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Abstract

With the rapid development of decision aids that
are driven by Al models, the practice of human-
Al joint decision making has become increasingly
prevalent. To improve the human-Al team perfor-
mance in decision making, earlier studies mostly
focus on enhancing humans’ capability in better
utilizing a given Al-driven decision aid. In this
paper, we tackle this challenge through a com-
plementary approach—we aim to adjust the de-
signs of the Al model underlying the decision aid
by taking humans’ reaction to Al into consider-
ation. In particular, as humans are observed to
accept Al advice more when their confidence in
their own decision is low, we propose to train Al
models with a human-confidence-based instance
weighting strategy, instead of solving the standard
empirical risk minimization problem. Under an
assumed, threshold-based model characterizing
when humans will adopt the Al advice, we first
derive the optimal instance weighting strategy for
training Al models. We then validate the efficacy
of our proposed method in improving the human-
Al joint decision making performance through
systematic experimentation on both synthetic and
real-world datasets.

1. Introduction

Systems leveraging Artificial Intelligence (AI) have seen
wide-scale adoption in numerous application areas over the
past few years (IBM, 2022). While many of them have had
vast impact on their own, their independent utility is at times

constrained by technical as well as socioethical limitations.

This happens not only in high-stakes settings like criminal
justice, where even a single wrong decision—by Al—has
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profound implications, but also in lower-stakes ones like
sarcasm detection, where Al still struggles with fully ad-
dressing the task complexities (Abu Farha et al., 2022). In
such scenarios, these Al systems can still be excellent aides
to humans, who can make the overall decision making more
efficient and effective by combining AI’s assistance with
their own formal and informal knowledge. This has moti-
vated the formation of human-AlI teams for joint decision
making, which is being utilized in varied domains, from
criminal justice (Green & Chen, 2019) and healthcare (Fu-
toma et al., 2017) to credit lending (Kruppa et al., 2013) and
content moderation (Link et al., 2016).

Complementarity, wherein the team members understand,
and subsequently supplement, each other’s strengths and
weaknesses, is by definition central to effective collaboration
in human-Al teams—or really any team in general. Effec-
tive collaboration here reflects the possibility of a human-
Al team outperforming its individual counterparts. Earlier
studies to enhance complementarity have emphasized on
improving humans for the purpose, with particular stress on
understanding and improving human reliance on Al (Bansal
etal., 2019a; Lu & Yin, 2021). However, the Al systems—
which are often more tunable, predictable and scalable than
their human teammates—mostly continue to be designed
for maximum individual accuracy. A recent effort to opti-
mize team accuracy instead showed promising results but
expected gains were not accompanied by empirical ones,
likely because of having strong assumptions on human be-
havior (Bansal et al., 2021).

There is an evident need for better modeling of human be-
havior with respect to collaboration with Al in real-world
scenarios, and integration of the same in (re)design of Al
while accounting for humans’ reaction to it. At a higher
level, we want the Al teammate to perform better on in-
stances where the human decision maker “needs” it more.
These needs are related to both humans’ actual as well as
self-perceived strengths and weaknesses. Human confidence
is thus one intuitive choice as indicator of such needs. In
fact, a recent study (Chong et al., 2022) suggests that con-
fidence of humans in their own decision, rather than in Al,
dictates their decision to accept Al recommendation.

In this paper, we propose to train a complementary Al by



Give Weight to Human Reactions: Optimizing Complementary Al in Practical Human-AI Teams

using human-confidence-based instance weighting, instead
of the standard empirical risk minimization where all in-
stances are weighted equally. By upweighting instances
where human decision maker has low self-confidence, our
objective is to guide the Al towards regions of expertise
that complement those of humans. The use of confidence,
or perceived accuracy, rather than actual accuracy for in-
stance weighting is particularly advantageous in mitigating
the impact of cognitive biases exhibited by humans when in-
teracting with Al, as these biases often stem from erroneous
human perceptions and beliefs. More involved analysis later
reveals that our proposed strategy provably optimizes for
team performance under a suitable model for biased deci-
sion making. To validate the effectiveness of our approach,
we conduct a systematic experimentation to determine the
conditions under which our proposal yields maximum gains.
Our results indicate that when distinct regions of exper-
tise are present, the Al model trained using our proposed
method effectively develops complementary expertise, with
the greatest gains observed when the Al trained using the
standard approach exhibits significant overlap in expertise
with the human teammate. While factors such as confidence
calibration and individual accuracy influence the degree of
effectiveness, the instance-weighted Al generally remains
a superior teammate even when these factors assume sub-
optimal values, making it especially useful for real-world
scenarios and practical human-Al teams.

Related Work. Recent advancements in Al technologies
have sparked a surge of research in the field of human-AlI
collaboration, exploring various aspects of interaction and
cooperation between humans and Al systems (Ong et al.,
2012; Nguyen et al., 2022; Siemon, 2022). Studies have
sought to understand and foster human-AlI complementarity,
with efforts focused on delegability problem, i.e., to identify
when should each individual’s expertise be leveraged for
enhanced team performance (Steyvers et al., 2022; Lubars
& Tan, 2019; Holstein & Aleven, 2021). Some researchers
have tackled the challenge of improving human reliance
on Al by developing mental models for Al and Al trust
(Bansal et al., 2019a;b; Zhang et al., 2022), while others
have explored more direct approaches like exemplar-based
teaching (Mozannar et al., 2022). Additionally, there is a
growing body of work investigating human behavior pat-
terns when interacting with Al, particularly in relation to
how human cognitive biases influence their reliance on Al
(Zhang et al., 2020; Schemmer et al., 2023). Such work
highlights the importance of human factors for effective
human-AlI collaboration, especially confidence as an indi-
cator of human inclination to accept Al recommendation
(Chong et al., 2022; Wang et al., 2022; Lu & Yin, 2021).
However, so far, only a few studies attempt to take these
into consideration when designing Al, by identifying chal-
lenging instances for individual agents (Wilder et al., 2020)

or directly optimizing for team utility (Bansal et al., 2021).

2. Problem Setup

In a human-Al joint decision making setting, given the de-
cision making case characterized by features X 2 X, the
human-AI team needs to make a decision y 2 Y. In this
study, we focus on a popular human-Al joint decision mak-
ing setting which is often referred to as “Al-assisted decision
making”, where an Al model provides a decision recommen-
dation Yy, = mM(X; m) to a human decision maker—who
may have their own independent judgement y, = h(X; )
on this case—and the human decision maker needs to make
the final team decision d. Without loss of generality, we
focus on multiclass classification tasks in this study (i.e.,

To obtain the AI model, we have a training dataset
which comprises N feature-label pairs, ie., D =

tice adopted to train the Al model is to learn the model
parameters , that minimize the empirical risks over the
entire training dataset:

m=argmin, — “(MXi; m)iyi) (D)
(Xi1yi)2D

where ‘(') is a loss function of interest (e.g., 0-1 loss). How-
ever, this training process effectively optimizes for the Al
model’s independent performance rather than the perfor-
mance of the human-Al team. In other words, this op-
timization process neglects the human decision maker’s
contribution to the decision making process. Assuming
that the human decision maker’s final team decision d =
TFOGYm = MX m);Yn = h(X; n)) ie., dis influenced
by the decision making case X, the Al model’s decision
recommendation Y, and the human decision maker’s own
independent judgment Yp, training an Al model that opti-
mizes for the human-Al team performance requires us to
solve a new empirical risk minimization problem:

m =argmin o Lieam
P
o BT oqvpzn (FOimO: 5)ih0s n))iyi)

@

Interestingly, recent empirical studies suggest that when
collaborating with an AI model in decision making, human
decision makers are more inclined to accept the Al rec-
ommendation when they have low “self-confidence”, that
is, their confidence in their own independent judgment is
low (Chong et al., 2022; Wang & Du, 2018; Schemmer et al.,
2023; Wang et al., 2022). Thus, when a human confidence
oracle C that provides us with human self-confidence on
each decision making instance (i.e., C : H(X) @ [0;1])
is available, this empirical insight can be reflected by a

= argmin
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threshold-based team decision making model:

8
=h ifC: >
om0 myhoa; n)=_ nexii n) - if Gy )
m(Xi; m) otherwise
where C;j = C(h(X;; n)) is the human decision maker’s

self-confidence on instance I, and 1is the self-confidence
threshold for the human decision maker to rely on or ignore
the Al recommendation—humans will rely on the Al recom-
mendation if their self-confidence is below , thus a higher
value of is associated with a higher frequency for humans
to rely on the Al recommendation.

In this paper, as an initial step to better factor the human
decision maker’s behavior in Al-assisted decision making
into the training of the Al model, we explore how the Al
model should be trained to optimize for the human-AI team
performance, when the team uses the threshold-based model
(i.e., Equation 3) to make the joint decisions.

3. Human-Confidence-Based Instance
Weighting

When the human-Al team uses the threshold-based model
to determine their joint decisions, humans will “only” adopt
the Al recommendation when their self-confidence is suf-
ficiently low (i.e., below ). Intuitively, this implies that
an Al model needs to be as accurate as possible on those
decision making instances where humans are less confident
about their own judgments and thus “need” the Al recom-
mendation more in order to optimize for the human-Al team
performance. To operationalize this idea, we propose to
train a complementary Al model y. = m¢(X; () that mini-
mizes the weighted empirical risks over the entire training
dataset, where the weight of each instance (W;) is a function
of the human decision maker’s self-confidence on it (Cj):

) >
¢ =argmin o Wi
(xiyi)2D

“(Mme(xi; Diyi) @)

Intuitvely, the standard AI model yy = m(X; m) weighs
all instances equally (i.e., wj = 1 8 I; 2 D). In general,
without additional information about the value of the self-
confidence threshold , we have the following proposition:

Proposition 3.1. If the human decision maker is less confi-
dent about 1 than 1j, then | should be weighted at least
as highas 1j, i.e, wj  Wj if C; < Cj.

Proof intuition. Given the unknown self-confidence thresh-
old , if C; < Cj, we have C;j =) (i but
Cj > = C;j > .Inother words, I; is always in “low
confidence region” (i.e., below the self-confidence threshold

) when Ij is in low confidence region, and 1; could be
in low confidence region even when 1j is not. Since we

aim to maximize the Al model’s performance in the low
confidence region where humans will adopt its recommen-
dation, training data instances more likely to be in the low
confidence region should be weighted at least as highly, i.e.,
W;j Wj.

Following this proposition, we may propose a few heuris-
tic methods for setting the weight for each training data
instance, e.g., Wj = 1 Cjorw; = c . Below, we dis-
cuss how to derive the optimal weight of each training data
instance in two different scenarios with different kinds of
information about the self-confidence threshold

3.1. Optimization for Known Self-Confidence Threshold

First, we consider the simplest scenario where the human
decision maker has a fixed self-confidence threshold to
determine their reliance on the Al recommendation, and its
value is known to the Al model developer. Let Dy, == fl; j
Ci > gand Dy, == D n Dp, be the sets of instances where
human has high and low self-confidence respectively. Using
the threshold-based team decision making model (Equation
3), the complementary Al should focus only, and equally,
on instances in the low confidence region Dy,.

Proposition 3.2. When the human decision maker uses a
fixed and known self-confidence threshold to determine the
human-Al team joint decision, the team loss is minimized
when Wi = 1[Cj ]

Proof. According to Equation 3, the team loss can
be decomposed into “hulpgm loss” and “Al loss” as
follows: (xi:yi)2Dn ‘(h(xi; n);vi) +
ﬁ (xi:yi)2Dy, ‘(mc(Xi; ¢);VYi). Since we can directly
optimize Al only, the first term (i.e., the “human loss”) is ef-
fectively a constant. This is equivalent to assigning a weight
of 0 to instances in Dy, and 1 to instances in Dy,, or setting

wi = 1[C; ].

Lteam = ij

3.2. Optimization for Expected Self-Confidence
Thresholds

In practice, however, humans’ self-confidence threshold
may not only be unknown to the AI model developer, but
may also vary between individual human decision makers
and across time. To reflect this, we consider a second sce-
nario such that when facing a decision making instance, the
human decision maker will need to draw a threshold value
from a known distribution (i.e., T+ ( )) and then apply
the threshold-based model to determine the final human-Al
joint decision. In this case, the complementary Al model
needs to be trained to minimize for the expected team loss
over all possible self-confidence thresholds.

Proposition 3.3. When the human decision maker draws
a self-confidence threshold from a known distribution to
determine the human-Al team joint decision, i.e., fr()
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the expected team loss is minimized wher 1 F1 (G),
whereF+ () is the cumulative distribution function (CDF)
for threshold value .

training a complementary Al model is more likely to be ben-
e cial; (2) we may systematically control characteristics of
the human decision maker's behavior to examine the robust-
ness of the proposed method in improving the human-Al

Proof. Given the threshold-based team decision making0int decision making performance.

model, we decompose the expected team IBfiSi{am 1)

as follows (we usé(x) andmc(x) to refer toh(x; ) and

m%x; c), respectively, for convenience and readability):
1 1 X .

fr() — (f (xisme(xi);h(xi));yi) d

0 IDj

1

. fr() ~(F (i me(xi); h(xi));yi) d

(xisyi)2D
X

] (xi;yi)2D
G

, fr () “(h(xi);yi) d

J

1

Dj

1

= Dj

(xiyi)2D
Z,

+ . fr () “(me(xi)iyi) d
1

o Fr(G) ~(h(x);¥)
|

}

(xiyi)2D

uncontrollable human loss

1 F(G)

(xi;yi)2D

+

1
Dj

J “(Me(Xi)sYi)

Bhus, minimizingE[L «eam | is equivalent to minimizing
(xiyyi)2D (1 Fr (Q)) \(mC(Xi; c);Yi), which implies
wi =1 Fr(G).

Remarks.Following Proposition 3.3, we can see that the

heuristic method of setting the weight of each training in-

stancew; =1 C; isin fact the optimal, when the human

decision maker draws their self-con dence threshold froma 2.

uniform distribution, i.e.,  U[0; 1].

4. Evaluation

In this section, we conduct simulation studies on two
datasets to evaluate that when human decision make
collaborate with an Al model trained following the pro-

posed human-con dence-based instance weighting method,™
whether the human-Al team joint decision making perfor-
mance improves compared to when they collaborate with

an Al model trained following the standard method.

4.1. Simulation on Synthetic Data: College Admission

We conduct our rst simulation study on a college admission

decision making task, for which the dataset is generated en-

tirely synthetically. Evaluation on this fully synthetic dataset
is useful because: (1) we may arti cially create a decision

making scenario where human decision makers exhibit dif-

Synthetic Dataset Generation. Speci cally, in this task,
decision makers need to determine whether to admit an
applicant to college (i.eY = f+1; 1g, +1 represents
admitted while 1 represents rejected), given two features
of the applicant—their Grade Point Average (i.65PA")

and their standardized test scores (i.8GORE’). Inspired

by Haider et al. (2022), we assume that applicants may either
belong to the privileged group or underprivileged group. In
addition, we assume th8CoOREis more predictive of the
admission outcome for privileged applicants, wi@ea is
more predictive for underprivileged applicants.

Generating decision making task&/e start by generating a
set of decision making task instances, where each instance
is represented by &cgpa ; Xscore ; Y) tuple. For each of
then = 100; 000instances (i.e., applicants), the values of
Xepa @ndXscere are uniformly randomly sampled between
0 and 1; for bothGPA and SCORE, we refer to a value that
is above (below) a threshotdashigh (low), and we use

t = 0:5in this study. The applicant is further assigned to the
privileged group with probability, and we use = 0:75in
this study. Finally, we follow the steps below to determine
the ground truth labe} for each applicant:

1. If both Xxgpa andxscere arehigh, sety = +1 regard-

less of the group identity of the applicant;

For a privileged applicant, ¥score iSlow, sety = 1,
and if Xscore IS high yet Xgpa is low, sety = +1
with a probabilityp that is proportional to the value
of Xscore + XgpPA » I.€., the hlgher th&score + Xgpa
value is, the more likely the applicant will be admit-
ted'. This re ects thatSCOREis more predictive of the

rs admission outcome for privileged applicants.

3. For an underprivileged applicant Xtpa is low, set

1; and if Xgpa IS high yet Xsgore is low, we
again sey = +1 with a probabilityp that is propor-
tional to the value okscore + Xgpa *. This re ects
that GPA is more predictive of the admission outcome
for underprivileged applicants.

4. Lastly, to account for a degree of randomness in the
admission process, we will ip the labgl currently
set for the applicant with a small probability g is
designed in a way such that when the current label
y = +1, applicants with higher values ofgpa +

ferent levels of competence/con dence on different subsets we operationalize this by mapping the valuexakoe +
of decision making tasks, so that the proposed method fotgpa to ap value in the interval between 0.5 and 1.
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Xscore Will have smallerq (thus less likely to be ipped  spectrum; (2UNBALANCED: (1;2)3, re ecting the
to “rejected”), while whery = 1, applicants with  case that human decision makers' self-con dence threshold
smaller values 0kgpa + Xscore Will have smallerm leans towards the lower end of the spectrum;U3)HAPED:
(thus less likely to be ipped to “admitted?) (0:5;0:5)3, re ecting the case that decision makers'
self-con dence threshold tends to be either very low or very
A visualization of the generated dataset is provided in Figuré‘_'g_h? (4) INV=U: (2;2)%, re ecting the case that de-
A.1in the Appendix. cision makers' self-con dence threshold leans towards the

_ o _ middle of the spectrum; (5): an impulse a0:75, re ecting
Generating human decision makers' behavida re ect  the case that decision makers' self-con dence threshold is
that humans have varying levels of competence/con dencexed at a single value.

on different subsets of decision making tasks, on a decision . ) ) .
making instance that belongs to grogfi.e., privileged or We randomly divide our synthetic plata_set into the _trgmlng
underprivileged), we randomly generate a human decisiofd test folds based ong® : 20split. Given the training
maker's independent judgmeyyt such that it is correct with dataset, we train random forest classi ers with maximum
a probability ofacc,. Further, the human decision maker's €€ depth of 5 as our Al models. The baseline model is
con dence on this instance is randomly sampled from atralned using the standard loss (Equatlpn 1), vyhlle the ve
uniform distributionU[acg, under; acc, + over]; we may other complementary Al models are tramet_j using the t_eam
systematically vary the values ohder andover to control !oss foIIowmg_the human-con dence-based instance weight-
the human decision makers' con dence calibration degreéng method (.e.w; =1 FT.(Q_))' gnd eac_:h model cor
Finally, the decision maker's self-con dence thresholdn responds to one threshold distribution as listed above (i.e.,
this instance is randomly sampled from a distribufiery ), ~ UN!FORM, UNBALANCED, U-SHAPED, INV-U, ). Then, on
and we experiment with different distributions. the test dataset, given each of the six Al models, we simu-
late the human-Al team decision on each instance following
the threshold-based model (Equation 3) and determine its

Evaluations with Different Threshold Distributions. . )
. . accuracy by comparing against the ground truth label. We
Given our synthetic dataset, we rst evaluate the effec- uracy by barng aga grou u

tiveness of the proposed Al training method in improv-rEpeat this procedure for ve times in total
ing the human-Al team performance when human decisiofevaluation Resultsrigure 1 reports the comparison of the
makers have different self-con dence threshold distribu-average human-Al team decision making accuracy on the
tions in determining the team decisions (ifez{( )). As test dataset, when human decision makers are collaborating
shown in Proposition 3.3, given a speci ¢ self-con dence with different Al models. We make the following observa-
threshold distributiorf 1 ( ), the optimal weighting func- tions: (1) Compared to the case when humans collaborate
tion to be used to train the complementary Al model iswith the baseline Al model, for each of the self-con dence
wi =1 F7(G). However, knowing or being able to reli- threshold distributions we consider, when training the Al
ably estimate the precise formatfof ( ) can be unrealistic model using the corresponding optimal weighting function,
in practice. Thus, as a secondary goal of this evaluation, weve can see a signi cant increase in the human-Al joint de-
aim to explore how critical using the exact optimal weight-cision making performance. (2) In most cases (except for
ing function is to obtaining human-Al team performancewhen the true self-con dence threshold distributiorlis
gains through our complementary Al training method. SHAPED), even if the instance weights are not optimal (i.e.,
Evaluation Setup.n this evaluation, we assume human comp_ute_d bgsed on incorrect assumptions about the thresh-
decision makers"independent judg’ments are more acc 0—|d. d|str|bgt|on), a notable human-Al team perfgrmance
rate on applicants from the privileged group. Thus Weléam can still be found when humans collabprate with a com-
setacGy, = 0:9 andacGmuy = 0:6. We further sét plementa.ry.AI m(.)deI. rather than the baseline AI model. (3)
v : nptv o The heuristic weighting functiow; =1 C ;, which does

under = 0:1 andover = 0:1 (i.e., human decision makers' Lo
con dence is relatively well calibrated). Moreover, we con- not rely on knowledge or estimation of the self-con dence
y ' ' threshold distribution, seems to be a good default choice

sider 5 types of Se'f‘C%” dencg threshold d|str|but|op§. (1)that can lead to reasonable team performance gains.
UNIFORM: (1;1)°, re ecting the case that decision
makers' self-con dence threshold for relying on or ignor-
ing the Al recommendation is uniformly spread over theEvaluation with Different Human Characteristics. In
—_— _ _ our second evaluation, we systematically vary a number
We operationalize this by mapping the valuexgtoe +  of characteristics of the human decision makers, including
;G;iltoggoalgllueg;tgi(ljn\t,\tlat:\é?;bzetwieg S a:]r;d 0.1. Then, wheny, o expertise overlap with the baseline Al model, their
3Distributions are re-scaled to accommodate for the fact thaf\V®ra3€ self-con den(_:e threshold for relying on or |gn0r!ng
con dence on binary classi cation task varies betweeBand1,  the Al recommendation, and their con dence calibration
instead of0 and1. degree. We aim to use this evaluation to identify under what
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opposite to that of the Al model (i.acGyiv < aCCunpriv »
low overlap), while ensuring the overall accuracy of humans'
independent decision does not change riuch

Figure 2a shows the evaluation results. We nd that the
proposed method leads to the largest human-Al team perfor-
mance gains when the baseline Al model has high expertise
overlap with humans (i.e., it is not complementary already).
This is understandable, as when the humans have low exper-
tise overlap with the baseline Al model, the baseline model
is “complementary” by itself and becomes largely similar
to the Al model obtained from using the proposed human-
con dence-based instance-weighting training method.

Impact of Average Self-Con dence Threshadlthe human
self-con dence threshold (from Equation 3) re ects the
dependency of humans on Al, with a higher value indicating
human decision makers would rely on Al recommendation
more frequently. Beyond evaluating the impact of type of
threshold distribution, as done earlier (Figure 1), we are
also interested in evaluating how the (average) values of
Figure 1.The human-Al team decision making accuracy whenthis threshold impact human-Al team performance gain.
human decision makers' self-con dence thresholds are drawrOur default setting of ~ U[0:7;0:8] (i.e., avg = 0:75)
from different distributions (x-axis) and collaborate with Al maps to medium self-con dence on average. We change the
models trained using different human-con dence-based instancesampling distribution taJ[0:5; 0:6]; U[0:6; 0:7]; U[0:8; 0:9]
weighting strategies. Error shades represent the standard errcsi;id U[0:9; 1:0] to represent very low, low, high and very
of the mean. Optimal weighting strategy as per Proposition 3.%hjgh values of average self-con dence respectively. The

indeed results in the highest team performance (large, thick jstance weighting functiow; = 1 C ; remains unchanged.
marker has the largest value on y-axis for every self-con dence

distribution on x-axis), but other strategies also often lead to reaFigure 2b shows the evaluation results. We nd that the
sonable team performance gains against the baseline Al model. proposed method leads to the largest human-Al team per-
formance gains when the self-con dence threshold takes

conditions the proposed method may lead to the Iarges‘?n moderate values on average. This is un'derstandable be-
gain in the human-Al joint decision making performance.cause both humans and Al may often contribute to the nal

For simplicity, we adopt the heuristic weighting function (€am decision here, and our complementary model gets a
w; =1 C; for training the complementary Al model in phance to leverage its c.omplementary strengths. When

this evaluation. On the other hand, human self-con dencés V€'Y IOW’, human decision makgr mostly discards Al rec-
threshold is sampled from U[0:7:0:8]. Consistent ommgnQatlon S0 team accuracy is close to human accuracy
with previous evaluation setup, we UseG,;, = 0:9 and with limited gains from complementary Al model. When

aCGnpriv = 0:6, and seunder = 0:1 andover = 0:1in avg IS very hlghZ human decision mak_er mostly accepts
general. Al recommendation so team accuracy is close to Al accu-

_ racy with negative gains from complementary Al model;
Impact of Expertise Overlap between Humans and the Basenis is expected since complementary Al typically sacri ces
line Al model. We rst examine the team performance individual accuracy on entire data to be able to focus on

gain brought up by the proposed instance-based weightingstances where human decision makers need it more.
method to train complementary Al models when the human

decision makers have varying levels of expertise overla i q b ll-calibrated il hil
with the baseline Al model. In our setting, the baseline Al uman sefi-con dence to 0e well-call lrlate tll now. |W ne
is found to be more accurate on the privileged applicants al!iS IS @ common assumption, especially under popular ratio-
they are the majority group. We then create 5 sets of humaﬂal decision making that intrinsically relies on it, we know

decision makers' independent decision data with varyingnat this seldom holds in practice. Therefore, we examine
levels of human-Al expertise overlap (i.e., very high, high,'0W 9ains by our proposed instance Welghtlng method vary
medium, low, very low) by controlling the humans' inde- with varying levels of con dence calibration. Under our

pendent decision accuracy comparison on the two groups  “the Pearson correlation between humans' and the baseline Al
to change from being consistent with that of the baselinenodel's decisions decreases gradually fram53 to 0:28 as we go
Al model (i.e.,aCGyiy > acCCynpriv , high overlap) to being  from “very high” to “very low” expertise overlap dataset.

mpact of Human Con dence CalibrationWe assumed
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Figure 2.Impact of different human charactersitics on gains from complementary Al (difference between solid green and red lines).

default setup, the human decision maker's con dence on areasily recognizable objects (Church, Garbage Truck, Gas
instance from group is randomly sampled from a uniform Pump, Golf Ball and Parachute) and ve challenging dog
distributionU[acg;  under; acgy + over], and we have breeds (Australian Terrier, Border Terrier, Dingo, Old En-
been usingver = 0:1 andunder = 0:1 so far. This repre- glish Sheepdog, and Rhodesian Ridgeback), from ImageNet.
sents the well-calibrated setting. We test out four additionallhe resulting dataset, named WoofNette, consists of a total
settings hereunder = 0:2 andover = 0 to represent very of 9; 446 training images and; 054 test images, each of
high degree of undercon dencender = 0:1andover =0 sizel28 128 3. Sample images from the WoofNette

to represent high degree of undercon dengeder = 0 dataset are provided in Figure A.2 in the Appendix.
andover = 0:1to represent high degree of overcon dence,

andunder = 0 andover = 0:2 to represent very high Human behavior data. We conducted a pilot study on
degree of overcon dence. Amazon Mechanical Turk involving 200 images, with nearly

Figure 2c shows the evaluation results. We nd that our! a@nnotations per image. This allowed us to estimate the

proposed method exhibits robustness to varying degrees G€curacy of human for each class. Human decision mak-
con dence calibration and consistently yields substantial®'s' independent judgment on images belonging to a certain
gains. Since the same potentially miscalibrated con dencé&'ass was then randomly simulated such that the probabil-
is used for both meta-decision to accept Al recommendatiofty that it was correct equals to humans' accuracy on that
and instance weighting, the method mitigates the impactlass. Moreover, for a given image, we take the proportion
of calibration errors to a certain extent, contributing to its®f WOrkers in the pilot study whose annotation maiches the

overall effectiveness. Maximum gains are attained wher&Ority annotation for this image as the proxy for humans'
human is slightly undercon dent here. self-con dence on it (i.e., higher agreement with the major-

ity indicated greater con dence in their independent judg-
ments). However, since we only had this information for
the 200 pilot study images, compared to the nearly 10,000
For more realistic and interpretable experimental conditraining images, we ended up using this data to develop a
tions, we sought to identify a vision dataset that ideallyseparate Al model for con dence prediction. More specif-
contains distinct “groups” of instances with room for com-ically, a ResNet-50 deep neural network, initialized with
plementarity (i.e., humans do not possess high and/or equatandard ImageNet weights, was trained to predict humans'
accuracy across all groups). With this objective in mindself-con dence based on input images. This Al model pro-
we curated a subset of the widely used ImageNet datasegided self-con dence values for each task instance gener-
(Deng et al., 2009), consisting of classes and instances thated by our synthetic human. This model was then used to
present varying levels of dif culty for human classi ca- provide self-con dence values of our synthetic human on
tion. Ultimately, we selectedO classes, comprising ve each task instance.

4.2. Simulation on Real World Data: WoofNette
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(a) Uniform Self-Con dence Threshold Distribution (b) Self-Con dence Threshold Distribution

Figure 3.Human, Al and Human-Al team performance on WoofNette using standard and complementary Al training strategies.

Al model training.  We utilize the ResNet-50 architecture, 5. Conclusion
which is pre-initialized with ImageNet weights, as the Al ) . .
model. To establish a baseline Al, we train this model on thén t_h'_s paper, we addr_ess the Chz_;llle_nge of improving hu_man-
WoofNette dataset by minimizing the standard categoricaf*| 10int decision making by designing Al-driven decision
cross-entropy loss. Additionally, to obtain a complementar)/'a“d,s that_ tal_<e into account humans reacno_ns yvhen Inter-
Al, we train the Al model using human-con dence-based acting with it. Our approach focuses on adjusting the Al

instance-weighted categorical cross-entropy loss. We agaiWOdeIS based on humans' con dence in their own deuspns.

adopt the simpléL C ;) weighting scheme. However, train- We rst formulated a threshold-based team decision making
i . ) . s

ing the Al model optimally leads to very high Al accuracy, moqlel that characterizes humans Wllllngnes_s to afjopt Al

limiting the potential for complementarity with humans. To 2dvice only when they have low con dence in their own

create a more realistic scenario that aligns with practicaf€cisions. We then proposed a human-con dence-based
human-Al interaction, we intentionally restrict the Al's ac- "Stance-weighting strategy for training complementary Al

curacy by training it for fewer epochs. In fact, we explore models. Under the assumed decision making model, we also

the impact of Al accuracy on the observed gains by trainglerived optimal weighting strategies, and conducted experi-

ing both the baseline and complementary Al models untilmer']ES on bgth synthet|r(]: Colleglge Afdmlssmn and real(—jworld
a speci ed “target accuracy” is reached (i.e., we consideyV00fNette datasets. The results of our experiments demon-

the model as converged and stop training when the trainingntrated that our proposed strategy can signi cantly improve
accuracy surpasses the target accuracy). e performar_mce of hu.man-AI joint decision making, even
under suboptimal settings like when human con dence is
not well-calibrated, making our solution particularly bene -
Evaluation results. To obtain the team decision, we use cijal for use in practical setups. By considering the human
try two self-con dence threshold distributio®JNIFORM  factors and integrating them into the Al model design, we
(U[0:1;1]) and (impulse at 0.7)UNIFORM represents the  offer insights into how Al models can be tailored to better
most basic, uninformative scenario. On the other hand, support humans in their decision-making processes. This
may be more representative here as it would lead to tweould complement existing body of work that focuses on
high and low con dence regions, which is what we expectimproving humans' capability to better utilize a given Al
with easy object images and dif cult dog images. We getmodel. Future work will explore additional factors in u-
signi cant gains, especially for lower target accuracy, usingencing human acceptance of Al advice and investigate al-
our proposed training method in both cases, although theernative methods for adjusting Al models based on human
absolute improvement in accuracy is much higher in casgeactions, aiming to further enhance human-Al team perfor-
of (Figure 3). As expected, the gains are higher whemance and re ne the collaboration between humans and Al

target Al accuracy is lower since there is more room forin decision-making processes across various domains.
contribution by human teammate
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1.0 _ + e - - -, + L T .
- ey - _
+ _-I" - =t _ s+t *++‘,‘: + + +t!-|-
- _ +
- o + -E. + +
+ ey o+ = ¥, O +"4'-+ -
= _ + ++ + + +
- + - “+ ¥ + _+ + + 4+
- ik L LUt e +++
— .- ¢ + e oot + ¥ +""'-_t""" +
0.8 F e Ty ¥ - - -—* + + +
A - - - -t t+ o+ + + + o+ +
- + + - -_ - * _— + + ++.|l.:_ + t
* - 4+ - - wy  to L te ++f ¥ F +
T 5 -+ o= 4 ¥ + +
By - TS TS+ + +r+ +
_ - - - - 4+ - + # + +
- -+ - _ + + + +
— - + &
- T + + +Ho- o+ +7 + T, +
- - -4 - - ++ H e+
0.6 — R - * - =+ i - +
- ~+ + + e + & ++ -t
N I+ F - R + w7y
- 1 + - + o+ _ + +, * + o+
<C - T + o+ + +
o T - -4 =t -+t * & % 4+ ¥ + o+
= - + = _- % - T4
(& T -+ - - - -~ - Pl -
= + + - T LT -+ -_ _
- - - - - -Za — _ =+ = o+ _
04| .- ~=7 ST T L4 - T
T —+ - - - 74 - ¢ ="
- = - - = - - -k - -
—_ - —_— :'_ ~ e - -— + +_ _ N
i TP S S "
—~ - - - R - == -
STl T .  SFI
—— - = - - =T - + - & _
0.2 - T S
- - e + + + -
+  Privilegedagmit T e T - o ~+
z To= + + - + -
- Privilegedgeject PR S -+ -
— - S e
.. - - - +-
+ Underprivilegedagmit - - _ - -
- =-_ - - # _ - +_ -
0.0 - Underprivilegedgreject = - - +

0.0 0.2 0.4 0.6 0.8
Score

Figure A.1. Visualization of decision making task instances from the synthetic College Admission dataset.






