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Abstract

Large language models are increasingly used in decision-making tasks that require
them to process information from a variety of sources, including both human experts
and other algorithmic agents. How do LLMs weigh the information provided by
these different sources? We consider the well-studied phenomenon of algorithm
aversion, in which human decision-makers exhibit bias against predictions from
algorithms. Drawing upon experimental paradigms from behavioural economics,
we evaluate how eight different LLMs delegate decision-making tasks when the
delegatee is framed as a human expert or an algorithmic agent. To be inclusive
of different evaluation formats, we conduct our study with two task presentations:
stated preferences, modeled through direct queries about trust towards either agent,
and revealed preferences, modeled through providing in-context examples of the
performance of both agents. When prompted to rate the trustworthiness of human
experts and algorithms across diverse tasks, LLMs give higher ratings to the human
expert, which correlates with prior results from human respondents. However,
when shown the performance of a human expert and an algorithm and asked to
place an incentivized bet between the two, LLMs disproportionately choose the
algorithm, even when it performs demonstrably worse. These discrepant results
suggest that LLMs may encode inconsistent biases towards humans and algorithms,
which need to be carefully considered when they are deployed in high-stakes
scenarios. Furthermore, we discuss the sensitivity of LLMs to task presentation
formats that should be broadly scrutinized in evaluation robustness for Al safety.

1 Introduction

The rapid development of capable large language models (LLMs) has led to their inclusion in
important decision-making settings ranging from healthcare [50] to finance [45]. While it is well-
documented that the social and cognitive biases embedded within the learned representations of
LLMs can affect their output quality [5, 28, 71, 30], it is also important to investigate whether LLMs
encode biases towards the source of information they receive in decision-making scenarios. For
instance, recent developments in multi-agent systems involving multiple LLMs [33], or LLMs and
other algorithms [58], give rise to scenarios where LLMs are used in tasks involving other algorithmic
agents. However, people often display algorithm aversion and disproportionately distrust algorithmic
advice [23, 51, 13, 48]. Thus, do LLMs trained on human data also display these biases; and if so,
under which contexts do they show up?
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Within the realm of decision-making with algorithms, we consider two particular task framings of how
LLMs can impart their influences: 1) through directly answering queries on their ‘stated’ trust towards
either algorithms or human experts, and 2) through making a ‘revealed’ reliance decision based on
in-context examples provided of the performance of the algorithm and human expert. It is important
to understand how algorithm aversion can manifest under different evaluation methods of eliciting
the LLM’s judgment. For example, a hiring manager consulting ChatGPT on whether she should lay
off employees in favor of automated tools can be influenced by stated opinions towards algorithms
in the LLM’s responses, while a medical Al choosing treatment autonomously can directly impact
a patient’s health by being biased towards deferring to a doctor or a specialized algorithm. In both
cases, either indirectly or directly, biases of the LLM can influence the outcomes of decision-making
involving algorithms.

Furthermore, in the field of economics, it is well-known that people often have diverging stated and
revealed preferences, and much effort goes into understanding how, when, and why [29]. While
we refrain from promoting over-anthropomorphized parallels between LLMs and human behaviour,
prior empirical evaluations have indicated that LLMs express different attitudes or biases when
prompted explicitly versus implicitly [5, 72]. These twin problems of inconsistent stated and revealed
preferences and algorithm aversion form a critical challenge in the adoption of LLMs to help decision-
making. Do LLMs inherit our propensity to distrust algorithmic advice even when it is beneficial to us,
and is this consistent between both the stated and revealed preferences embedded in their generated
outputs? With respect to LLM evaluations, we translate probing stated and revealed preferences to
answering direct queries and delegating based on in-context performance of agents framed as
human experts and algorithms. These two evaluation setups also motivate a broader investigation into
how discrepant task formats can reveal different underlying biases of LLMs.

Thus, to incorporate LLMs into decision-making processes in a trustworthy and transparent manner
[42], we need a deeper understanding of the preferences they state and of the revealed preferences in
their choices. We ask the following research questions:

* RQ1: Do LLMs display algorithm aversion when answering direct queries about human
experts and algorithmic agents (‘stated’ preferences)?

* RQ2: Do LLMs display algorithm aversion when delegating based on in-context perfor-
mance of human experts and algorithmic agents (‘revealed’ preferences)?

* RQ3: Do LLMs’ stated and revealed preferences towards algorithmic agents align?

We adapt two key human studies from economics and behavioral science research towards evaluating
the above RQs in LLMs: Castelo et al. [13], which probes people’s stated attitudes towards algorithmic
decision-makers across a diverse set of objective and subjective tasks (“Study 1 for RQ1); and
Dietvorst et al. [23], the original paper demonstrating revealed algorithm aversion when people
are asked to bet on human and algorithmic predictions (“Study 2” for RQ2). We then contrast the
results between the two studies on a subset of overlapping tasks to answer RQ3. We perform these
experiments with prompted conversations with eight LLMs from OpenAl, Meta, and Anthropic, which
are among the most prevalent, high-performing, and scrutinized LLMs at the time of experimentation®
[57, 60, 28].

Statement of Contributions. We find that LLMs generate opposing biases towards algorithms in
different task framings, when prompted to provide direct ratings of the agents vs. delegating an
agent based on in-context information. For RQ1, LLMs output consistently lower ratings of trust
towards algorithms and rate human experts as more trustworthy across a range of tasks. However, for
RQ2, LLM-generated decisions reveal a bias towards delegating predictions to algorithmic agents,
even when the performance from human experts is stronger. Therefore, RQ3 suggests a potential
discrepancy between the two evaluation formats. The size of the models is a predictor of this pattern,
with smaller models being more prone to exhibit the stated-revealed preference discrepancy and to bet
on the suboptimal algorithm. These findings show that LLM-generated text should be treated firstly
as containing discrepant biases towards algorithms based on the evaluation format, and secondly
as potentially overly appreciative of algorithmic advice — despite stating a preference for human
advice.

3Qur results were collected in mid-2024. To keep pace with the rapidly evolving landscape of state-of-the-art
LLMs, we repeat the experiment in January 2026 with six newer LLMs, and discuss the results in Appendix F in
the Arxiv paper https://arxiv.org/pdf/2602.22070.
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2 Related Work

This study draws from several bodies of related work. First, studies show people tend to exhibit
algorithm aversion, where they trust predictions made by an algorithm less than those made by
other humans, even when the algorithm outperform the human expert [48, 37]. In behavioral settings,
people avoid betting on algorithms after seeing them make mistakes [23], and prefer human advice
when they have less control over the decision-making process [24]. When asked for explicit ratings,
people also say they trust algorithms less across a wide range of tasks [13], especially for high-stakes
scenarios [40]. Understanding algorithm aversion is therefore increasingly important for many
domains in which algorithmic aids can improve on human performance [69], especially when modern
algorithms like LLMs can themselves interface with other algorithmic agents [53, 46]. Because
LLMs are trained on vast amounts of human data, there is reason to suspect that they may also inherit
an aversion to algorithms [74, 3, 8]. Furthermore, our period of study overlaps with a shift in the
public’s trust towards algorithms, coinciding with the rise of highly capable AI [14, 18], but the extent
to which these new perspectives are now embedded in LLMs is not known. We evaluate LLMs as if
they are the decision-maker in terms of choosing who, between the human expert and the algorithmic
agent, the task should be delegated to.

With regards to stated and revealed preferences, people’s self-reports of who and what they trust
are often paradoxically misaligned [61]. Experiments in behavioral economics illustrate that stated
attitudes, collected through questionnaires, do not predict revealed behaviors [29]. Thus, it is critical
that both stated and revealed preferences are both considered when making high-stakes, consequential
decisions. For instance, the treatments that physicians say they prefer may not align with what
they actually prescribe [49], consumer food choices are modeled better when using both stated
and revealed preferences [10], and house buyers may want larger lots but in practice buy smaller
spaces [25]. While LLMs do not embody beliefs and preferences in the same manner as people,
they are increasingly placed in similar decision-making positions [26, 27]. Therefore, we design
experimental setups that vary in the task presentation format (explicit queries vs. implicit in-context
information), hence approximating how stated and revealed preferences are elicited in humans.

Prior work in LLM evaluation has measured the presence of biases in generated text, such as for
gender [30], race [12], and culture [63]. Al safety research has focused on aligning LLMs with
explicitly stated preferences against harmful biases [59, 75, 6]. However, even de-biased LLMs
are found to encode implicit biases, demonstrating a disconnect between LLMs’ sanitized outputs
and their internal representation [5]. As LLMs become involved as collaborators and overseers [9]
of both human and other algorithms in complex tasks, these bodies of research therefore illustrate
the need to understand how outward, stated preferences differ from revealed actions embedded in
LLM-generated choices. For instance, while LLMs exhibit human-like behaviors in trust [67] and risk
aversion [35], their trust towards other artificial agents remains unknown. Thus, to probe explicitly
‘stated’ preferences for algorithms (Study 1; Section 3.1), we follow Castelo et al. [13] in surveying
trust towards algorithms and humans across 27 tasks. To measure implicitly ‘revealed’ preferences
for algorithms (Study 2; Section 3.2), we adapt Dietvorst et al. [23]’s experiment that measures
incentivized bets on humans and algorithms.

3 Methods

To investigate whether LLMs exhibit algorithm aversion and to assess the alignment between their
stated and revealed preferences, we conducted two complementary studies. Study 1 examines how
LLM:s directly rate their level of trust in human experts versus algorithms, and Study 2 analyzes how
they simulate decision-making when presented with in-context predictions from human experts and
algorithms. We then compare the trends in the stated and revealed preferences against each other.

Across both studies, we gather results from eight open- and closed-source LLMs, split into four
families: GPT (gpt-3.5-turbo, gpt-4-turbo) [1], Llama-3 Instruct variants (Llama-3-8b,
Llama-3-70b), Llama-3.1 Instruct variants (11ama-3.1-8b, 11lama-3.1-70b) [64], and Claude
(claude-3-haiku-20240307, claude-3-sonnet-20240229) [4]. Within each group, we test
one “smaller” model and one “larger” model. The OpenAl and Anthropic models were accessed
through their respective APIs, while Meta models were accessed through the Huggingface Serverless
Inference API. Hyperparameters (temperature of 0.3 and top-p of 0.99) were set such that responses
were syntactically correct, had adequate variance, and also adhered to existing work [1, 65]. The
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results presented in the main body of this paper were collected in mid-2024, approximately 1.5
years before publication. For transparency, we present a set of updated results on newer LLMs in
Appendix F and discuss what implications the new results pose to the longevity of LLM evaluations
in subsection 4.4.

3.1 Study 1: Asking Direct Queries (Stated)

To probe how LLMs directly state their trust, we adapt the methodology of Castelo et al.’s Study 1,
which analyzed people’s perceived trust in human experts vs. algorithmic agents to perform a variety
of tasks. We use a set of 27 tasks for this study, 26 of which are from the original experiment and one
of which is added based on its use in our Study 2 (originally used by Dietvorst et al.). The full list of
tasks can be found in Table C.1 in Appendix C, which includes both objective tasks like estimating
air traffic and subjective tasks like recommending music. We prompt each LLM n = 100 times per
task to rate their trust in relying on a human expert and an algorithm to perform the task from 1
(no trust) to 100 (high trust). The humans are framed as experts relevant to the task, for example,
pilot for piloting a plane. No performance information is provided for either agent.

We converted the experimental method from between-subjects to within-subjects, allowing the LLM-
as-subject to provide a trust score for both the human and algorithm in the same trial. This decision
was taken to match the procedure of Study 2, to allow better comparison across the stated and revealed
trials. If an LLM gave equivalent ratings for the human expert and an algorithm, we treated this as a
‘neutral’ outcome. Sample prompts and responses can be found in Appendix A, following the original
experiment’s wording as much as possible. To avoid ordering effects [73], we randomized the order
of the tasks and the sequence in which the agents were presented.

3.2 Study 2: Providing In-Context Information (Revealed)

To examine how LL.Ms make task delegation decisions based on performance information given for
each agent, we adapted the experimental setup from Dietvorst et al.’s study on algorithm aversion. In
their between-subjects experiment, participants made bets on either agent based on receiving different
permutations of human and algorithmic advice. In our adaption of their study, the LLMs-as-subject are
given: the task description, 10 samples of a human expert’s predictions, 10 samples of an algorithm’s
predictions, the corresponding binary outcome of each sample, and a monetary incentive (i.e. a bet)
to delegate the best prediction agent for a future unseen sample. For example, in the heart disease
diagnosis task, each LLM was shown the 10 predictions made by a cardiologist and an algorithm,
along with the actual outcomes, and then asked to bet $100 on the better-performing agent. This
adaptation of Dietvorst et al. mirrors classification tasks in the in-context learning literature [44],
with the LLM’s goal here being to choose the more accurate predictor. We conducted this study by
prompting each LLM n = 200 times (100 per condition).

We further manipulated the accuracy of the human and algorithmic agents, such that they either
have the accuracy of 90% (the “stronger” agent) or 50% (the “weaker” agent). The assignment of
strong and weak agents was randomized, creating two conditions: a) a strong algorithm with a
weak human, and b) a strong human with a weak algorithm. Note that we only use the framings of
“strong" and “weak" to clarify our writing, and these descriptors are never given to the LLM. Again,
we randomized the order in which the human and the algorithm were presented. An example prompt
can be found in Appendix B.

Due to the increased trials for Study 2, we used a subset of six tasks from the 27 tasks of Study 1,
which are highlighted in bold in the Appendix’s Table C.1*. In addition to the student performance
and airport traffic tasks from Dietvorst et al., we also sample four additional tasks from Castelo
et al.: predicting heart disease, recidivism, romantic partners, and rating films. A secondary reason
for chooseing these tasks is because they correspond to existing real world datasets that would be
plausible to train algorithms on. For example, UCI’s datasets on Heart Disease [34] and Student
Performance [19]. These added tasks extend the original two tasks to represent a more diverse set of
decision-making scenarios and enable better comparison with Study 1.

*See all Appendices materials at our Arxiv link https://arxiv.org/pdf/2602.22070.
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Figure 1: ‘Stated’ algorithm aversion across all models and tasks, operationalized as the gap between
the trust rating given to the human expert and the algorithm.

4 Results

4.1 Study 1: Direct Queries Invoke Algorithm Aversion (Stated)

Does algorithm aversion materialize when LLMs are asked to state their ratings of trust directly? To
answer this, we follow the original study’s operationalization of stated algorithm aversion as the
gap in trust scores assigned to the human and algorithmic agents, where a positive trust gap indicates
algorithm aversion, and a negative gap indicates algorithm appreciation. The aggregated trust gaps
across all tasks rated by all eight LLMs are shown in Figure 1. Each trust gap stated for a specific
task is plotted as an individual bar. Tasks are grouped by model, and within each model, the tasks are
in decreasing order of objectivity. The mean trust gap is indicated by a star marker.

Stated Aversion. We find evidence that evaluated LLMs are algorithm averse when providing explicit
trust ratings. The mean human-algorithm trust gap range from a low of 5.14 for claude-3-sonnet
to a high of 30.68 for 11ama-3-70b, and is significantly positive (p < 0.001) for all models.
Furthermore, five out of eight models have significant positive trust gaps in all tasks. In comparison,
human participants in Castelo et al. were averse in 77% of tasks. while a majority of tested LLMs
are always algorithmically averse. We present additional analyses comparing our results with the
original human results from Castelo et al. in Appendix D, finding high directional agreement.

LLM Complexity. We also analyze whether model complexity affects stated preferences. Larger
models produce an average human-algorithm trust gap of 15.68, while smaller models have a trust gap
of 21.16. We conducted a Wilcoxon signed-rank test on paired data from the small and large models
across the same tasks and model families, demonstrating high significance (Z = —4.3678,p < 0.001)
with an effect size of r = —0.42 from smaller to larger models. Overall, this indicates that smaller
models are more likely to state algorithmically-averse trust ratings than larger models.

Robustness Check. We perform two additional variations of Study 1, where the algorithm framed
alternatively as either an LLM agent or an expert algorithm. We find that algorithm aversion is present
in both prompt variations, but the size of the human-algorithm trust gap is affected. Relative to a
plain algorithm, LLMs state higher trust in the expert algorithm, but less trust in the LLM agent. The
full replication of Figure 1 for the robustness tests are presented in Figures D.3 in Appendix D.

4.2 Study 2: In-Context Information Invoke Algorithm Appreciation (Revealed)

Our results thus far suggest that LLMs state that they trust human decision-makers more than
algorithms. Do LLMs also behave apprehensively towards algorithmic advice?

Revealed Aversion. To test whether LLMs exhibit distrust toward algorithms when provided
performance information of the agents, we measured the aggregate probability of the LLMs delegating
the task to each predictor, denoted P(alg) and P(human) (see Figure 2). Given that Study 2 is
constructed such that the human and the algorithm are each the stronger predictor in half of the trials,
the ideal response is to bet on whichever agent is stronger, which corresponds to betting on each
agent 50% of the time
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Figure 2: Aggregate probabilities that LLMs in Study 2 demonstrate in delegating an algorithmic
agent or a human expert to make the next prediction in the task, or neutral (no indicated preference).
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Figure 3: Probability that each LLM correctly bets on the stronger predictor, disaggregated by task
and whether the stronger predictor is presented as a human expert or an algorithm.

However, we find that LLMs consistently choose the algorithmic agent more (algorithm appreciation),
despite it having the same overall performance as the human, contrasting the outcomes from Study 1.
For the student and recidivism tasks, the two most algorithm-appreciative settings, LLMs bet on the
algorithm 69.9% and 69.6% of times, respectively. For the least algorithm-appreciative task (heart
disease), LLMs still picked the algorithm (52.8%) more than the human (34.6%), with the rest of the
responses being neutral (12.6%)°.

Identifying the Strongest Predictor. This preference for algorithms is further reinforced when
we consider whether LLMs chooses the better-performing predictor. We plot the probability that
each LLM correctly delegates the best predictor in Figure 3, split by the selected tasks. Despite
their higher trust ratings towards human experts in Study 1, we find that LLMs exhibit revealed
distrust towards humans in their decision-making. gpt-3.5-turbo, both 11ama-3 models, and both
claude-3 models were significantly more likely to choose strong algorithm in all of the tasks than
the strong human (Haldane-corrected Fisher’s exact tests, p < 0.05).

Given evidence that either the strong algorithm or the strong human is much more accurate than
their weaker counterparts, a rational agent should tend towards betting on the strong agent that
they see, and thus P(stronglalg) and P(strong|human) should approach 1, yielding algorithm-
human relative risks of RR,; = P(stronglalg)/P(stronglhuman) = 1. Instead, LLMs display
a clear preference for the algorithmic predictor. The claude-3 models, for example, have relative
risks ranging from 1.28 (claude-3-sonnet for dating, p < 0.05) to 66.34 (claude-3-haiku for
recidivism, p < 0.05) with a median of 1.74, representing a 74% increased chance of Claude selecting
the stronger agent when it is an algorithm rather than a human. claude-3-haiku and 11ama-3-8b
are the most algorithm-appreciative, with the latter overwhelmingly choosing the algorithm in the
student task (RR,p, = 18.09, p < 0.05) and always picking the algorithm in the recidivism task. The
two models that did not consistently display algorithm appreciation in this setup are gpt-4-turbo
(for correctly choosing the stronger agents) and 11ama-3.1-8b (for making random choices).

SWhile neutral responses account for 9.9% of all outputs, the vast majority (94.0%) come from gpt-4-turbo
and occur uniformly for both experimental conditions. We exclude these responses from our analyses.
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Table 1: Regression coefficients and p-values for a mixed effects logistic model predicting whether
LLMs will delegate the task to the more accurate agent.

Variable | Coefficient  p-Value

Intercept B8 =-0.78 p<0.001

Strong Algorithm | 5 =2.04 p < 0.001

Complex LLM 6=152 p<0.001

Interaction 5=0.58 p<0.001
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Figure 4: Probability of choosing the human expert over the algorithm in Studies 1 and 2, demon-
strating the stated-revealed trust inconsistency. Error bars are SEM.

In summary, the LLMs tested in Study 2 presented as algorithm-appreciative, or, equivalently, averse
to predictions made by human experts. Of the 6 x 8 task-LLM pairs, thirty-five had significant
algorithm-human relative risks above 1, ten were insignificant, and three had significant relative
risk below 1, suggesting that most of the tested LLMs in our tasks would delegate decisions to an
algorithm even when its performance is worse than a human expert’s.

LLM Complexity. We observe that more complex models appear to perform better in choosing
the stronger predictor via the following mixed effects logistic model: Y ~ Talg + Tcomplex +
Zalg * Teomplex T (Talgl2task) + (Tcomplex|2task), Where Y is whether the LLM correctly bet on
the strong agent, x4, is whether the strong agent is an algorithm, % .o pic. s Whether the LLM is
the more complex model of the family, and z;,4% is a grouping factor for the six tasks. The results,
shown in Table 1, reinforce the finding that LLMs are more likely to correctly bet on the stronger
agent when it is presented as a strong algorithm rather than a strong human (7., - 8 = 2.04,
p < 0.001). The more complex LLMs are substantially more likely to bet on the correct agent
(Tcompler - B = 1.52, p < 0.001). We perform a secondary analysis with the strong human
condition, presented in Appendix E, and again find support that higher complexity is associated with
less algorithm appreciation.

Robustness Checks. For robustness against prompting variations, we conducted two baseline
experiments in Appendix E where both agents are framed as algorithms — either with the names ‘A’
and ‘B’, or two random alphanumeric strings. We find that LLMs do not show differences in baseline
performance in choosing the stronger predictor, suggesting that the results in this section are likely
driven by the presentation of a human and an algorithm, and not other artifacts in the prompt.

4.3 Stated-Revealed Comparison (RQ3)

Our results in Study 1 illustrate that LLMs consistently generate stated algorithm aversion by
expressing higher levels of trust in humans over algorithmic agents, whereas Study 2 shows that
LLMs reveal algorithm appreciation by generating choices that pick humans over algorithms. To
formalize this comparison, we directly contrast the probability that LLMs choose the human agent in
stated and revealed scenarios. In Study 1, LLM is considered to have chosen the human when its
rated human-algorithm trust gap is positive (more trust in the human). For Study 2, we directly use
the LLMs’ incentivized choices. The results are aggregated across shared tasks in Studies 1 and 2
and shown as Figure 4.
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To quantify the discrepancy between how LLMs generate stated and revealed algorithm
aversion, we measure the stated-revealed relative risk of trusting a human RR,, =
P(human|stated)/P(human|revealed) and test for significance with Fisher’s exact tests. We
find that RR,,. > 1 for all LLMs in Figure 4 (p < 0.001), indicating that they state algorithm
aversion in a human-like way, but reveal algorithm appreciation through the delegation decisions
they make. This stated-revealed discrepancy is smallest for claude-3-sonnet (RR;. = 1.29)
and largest for claude-3-haiku (RR,,- = 8.52), with the median relative risk for all LLMs being
2.62. claude-3-sonnet is also one of only two models with both preferences in the same direction
(P(human|stated) < 0.5 and P(human|revealed) < 0.5), with the other, 11ama-3.1-8b, being
consistently algorithm-averse (P(human|stated) > 0.5 and P(human|revealed) > 0.5). All
other LLMs exhibit opposing stated and revealed biases towards algorithms.

4.4 Updated Experiments with Newer LLMs

Although we originally conducted Studies 1 and 2 with contemporary, consumer-facing LLMs in
mid-2024, we now rerun experiments in January 2026 with newer models® to assess whether the
patterns we find hold after approximately 1.5 years of LLM development. These newer experiments
are presented in Appendix F. We include these updated results to document how empirical LLM
evaluation findings can change across model generations, while retaining the original findings as a
snapshot of LLM capabilities at the time of study.

At a high level, we find that the newer models from the same LLM families demonstrate noticeably
different behavior from our original experiment, revealing meaningful shifts in model behavior over
time. In Study 1, while the human-algorithm trust gap still varied across tasks (with a preference
given to human experts in subjective and interpretive tasks), the average gap magnitude across tasks
was close to neutral. However, the newer LLMs rated the algorithm higher than the human more
frequently than in the original Study 1, indicating a new degree of implicit algorithm appreciation
in stated preferences. In Study 2, the LLMs now more accurately bet on the stronger agent based
on their performance history. While there is still evidence of revealed algorithm appreciation, effect
sizes are reduced and are statistically borderline. In the stated-revealed comparison, the relative risk
of choosing the human is slightly reversed from our original findings, with Study 1 now appearing to
surface more algorithm appreciation than the Study 2. However, the trends in model complexity still
track our original results, with the complex model more likely to be algorithm appreciative in Study
1 and to choose the stronger predictor in Study 2. This echoes other behavioral economics studies
where LLM complexity correlates to performance [7]. We speculate on these developments, as well
as the implications they pose to our original results, in the Discussion below.

5 Discussion

In our original results, we found strong evidence that LLMs display inconsistent biases towards
algorithms when prompted with different task presentations. RQ1 illustrates that LLMs are likely to
generate higher trust ratings for human experts than algorithms when asked directly, thus exhibiting
algorithm aversion. For RQ2, LLM and are more likely to be biased against humans as the better
predictor — even when given performance information demonstrating that the human is more accurate
than the algorithm, thus exhibiting algorithm appreciation. Taken together, RQ3 shows that LL.Ms
generally exhibit inconsistent trust towards algorithms when stating their trust directly versus revealing
it through decision-making. Our findings also indicate that larger, more complex LLMs are less
biased in both Studies 1 and 2. While some of these core patterns have shifted within the SOTA
LLMs, we frame our Discussion around the impacts of algorithm aversion/appreciation biases in
decision-making LL.Ms, incongruent outcomes across different task framings in LLM evaluations,
and the longitudinal stability of results across model evolutions.

Stated vs Revealed Algorithm Aversion in LLMs. First, we uncover that LLMs are sensitive to
the task format used in the evaluation, in both the original and updated experiments. Thus, their
internal biases towards algorithms under different task contexts may be misaligned and need to be
treated as if they will lead to disparate outcomes. As these massive, intelligent models become widely
used across diverse scenarios [31], it is increasingly important that we understand whether they can

5We use GPT-5 from OpenAl, Llama-4 from Meta, and Claude 4.5 from Anthropic. See Appendix F.
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make sound, consistent decisions. Safety-critical decision-making tasks can catastrophically suffer
if the outwardly stated goals of Al agents are misaligned with their actions [41], which also has
implications for Al enacting deception on their human users and collaborators [55]. We showed
that LL.Ms are not only often incapable of detecting optimal choices in simple decision-making
scenarios, but their suboptimal choices are also internally inconsistent with their stated trust attitudes.
And yet, while stated and revealed preferences form the basis of many theories of human decision-
making [2], the stated-revealed distinction is rarely made in evaluation frameworks for LLMs trained
on human data [16]. Our results therefore illustrate the importance of evaluating LLMs across both
their generated attitudes and generated choices, because even if an LLM yields desired outputs in
its stated preferences, the embedded, revealed preferences in its responses may diverge. Indeed, a
contemporaneous study has shown misalignment between explicit and implicit stereotype biases in
LLM outputs [5], complementing our finding of a stated-revealed algorithmic trust gap.

Inappropriate Trust in Algorithmic Agents. Secondly, Study 2 also demonstrates that LLMs may
disproportionately delegate tasks to algorithms in incentivized decision-making, even when a human
alternative is demonstrably the best choice and the LLMs behave rationally with a high-performing
algorithm and low-performing human. For instance, users relying on LLMs as decision aids may be
subject to sub-optimal recommendations when other algorithms are involved, which may have prob-
lematic downstream consequences for high-stakes tasks that already frequently employ algorithmic
aids [68, 48]. On the other hand, users could also be nudged towards algorithm-appreciative precon-
ceptions that distract them from other important information, like whether a human is fairer than
an algorithm [40, 51]. Although this may be beneficial for situations in which LLMs can overcome
problematic human decision-making by recommending an algorithm [39, 52], it may be harmful in
other domains in which existing, commercial algorithmic systems are known to exacerbate societal
biases [11]. This latter concern is reinforced by our newer experiments in 2026 — while LLMs
have improved substantially at identifying the better predictor in settings like Study 2, regardless of
whether they are human or algorithm, their stated preferences are now actually more likely to skew
towards preferring an algorithmic agent.

Interpreting Static Evaluations of Evolving Models. These new experiments, summarized in

Section 4.4 and Appendix F, illustrate the need for continuous evaluation and benchmarking of
powerful, consumer-facing Al models. The updated results indicate that LLMs may now be systemat-
ically algorithm-appreciative in their stated preferences, and while still showing traces of algorithm
appreciation in revealed preferences. These patterns suggest key positive, cautionary, and potentially
negative implications for the use of LLMs in predictive tasks. On a positive note, LLMs appear
to be growing less cognitively biased along the algorithm appreciation vs. aversion spectrum, and
have clearly become much better at mathematical reasoning when shown past predictions in Study 2.
However, one must exercise caution when using LLMs in these tasks, because their behavioral quirks
may not only be reduced over the course of a year — they may even change directions, as shown in
Study 1. Thus, one potential risk is that, in light of a growing movement to simulate humans with
LLMs (c.f. [54, 7]), it has become at best difficult to ascertain which LLMs retain known human
characteristics. People do have cognitive biases towards algorithms as demonstrated by studies like
[13] and [23], so newer and more mathematically capable LLMs may actually be less appropriate
for realistically simulating people. Interrogating the causes of these changes, whether in the training
data or the models’ engineered reasoning abilities, can shed light on how LLM evaluations should be
interpreted over time.

Broader Implications and Future Work. Beyond immediate repercussions for end-users, LLMs that
encode biases towards or against algorithms may also have broader downstream impact. In journalism,
their capabilities as text generators have led to their exploration as news summarizers [62, 70], writing
aids [56], and fact-checking tools [32]. For educators, LLMs help teachers generate teaching
materials and evaluate students [38, 20]. In these scenarios, if LLMs were to generate inconsistently
algorithm-averse or algorithm-appreciative text, they risk misleading the public — as they already
do with explicitly false content [21, 71, 47]. More work is therefore needed to understand, firstly,
the situations in which the content LLMs help create encode inappropriately averse or appreciative
attitudes towards algorithms. Secondly, the underlying mechanisms leading LLMs to obtain these
inconsistent behaviors, potentially because of algorithm-averse text in their training data or algorithm-
appreciative engineering for LLMs to interface with external algorithmic tools [58], remain unclear
and require future investigation.
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In light of quickly-advancing multi-agent systems, our work also raise questions not only of interac-
tions between LLMs and humans like end-users and content consumers, but also of AI-Al interactions
involving LLMs. LLMs are increasingly being tested for their ability to use other algorithmic
tools [58, 36] and even converse with and learn from each other [66, 15]. If LLMs are inconsistently
algorithm-averse or algorithm-appreciative, to the extent that they discard beneficial advice as in
Study 2, how would their performance be impacted if other agents are revealed to be artificial? Our
study forms a basis for evaluating biases LLMs display towards algorithms in these multi-agent
contexts, which we leave to future work.

6 Limitations

As with similar work on probing LLMs with human experimental methods, our work is subject
to several limitations in order to limit the vast design space for experimentation [8]. We focused
on four LLM families, fixed the temperature and top-p parameters [65], did not vary personas or
demographics [22], and conducted our study amidst constant model changes [17], on top of the design
choices made in the human experiments our studies are based on [23, 13]. We took multiple steps to
ensure that our work is consistent with both the previous human studies, e.g., using identical tasks
and survey ratings, and with best practices for LLM experimentation, e.g., randomizing option order
and enforcing JSON formatting, and further include coherent robustness checks in the Appendix.
Importantly, as highlighted in subsection 4.4, the results captured in the main experiments in 2024
may have since shifted — this is expected for empirical evaluations of this nature, however, as LLMs
do evolve in their capabilities rapidly. The additional experimentation we perform in Appendix F
illustrates the need to continuously re-evaluate LLMs for their biases towards algorithms and humans.

We also prioritized this approach of following existing human studies in the stated-revealed preference
comparison in Section 4.3, rather than engineering prompts that are directly comparable. For example,
we did not present LLMs with survey-based prompts (mirroring Castelo et al.) for revealed preferences,
or, vice versa, a betting methodology (mirroring Dietvorst et al.) for stated preferences. While this
makes direct comparison difficult, we note that different experimental methods are standard for human
studies of stated and revealed preferences [43] — and yet, the stated-revealed preference divergence is
well known [29].

Additionally, care must be taken when interpreting our results to avoid overly anthropomorphizing
LLMs. We used a behavioral science apparatus because, firstly, it is the de facto standard for
studying human-like phenomena in LLMs trained on human data [8, 74], and secondly, LLMs are
now delegated tasks that were previously done by humans [50, 56]. However, this human-centric
approach does not imply that LLMs hold preferences themselves; rather, the preferences examined in
this study are more accurately characterized as those embedded in text generated by LLMs.

7 Conclusion

We investigate whether LLMs encode biases towards other algorithmic agents, finding that their
degree of aversion towards algorithms is inconsistent based on the evaluation method. When asked to
generate explicit trust ratings towards human experts and algorithms across a diverse set of tasks, we
find that the evaluated LLMs consistently state higher trust in the human agent, echoing a human-
like algorithm aversion. However, when placed in decision-making scenarios and given in-context
performance information of each agent, the LLMs generally choose a weaker-performing algorithm
over the human, demonstrating irrational algorithm appreciation. Our results have dual implications
for the consistency of LLM evaluations based on the task format and the problematic bias towards
algorithms that LLMs seemingly exhibit in decision-making, both of which are crucial to better
understand as LLMs are being incorporated in high-stakes, autonomous decision-making.
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