns, and in Eq. (4) for the fourth and fifth
columns. The second and fourth columns correspond to the results regarding policy class with an increasing monotonicity constraint, while
the third and fifth columns represent those with a decreasing monotonicity constraint. For instance, for the NCA as an outcome, the optimal
policy regarding whether to provide PSA recommendations with the increasing monotonicity constraint results in a 0.0101 decrease in the
difference in misclassification rate relative to not providing PSA recommendations.

Whether to provide Whether to follow

Outcome  Increasing  Decreasing Increasing  Decreasing

NCA -0.0101 -0.0085 -0.0035 0
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S14. Power Analysis

When designing their own experiments, researchers can use the results in the main text to perform a power analysis. For
example, consider the setting in which researchers are interested in estimating the difference in classification risk between the
human-with-AI and human-alone decision-making systems. Formally, let T denote the test statistic under the null hypothesis
that 8 =0 (i.e., there is no difference in the risks between humans with Al and humans alone:

T - B0
! V/Vn
Denoting power as B(8):

B(8") = Ps= (T\” > ka)

YA
- @(ka VW), 58]

where the second line is due to the asymptotic normality of B (i.e., Theorem 2), and k. corresponds to a critical value at a
specified « value.

We can apply this power analysis to our preliminary data (see Table S2), analyzed in the main manuscript. We calibrate V'
using our preliminary data. Researchers can also invert Eq. (S8) to solve for the minimum sample size needed for a specified
power B(8):

n> % (ko — {1 - B(8")})
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Table S2. Example of a power analysis for difference in risk. We calibrate V' using our preliminary sample (where the estimated standard
error is 0.036).

Difference in Risk
Sample Size | 0.01 0.05 0.1 0.15 0.2 0.35
100 0.03 005 009 0.16 025 0.61
250 0.03 0.07 0.17 033 053 094
500 0.03 0.1 0.30 057 082 1.00
1000 0.04 0.17 053 086 098 1.00
2000 0.05 030 082 099 1.00 1.00
5000 0.07 062 099 1.00 1.00 1.00
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S15. No Cash Bail Decisions

What happens if we never assign a cash bail decision to an arrestee? We use the proposed methodology to compare the
classification performance of no cash bail decisions to that of human decisions. This analysis is of interest given that the efficacy
of cash bail in deterring negative behavior is hotly debated (e.g., 37). Following the methodology introduced in Section 1.D.,
we invert the hypothesis test using the bounds on the difference in classification risk to estimate the range of the relative loss of
false positives (£o1) that would lead us to prefer the no-cash-bail decisions over human-alone decisions and vice versa.

Figure S7 shows that no-cash-bail decisions are preferred over the human-alone system when the cost of false positives is
roughly more than twice as high as that of false negatives. For non-white and male arrestees, however, when the cost of false
negatives is substantially higher than that of false positives, human decisions are preferred over the no-cash-bail decisions. For
instance, for non-white arrestees, the no-cash-bail decisions are preferred over the human-alone decisions when ¢y; > 1.87,
whereas the human-alone system is preferred when ¢o1 < 0.092. Similar results are obtained for male arrestees. This finding
is due to the fact that the judge’s decisions result in substantially higher false positive rates compared to the no-cash-bail
decisions across various outcomes and subgroups, while the false negative rate is statistically significantly lower in the judge’s
decisions for non-white and male arrestees (see Figure S8).
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Fig. S7. Estimated Preference for Human-alone Decisions over No-cash-bail Decisions. The figure illustrates the range of the relative loss between false positives and false
negatives, £o1, for which one decision-making system is preferable over the other. A greater value of the ratio £y implies a greater loss of false positive relative to that of false
negative. Each panel displays the overall and subgroup-specific results for different outcome variables. For each quantity of interest, we show the range of £¢; that corresponds
to the preferred decision-making system; no-cash-bail (pink lines), human-alone (green lines), and ambiguous (dotted lines). The results suggest that the no-cash-bail system is
preferred over the human-alone system when the loss of false positive is approximately more than twice higher than that of false negative.
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Fig. S8. Estimated Bounds on Difference in Classification Ability between no-cash-bail and Human-alone Decisions. The figure shows the misclassification rate, false negative
proportion, and false positive proportion. Each panel presents the overall and subgroup-specific results for a different outcome variable. For each quantity of interest, we report
estimated bounds (thick lines) and their corresponding 95% confidence interval (thin lines) for the overall sample (red), non-white and white subgroups (blue), and female and
male subgroups (green). The results indicate that human judge’s decisions are less accurate than no-cash decisions in terms of the false positive proportion.
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S16. Another Application Study

In this section, we apply our proposed methodology to the data from (38) to evaluate the accuracy of decisions made by
crowdworkers who were tasked with the prediction of future re-arrests of criminal offenders, with and without the assistance of
an algorithmic recommendation tool.

This application differs from the one presented in the main text in important ways. In particular, the actual decisions were
made by one decision-maker, and as a result, there was no random assignment of multiple decision-makers. While such a design
is less ideal, it is still a special case of our framework, where all observations are assigned to one decision-maker. Therefore, our
methodology is still applicable, even though the resulting bounds tend to be wider.

A. Setup and Data. (38) investigates how algorithmic risk assessment instruments (RAI) influence human decision-making
in the context of criminal justice. The authors conducted a vignette-based experiment, in which participants, recruited via
Amazon Mechanical Turk (MTurk), were tasked with predicting future re-arrests of criminal offenders. Participants were
presented with the description of each case (demographics, current charge, and criminal history), and received additional
information about an RAI recommendation for a randomly selected subset of cases. The study evaluated whether and how the
participants integrated algorithmic recommendations into their judgments. A key finding of the study was that participants
did not anchor their predictions to the RAI’s outputs.

We revisit the study to evaluate the performance of three different decision-making systems—MTurk participant alone,
MTurk participant with RAI, and RAI alone systems—compared to the actual incarceration decisions made by judges. In the
experiment, participants were asked “Do you think the defendant was rearrested in the three years following release?” and
answered by “Yes” or “No.” Participants were randomly assigned to one of the two conditions: one without RAI provision and
the other with RAI provision. The study trained its own RAI using Lasso regression to predict three-year post-release re-arrest
based on demographic characteristics, current charges, and prior criminal history (see Section 3.1.2 of the original study for
further details). The set of offenders used in the original study comes from a private dataset provided by the Pennsylvania
Commission on Sentencing, from which the authors selected a subset of the cases whose race, as recorded in the data, was
either White or Black. The study uses a sample of 3,521 observations, which were further selected through stratified random
sampling based on race, sex, age, and re-arrest status.?

We note similarities and differences between this study and our main application study. First, the RAI was not provided to
judges when making their actual decisions, implying that in our notation Z; = 0 for all ¢ under this setting. While this is not
ideal, it is a special case of our framework, making the proposed methodology applicable. Second, like our study, we observe
(Zi, D;, Y3, As, X;) for each observation (i.e., offender) i, where D; = 1 if the offender was incarcerated and 0 otherwise; Y; = 1
if the offender was re-arrested within three years from the time of release from prison or imposition of community supervision,
and 0 otherwise; A; = 1 if the RAI predicted re-arrest and 0 otherwise; and X; denotes the offender’s race (White or Black)
and the demographics (gender and race) of the participant.

Third, for a subset of the cases, we observe how MTurk participants predicted the outcome with and without the RAI’s
recommendation. In the original vignette experiment, MTurk participants were randomly assigned to one of two treatment
groups: “anchoring” and “non-anchoring”. Under the anchoring condition, participants were shown the offender’s profile along
with the RAI prediction in the same vignette. In the non-anchoring condition, participants were first asked to predict the
occurrence of a rearrest based only on the offender’s profile; after submitting their initial response, they were then shown the
RAI prediction and were allowed to revise their prediction. In our reanalysis, we use answers from the anchoring condition
to evaluate the MTurk participant with RAI decision-making system. Specifically, we use a subset of observations that were
shown to a single participant assigned to the anchoring group, resulting in a total of 1,022 observations (we drop cases that
were shown to multiple participants for simplicity). In addition, we analyze initial responses submitted before exposure to the
RAT’s prediction to evaluate the MTurk participant-alone decision-making system, using the same set of observations (i.e.,
1,022 offenders). Lastly, we note that MTurk participants were asked to predict rearrest, which may be substantively different
from making an actual incarceration decision.

Table S3 presents the contingency table for the outcome and the different decision-making systems, while Table S4 presents the
contingency table for the RAI recommendation and the other decision-making systems. We find that the RAI recommendation
is generally more lenient than judges’ decisions; in 27% of the cases the RAI predicted no rearrest even though the offender was
incarcerated—the rate of disagreement that is larger than that of the disagreement in the opposite direction (12%).

B. Results. We evaluate the aforementioned decision-making systems, applying our framework (the results of Theorem 3 in
particular). Figures S9 through S11 show the estimated bounds on the difference in classification ability between the judge’s
decisions and the MTurk participant’s decisions. We find that the bounds include zero in all cases. Thus, we cannot determine
with confidence whether any alternative decision-making system (RAI alone, MTurk participant alone, and MTurk participant
with RAI systems) is more accurate than judges’ decisions. However, there is some suggestive evidence that the MTurk
participant (with or without RAI) has a higher false positive proportion and a lower false negative proportion, when compared
to the judge.

#The main text states that they use a sample of 3, 523 offenders, while the replication materials include 3, 521 observations.
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Table S3. Contingency table for the outcome and decisions.

‘ Incarceration (D;) RAI (A;) MTurk Participant MTurk Participant+RAl
| 1 0 | 1 0 | 1 0 | 1 0

1| 770 (22%) 708 (20%) | 808 (23%) 670 (19%) | 140 (14%) 295 (29%) | 131 (13%) 304 (30%)
0 | 1198 (34%) 845 (24%) | 1681 (48%) 362 (10%) | 265 (26%) 322 (32%) | 276 (27%) 311 (30%)

Note: “1” means incarceration and “0” means release.
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Table S4. Agreement between the RAl recommendation and decisions.

‘ Incarceration (D;) MTurk Participant MTurk Participant+RAl

| 1 0 | 1 0 | 1 0
1 612 (17%) 420 (12%) 263 (26%) 35 (3%) 274 (27%) 24 (2%)
0 | 941 (27%) 1548 (44%) | 354 (35%) 370 (36%) | 341 (33%) 383 (37%)

RAI (A;)

Note: “1” means incarceration and “0” means release.
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Fig. S9. Estimated Bounds on the Difference in Classification Ability between RAI and Judge’s Decisions. The figure shows the differences in terms of misclassification rate,
false negative proportion, and false positive proportion. Each panel presents the overall and subgroup-specific results. For each quantity of interest, we report estimated
bounds (thick lines) and their corresponding 95% confidence interval (thin lines) for the overall sample (red), Black and White offenders (blue). The results indicate that we
cannot determine whether RAI decisions are more (or less) accurate than human judge’s decisions.
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Fig. $10. Estimated Bounds on the Difference in Classification Ability between MTurk Paritipant and Judge’s Decisions. The figure shows the differences in terms of
misclassification rate, false negative proportion, and false positive proportion. Each panel presents the overall and subgroup-specific results. For each quantity of interest, we
report estimated bounds (thick lines) and their corresponding 95% confidence interval (thin lines) for the overall sample (red), Black and White offenders (blue). The results
indicate that we cannot determine whether MTurk participants are more (or less) accurate than human judge’s decisions.
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Fig. S11. Estimated Bounds on the Difference in Classification Ability between MTurk Participant with RAI and Judge’s Decisions. The figure shows the differences in terms of
misclassification rate, false negative proportion, and false positive proportion. Each panel presents the overall and subgroup-specific results. For each quantity of interest, we
report estimated bounds (thick lines) and their corresponding 95% confidence interval (thin lines) for the overall sample (red), Black and White offenders (blue). The results
indicate that we cannot determine whether MTurk participants with RAI are more (or less) accurate than human judge’s decisions.
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