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Abstract

Behavioral scientists have classically documented aversion to
algorithmic decision aids, from simple linear models to AI.
Sentiment, however, is changing and possibly accelerating
AI helper usage. AI assistance is, arguably, most valuable
when humans must make complex choices. We argue that
classic experimental methods used to study heuristics and bi-
ases are insufficient for studying complex choices made with
AI helpers. We adapted an experimental paradigm designed
for studying complex choices in such contexts. We show that
framing and anchoring effects impact how people work with
an AI helper and are predictive of choice outcomes. The ev-
idence suggests that some participants, particularly those in
a loss frame, put too much faith in the AI helper and experi-
enced worse choice outcomes by doing so. The paradigm also
generates computational modeling-friendly data allowing fu-
ture studies of human-AI decision making.

Introduction
The superiority of passive, algorithmic decision making is
dogma in the behavioral sciences (Dawes and Corrigan
1974; Dawes, Faust, and Meehl 1989). This reality is un-
surprising given that even poorly-tuned models outperform
humans (Dawes 1979). Nevertheless, researchers have doc-
umented a strong aversion to relying on algorithms (Di-
etvorst, Simmons, and Massey 2015; Burton, Stein, and
Jensen 2020). There is increasing evidence, however, that
people are more open to input from algorithmic decision
aids (Logg, Minson, and Moore 2019). This shift towards
a more trusting stance aligns with intuition: combining the
proliferation of algorithmic decision aids and the insight that
repeated exposure to stimuli can alter the ways in which peo-
ple respond to them (Zajonc 1968; Bornstein and D’agostino
1992) creates a scenario in which it would be surprising if
people did not exhibit more trust.

Increasingly, decision aids rely on adaptive rather than
passive algorithms. These artificial intelligence (AI) helpers
are optimized to function in settings where passive algo-
rithms, such as linear models, underperform relative to hu-
man decision making. Although these technologies function
and behave in fundamentally different ways from more pas-
sive predecessors, researchers largely still study them by
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relying on traditional empirical approaches: either simple
choice experiments (e.g., Logg, Minson, and Moore 2019,
in which the authors use their evidence to motivate the need
for further research, particularly in settings where AI are in
use) or in situ (in which there are entire sub-fields, such as
human-robot interaction). We argue that a middle ground
is needed where the experimental setting matches the tech-
nological capabilities of AI but avoids the contextual chal-
lenges of in situ experimentation.

We present results from such an experiment in which par-
ticipants work with an AI helper to search through complex
choice options. We find classic behavioral biases, specifi-
cally anchoring and framing effects, are still present in the
choice behavior. These biases also predict choice outcomes
and highlight opportunities to develop AI helpers that can
improve outcomes by accounting for these biases. Critically,
we engineered the experimental environment such that it
generates AI-friendly data. This feature creates future op-
portunities for training AI helpers using data from an exper-
imental paradigm in which known artifacts of human cogni-
tion are present.

Related Works
Complex Choices
A blossoming corner of behavioral science is working to un-
derstand the nuance of human judgment and decision mak-
ing during complex choice. A complex choice is one in
which the relationships between the variables under consid-
eration are nonlinear. Such a relationship means that even
when only a few variables characterize a choice, their inter-
actions can render optimization intractable (Gurney, Miller,
and Pynadath 2023). Obvious examples of complex choices
are home buying, career moves, and mate selection. In any
of these examples, changing a single choice variable can dra-
matically impact how other variables affect the choice. In the
case of buying a home, for example, the opportunity to work
remotely changes how commuting distance, home size, and
a host of other variables interact. It is not just monumental
choices that suffer from complexity. Filling a shopping cart
given a budget constraint, something that most adults regu-
larly do, can be complex. A shopper must, for example, con-
sider how the myriad of items they buy combine into meals,
when they will perish, whether they will satisfy their taste
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preferences in the future, etc.
Behavioral scientists have not ignored the unique nature

of complex choices. Herbert Simon, for example, noted that
many choices are intractable due to the interaction of vari-
ables (1956). Despite this recognition, complex choice ex-
periments have only recently emerged. Behavioral science
historically relied on experimental designs that remove com-
plexity from choices because it allows researchers to isolate
behavioral nuances. These experiments usually take one of
two forms: descriptive, in which all the information needed
to make an informed choice is available, or experiential, in
which participants must learn about the choice through re-
peated experience (Jessup et al. 2022).

In descriptive experiments, researchers typically manipu-
late a single choice feature in a between-subjects design. A
classic example from studies of the anchoring heuristic is to
ask people about the population density of a city after ask-
ing them if the population is more or less than a reference
value (Jacowitz and Kahneman 1995). When the reference
is low (high), people report that the city is more sparsely
(densely) populated. Such experiments are crucial to dis-
secting human behavior. However, their rigidity limits their
usefullness. For example, extensive research documents the
dependency of human judgment and decision making on ex-
perience, including a person’s own thoughts about such ex-
periences (Schwarz 2004). Unfortunately, the very nature of
complex choices renders descriptive experimentation near
impossible. Moreover, a growing body of work suggests
other artifacts of human cognition (such as preference re-
versals) may undermine descriptive experimentation once
people gain more experience (Hertwig et al. 2004; Tsetsos,
Chater, and Usher 2012; Erev et al. 2017; Jessup et al. 2022).

The intractability of complex choice has contributed to
the development of experiential study paradigms that adapt
complex systems models. Two popular complex systems
models are the “multi-arm bandit” (Berry and Fristedt 1985)
and the NK (Levinthal 1997) paradigms. One experimen-
tal paradigm, for example, asks participants to combine n
shapes that interact k ways to create art for aliens. This
paradigm enabled the researchers to investigate how people
search, explore, and work together during complex choices
(Billinger, Stieglitz, and Schumacher 2014; Wu et al. 2018;
Billinger et al. 2021, 2022). Although these experiments did
not directly control for the bias, Billinger et al. (2014 did
demonstrate that anchoring on past outcomes, using prior
experience as an endogenous variable, can inform future
complex choices). Study participants exerted more (less)
effort when underperforming (overperforming) relative to
their previous performance.

Complex Choice in Teams
Teaming adds another element of complexity to any choice.
In the alien art task, human dyads coordinated their search
efforts during a complex choice without external guidance
or resources through a mix of turn-taking and simultaneous
moves (Billinger et al. 2022). Teams can also facilitate bet-
ter complex choices by expanding the sampled regions of
a problem space. Each team member brings unique knowl-
edge, preferences, and beliefs to the task, which their be-

havior may reflect. To illustrate, consider an experiment that
tasked teams of participants with a simulated entrepreneur-
ship task: managing a lemonade stand (Sommer, Bendoly,
and Kavadias 2020). The teams worked to learn about and
combine the interacting variables, such as different ingredi-
ents, price levels, stand locations, etc., to make the lemon-
ade stand profitable. When the task complexity was low, i.e.,
with few interactions and relatively low stochasticity, inter-
active teams did better than teams of individual performers.
This result flipped, however, as complexity increased.

Behavioral scientists are not the only researchers work-
ing to improve our understanding of teaming during com-
plex choices. The promise of human-machine teams capa-
ble of superior performance is one chased by researchers
across computer science disciplines. The earliest examples
from the literature are likely better described as cooperative
efforts—such as airplane piloting and air-traffic control (Hoc
2000). Early success in these and related domains birthed
a sizable, ever-evolving sub-discipline that studies the dy-
namics of trust in automated systems (Lee and See 2004).
This research area now spans settings from games that of-
fer insights into the belief states of human teammates (Siu
et al. 2021; Chong et al. 2022) to military scenarios that
challenge common models of trust dynamics (Gurney, Pyna-
dath, and Wang 2022). The expansive literature on human-
AI teams now encompasses topics as diverse as what expec-
tations people hold of AI teammates (Zhang et al. 2021) to
endowing AI with the ability to represent the belief states of
their human counterparts (Gurney and Pynadath 2022).

Conspicuously missing from research on human-AI team-
ing is an investigation of the arguably most salient features
of human judgment and decision making: heuristics and bi-
ases (Gigerenzer and Todd 1999; Kahneman 2011). The ob-
vious argument for such research is that an AI teammate
cannot accurately model its human counterpart unless it con-
siders the cognitive tools used by the human during com-
plex choices. Some prior work on complex choice has en-
dogenously tested the role of heuristics and biases, such as
Billinger et al. (2014), who demonstrated that anchoring on
previous outcomes informs future search behavior. Our work
is the first to exogenously control for anchoring and framing
effects during complex choices, two of the most studied phe-
nomena in the heuristics and biases literature.

Anchoring and Framing Effects
Anchoring in human cognition is the tendency of final
choices to reflect starting information, even if that informa-
tion is uninformative (Tversky and Kahneman 1974; Chap-
man and Johnson 1999; Epley and Gilovich 2006). To illus-
trate, imagine walking down a store aisle and seeing a sign
above a sale item proclaiming a given limit per customer.
The anchoring effect suggests that you will buy more or less
of the sale item depending on the stated limit despite your
intentions or preferences (Wansink, Kent, and Hoch 1998).
Researchers have documented similar effects in a host of
domains as diverse as retirement savings (Madrian and
Shea 2001), courtroom sentencing (Englich, Mussweiler,
and Strack 2006), and even in mate selection (Goller et al.
2018).

5994



Framing effects are similarly robust. The basic idea of
framing is that a person has a unique reference value, be it a
goal or something more random, for the prospects they en-
counter. They evaluate outcomes relative to those reference
values. Evaluations depend on whether the person views the
outcome as a loss versus a gain (Kahneman 2011). The clas-
sic empirical demonstration of framing asks participants to
consider two interventions to stop the spread of a deadly
disease. All participants receive a probability-based option
and an alternative. Half receive an alternative framed as a
gain (lives saved), while the others receive one framed as
a loss (lives lost), but that maintains the same ratio. The
observation is that the number of participants selecting the
probability-based option in the loss-framing condition in-
creases (Tversky and Kahneman 1981).

Experimental Paradigm
We adapted the rugged-landscape search metaphor first
introduced in biology to describe evolutionary selection
(Wright 1932) in an interactive, complex choice task (Gur-
ney, King, and Miller 2022). The fundamental idea of this
metaphor is that evolutionary pressure, over many gener-
ations, guides organisms in a search for an optimal geno-
type across a genetic landscape where elevation on the land-
scape represents the fitness of a genotype. This metaphor
was generalized in the NK model (Kauffman and Levin
1987; Kauffman and Weinberger 1989) and researchers have
applied it to an array of settings, perhaps most famously in
the management literature (Levinthal 1997). Our task asks
study participants to search such a landscape for its global
peak (optimum) by tuning dials that each access a different
landscape dimension. The complex choice that participants
face is when to stop searching, i.e., what dial setting to sub-
mit as the best for a given landscape. Participants earned
bonuses for making better choices, i.e., finding higher ele-
vations. Each participant completed four dial tuning tasks,
the first two on their own and then two more with an AI
helper. Importantly, this task lacks strong contextual cues,
unlike prior tasks (making artwork for aliens, managing a
lemonade stand, farming, etc.).

Landscapes as Choice Sets
Landscapes are procedurally generated and unique to each
participant. They vary in ruggedness, just like mountain
ranges, so even a three-dimension task can be challeng-
ing for a person to solve. The only to know the value of a
given location in the landscape is by visiting it. Depending
on the smoothness of a landscape, a person may, however,
make inferences about different regions based on informa-
tion they previously uncovered. Smoothness is determined
by the range of possible slopes between neighboring points
in the landscape. For the present experiment, participants
completed tasks with one (simple) or four (rugged) peaks
and a slope setting such that two neighboring points never
differed in value by more than 10% of the absolute range of
values, which was 33 units. The order of the tasks was ran-
domized, but participants always did a simple and rugged
task alone and with the AI helper.

Landscape topologies are created by randomly placing the
global peak in a plane, which for this experiment encom-
passed 24 × 24 units. For multi-peaked landscapes, addi-
tional peaks are randomly placed by generating a list of can-
didate locations where they maintain a given level of promi-
nence such that valleys separate peaks. The size and dimen-
sionality of the landscape constrain the number of peaks and
their elevations. Once all the peaks are placed, a smooth-
ing algorithm ensures that the slopes between the peaks and
valleys meet the needed constraints. Our experimental de-
sign implemented an elevation boundary of [0, 32] and peaks
ranging in the [26, 32] interval with the tallest fixed at 32.

The landscape rendering process ensures they are contin-
uous over the edges, as in the right panel of figure 1. This de-
tail means rolling the east and west landscape edges together
will form a smooth transition. The same is true of the north
and south edges. Thus, each landscape is a toroidal world
characterized by peaks and valleys. Shifting that landscape
off of the [0, 32] interval facilitates studying the impact of
earlier trials on future behavior. The incentivized task is to
find, via exploration, the tallest peak in a given world. In the
right panel of figure 1, the global peak is the light yellow
point in the upper center of the image. A dark blue valley is
below it and surrounded by other peaks.

User Interface
Participants cannot see the landscapes. Instead, they uncover
information about a landscape by “tuning” on-screen dials,
as shown in the left panel of figure 1. Each dial is associated
with a different dimension of the task. Participants submit
tuned settings by clicking the “Evaluate Dial Settings” but-
ton. A two-dial experiment, for example, allows a person to
explore a three-dimensional world, which is what we imple-
mented for the present study. In this case, conceptually, one
dial moves along the east-west and the other moves along
the north-south dimension of the landscape. The feedback
given when a setting is submitted is the elevation, or choice
quality, of that dial combination. Importantly, the landscape
dimensions, thus the dials, are interdependent and their rela-
tionships are nonlinear.

Tuning happens by clicking on a dial handle and drag-
ging it around the underlying ring. As a participant moves
the dial, the letter in the center of the dial changes. Each po-
sition on a dial is associated with a letter, which we imple-
mented to simplify feedback. Feedback about the historical
dial settings is available in a numbered list below the dials.
Participants are able to scroll through their history, see what
settings they previously checked, and decide when they are
ready to make their choice by clicking the “Finalize Choice”
button.

We implemented dials with 24 discrete settings, which
matches the coordinate plane used to generate the land-
scapes. We based our decision to use this size with fixed
steps on pretesting that suggested such a landscape would
yield a search space (576 unique combinations) that partic-
ipants are unwilling to exhaustively search given the incen-
tive structure. In other words, for most participants, uncer-
tainty would remain around their choice.

We define two broad types of dial usage: exploring and
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Figure 1: A screenshot from the experiment is on the left, and a landscape rendering is on the right. All participants saw the
same dial and feedback interface, but participants in the anchoring treatment saw the best value possible directly above the

dials. A two-by-two image of the treatment conditions is available in the online supplement. Participants did not see a
rendering of the landscape.

exploiting. Exploration entails looking at regions of the
landscape more than two units from any previously observed
location. For example, if a participant observed the dial set-
ting [A,A] on their first move, submitting [A,D] or [X,C] on
the next move would constitute an explore. Exploitation is
when a participant observes a new location less than three
units from any previously observed setting.

AI Helper
After completing two tasks, an AI helper took control of the
right dial. It, like study participants, did not have direct ac-
cess to the landscape, meaning it learned about the topology
through sampling. Importantly, participants knew that the AI
would help but not how it functions.

The collaborative search happened by the human first ad-
justing their dial (including leaving it alone) and then click-
ing the evaluation button. This action initiated the AI helper
that took the new participant dial setting and compared two
combinations, one using the previous setting of its dial and
the other using a new one. The AI was more likely to ac-
cept worse values and search distant locations early. As the
interaction progressed, however, it decreased the likelihood
of accepting worse outcomes and its search distance. After
evaluating the combinations and selecting one, the new set-
ting was pushed to the feedback window. Control of the in-
terface was then returned to the study participant who had
the option of continuing the search or finalizing the choice.

Even though the task is challenging and relatively time-
consuming for humans, it is simple for most AI. Our re-
search questions are about human behavior when working
with an AI helper, not developing better helpers, so we chose

to implement a simple agent. The helper uses a stochastic
model to determine the likelihood of accepting a worse set-
ting combination and whether to make a big or small leap
across the landscape. This model is an adaptation of a sim-
ulated annealing algorithm that ensured richer interactions
with the participants. It also eliminated unwanted variance
in the interactions, thus reducing the needed sample size.
Lastly, because it could do the task almost instantaneously,
we implemented a brief feedback delay to give the sense that
the helper was “working.”

Experimental Manipulations
The two-by-two design crosses gain-loss framing with an-
choring. Participants in the gain frame attempt to gather as
many points as possible, which go towards their bonus pay-
ment, so the feedback is positive. In the loss frame, partic-
ipants attempt to reduce the number of points lost, so the
feedback is negative. The left panel of figure 1 depicts a
gain frame. The task is to maximize the value in both gain
and loss framing. Recall that the landscapes are randomly
shifted away from the [0, 32] interval on which they were
drawn. Values cover a 33-unit interval in the gain frame on
[0, 100], while loss frame values are on [−100, 0]. Partici-
pants in the anchoring treatment received a message imme-
diately above the dials that informed them of the best pos-
sible dial setting’s value, i.e., as good as they could do on
a given task. Participants without an anchor had to discover
what constituted a “good” outcome for each task.

Summarizing the present study: each participant com-
pleted four incentivized complex choice tasks, two alone and
two with an AI helper, in which they tuned dials to find opti-

5996



mal settings. We did not inform participants of the underly-
ing choice landscapes, which were procedurally drawn and
unique to each task. Instead, they were left to uncover in-
sights about the space through experience. Participants first
did the two solo tasks, but the order of the one and four
peaked landscapes was random in both the solo and team
tasks. Participants were also randomized into a loss or gain
framing treatment conditions. The tuning values of the loss
treatment were negative, and participants worked to dimin-
ish the number of lost points. Conversely, tuning values of
the gain treatment were positive, and participants worked to
gain points. The gain-loss framing treatment was crossed
with an anchoring treatment in which half of the partici-
pants were informed of the best they could find on each
task. All participants worked with the same AI helper, but it
was stochastic, meaning that even if two participants made
the same choice under similar contexts, the helper may have
made different choices. Together, these experimental manip-
ulations facilitate studying human-AI teams when a person
is operating under a cognitive heuristic or bias.

Data and Analyses
We recruited 400 participants via Prolific Academic to com-
plete a study on decision making using dials. We only re-
cruited participants with an approval rate of 100 and who
could complete the study on a desktop computer. In the
months leading up to data collection, there was an influx
of new workers on the platform that significantly skewed
the composition of the worker population. Thus, we also
restricted participation to workers who joined the platform
prior to the influx.1 Funding and IRB constraints restricted
us to recruiting English-speaking American citizens. Ac-
cording to Prolific Academic, this left just over 20,000 eli-
gible workers, roughly 1

6 of the research pool at recruitment
time. The study took about 15 minutes to complete and paid
$2.00 plus a bonus of up to $2.00 based on effort. The re-
sulting payments yielded an average pay of $18.40 per hour.

Of the 400 participants who completed the experiment,
172 participants identified as male, 218 as female, and eight
as other. The average age of a participant was 32 years.
203 participants indicated they were college graduates with
a four-year degree or higher. We dropped two observations
from the data set because the participants failed to complete
the study. One participant was a considerable outlier: evalu-
ating 617 settings for one of their challenges, more than the
complete set of combinations. Moreover, this is three times
the effort of the next most ambitious participant. Since this
behavior would likely have an outsized impact on any anal-
ysis, we removed this participant from the data set, leaving
397 observations.

We report participants’ solo efforts in a companion paper
(Gurney, Miller, and Pynadath 2023). We found that when
working alone, the four-peak landscapes were more chal-
lenging than the one-peak, that both anchoring and fram-
ing yielded significant main effects on participants’ choice

1https://www.prolific.co/blog/we-recently-went-viral-on-
tiktok-heres-what-we-learned (We also added this blog to the
Wayback Machine at web.archive.org).

quality, and that doing the one-peak task first was correlated
with better outcomes on the four-peak task. Participants in
the loss frame submitted more settings, all else equal, and
spent more time exploiting versus exploring. Having an ex-
plicit anchor, on the other hand, was correlated with submit-
ting fewer dial settings and did not significantly alter partic-
ipants’ search strategies.

Complex Choice with the AI Helper
Each landscape is unique and, because the space of the
landscape is fixed, adding more peaks increases the average
elevation. Thus, comparing raw performance on the land-
scapes does not fully depict the impact of working with the
AI helper. We account for this by dividing each landscape
score by the landscape’s average elevation to create an ad-
justed score. On average, participants’ total adjusted score
for the two choice tasks was worse when they worked with
the AI helper (M = 3.613, SD = 0.717) than on their
own (M = 3.718, SD = 0.820). This difference in total
adjusted score (0.105, 95%CI [0.036, 0.175]) was statisti-
cally significant (t(396) = 2.985, p = 0.003) per a paired
sample t-test. As illustrated by figure 2, the difference was
primarily driven by participants in the loss framing. Whether
there was an anchor present (t(90) = 3.464, p < 0.001) or
not (t(101) = 2.270, p = 0.025), the difference in adjusted
scores for participants in the loss framing was significant.

A factorial ANOVA predicting the difference between
solo and team efforts in the total adjusted score using the
experimental treatments as interacting independent vari-
ables revealed a significant main effect for framing but
not anchoring or the interaction. Thus, a two-sample t-
test is sufficient for comparing the effect of framing on
performance. Participants in the loss framing condition
achieved significantly better (t(394.420) = 2.230, p =
0.026) scores than their counterparts (Mdifference =
0.156, 95%CI [0.185, 0.294]).

Participants did worse on the four- (M = 1.522, SD =
0.259) versus one-peak (M = 2.091, SD = 0.554) land-
scape. This difference (0.569, 95%CI [0.521, 0.616]) was
significant (t(396) = 23.431, p < 0.001). A factorial
ANOVA predicting the score difference between the two
landscape types using the experimental treatments as inter-
acting independent variables revealed no main effects for
anchoring (F (1, 393) = 2.792, p = 0.100) and framing
(F (1, 393) = 0.128, p = 0.721), nor an interaction effect
(F (1, 393) = 0.342, p = 0.559).

Relative to their solo efforts (M = 2.175, SD = 0.631),
participants did worse on the one-peak landscape when
working with the AI (M = 2.091, SD = 0.554), a differ-
ence (0.084, 95%CI [0.025, 0.144]) which was statistically
significant (t(396) = 2.773, p = 0.006). This did not hold
for the four-peak landscapes (t(396) = 1.342, p = 0.181).
A factorial ANOVA predicting the difference between solo
and team efforts in the adjusted score for the one-peak land-
scape using the experimental treatments as interacting, in-
dependent variables revealed a significant main effect for
the framing treatment condition but not for the anchoring
or the interaction. Thus, a two-sample t-test is sufficient
for comparing the effect of framing on performance on the
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Figure 2: Adjusted score accounts for variance in the
landscapes and the increase in average elevation created by
adding more peaks. The difference in score is simply the
total score achieved during the solo effort minus the total

score achieved while working with the AI helper.

one-peak landscapes. Participants in the loss framing con-
dition achieved significantly better (t(393) = 2.010, p =
0.045) scores than their counterparts (Mdifference =
0.122, 95%CI [0.003, 0.242]).

Search duration (number of submitted settings) and
the explore/exploit trade-off (fraction of submitted set-
tings that explore new regions, i.e. search strategy) serve
as the main behavioral metrics. On average, participants
searched less, i.e. submitted fewer dial settings across
the two tasks, when they worked with the AI helper
(M = 30.368, SD = 27.786) than on their own
(M = 43.202, SD = 41.521). This difference in
search duration (12.834, 95%CI [9.512, 16.155]), per a
paired-sample t-test, was statistically significant (t(396) =
7.596, p < 0.001). The fraction of those submissions
that were explores while working with the AI helper
(M = 0.612, SD = 0.243) was greater than when
they were working on their own (M = 0.447, SD =
0.232). This difference in the explore/exploit trade-off
(−0.165, 95%CI [−0.186,−0.144]) was also statistically
significant (t(396) = −15.3456, p < 0.001). The absolute
number of submissions that were explores while working
with the AI helper (M = 13.584, SD = 6.244), however,
was not statistically different from the solo effort (M =
13.411, SD = 8.617; t(396) = −0.442, p = 0.659). This
suggests that participants invested less effort in fine-tuning
their submissions, perhaps because they anticipated that the
AI would do so for them.

Search Duration with Anchoring and Framing Ef-
fects Comparing the difference in search duration for

participants’ solo and team efforts under the different
treatment conditions provides insight into how anchor-
ing and framing effects impact human-AI teams. A fac-
torial ANOVA predicting the difference in search dura-
tion (solo effort minus team effort duration) using the ex-
perimental treatments as interacting, independent variables
revealed significant main effects for both treatment con-
ditions but not the interaction, thus we removed the in-
teraction from the model. The resulting model suggests
strong main effects for both anchoring (F (1, 394) =
14.971, p < 0.001) and framing (F (1, 394) = 16.751, p <
0.001). A post hoc Tukey test showed that the anchoring
(−12.611, 95%CI [−21.047,−4.174], padj < 0.001) and
framing (13.331, 95%CI [4.892, 21.769], padj < 0.001)
effects were significant at the p < 0.01 level, although
search duration moved the opposite way.

Building on these insights, using an independent sam-
ple t-test, loss frame participants adjusted their effort down-
wards (M = −19.964, SD = 39.838) significantly
more than gain frame participants (M = −6.088, SD =
24.808; t(318.21) = −4.319, p < 0.001) when they started
working with the AI. This is the inverse of the anchor-
ing effect: participants with explicit anchors adjusted their
effort downwards (M = 6.449, SD = 29.426) signif-
icantly less than those without (M = 19.060, SD =
36.341; t(382.16) = 3.804, p < 0.001). As illustrated in
figure 3, the anchoring effect seems to have tempered the
framing effect.

On average, participants searched less in each succes-
sive task. However, the only significant drop was be-
tween their second solo effort and the first team effort
(Mdifference = −5.108; t(396) = 5.003, p < 0.001). The
difference between the first and second solo (Mdifference =
−1.690; t(396) = 1.654, p = 0.099) as well as the
first and second team (Mdifference = −0.927; t(396) =
1.300, p = 0.194) efforts were not significant. This points
to participants expecting that the AI would reduce the ef-
fort they needed to invest in the task to perform well. For
gain-frame participants, this appears to be true: as they ex-
erted less effort while working with the AI (Mdifference =
−6.088; t(203) = −3.505, p < 0.001), but averaged the
same adjusted scores (Mdifference = −0.029; t(203) =
−0.574, p = 0.567). Loss frame participants, however,
appear to have over-adjusted their effort (Mdifference =
−19.964; t(192) = −6, 962, p < 0.001) such that
their adjusted scores suffered significantly (Mdifference =
−0.186; t(192) = −3.877, p < 0.001). For the an-
choring treatment, whether a participant saw an anchor
(Mdifference = −6.449; t(195) = −3.068, p = 0.002)
or not (Mdifference = −19.060; t(200) = −7.436, p <
0.001), the difference in their effort was significantly less
when they worked with the AI helper. This was not corre-
lated with a significantly lower adjusted score during the
AI tasks for the no-anchor participants (Mdifference =
−0.090; t(200) = −1.730, p = 0.090). It was, however,
correlated with a significantly lower adjusted score for the
anchor participants (Mdifference = −0.121; t(195) =
−2.539, p = 0.012).
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Figure 3: Search duration difference is the total number of
submitted settings during a participant’s solo effort minus
the total number of submitted settings while working with

the AI helper.

Search Strategy with Anchoring and Framing Effects
As noted, the change in search duration echoed through to
the strategy participants used when they began working with
the AI helper. This shorter search duration meant a higher
fraction of submissions that were explorations. A factorial
ANOVA predicting the difference in search strategy (solo ef-
fort minus team effort strategy) using the experimental treat-
ments as interacting, independent variables revealed no main
effects for anchoring (F (1, 393) = 1.934, p = 0.165) and
framing (F (1, 393) = 0.684, p = 0.409), nor an interaction
effect (F (1, 393) = 1.150, p = 0.284). Again, we interpret
this as suggesting that the participants anticipated that the
AI would reduce the effort they needed to expend in tuning
the dials.

Discussion
Aversion to algorithmic choice aids is a well-documented
phenomenon (Dietvorst, Simmons, and Massey 2015; Bur-
ton, Stein, and Jensen 2020). The proliferation of both pas-
sive and adaptive algorithms in every corner of life, how-
ever, is leaving people increasingly accepting of them (Logg,
Minson, and Moore 2019). Historically, the experimental
methods used to study human-algorithm teams relied on re-
ducing the complexity of choices or studying them in situ.
Although both methods have merit, they also have major
shortcomings, such as not generalizing to complex choices
or choices made in different contexts. The method we devel-
oped here maintains choice complexity and is sufficiently
abstract to facilitate the generalization of findings.

Study participants generally made worse choices when
they worked with the AI helper than when they worked

alone. This result was primarily driven by participants in
a loss frame who dramatically decreased their effort once
they started working with the AI helper. However, partici-
pants in the gain frame performed about the same on their
own as with the AI. The decrease in participants’ effort was
primarily seen in fine-tuning a choice by exploiting local in-
formation rather than exploring new options. The only par-
ticipants that did not significantly reduce their effort when
they started working with the AI helper were those in the
gain frame and with an explicit anchor, i.e. they knew the
value of the best possible choice. These results suggest that
people were possibly over-reliant on the AI helper, assumed
that it was better at the task than it was, or, relatedly, their
lack of knowledge about how it functioned hindered their
ability to team with it. These possibilities point to interesting
and important topics for future research. Additionally, they
suggest that the well-documented phenomenon of algorithm
aversion may not be a stable aspect of human cognition.

Conclusion
AI helpers are making their way into every aspect of life—
and people appear to be more willing than ever to allow them
to help. Historically, the complex choices for which AI can
be most helpful have been reduced to simpler analogs for ex-
periments or studied in situ. Although simple choice experi-
ments can easily isolate the effects of heuristics and biases,
they ignore the fact that many choices are characterized by
astounding complexity. In situ experimentation overcomes
this, but it may produce results that do not generalize. As
demonstrated, the dial tuning task maintains the ability to
study well-documented cognitive artifacts during complex
choices plus, we argue, it provides general results (and data)
that AI systems can use. Specifically, the data generated by
this experiment are easy to translate into layered image rep-
resentations that lend themselves to deep learning models.
With sufficient data points, such models could learn to dis-
criminate between biased and unbiased behavior.
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