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Abstract

Human-AlI collaboration has the potential to transform various
domains by leveraging the complementary strengths of human
experts and Artificial Intelligence (AI) systems. However,
unobserved confounding can undermine the effectiveness
of this collaboration, leading to biased and unreliable
outcomes. In this paper, we propose a novel solution to
address unobserved confounding in human-AlI collaboration
by employing sensitivity analysis from causal inference. Our
approach combines domain expertise with Al-driven statistical
modeling to account for potentially hidden confounders. We
present a deferral collaboration framework for incorporating
the sensitivity model into offline policy learning, enabling the
system to control for the influence of unobserved confounding
factors. In addition, we propose a personalized deferral
collaboration system to leverage the diverse expertise of
different human decision-makers. By adjusting for potential
biases, our proposed solution enhances the robustness and
reliability of collaborative outcomes. The empirical and
theoretical analyses demonstrate the efficacy of our approach
in mitigating unobserved confounding and improving the
overall performance of human-AlI collaborations.

1 Introduction

In recent years, policy learning has emerged as a power-
ful tool for learning and optimizing decision-making poli-
cies across a diverse range of applications, including health-
care, finance, and marketing (Imbens 2024). One of the most
promising avenues for leveraging machine learning is pol-
icy learning on observational data (Athey and Wager 2021),
which aims to infer optimal decision rules from historical
data without the need for costly randomized experiments.
Observational data, generated from real-world systems, is
abundant and easily accessible, making it an attractive source
for training models that can guide policy decisions.

Many algorithms have been proposed for efficient policy
learning from observational data (Joachims, Swaminathan,
and de Rijke 2018; Gao et al. 2021b; Kallus 2021), usually
under the unconfoundness assumption. It assumes no hidden
confounders that simultaneously influence both the treatment
assignment and individual outcomes (Rubin 1974). This as-
sumption is defensible in certain domains such as automated
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recommendation or pricing systems (Biggs, Gao, and Sun
2021) where we have full control of the historical algorithm,
but may rarely hold true for domains where the observational
data is generated by human decision-makers.

Consider a healthcare scenario, where observational data is
generated by human experts as the electronic health records
(EHRs). These records contain a wealth of information about
patients’ medical histories, treatments, and outcomes to in-
form policy learning for personalized medical interventions.
However, human experts, such as physicians, may seek addi-
tional information when making decisions about patient care,
such as the patient’s lifestyle, mental well-being, or other
contextual factors like the bedside information that might in-
fluence their decision-making process as well as the patient’s
health outcomes. This additional information, though crucial
for decision-making, may not be recorded in the EHRs, lead-
ing to potential confounding issues in the observed data. For
example, a physician may prescribe specific medication to
patients with a specific lifestyle, so the observed treatment
might be confounded by the potentially unrecorded lifestyle
factor. In this case, the unobserved confounding can result in
suboptimal actions and reduce the reliability of learned poli-
cies. In the causal inference literature, the marginal sensitivity
model has been proposed under the unmeasured confound-
ing to bound the possible value of the true propensity score
(Tan 2006). This idea was recently applied to policy learning
without humans in the loop (Kallus and Zhou 2021).

In this paper, we propose a human-AlI collaboration sys-
tem that learns a policy robust to unmeasured confounding.
The system uses a deferral component to decide task allo-
cations to human experts or algorithms. The learned policy
improves over the algorithm-alone and the human-alone ap-
proaches. Supposing the historical data in our motivating
example are all generated by human decision-makers, an
Al-only algorithm is likely to be inferior to humans in cases
where external information, such as patients’ lifestyles, is
necessary for optimal decision-making. The benefit of human
involvement stands out in the confounding setting as human
decision-makers are adept at making choices based on (unob-
served) confounding factors (Holstein et al. 2023). In contrast,
a human-only system often incurs a high operation cost. An
essential problem is how to jointly learn a rule to choose
decision-makers and a rule to assign treatment once the Al
system is chosen, especially when the observed data have



missing confounders. We refer to this problem as deferral col-
laboration under unobserved confounding (Gao et al. 2023).

By adopting a human-AI collaborative approach, we can
alleviate the impact of these unobserved confounders in the
traditional deferral collaboration. In addition, the external
information of human experts can be leveraged by the Al
system beyond the observed data to obtain a more accurate
estimate of the optimal policy. This collaborative framework
ensures that the learned policies better account for the missing
confounders and yield more reliable decision-making.

We make the following contributions in the paper: We are
the first to propose leveraging the learning-to-defer frame-
work to tackle the policy learning under unobserved con-
founding problem. We propose a novel algorithm for the
problem of deferral collaboration under unobserved con-
founding, where our algorithm works under an uncertainty
set over the nominal propensity scores. The proposed algo-
rithm leverages human decision-makers who have the capac-
ity to acquire additional unrecorded information to aid their
decision-making and a trained algorithmic policy. Theoreti-
cally, we prove it is guaranteed to offer policy improvements
over a baseline policy based only on the available features
or only on the incumbent human policy. In addition, we gen-
eralize our algorithm to personalized settings where each
instance can be routed to a specific human decision-maker by
exploiting the diverse expertise of humans. We theoretically
and empirically validate the efficacy of the proposed method.

2 Related Work

Policy Learning with Unconfoundness. Deducing an
optimal personalized policy from offline data has been exten-
sively explored in various domains, including e-commerce,
contextual pricing, and medicine (Dudik et al. 2014; Athey
and Wager 2017; Kallus 2018, 2019; Gao et al. 2021a;
Sondhi, Arbour, and Dimmery 2020; Swaminathan and
Joachims 2015a). These studies usually assume the historical
data were generated by a previous decision-maker, focusing
on estimating treatment effects or optimizing an algorithmic
policy without human involvement. It is yet underdeveloped
for scenarios that could benefit from a combined human-Al
team to enhance decision performance.

Sensitivity Analysis. Sensitivity analysis is widely used
in causal inference that evaluates unconfoundedness
assumption (Cornfield et al. 1959). A popular framework
models the confounding effect on the treatment assignment
nonparametrically. Among them, the marginal sensitivity
model (MSM), generalizing the Rosenbaum sensitivity
model (Rosenbaumn 2002), assumes a bound on the odds
ratio of the propensity score conditional on the observed
variables and a true propensity score conditional on all
the confounding variables (Tan 2006). The MSM has been
applied in estimating heterogeneous treatment effects (Yin
et al. 2021; Jin, Ren, and Candes 2021), robust optimization
(Namkoong, Ma, and Glynn 2022; Guo et al. 2022), and
policy learning without human in the loop (Kallus and Zhou
2021). We adopt the MSM to quantify the deviation of
unconfoundedness in the context of human-AlI collaboration.

Human-AI Collaboration. Recent studies on human-Al
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collaboration methods improved classification performance,
such as accuracy and fairness, by capitalizing on the com-
plementary strengths of humans and AI (Bansal et al. 2019;
Ibrahim, Kim, and Tong 2021; Wolczynski, Saar-Tsechansky,
and Wang 2022). We focus on the setting without human-Al
interaction, where decisions are made by either a human
or an algorithm. Previous research has also addressed the
task of routing instances to either a human or an algorithm
(Madras, Pitassi, and Zemel 2018; Wilder, Horvitz, and
Kamar 2020; Raghu et al. 2019; De et al. 2020; Wang and
Saar-Tsechansky 2020). The primary distinction between
these studies and ours is that they explore contexts where the
Al’s learning task is a conventional supervised classification
task while we focus on policy learning. Gao et al. (2021b,
2023) study how to design a deferral collaboration system
similar to ours under the unconfoundness assumption, and
does not consider the bias due to unmeasured confounding
that is often leveraged by humans (Holstein et al. 2023).

3 Confounding-Robust Deferral Policy
3.1 Problem Setup

Assume we have access to the observed tuples
{X;,T;,Y;}Y.,, where the covariates X; € X, the
treatment arm 7; € {0,--- ,m — 1}, and a scalar outcome
Y; € R. Using the potential outcome framework, we assume
Y, = Y;(T)), i.e., the SUTVA assumption (Rubin 1980).
We consider Y as the risk and aim to minimize the risk
aggregated over the population. In practice, humans often
utilize additional information for decisions. For example, a
customer service representative may use emotion information
in the phone call to decide the compensation plan, but such
information cannot be recorded in the past due to the legacy
computer system. We assume such unobserved confounder is
U; and the unconfoundedness assumption would hold if we
account for both U; and X;. The U; can be postulated as the
unmeasured covariate or as the unobserved potential outcome
itself, i.e., U; = Y;(t) (Zhao, Small, and Bhattacharya 2019).
The data is generated by the human decision maker with the
behavior policy my as T; ~ Categorical(mo(T;|X;,Y;)).

Due to the unobserved confounding, the true propen-
sity mo(t|z,y) := P(T = t|X = z,Y(t) y) gener-
ally cannot be identified using the observational data alone.
We can only estimate the nominal propensity, denoted as
7o(t|x) := P(T = t|X = x). The nominal propensity can
be estimated from the observational data using a machine
learning classifier such as logistic regression. To quantify the
difference between the nominal and true propensity scores
incurred by confounding, we adopt the MSM (Tan 2006) to
assume an uncertainty set.

Assumption 1 (Marginal Sensitivity Model).
F_l S ~(1 - 7T0(T|X)7T0(T|X, Y) S T
7o(TX) (1 = mo(T1X,Y))
The MSM quantifies the deviation from the true propensity
scores by the scalar parameter I' > 1. When I = 1, it cor-
responds to the unconfoundness setup. I" can be determined

using domain knowledge or estimated using empirical data,
which we will discuss in Section 4.

ey



Deferral collaboration (Madras, Pitassi, and Zemel 2018;
Gao et al. 2021b) considers how to evaluate and learn a rout-
ing algorithm ¢ : X — [0, 1] that assigns tasks to the human
decision-makers or Al system, and an algorithmic policy
m: X — A™ that decides the treatment distribution. The
element in simplex A™ is the probability over the treatment
arms and ¢(X) denotes the probability of routing to humans.

The routing algorithm is designed to complement human
decision-makers. A successful deferral collaboration routes
different instances to the entity that is likely to yield the best
reward by ¢(X), and it leverages the policy 7(X) for the
instances routed to the Al. The human decision-maker may
incur a cost of C'(X) for producing a decision on an instance.

In this paper, we consider a general setting with mul-
tiple human decision-makers H € {1,---,K}. Accord-
ingly, the data is generated by first assigning an instance
with covariates X; to different human decision-makers
by the rule do(H;|X;) X — AX. Each human
decision-maker H; chooses the treatment by the behav-
ior policy 7o(T;|X;, H;,Y;). The observed data become
{X;, H;, T;, Y;}\|. The routing algorithm ¢ is generalized
to ¢ : X — AR+ where ¢(A|X), ¢(H|X) means the prob-
ability of routing instances to the algorithm and a specific
human expert 1. The goal is to learn an optimal routing al-
gorithm ¢ and policy 7 that minimizes the risk. The process
is illustrated in Section 3.2.

3.2 Our Method: Deferral Collaboration with
Unobserved Confounding

We first consider the situation of homogeneous human ex-
perts who have similar decision performance. The expected
team performance can be calculated by the self-normalized
Hajek estimator (Swaminathan and Joachims 2015b)

0(m, ¢) = Ep(X)(Y + C(X))+ @)
—_ T =t B (T =t)
;EﬂmﬁymMW1MMW%mfﬂ

Throughout the paper, without further specification, the
expectation is with respect to the underlying data distribution.
The first term of Eq. (2) is the cost of assigning to human by
¢ and the second term is the cost of assigning to the algorithm
with policy 7. Note that now the propensity score depends
on both X and Y because of the unobserved confounding.

The equality is because [E%;f)y) = 1 for every t.

Practically, we are often interested in human-AlI systems
that can outperform either the human, or a candidate algo-
rithmic policy. Suppose in addition there is a baseline policy
7(T|X), such as the never-treat policy 7.(0|z) = 1 or a
candidate algorithmic policy learned from data, that the pro-
posed human-Al system aims to improve upon. The objective
can be written as the improvement over 7.(7'| X),

R(m, ¢, ) = E¢(X) (Y + C(X))+

gfhﬁﬁgﬂ@_wmwﬂm—m@Xﬂa)
W(T=t) ’
=0 mo(T1X,Y)
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V.oo— 1 — 1
Let WZ = m and Wi = m By the
MSM, our key observation is that the true weights W; are
bounded in the uncertainty set WL = {W : 1 + T~ (W, —
1) < W, <14+I(W; —1),¥i = 1,--- ,n}. Hence, the

worst-case empirical estimator R, (r, ¢, m,, WL) = :;Bl
2 o WT =)L = (X)) (Ti] Xs) — me(T;]X0)]W3Y;

5 W =W,

1 n
+mV%XE;¢(Xi)(Yi +C(X3)) “)

st 1+T7 (W = 1) Wi <14+ T(W; - 1),

The algorithm chooses the policy and router that minimize the
robust regret bound 7 (1L, ®, ., WL), ¢(I1, &, 7., WL) =
argmin R,, (7, ¢, me, WY). 5)
mell,ped
In this case, the algorithm will choose to select the robust
routing and decision policy considering that humans may
use unobserved information for their decision making. The
resulting system is confounding-robust in the sense that it
considers the worst risk when humans’ behavior cannot be
point-identified because of the unobserved confounding.
Similarly, if we are interested in the policy improvement
over the human’s policy, we can optimize the future decision

and routing policy by minimizing R (, ¢, WF) as

(6)

by removing the baseline policy 7. and contrasting the future
system’s performance with the performance of the human’s
decision policy with ¢ (X) = 1.

In practice, we would want the resulting human-Al system
to outperform both the incumbent human policy and a candi-
date algorithmic policy. Then after our system is optimized,
we can check whether Eq. (4) and Eq. (6) are both smaller
than 0, which indicates the resulting human-AlI system has
a better performance compared to human working alone or
the candidate algorithm working alone. We offer a theoretical
improvement guarantee in Section 4.

3.3 An Illlustrative Example

We use a toy example to illustrate how our method works.
Assume a single context X = X and we observe repeated
observations for it. P(U = 1|Xy) = P(U = 0|Xyp) =
0.5. With some abuse of notations, Y (1) = —2,Y(0) = 0
when U = 1, and Y(1) = 0,Y(0) = —1 when U = 0.
Humans follow P(T' = 1|X,U = 1) = 0.5+~ and P(T =
1/Xo,U = 0) = 0.5 — v (v = 0 means no unobserved
confounding). C'(z) = 0. Here the two potential algorithms’
performance are E[Y (1)|X,o] = —1, E[Y(0)|Xo] = —0.5.
With some simple algebra, the human performance is
E,[Y] = —0.75 — 1.5v. The nominal propensity score is



E[Y(1)| X = — 1

Final Decision maxE[Y|T=1,X] = -1
w

‘Algorithm Decision Maker}—»
=

Routing Algoritth

—4<E[Y|T=1X]<-1

|
E[Y|T=1X] = - 146_T T
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%Unobserved Confounders

Human Decision Maker 7

EjY]=-12
(a) Workflow between Human-AlI Teams (b) Toy Example
Figure 1: Human-AlI Collaboration with Unobserved Confounders

P(T = 1|Xy) = 0.5. If we want to evaluate the Al policies worst-case estimator RE (m, ¢, w., WEH ) is

using observational data (no U), by the inverse propensity

score weighting (or from Bayes theorem), E[Y|T = 1, X| = TS > UT = OWid(al Xo)m(Ti| Xs) — me (T3] X4)]Ya

i ST =OWs
[EIJ(T:I,Y:—Z)(_ = —2P(T = 1,U = 1|X,) t=0
P(T = 1|Xo) - P(T = 1|Xo) 1~ $(Hi|X) [\, ‘

+ - gido(H”Xi)(YHrC(XZ)) ®)

Plugging in the nominal propensity, E[Y|T = 1, X,] = L )
—1 — 2. Similarly, E[Y|T = 0, Xy] = —0.5 + . When st 14T (W —1) <W; < 14Ty, (W; — 1),
v=03,EY|T =1,X¢] = -1.6 < —=1.2 = E,[Y], so an

Th li imilarl
algorithm assuming unconfoundness will incorrectly think ¢ policy and router can be  similarly

found by optimizing the following objective,

the Al policy 7' = 1 is the optimal policy, but human is — Tu\ 7 Ty —
actuallypbettgr (En[Y] = —1.22 -1 :p [[};,(1)|X0]). TIL @, 7o, Wi 1), (I, @, e, W) =

Here, the MSM assumption corresponds to arg minRﬁ (0, @, T, WEH), )
=r < P(T = 1|Xo,U) < 5,50 7y = 0.3 means el ped
I' = 4. Plugging in the con%drenocg interval, we have Compared to Eq. (5), Eq. (9) further considered how to
—4 < E[Y|T = 1,Xp] < —%552 = —1. Since our leverage individual human expertise to minimize the human-

method adopts the pessimistic principle, the worst risk of
the AI algorithm is —1 > [E,[Y], thus our algorithm can
choose the best decision maker robustly in the presence of
the uncertainty. This is illustrated in Fig. 1b.

Al team’s risk. When the historical and future human assign-
ment is fully randomized and each human decision maker
has the same I, Eq. (9) recovers Eq. (5).

3.5 Implementations
3.4 Personalization Optimizing the Objectives. To optimize the deferral collab-
oration system in Eq. (5) and Eq. (9), first, we need to solve
the inner maximization in Eq. (4) and Eq. (8).
To simplify notations, we consider the following problem

In the collaborative objective Eq. (2), we assume the experts
have similar performance. However, this may not be the case
in real-world scenarios. Experts often possess different areas

of expertise, and may get different levels of confounding ) S W(T X, Y)
. . . . . . _ =1"'7 (3] 1y £
information. Therefore, implementing a personalized routing Q(r,W) = max, S W(T, X, Y,

model may enhance the performance of the human-AlI team. € i-1 W(Ti, X3, Yi)

Rather than indiscriminately assigning an expert to evalu- st apt <W(T;, X;,Y;) < by (10)
ate a given instance, the routing algorithm can make a deci- When r; = T, = B](1 — ¢(X)7(TiX:) —
sion to either delegate the instance to an algorithm or to a hu- . LiE I z

WC(TZ|XZ)]Y;,G,7 =141 (Wi—l),bil = 1+F(WZ—1),

man, and, more importantly, determine the most suitable hu- - . " Y%
man decision-maker for the task at hand accounting for varied solving Eq. (10) is equivalent to optimizing W for the em-

degrees of confounding for each human. We assume the odds pirical R, (, ¢, mc, Wy,) in Eq. (4), and when r; = I(T; =
ratio of each human decision-maker H € {0,--- , K —1}’s H)[p(a| X)) (T3 X3) —7me(Ti| X)) Yir ar F = 14T, (Wi —
propensity scores are associated with the confounding bound 1), b{i =1+Tyg, (WZ — 1), solving Eq. (10) is equivalent to
I" . Similarly, the policy improvement with personalization optimizing W for R P(r, ¢, e, W'H) in Eq. (8).

. . . P F .
has confounding-robust objective Ry, (7, ¢, me, W, 1) is The optimization problem in Eq. (10) is known as a lin-

ear fractional program (Chadha and Chadha 2007). Tak-

o(H|X) ing the derivative of the objective in Eq. (10) w.r.t. W; =
E———~ (Y +C(X)) W (T;, X;,Y:;), the objective is monotonically increasing (de-
do(H|X) creasing) with W; if r; 3°,,, W — 3=, ;W is greater
) gy [6(a X (T]X) = 7o (T|X)]Y (less) than zero. Hence the optima is achieved when all the

+ Z — (T=0) (N W, are taking the value at the boundary. Furthermore, the
=0 EW objective can be viewed as a weighted combination of r; with

~ the weights adding up to one. So the objective is maximized

Let W; = m, W; = m, then the when the weights W; /> . W; are high for the large r; and

14241



Algorithm 1: Confounding-Robust Deferral Collaboration
(ConfHAI/ConfHAIPerson)

Input: number of
{Xiv T'ia }/i}i]\il’ Te
Output: 7, ¢,
fori < 1to N do
W <« arg max Eq. (4) (Eq. (8) for ConfHAIPerson).
wew

iterations N, m ¢, ' Cg),

0,p VRn(ﬂ', @, e, W};) (VR’I}LD(/]T7 ¢, e, er:H)
for ConfHAIPerson).
end for

are low for the small ;. Based on these insights, the opti-
mal weights {TV;} of the linear fractional program can be
characterized by the following theorem.

Theorem 1. Let (i) be the ordering such that 71y < () <
- < Ty Qi(r, W) = Ak*), where k* = inf{k =
1, ,n+1: k) <Xk—1)}and
. G,P T(; + . br, T
)\(k) _ Zz<k} (4)" (@) Zzzk (i)' (4) (11)

Dick a’{;) + sk b{;)

See Appendix for the proof. Theorem 1 provides an ef-
ficient way to solve Eq. (10) by line search: first sort r; in
ascending order and initialize all W; = a!’, then change W},
to b}, for k =n,n —1,--- , 1 until the first time when \(k)
decreases. After solving the inner maximization problem, we
can optimize the minimization problem in Eq. (§) and Eq. (9).
In this paper, we consider differentiable policies IT = {my :
¢ € ©} and router class ® = {¢,, p € P}, such as logistic
policies with 7, g} (z) = o(a+" x) or neural networks, so
the following optimization problem can be efficiently solved
by gradient descent. For every iteration, our algorithm starts
by finding the weights W given the current model parame-
ters through line search, then uses gradient descent to update
policy and router jointly. We call our main algorithm assum-
ing all decision makers can only be queried randomly as
ConfHALI and its variant considering the diverse expertise of
individual human decision makers as ConfHAIPerson.

In practice, the value of I can also be estimated in a data-
driven way, which we discuss in detail in Appendix.

4 Theoretical Analysis

Improvement Guarantees. We first show the worst-case
empirical regret is an asymptotic upper bound for the popula-
tion regret. We assume the outcome and true propensity score
is bounded for analysis, i.e., |Y| < B, mo(t|z,y) > v,Vt €
{0,--- ,m—1},2 € X,y € Y. The following theorem guar-
antees the improvement over the population regret by solving
the minimax optimization for the empirical regret.

Theorem 2. Suppose the true inverse propensities
1/7T0(Ti|X71a1/i) € W};vl = 1,"',71, Y| < B,O(X) <
E,ﬂ'o(t‘(ﬂ,y) 207Vt6 {0,~--,m—1},x € va SN’
and denote policy and router’s class 11 and ®’s Rademacher
Complexity as R, (II) and R, (D), then for § > 0, with
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probability 1 — §, we have
R(m, ¢, 7c) < R (7, ¢, e, WE) + 2(B + )R, (®).

8m

5B +1 0

2

2log

+2§mn(n) + (3B 43¢+ )

The proof is included in Appendix and can be extended
for the improvement guarantee over the personalized version
of the algorithm. Note that the global optima of the empir-
ical objective is never positive when 7. € II since we can
take m = 7. and ¢(X) = 0. If we only consider II, ® with
vanishing Rademacher Complexity (i.e., O(n~1/2)), then
Theorem 2 implies that given enough samples, if the empiri-
cal objective is negative, we can get an improvement over 7,
under well-specification. We also provide the improvement
guarantee over the incumbent human policy in Corollary 2.1.

n

Corollary 2.1. Under the condition of Theorem 2 and sup-
pose R, (1) = O(L), R, (@) = O(ﬁ), then for 6 > 0,
with probability 1 — §, we have

Vvn
g r log %%
RH(’]T>¢7 7rc) S Rn (7T7¢7 7TC7Wn) + O( T) (12)

What Kind of Instances are routed to Humans. One in-
teresting question under the proposed deferral collaboration
framework is what kind of instances should be solved by
humans and what should be solved by algorithms. Here we
provide a theoretical analysis of the routing decision under
the optimal AI policy. Assume we have access to the true
human behavior policy and for an Al policy (7| X)) given
only X, we can compare the expected risk of routing the in-
stance to human and the expected risk of routing the instance
to the Al and choose the one with lower expected risk. This
produces a closed-form solution for the routing decision.

Theorem 3 (Instances routed to the humans). Assume we
have access to the true weight W* and an Al policy w(T|X)
given only X, to minimize Eq. (3), the routing system should
send the decision task to humans when

Ev~p|x),r~morix, )Y + C(X)|X] < Eran(rx)[Y]X]

The proof is in Appendix. The left term is the expected risk
of routing the instance to human when humans have access
to the unobserved confounder U and the right term is the
expected risk of routing the instance to the AI when it only
has access to X. The theorem has an interesting implication
that the routing system should always send the instance to
human when humans can utilize U to improve their decision
making performance and surpass the best possible decision
performance when only X is available. Compared to Gao
et al. (2021b), where the main source of complementarity
comes from model misspecification, here the main source
of complementarity comes from the unobserved confounder
and humans may be irreplaceable even if we have access to
the optimal Al policy with confounded data.

5 Experiments

We report empirical findings to examine the advantages of
Human-AI complementary and being robust to unobserved



confounding. Our first experiment demonstrates the benefit of
human-Al collaboration within a controlled environment. Our
subsequent experiments consider two real-world examples in
financial lending and healthcare industry. Code and appendix
are available at https://github.com/ruijiang81/ConfoundL.2D.
In our experiment, we examine the following decision-
making configurations. For all baselines without using
personalization, human experts are selected at random.
Human Only (Human) solely queries human decision-makers
randomly to output final decisions. Algorithm Only (AO) uses
the inverse propensity score weighting method (Swaminathan
and Joachims 2015a) to train a policy. Confounding-Robust
Algorithm Only (ConfAO) trains a confounding-robust policy
with no human involved to determine the final decisions
(Kallus and Zhou 2018). Human-AI team (HAI) uses the
deferral collaboration method assuming unconfoundedness
(Gao et al. 2021b). Our method and its personalized variant
are denoted as ConfHAI and ConfHAIPerson respectively.
See Appendix for a more detailed discussion about the
baselines. We use the logistic policies for the policy and
router model classes. The baseline policy is set as the
never-treat policy 7.(0|z) = 1 (Kallus and Zhou 2018).

5.1 Synthetic Experiment

We demonstrate the benefit of confounding-robust human-Al
collaboration using the following data-generating process,

£ ~Bern(0.5), X ~ N((2§ — 1)p, I5), U = 1[Yi(1) < Yi(=1)]
Y(t) = iz + [t = 1)8L @ + 0.5a€l[t = 1] + 0+ wé + €

where Byew = [1.5,1,1.5,1,0.5], po = [1,.5,1,0,1],
n = 25a = 2w = 15 and ¢ ~ N(0,1)
(Kallus and Zhou 2021). The nominal propensity

(T = 11X) = o(fTX), 8 = [0,.75,.5,0,1,0], T}
is generated by the true propensities by 7o (T = 1| X,U) =

TU+1-U)mo(T=1|X .
[1+2(F71)770((T:I\X)fl)‘]ngrFJr(‘lf)F)wo(T:I\X)’ where T" is the

specified level of confounding. In this setting, the human
decision-maker acquires unobserved information to improve
decisions. We set log(I") = 2.5, C'(z) = 0 and vary the log-
confounding parameter in {0.01,0.5,1,1.5,2,2.5, 3,3.5,4}.
To also test the personalized variant, we simulate three
human decision makers with the same I'.

The results are shown in Fig. 2a. When I is small (weak
unmeasured confounding), the baselines not considering un-
observed confounding have similar performance with our
methods and ConfAO. When I is approaching the underlying
confounding factor, we observe a significant policy improve-
ment over the baseline policy (regret is smaller than 0). The
personalized method has performance similar to ConfHAI
since all human decision makers have the same performance
here. In this example, interestingly, the ConfAO policy is
actually worse than humans’ performance, and almost never
exceeds humans’ performance with varying I", while human-
Al complementarity can outperform humans’ performance
for a range of I" close to its true value, which emphasizes the
benefit of our confounding-robust deferral system.

Next, we simulate three human workers with log(I") =
1,2.5,4, respectively, which corresponds to the setting
where different humans may acquire different unobserved
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information to aid their decision making and some ex-
perts may perform better than their peers. We examine
four log(I") specifications with heterogeneous workers:
1,1,1],[2.5,2.5,2.5],[1,2.5,4],[4,4,4] and show the
results in Fig. 2b. With small I", we observe all methods
perform suboptimally with no policy improvement. The
personalized variant has an additional improvement over
ConfHAI by leveraging the diverse expertise of human
decision makers. With correctly specified and relatively
large I', we observe that ConfHAI and ConfHAIPerson
significantly outperform other baselines and demonstrate
human-Al complementarity, where they outperform both
human-only and algorithm-only teams.

5.2 Real-World Examples

We provide two real-world examples in this section with
human cost set as C'(z) = 0.1. See Appendix for more
details about the datasets and training in the experiments.
Financial Lending. In financial lending, loan officers can
obtain additional information for decision-making by visiting
the loan applicants. However, such information may not be
recorded in the historical data. We use the Home Equity Line
of CredittHELOC) dataset which contains anonymized infor-
mation about credit applications by real homeowners. Some
of the used features are the average months since the account
opened, maximum delinquency, and number of inquiries in
the last 6 months. We assume there are three human decision
makers with log(I") = [0.1, 0.1, 1], which means two of them
rarely seek external information to improve their decision
making and another decision maker is more likely to get ex-
ternal risk estimation when evaluating applications. We train
a logistic regression on 10% of the data to simulate nominal
policies, which can be a guideline policy of the insurance
company, and the actual treatments taken are generated using
the same procedure in Section 5.1 and the fitted nominal
propensity is estimated using logistic regression on actual
treatments. The outcome of the dataset is a binary outcome in-
dicating whether the applicant was 90 days past due. We build
a risk function where the loan company will receive a risk
Y ~ N(0,1) if not approving the loan, Y ~ N(—2,1) if
approving for an applicant with good creditand Y ~ N (2, 1)
if approving for an applicant with bad credit.

Acute Stroke Treatment. In this healthcare example, the doc-
tors need to treat patients with acute stroke. Experienced doc-
tors may observe bedside information, and past patient behav-
iors to aid their decision-making, which are not recorded in
the historical records. We use the data from the International
Stroke Trial (Group 1997) and focus on two treatment arms:
the treatment of both aspirin and heparin (medium and high
doses), and the treatment of aspirin only. Since the trial only
has the outcome under action taken, we create potential out-
comes by fitting a separate random forest model for each treat-
ment as in (Biggs, Gao, and Sun 2021; Elmachtoub, Gupta,
and Zhao 2023). The outcome is a composite score including
variables like death, recurrent stroke, pulmonary embolism,
and recovery. Some of the features used by the algorithm in-
clude age, sex, deficient symptoms, stroke types, and cerebel-
lar signs. Similarly, we assume there are three human physi-
cians with log(I") = [0.1, 0.1, 1] prescribing treatments.
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Figure 2: Policy Regret. ConfHAI and ConfHAIPerson offer consistent and significantly better policy improvement for a range
of I' compared to baseline algorithms over synthetic and real datasets. X-axis: Specified log(I"). Y-axis: Policy Regret.

The results are shown in Fig. 2c and Fig. 2d respec-
tively. For each experiment, we try three log(T") specifica-
tions: [0.1,0.1,0.1], [0.1,0.1,1] and [1,1, 1], which corre-
spond to under, correct and over specifications. In HELOC,
the baselines not considering unobserved confounding can
still achieve policy improvement, while it is not consistent
across settings, e.g., in IST. We observe that ConfHAI and
ConfHATIPerson achieve the best performance with correctly-
specified I' and the personalized variant achieves signifi-
cantly better performance than other methods. With over-
specification, the performance of confounding-robust meth-
ods decreases but can reliably provide policy improvement.
Similarly, ConfAO can provide policy improvement with dif-
ferent specifications of I', however, its performance is often
much worse than the human-Al methods we propose.

5.3 Real Human Responses

In addition, we use the real human responses to validate our
approach. We use the scientific annotation dataset FOCUS
(Rzhetsky, Shatkay, and Wilbur 2009) with responses from
five human annotators. The features are sentences extracted
from a scientific corpus, and each labeler was asked to label
the sentence as scientific or not. We transform the text into
feature representations using Glove embeddings (Penning-
ton, Socher, and Manning 2014). We assume if the human
annotator considers the sentence scientific, they will apply
action I (e.g., retweet the paper), if the sentence is indeed
scientific, the risk is A'(—1,1), otherwise the risk is from
N(1,1). On the other hand, if the human annotator considers
the sentence as non-scientific, they will apply action II (e.g.,
ignore the paper), if the sentence is indeed non-scientific, the
risk is M'(—1, 1) (otherwise the risk is A(1, 1)). Since each
sentence is annotated, we know whether the human annotator
considers the sentence scientific and is able to derive the sim-
ulated human behavior policy. The confounding is created
by removing samples with 20% top outcomes in the treated
group and 20% bottom outcomes in the control group. We
specify the same I" for each human and vary it.

The results are shown in Fig. 3. This dataset is different
from our simulations since humans’ true propensities may
not reflect the worst case indicated in the MSM optimization.
However, we still observe our methods consistently offer the
best performance with a wide range of I

14244

5.4 Ablation Studies

We examine the effect of human cost on the risk of each
method in Fig. 3. We use the synthetic data setup and vary
the human cost from O to 0.3. As the cost becomes higher,
the Human baseline’s performance gets worse. Human-Al
systems’ performance (HAI, ConfHAI, ConfHAIPerson) is
also impacted when human cost is higher, but the proposed
methods consistently outperform other baselines.
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Figure 3: Left: Policy Regret vs. Specified log(I") (Real Data);
Right: Policy Regret vs. Human Cost (Ablation Studies).

6 Conclusion and Future Work

In this paper, we study a new problem of unmeasured con-
founding in Human-AI collaboration. We propose ConfHAI
as a novel confounding-robust deferral policy learning
method to address this problem. ConfHAI optimizes pol-
icy decisions by selectively deferring decision instances to
either humans or the Al, based on the context and capabilities
of both and the strength of the unmeasured confounding. We
demonstrate the policy improvements of ConfHAI in theory
and through a variety of synthetic and real data simulations.
Nevertheless, a potential limitation of the proposed method
is the relatively strict constraints on the marginal sensitivity
model. Future work can improve the sharpness of the MSM
(Dorn and Guo 2023) or consider adopting more interpretable
sensitivity models (Imbens 2003). Broadly speaking, our find-
ings indicate the importance of explicitly accounting for the
information discrepancy between human decision-makers
and Al algorithms to improve human-Al complementarity.
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