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Abstract

Individual human decision-makers may benefit from different
forms of support to improve decision outcomes, but when will
each form of support yield better outcomes? In this work, we
posit that personalizing access to decision support tools can be
an effective mechanism for instantiating the appropriate use
of AI assistance. Specifically, we propose the general problem
of learning a decision support policy that, for a given input,
chooses which form of support to provide to decision-makers
for whom we initially have no prior information. We develop
Modiste, an interactive tool to learn personalized decision
support policies. Modiste leverages stochastic contextual
bandit techniques to personalize a decision support policy
for each decision-maker. In our computational experiments,
we characterize the expertise profiles of decision-makers for
whom personalized policies will outperform offline policies,
including population-wide baselines. Our experiments include
realistic forms of support (e.g., expert consensus and predic-
tions from a large language model) on vision and language
tasks. Our human subject experiments add nuance to and bol-
ster our computational experiments, demonstrating the prac-
tical utility of personalized policies when real users benefit
from accessing support across tasks.

1 Introduction
Human decision-makers use various forms of support to in-
form their opinions before making a final decision (Keen
1980). Decision-makers with differing expertise may ben-
efit from different forms of support on a given input (Yu
et al. 2024). For example, one radiologist may provide a
better diagnosis of a chest X-ray by leveraging model predic-
tions (Kahn Jr 1994) while another may perform better after
viewing suggestions from senior radiologists (Briggs et al.
2008): see Figure 1. In this paper, we study how to improve
decision outcomes by personalizing which form of support
we provide to a decision-maker on a case-by-case basis.

Since artificial intelligence (AI) is increasingly used as
a form of decision support (Lai et al. 2023), even moving
towards systems that could act as “thought partners” (Collins
et al. 2024b), responsible machine learning (ML) model
deployment requires clarity on who should have access to

*Both authors contributed equally: order decided by a coin flip.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Depending on the input, decision-makers need
different forms of decision support to make correct decisions.
Modiste personalizes access to the right form of support
at the right time for the right decision-maker online. Here,
Alice would not benefit from model access, while Bob would
not benefit from a senior consult.

model outputs and when model outputs can be safely ex-
posed to decision-makers (Amodei et al. 2016). Regulation
increasingly calls for the “effective and appropriate use” of
AI (Biden 2023), requiring careful consideration of when
models ought to be accessible to decision-makers. In this
paper, we formalize learning a decision support policy that
dictates for each individual decision-maker when additional
support (e.g., LLM output) should be viewed and used for a
given input.

While prior work has assumed access to offline human de-
cisions under support (Laidlaw and Russell 2021; Charusaie
et al. 2022) or oracle queries of human behavior (De-Arteaga,
Dubrawski, and Chouldechova 2018; Mozannar and Sontag
2020) to learn decision support policies, we argue that this
data is unrealistic to obtain in practice across all available
forms of support for a new decision-maker. Thus, for in-
dividuals for whom we have no prior information initially,
we propose learning how to personalize support online. We
develop Modiste,1 an interactive tool that leverages off-
the-shelf stochastic contextual bandit algorithms (Li et al.
2010) to learn decision support policies by modeling human

1While a “modiste” usually refers to someone who tailors cloth-
ing and makes dresses/hats, we use the term to capture our tool’s
ability to alter a policy to a decision-maker.
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prediction error under varying forms of support.
Our computational experiments explore the utility of per-

sonalization across multiple expertise profiles. Based on these
experiments, we characterize decision-maker expertise into
profiles where personalized policies outperform offline ones,
such as population-wide majority vote. We demonstrate that
if there is no benefit of personalization, Modiste recovers
the same performance as the best form of support.

To validate Modiste on real users (N = 80), we conduct
human subject experiments, where we explore forms of sup-
port that include expert consensus, outputs from an LLM, or
predictions from a classification model. In contrast to prior
work that only tests offline policies or evaluates in simula-
tion, we demonstrate how Modiste can be used to learn
personalized decision support policies online on both vision
and language tasks. We emphasize our main contributions:

1. Formalizing decision support policies. We propose
a formulation for learning a personalized decision support
policy that selects the form of support that maximizes a given
decision-maker’s performance. We introduce Modiste, a
tool to instantiate our formulation using existing methods
from stochastic contextual bandits to model human predic-
tion error under different forms of support. We open-source
Modiste as a tool to encourage the adoption of personalized
decision support policies.

2. Evaluating personalized policies in realistic settings.
We use Modiste to learn personalized policies for new
decision-makers through both computational and human sub-
ject experiments on vision and language tasks. We charac-
terize under which settings we would expect personalized
policies to improve performance. Our human subject experi-
ments, where real users interact with Modiste, nuance our
findings from the computational experiments on synthetic
decision-makers, demonstrating the appropriate use of deci-
sion support has benefits in practice.

2 Related Work
Regulating AI Use. Our study of decision support policies
has implications for safely deploying ML models to interact
with users. This topic is of heightened importance, particu-
larly in light of recent calls for the “effective and appropriate
use” of AI in US President Biden’s Executive Order (Biden
2023) and for clarity on when to “decide not to use [an]
AI system” per the EU AI Act (EUA 2023). The disuse of
AI can caution downstream misuse of models for assistive
decision-making (Brundage et al. 2018). The refusal to use
AI assistance can be strategic to empower decision-makers,
thus preventing their overreliance on models and encouraging
their agency on the task at hand (Gordon and Mugar 2020;
Barabas 2022). Each decision-maker may require a different
level of use to promote effective use of AI assistance in their
decision-making (Kirk et al. 2024); for instance, experts and
novices may prefer LLM access in different settings on the-
orem proving tasks (Collins et al. 2024a). Our experiments
engage with such settings by learning when to provide LLM
support for language-based tasks via a personalized policy.

Decision Support. While various forms of decision sup-
port have been proposed, such as expert consensus (Scheife

et al. 2015) and changes to machine interfaces (Roda 2011),
more recent forms of support focus on algorithmic tools
where decision-makers are aided by machine learning (ML)
models (Phillips-Wren 2012; Gao et al. 2021; Bastani, Bas-
tani, and Sinchaisri 2022). In some prior work, the human
does not always make the final decision, such as those that
learn to defer decisions from a model to a single decision-
maker (Madras, Pitassi, and Zemel 2018; Mozannar and Son-
tag 2020) or others that jointly learn an allocation function
between a model and a pool of decision makers (Keswani,
Lease, and Kenthapadi 2021; Hemmer et al. 2022). In our set-
ting, the human is always the decision-maker, which includes
settings where humans make the final decisions with support
from ML models (Green and Chen 2019; Lai et al. 2023),
as well as those where humans make decisions when pro-
vided with additional information beyond a model prediction,
e.g., explanations (Bansal et al. 2021), uncertainty (Zhang,
Liao, and Bellamy 2020), conformal sets (Babbar, Bhatt,
and Weller 2022). While these studies always show a sin-
gle form of support, recent works consider adapting when
AI support is shown to users with a fixed policy. Ma et al.
(2023) fit a decision tree to offline user’s decisions to decide
when to show AI support to users, and Buçinca et al. (2024)
use offline reinforcement learning to estimate if AI support
would be helpful, especially under time constraints (Swaroop
et al. 2024). Our work considers general forms of support,
beyond when to show AI support, and formalizes learning in
which contexts each form of support should be provided to
an unseen decision-maker online. An extensive comparison
to prior work is in the Appendix.

Prior Assumptions About Decision-Maker Information.
We briefly survey the assumptions made about the decision-
maker when learning decision support policies. The model of
the decision maker is either synthetic, thus lacking grounding
in actual human behavioral data, or learned from a batch of
offline annotations (Madras, Pitassi, and Zemel 2018; Okati,
De, and Rodriguez 2021; Charusaie et al. 2022; Gao et al.
2023). For a new decision-maker or a new form of support,
this set of data would not be available in practice. Instead, we
propose to learn a decision support policy online to circum-
vent these limitations. Few works use some aspect of online
learning for different decision-making settings or under strict
theoretical conditions, as we describe in the Appendix.

3 Preliminaries
We consider a human decision-making process with different
forms of decision support. In our setting, decision-makers
may be shown support when selecting an outcome from a
fixed set of labels (Seger and Peterson 2013; Lai et al. 2023).

General Problem Formulation. Decision-makers perform
a classification task in observation/feature space X ⊆ Rp and
outcome/label space Y = [K]. We operate in a stochastic set-
ting where the data (x, y) ∈ X×Y are drawn iid from a fixed,
unknown data generating distribution P , an assumption that
reflects typical decision-making settings (Bastani and Bayati
2020; Bastani, Bastani, and Sinchaisri 2022). Importantly,
we consider an action set A corresponding to the forms of
support available, which may consist of an individual piece of
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Figure 2: We illustrate the process of learning a decision support policy πt online to improve a decision-maker h’s performance.
Since assuming access to sufficient amounts of offline data is unreasonable in practice, our formulation learns a personalized
policy online; each decision-maker’s learned policy may differ from that of another decision-maker if they have decisions (ỹ)
and thus different expertise.

information (e.g., model prediction) or a particular combina-
tion of multiple pieces of information (e.g., model prediction
and explanation). Given an observation x ∈ X , the human
attempts to predict the corresponding label y ∈ Y using the
support prescribed by an action a ∈ A. Note, we do not
make assumptions on the specific forms of support a, but
we provide multiple instantiations in our experiments. The
quality of predictions is measured using a 0-1 loss function,
where ℓ(y, y′) = 1 for y ̸= y′ and ℓ(y, y′) = 0 for y = y′.

Decision-Making Protocol. A personalized decision sup-
port policy π : X → ∆(A) outputs a form of support for a
given input. Let Π denote the class of all stochastic decision
support policies. LetA = {A1, . . . , Ak}, and π(x)Ai

denote
P[Ai ∼ π(x)] for each Ai ∈ A. When the policy π pre-
scribes the support Ai, the human decision-maker makes the
prediction ỹ based on the observation x and support Ai, i.e.,
the final prediction ỹ is given by ỹ = h(x, Ai). The human
decision-making process with different forms of support is
described below. For t = 1, 2, . . . , T :
1. A data point (xt, yt) ∈ X × Y is drawn iid from P .
2. A form of support at ∈ A is selected using a decision

support policy πt : X → ∆(A).
3. The human decision-maker makes the final prediction

ỹt = h(xt, at) based on xt and at.
4. The human decision-maker incurs a loss ℓ(yt, ỹt) = 1 if

yt ̸= ỹt and ℓ(yt, ỹt) = 0 otherwise.

Evaluation of π via Expected Loss. The quality of a policy
π can be evaluated using the expected loss incurred by the
decision-maker across the input space:

Lh(π) = E(x,y)∼P
[
EAi∼π(x)[ℓ(y, h(x, Ai))]

]
. (1)

We distinguish this metric from the more standard notion
of regret, which is typically used to analyze policies in an
online learning setting (Li et al. 2010); however, we cannot
realize π∗ for an unseen decision-maker in practical scenarios.
Thus, we rely on Lh(·) as a proxy metric for evaluating the
effectiveness of π.

4 Modiste: Learning Personalized Decision
Support Policies

We introduce Modiste, a tool to translate our problem for-
mulation into an interactive interface for learning personal-

ized policies. The workflow, outlined in Figure 2, comprises
a learning component to update the personalized policy and
an interface to customize the appropriate form of support for
each input and each decision-maker.

Learning Problem
To model the decision-making process of a human decision-
maker without access to their previous decisions, we consider
a stochastic contextual bandit set-up, where the forms of
support are the arms, X is the context space, and the policy π
can be learned online. In Algorithm 1, we detail an algorithm
for learning a policy π∗ that minimizes expected loss online.
Our goal is to find an optimal decision support policy π∗ that
minimizes Lh(π). We can rewrite Eq. 1 as follows:

Lh(π) = Ex

[ k∑
i=1

π(x)Ai · rAi(x;h)
]
,

where rAi
(x;h) = Ey|x[ℓ(y, h(x, Ai))] is the human pre-

diction error for input x and support Ai. Then, it can be
shown that the optimal policy takes the form π∗(x) =
argminAi∈A rAi

(x;h): see derivation in Appendix. For
Modiste to run, we must maintain and update our estimate
of human prediction error rAi

(x;h) (Step 1 in Algorithm 1)
and of our policy π (Step 2 in Algorithm 1).

To update the estimate of human prediction error (Step 1),
Modiste implements two approaches to estimate rAi(x;h)
for all x ∈ X and Ai ∈ A, but note that any online learning
algorithm can be used to update the Ur. We first consider
LinUCB (Li et al. 2010), a common online learning algo-
rithm that approximates the expected loss rAi

(x;h) by a
linear function r̂Ai

(x;h) := ⟨θAi
, x⟩. Although the linearity

assumption may not hold in general, we learn the parame-
ters {θAi

: Ai ∈ A} using LinUCB with the instantaneous
reward function R(x, y, Ai;h) := −ℓ(y, h(x, Ai)). We then
normalize the resulting r̂Ai(x;h) values to lie in the range
[0, 1]. The second algorithm we use is an intuitive K-nearest
neighbor (KNN) approach, which is a simplified variant of
KNN-UCB (Guan and Jiang 2018). Here, we maintain an
evolving data bufferDt, which accumulates a history of inter-
actions with the decision-maker. For any new observation x,
we estimate r̂Ai

(x;h) values by finding K-nearest neighbors
in Dt and computing the average error of these neighbors.
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Algorithm 1: Learning a decision support policy

1: Input: human decision-maker h
2: Initialization: data buffer D0 = {}; human error values
{r̂Ai,0(x;h) = 0.5 : x ∈ X , Ai ∈ A}; initial policy π1

3: for t = 1, 2, . . . , T do
4: data point (xt, yt) ∈ X × Y is drawn iid from P
5: support at ∈ A is selected using policy πt

6: human makes the prediction ỹt based on xt and at
7: human incurs the loss ℓ(yt, ỹt)
8: update the buffer Dt ← Dt−1 ∪ {(xt, at, ℓ(yt, ỹt))}
9: update the decision support policy:

r̂Ai,t(x;h) ← Ur(r̂Ai,t−1(x;h),Dt), ∀Ai ∈ A
(Step 1)

πt+1(x) ← Uπ({r̂Ai,t}i) (Step 2)

10: end for
11: Output: policy πalg

λ ← πT+1

In practical settings where interactions are limited (like in
our human subject experiments), the number of interactions
T tends to be relatively small, which renders pure exploratory
policies infeasible (Sutton and Barto 2018). Thus in Step 2,
we guide exploration of the policy via:

πt+1(x) = argmin
Ai∈A

r̂Ai,t(x;h) + bAi,t(x;h),

where bAi,t(x;h) corresponds to some exploration bonus.
In the Appendix, we provide implementations of Modiste
with LinUCB and with KNN.

Modiste Interface
We provide an extendable interface for the study and de-
ployment of decision-support policies. At each time step,
Modiste sends each user’s predictions to a server running
Algorithm 1, which identifies the next form of support for the
next input. Modiste then updates the interface accordingly
to reflect the selected form of support. Our tool can be flexi-
blely linked to crowdsourcing platforms like Prolific (Palan
and Schitter 2018). We implement three common forms of
support: (1) HUMAN ALONE, where the human makes the
decision solely based on the input, (2) MODEL PREDICTION,
which shows decision-makers a model’s prediction for the
given input (Bastani, Bastani, and Sinchaisri 2022), and (3)
EXPERT CONSENSUS, which presents the user with a dis-
tribution over labels from multiple annotators (Scheife et al.
2015). In Figure 3, we provide an example screenshot of the
interface. Participants are informed of their own correctness
after each trial and the correctness of the form of support
(e.g., model prediction) if support was provided, so that par-
ticipants can learn whether support ought to be relied upon.

5 Experimental Set-up
Before we evaluate Modiste, we overview the set-up of sub-
sequent experiments, both computational and human subject.
All other details are in the Appendix.

Figure 3: Example of the Modiste interface for MMLU-2A
where the human is provided responses from a LLM.

Decision-making Tasks
Following prior studies on human-AI interactions (Babbar,
Bhatt, and Weller 2022; Mozannar et al. 2023; Lee et al.
2023), the decision-making tasks in our experiments center
around the following vision and language datasets:

1. CIFAR-10 (Krizhevsky 2009), a 10-class image classifica-
tion dataset;

2. MMLU (Hendrycks et al. 2020), a multi-task text-based
benchmark that tests for knowledge and problem-solving
ability across 57 topics in both the humanities and STEM.

In terms of the size of |A|, we let kA denote when there
are k forms of support for a task. We focus on k = 2 or
3, which captures a buffet of real-world scenarios in prior
work where decision-makers have a few tools at their dis-
posal. In particular, the two action setting covers practical
use cases where a decision-maker has the option of using a
model or not. The learned decision support policy then re-
flects appropriate use, as the model would be hidden when a
decision-maker does not need it. While the forms of support
we consider are common in practice (Lai et al. 2023), our
choices of support are not intended to exhaustively demon-
strate the diverse forms of support that Modiste can handle.
We now describe our two main tasks, which are designed to
be accessible to crowdworkers and will be featured in both
the computational and human subject experiments.2

CIFAR-3A. In this task, we consider three forms of sup-
port: HUMAN ALONE, MODEL, CONSENSUS. Our goal is
to construct a setup reflecting a realistic setting in which
different forms of support result in different strengths and
weaknesses for decision-makers. To instantiate this setting,
we deliberately corrupt images of different classes to evoke
performance differences – necessitating that a decision-maker
appropriately calibrate when to rely on each form of support.
We consider 5 of the animal classes in CIFAR-10; of these,
we never corrupt images of Birds, do not corrupt images of
Deers and Cats for the MODEL, and do not corrupt images of
Horses and Frogs for the CONSENSUS.

2In the Appendix, we include computational experiments for two
additional tasks (Synthetic-2A and CIFAR-2A), and experiments
where we vary the size of k.
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MMLU-2A. The two forms of support are HU-
MAN ALONE and LLM, where the human is pro-
vided responses generated from InstructGPT3.5,
text-davinci-003, (Ouyang et al. 2022) using the
same few-shot prompting scheme for MMLU as Hendrycks
et al. (2020). We conducted pilot studies to select a subset of
topics where the accuracy of the LLM and average human
accuracy vary. We choose the following topics: Computer
Science, US Foreign Policy, High School Biology, and
Elementary Mathematics. The goal of this task is to evaluate
whether we can learn personalized support “in-the-wild,”
where we naturally expect people to excel at different topics,
akin to real-world settings where decision-makers may have
varying expertise.

Baselines and Other Parameters
Algorithms and Baselines. We compare personalized poli-
cies, learned using Algorithm 1 with LinUCB and with KNN
reporting results as Modiste-LinUCB and Modiste-KNN
respectively, against the following offline policies:
• Human + Support, where the decision-maker always re-

ceives the same form of support: π(x) = Ai for all x. In
CIFAR-3A, there are 3 fixed support baselines, correspond-
ing to each form of support. In MMLU-2A, there are 2
fixed support baselines.

• Population-wide, where the decision-maker receives a form
of support based on the majority vote from 10 learned poli-
cies (breaking ties at random). For this baseline, the form
of support may vary across contexts but is not personalized
to individual needs. This baseline is akin to recent offline
policy learning (Ma et al. 2023; Buçinca et al. 2024).

Number of Interactions. While more interactions (higher
T ) provide more data points to estimate each rAi , we need
to consider what a realistic value of T is given constraints of
working with real humans (e.g., limited attention and cogni-
tive load). In online learning, T is usually unreasonably large,
on the order of thousands (Li et al. 2010; Guan and Jiang
2018). Via pilot studies, we found that 100 CIFAR images or
60 MMLU questions were a reasonable number of decisions
to make within 20-40 minutes (a typical time limit for an
online study), which we use throughout our experiments.

6 Computational Evaluation
Decision-makers may have different “expertise” (i.e.,
strengths and weaknesses) across input space X under each
form of support. We evaluate Modiste using simulated hu-
man behavior to capture diverse decision-maker expertise.

Expertise Profiles
We can capture an individual h’s expertise via an expertise
profile, which is defined over the input space X . We divide
X into disjoint regions (i.e., X = ∪j∈[N ]Xj); these regions
could be defined by class labels or by covariates, depending
on the task.3 We let rAi

(Xj ;h) denote h’s average prediction
error under support Ai across region Xj .

3While we instantiate decision-makers this way, Modiste does
not take the expertise profiles or how they were constructed (e.g.,
the regions) as input.

Human-informed synthetic decision-makers. To con-
struct expertise profiles with realistic values for each
rAi

(Xj ;h), we collect data on user decisions across dif-
ferent users and then calculate individual rAi

(Xj ;h). The
set of participant expertise profiles form a population of
decision-makers that we refer to as human-informed syn-
thetic decision-makers. From the estimated rAi

(Xj ;h) of
each human-informed synthetic decision-maker, we can sim-
ulate decision-maker behavior.

To construct human-informed synthetic decision-makers,
we recruited 20 participants from Prolific (10 for CIFAR-
3A and 10 for MMLU-2A). We use the same recruitment
scheme as the larger human subject experiment described
in the Appendix. We define regions of expertise over class
labels for CIFAR-3A and over question topics for MMLU-
2A, as we expect rAi

(x;h) to be roughly constant for x ∈ Xj

where Xj is defined by a class label or question topic. We
showed each participant similar inputs with different forms
of support to estimate rAi

(Xj ;h) for each support Ai in
each region Xj . On each trial, each participant is randomly
assigned a form of support; trials are approximately balanced
by the type of support and grouping (i.e., topic or class). We
compute participant accuracy averaged over all trials: 100 for
CIFAR-3A, 60 for MMLU-2A. We denote expertise profiles
as follows: if there were three regions in the input space,
an individual’s expertise profile under support Ai would be
written as rAi

= [0.7, 0.1, 0.7], meaning the individual incurs
a loss of 0.7 on X1, 0.1 on X2, and 0.7 on X3.

Policies for each profile. Based our pilot study, we define
the three expertise profiles and what kind of decision support
policy we expect to be learned for each:

• Approximately Invariant expertise across all the re-
gions under different forms of support, i.e., rA1(Xj ;h) ≈
rA2

(Xj ;h) ≈ · · · ≈ rAk
(Xj ;h), ∀j ∈ [N ]. Both a random

decision support policy and a policy that selects a fixed
form of support would suffice for such a profile.

• Varying expertise where a decision-maker excels in some
areas but benefits from support in areas beyond their
training (Schvaneveldt et al. 1985), i.e., rA1(Xj ;h) ≤
rA2(Xj ;h) and rA2(Xk;h) ≤ rA1(Xk;h), for some j, k ∈
[N ]. For this expertise profile, we expect the decision sup-
port policy to select different forms of support in different
regions. The quantity of |rA1

- rA2
| for a region will dictate

how efficiently the policy can be learned.
• Strictly Better expertise (e.g., A1 ≻ A2 ≻ · · · ≻ Ak)

that is uniformly maintained across all the regions, i.e.,
rA1(Xj ;h) ≤ rA2(Xj ;h) ≤ · · · ≤ rAk

(Xj ;h), ∀j ∈ [N ].
A decision support policy should learn the fixed form of
support to use for all inputs.

Per the task design, we find participants generally only dis-
play varying expertise profiles on CIFAR-3A while we find
instances of all three expertise profiles on MMLU-2A.

When is Personalization Useful?
We investigate how personalized policies compare against
offline baselines under each expertise profile (Table 1). We
verify that learning decision support policies are not helpful
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Algorithm Invariant Strictly Better Varying

H-ONLY 0.00± 0.01 0.09± 0.08 0.50± 0.06
H-MODEL 0.00± 0.01 0.22± 0.19 0.35± 0.05

H-CONSENSUS 0.00± 0.01 0.23± 0.13 0.27± 0.08
Population 0.00± 0.02 0.18± 0.08 0.15± 0.03

Modiste-LinUCB 0.00± 0.01 0.17± 0.05 0.19± 0.05
Modiste-KNN 0.00± 0.01 0.06± 0.01 0.08± 0.02

Algorithm Invariant Strictly Better Varying

H-ONLY 0.01± 0.01 0.18± 0.17 0.22± 0.12
H-LLM 0.01± 0.01 0.18± 0.21 0.12± 0.17

Population 0.00± 0.02 0.19± 0.07 0.12± 0.09
Modiste-LinUCB 0.00± 0.01 0.12± 0.03 0.07± 0.04
Modiste-KNN 0.01± 0.01 0.05± 0.03 0.05± 0.03

Table 1: We evaluate Modiste across three expertise profiles. We compute the average excess loss Lh(π) − Lopt
h (lower is

better), and standard deviation across individuals in each expertise profile for both CIFAR-3A (Left) and MMLU-2A (Right).
Lh(π) is computed by averaging across the last 10 steps of 100 total time steps. We bold the variant with the lowest excess loss
that is statistically significant from the other variants. Note that this only occurs in the “varying” expertise setting.

for decision-makers with “invariant” expertise profiles. For
individuals who fall under the “varying” profiles, we find
at least one personalized policy outperforms offline policies
and learns a policy that is significantly closer to the decision-
maker’s optimal performance. This is because a personalized
policy identifies which form of support is better in each con-
text, compared to fixed offline policies which always show
one form of support or to the population-wide variant, which
may not provide the correct form of support to each indi-
vidual. For individuals in the “strictly better” profile, while
we do not find a statistically significant difference from the
baselines due to the large variance in fixed policies (e.g.,
they work well for some decision-makers but poorly for oth-
ers), we observe that much smaller variance with Modiste,
particularly using KNN. For most individuals, the population-
wide baseline performs poorly, emphasizing the need for per-
sonalization of decision support. Misalignment between the
population policy and the optimal policy of the new decision-
maker demonstrably leads to an ineffective use of decision
support. We note that KNN generally outperforms LinUCB,
the latter of which can be saddled by its implicit linearity
assumption. We further study the effect of various parameters,
e.g., exploration parameters, KNN parameters, embedding
size, and the number of interactions in the Appendix.

7 Modiste with Real Users
To validate whether Modiste can improve decision-maker
performance in practice, we run a series of human subject
experiments (i.e., ethics-reviewed studies with real human
participants). We first introduce the set-up of our user study;
additional information can be found in the Appendix.

Recruitment. We recruit a total of 80 crowdsourced par-
ticipants from Prolific to interact with Modiste (N = 30
and N = 50 for CIFAR-3A and MMLU-2A, respectively).
We recruit more participants for MMLU-2A, as we expect
greater individual differences in regions where support is
needed, e.g., some participants may be good at mathematics
and struggle in biology, whereas others may excel in biology.

Each participant is assigned to only one task. Within a task,
participants are randomly assigned to one algorithm variant;
an equal number of participants are included per variant (i.e.,
10 for MMLU and 5 for CIFAR). Participants are required
to reside in the United States and speak English as a first
language. Participants are paid at a base rate of $9/hr, and
are told they may be paid an optional bonus up to $10/hr

based on the number of correct responses. We allot 25-30
minutes for the CIFAR task and 30-40 for MMLU, as each
MMLU question takes more effort. We applied the bonus to
all participants in all studies. We run an ANOVA with Tukey
HSD across the conditions for each task.

Modiste outperforms baselines for “varying” expertise
profiles. By design, the CIFAR-3A task compels “varying”
profiles: Modiste’s forte. This is reflected quantitatively in
Figure 4 (left), where both Modiste variants have lower
expected losses than any of the offline policies. In particu-
lar, KNN achieves statistically significantly lower expected
loss over all variants (p < 0.001 across all pairs), includ-
ing the population-wide policy learned from the pilot study.
When visualizing the learned decision support policies, we
observe that Modiste can reconstruct near-optimal policies,
as depicted in the Appendix.

Modiste matches the best baseline for “strictly better”
profiles. Polymaths are rare; we observe no different in our
human subject experiments on MMLU, as most participants
are better with LLM access, which places them in the “strictly
better” category. While participants with both Modiste
variants outperform the H-ONLY baseline (p < 0.01), we
observe that on average Modiste settings are no different
than H-LLM, the condition where people always have ac-
cess to the LLM, as shown in Figure 4 (right). This confirms
our hypothesis from the computational experiments. Further,
while the average performance of Modiste variants is sim-
ilar to that of the offline fixed or population-wide policies
in Figure 4 (right), the variance is significantly smaller—
particularly with KNN.

Modiste can facilitate appropriate use of decision sup-
port. Since the LLM only excels at three of the four topics
on the MMLU task, Modiste learns in many cases to defer
to human judgment on Mathematics questions, particularly
when the human has strong expertise. In Figure 5, we vi-
sualize the learned decision support policies of various in-
dividuals in the study and illustrate how Modiste yields
policies that provide support on different topics for different
decision-makers.

Limitations. In this work, we consider the classification
setting where we get immediate feedback (e.g., we can cal-
culate the loss to update π). Future work can consider more
complex decision-making tasks that may require extending
to a delayed feedback setting or to a different cognitive task
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Figure 4: We report expected average loss Lh(π) (lower is better) and standard error in the last 10 trials by Prolific participants for
each algorithm, with CIFAR conditions on the left and MMLU conditions on the right. In the CIFAR setting, where individuals
typically exhibit “varying” expertise profiles, we see significant benefits from using Modiste, particularly in the KNN setting.
While we observe that most individuals in the MMLU condition exhibit “strictly better” expertise, which means personalized
policies typically only perform as well as the best baseline, we still observe instances of deferred decisions to the human on a
case-by-case basis—see Figure 5.

Figure 5: Snapshots of the learned decision support policies computed at the end of the study for 10 participants on the MMLU
task. The forms of support are colored in t-SNE embedding space. All participants exhibit distinct policies across input space.
The bar plot to the right of each scatter plot shows the relative performance of that decision-maker alone in each category, ordered
from left to right as M=Mathematics, B=Biology, CS=Computer Science, FP=Foreign Policy per subplot. When a decision-maker
performs well alone, Modiste learns policies to empower that decision-maker without LLM access. For example, the individual
in the top left is highly competent at both Mathematics and Foreign Policy; the learned decision support policy reflects this.

(e.g., planning or perception). Though Modiste is promis-
ing, we note that significant issues can arise when decision-
makers blindly rely on decision support (Buçinca et al. 2020;
Chen et al. 2023), especially when the support is erroneous
or ineffective; such over-reliance requires careful attention
to prevent. Further, our problem definition hinges on domain
experts defining the available forms of support (i.e., we need
a clearly defined A to use Modiste). In practice, this may
prove difficult, as one may not know how to define specific
forms of support or decision-makers may have access to
varying support sets.

8 Conclusion
A decision support policy captures when and which form of
support should be provided to improve a decision-maker’s
performance. The selective use of AI-based decision support
helps instantiate the “appropriate use” clauses in emerging
regulation (Biden 2023), as we only provide AI assistance
to decision-makers as and when it is beneficial to them. We

introduce Modiste, an interactive tool for learning a deci-
sion support policy for each decision-maker using contextual
bandits. To the best of our knowledge, we are the first to learn
and validate such a policy online for unseen decision-makers.
Within our Modiste interface, we instantiate two variants of
Algorithm 1 using existing stochastic contextual bandit tools,
namely LinUCB and online KNN. Our computational and
human subject experiments highlight the importance—and
feasibility—of personalizing decision support policies for
individual decision-makers. Our human subject experiments
show promise, as we personalize decision support policies in
few iterations yet find nuances in decision-makers’ need for
support: some unskilled decision-makers uniformly benefit
from LLM access, while others only need LLMs for some
tasks. While encouraging rich cross-talk between domain
experts and practitioners, future work integrating Modiste
into existing decision-making workflows would pave a route
towards responsible use of AI as decision support.
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