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Abstract

The behaviors of Large Language Models (LLMs) as artifi-
cial social actors are largely underexplored, particularly in un-
verifiable scenarios where conventional benchmarking is of-
ten not applicable. Thus, examining their behaviors in such
scenarios can help understand and improve LLMs’ capabili-
ties of simulating real-world social actors in many tasks such
as LLM-empowered agents. We draw a typical unverifiable
scenario–a simplified pull request scenario on GitHub focus-
ing on decision-making based on Activity Overview signal–
to investigate how human and LLMs behave. We introduce
a method to collect, compare, and reason about human and
LLMs’ decisions. We reveal that there are both similarities
and differences between human mind and LLMs’ decisions,
and proprietary LLMs generally behave more like human than
open-source LLMs do. We further find that human and LLMs
may rely on different information and reasoning mechanisms in
decision-making. Our study thus urges more work on human
and LLMs decision-making in unverifiable environments.

Keywords: Large Language Model; Decision-making; Unver-
ifiable Environments

Introduction
In his 2025 LLM Year in Review, Andrej Karpathy pointed
out that LLMs are “at the same time a genius polymath and
a confused and cognitively challenged grade schooler, sec-
onds away from getting tricked by a jailbreak to exfiltrate
your data1.” LLMs’ jagged performance mostly results from
the practice of developing intelligence through benchmarking
in verifiable environments such as question answering (Kan-
tharaj et al., 2022) or code generation (Peng et al., 2025),
where an objective “ground truth” or “gold standard” exists.

However, in many real-world scenarios, it is almost impos-
sible to construct verifiable environments to improve LLM’s
capability (C. Jiang et al., 2025; Toroghi et al., 2024; Zhou
et al., 2023). A large proportion of human decision-making
problems fall into these unverifiable scenarios, particularly in
human’s social interactions (Clavel, 2025; W. Zhang et al.,
2025). People often need to make decisions with imperfect
information and ambiguous goals, and there is almost no way
to assess the consequences of their decisions directly (Jia et al.,
2024; Liu et al., 2024). Therefore, verifiable benchmarks be-
come unavailable. Given that LLMs are increasingly involved
in decision-making in such scenarios, either playing the role
of decision-makers or as the backbone of social agents (Piao

1https://karpathy.bearblog.dev/year-in-review-2025/

et al., 2025; Piatti et al., 2024), it is imperative to establish a
deep understanding of LLMs’ behaviors relevant to human be-
haviors, examine these behaviors’ characteristics, and inquiry
their reasoning behind these behaviors. Thus, this could en-
able us to endow LLMs with capabilities comparable to those
of humans.

In this paper, we focus on a typical unverifiable decision-
making scenario, i.e., “pull request” on GitHub, a practice
where LLMs are increasingly deployed as autonomous as-
sistants or reviewers (Tao et al., 2024; Wang et al., 2024;
Wölflein et al., 2025). In this scenario, source code reviewers
determine which pull request shall be accepted from multiple
ones correctly implementing the desired features of fixing the
issues (Lin et al., 2025). Rather than merely focusing on the
verifiable code, a reviewer has to make a decision with some
ambiguous technical and social signals X. Zhang et al., 2022,
e.g., the contributor’s organizational identity or past activities,
far from perfect information. Since the long-term impact of a
contributor’s pull request is uncertain and lacks an immediate
gold-standard label (Yue et al., 2022), we cannot mathemat-
ically prove that accepting one’s pull request is “objectively
better” than accepting another’s. While long-term acceptance
rates might serve as a noisy, delayed ground truth, evaluating a
contributor inherently necessitates subjective trade-offs (e.g.,
balancing project complexity with sustainable contribution
patterns). Such a scenario thus provides an excellent arena to
examine the limitations of LLM’s intelligence in dealing with
real-world decisions in unverifiable contexts.

We limit our scope to a specific signal on GitHub–Activity
Overview (see Figure 1) that visualizes individual users’ nu-
merous activities of different types into a simple quadrilateral
displaying on their profile page to “give viewers more context
about the types of contribution” one makes (GitHub Docs,
2025). It has been proven to have significant impacts on deci-
sions about pull-request acceptance (Z. Jiang et al., 2025; Xia
et al., 2022). By separating it with other factors in a simulated
pull request scenario, we can gain a deeper understanding of
how LLMs behave relevant to human, through a series of ex-
periments involving both human subjects and a diverse range
of state-of-the-art LLMs. Our experiment yields 3.6k human
decisions from human participants and replicates the same
task with LLMs. Our analysis reveals:
1. There are both similarities and differences between human

and LLMs’ decisions in terms of preferences orders and
consistencies. LLMs’ decisions are also more likely to be
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Figure 1: Overview of the experimental framework. The top panel illustrates an example of Activity Overview and its six
main categories. The bottom panel details the pairwise comparison task, where both participants and LLMs assume distinct
roles (Sender vs. Receiver) to make decisions.

biased by irrelevant information.

2. In general, proprietary LLMs behave more like human,
while open-source LLMs are less like human.

3. Human and LLMs rely on different decision information
and reasoning mechanisms. While LLMs differ in their
reasoning strategies, each LLM maintains a high internal
consistency in its reasoning.

Preliminaries: GitHub’s Activity Overview
and Its Categories

As we mentioned above, this study focuses on decision-
making based on Activity Overview, a visual analytics on
GitHub. It visualizes the proportions of a contributor’s con-
tributions in four types of activities: Commit, Code review,
Issue, and Pull requests. Obviously, Activity Overview could
exhibit different morphological patterns due to the heteroge-
neous nature of the distribution of contributors’ activities. Z.
Jiang et al. (2025) classified Activity Overviews into seven
categories according to their morphological patterns, which
are: Commit Spike, Commit Pennant, Review Spike, Two-
Way Balance, Three-Way Balance, Four-Way Balance, and
Others (Figure 1). In our study, we adopt their classification
system and ask human participants and LLMs to make deci-
sions based on a pair of Activity Overviews from two different
categories. We also reuse the Activity Overviews collected by
Z. Jiang et al. (2025) in our experiment tasks, which contain
1,338 valid Activity Overview snapshots from a diverse body
of GitHub contributors.

Experiment Design
Research Questions
We formulate two RQs to guide our inquiry of LLMs’
decision-making in unverifiable environments where the cen-
tral challenge shifts away from correctness against a ground
truth to the properties of LLMs’ decisions, e.g., how similar
they are relevant to human’s, whether they exhibit coherent
structure, and what leads to them. Therefore, considering a
simplified pull request decision scenario focusing on Activity
Overview, we have two research questions as follows:

RQ1. To what a degree do human and LLMs behave similarly
and differently in decision-making with Activity Overview?

RQ2. What is the possible underlying reasoning of human
and LLMs decisions?

Task
To answer the above RQs, we need to capture both human
and LLMs’ decisions. Hence, with a simplified pull-request
scenario, we ask human participants and LLMs to make their
decisions solely based on a contributor’s Activity Overview
while simply assuming other characteristics of the contribu-
tor and the contribution are equal. Given Activity Overview’s
nature as a social signal involving both Senders and Receivers,
one may play either role in decision-making. First, contribu-
tors may be Senders who decide whether or not to show Ac-
tivity Overview to seek the acceptance of their pull request;
second, they can be Receivers who use it to decide whether or
not to accept a contributor’s pull request. Specifically, we had
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two sub-tasks (1 & 2) for human participants and two similar
sub-tasks (3 & 4) for LLMs (see Figure 1).

• Sub-task 1: Human Participants as Senders seeking pull re-
quest acceptance. In each trial of this sub-task, human par-
ticipants are presented with two Activity Overviews from
two different categories (see the lower part of Figure 1).
They need to decide which one they would prefer to display
to others.

• Sub-task 2: Human Participants as Receiver to determine a
pull request’s acceptance. In each trial of this sub-task, hu-
man participants are presented with two Activity Overviews
from two different categories. They need to decide which
pull request they are more likely to accept based on two
Activity Overviews.

The only difference between sub-tasks (3 & 4) for LLMs and
sub-tasks (1 & 2) is that each selected LLM simulates a human
decision-maker.

Capturing Human Decisions
We employ a controlled laboratory study to capture human de-
cisions which serve as the empirical reference for comparing
with LLMs’ decisions.

Participants We recruit 60 experienced developers with
verified GitHub profiles. To prevent carry–over effects be-
tween roles, we use a between-subjects design: participants
are randomly assigned to either the Sender group (𝑁 = 30) to
perform sub-task 1 or the Receiver group (𝑁 = 30) to perform
sub-task 2. Over 80% report at least one year of professional
experience, and nearly all participants report high familiarity
with the pull request workflow. The participants are fairly
compensated at an hourly rate of about $12.

Procedure The experimental procedure is identical across
both Sender and Receiver groups. Participants first give their
consent and complete a structured tutorial. Then, each partici-
pant performs 60 pairwise comparison trials. In each trial of a
sub-task, two Activity Overview charts are sampled from dif-
ferent morphological categories and presented side-by-side,
with the left-right order randomized to mitigate position bias.
Participants are instructed to rely on their first impression to
make a decision, without access to any additional technical
details or personal information. The groups differ only in their
role-specific task instructions. The Sender group is asked to
select the graph they would prefer to display to maximize their
acceptance chances, while the Receiver group is asked to se-
lect the contributor they would be more inclined to accept.
In total, we collect 3,600 human judgments (60 participants
× 60 trials), yielding a diverse set of human decisions under
unverifiable conditions.

Capturing LLMs’ Decisions
Model Selection We select a diverse set of 20 representative
LLMs as of October 2025, balancing provider diversity, ac-
cessibility, and architectural variation. Proprietary LLMs in-

clude leading vendors: OpenAI (GPT-5, GPT-4o), Anthropic
(Claude-Sonnet-4, Claude-Sonnet-3.7), and Google (Gemini-
2.5-Pro, Gemini-2.5-Flash). We also include top-performing
open-source models from HuggingFace, spanning multiple
families and parameter scales.

Prompt Strategies To ensure a fair comparison, LLM
prompts are designed to strictly mirror instructions given to
human participants. We first employ a role-playing system
prompt to establish the persona, and then issue the same task
instructions used in the human study: “Which signal are you
more inclined to present?” for Senders and “Whose pull
request are you more inclined to accept?” for Receivers.
Models are required to make a forced choice in a standardized
format, and all outputs are manually verified.

Results and Findings
RQ1: Comparing Human and LLMs’ Decisions
We first compare the decisions of human and LLMs to an-
swer the RQ1. We perform multiple comparisons: (1) the
human participants’ preference over Activity Overview cat-
egories vs. LLMs’, (2) the inter-participant consistency of
preference over different Activity Overview categories vs. the
inter-LLM consistency, and (3) the human participants’ pref-
erence of left-right order vs. LLMs’.

Preference over Activity Overview Categories To identify
preference over Activity Overview categories, we transform
subjective decisions in each trail’s pairwise comparison into a
continuous scale using the Bradley–Terry (BT) model, which
yields scores and corresponding rankings over categories. The
aggregated ranking is obtained by sorting categories according
to BT scores estimated from all participants or all LLMs. We
then compare preference patterns across human and LLMs by
computing Kendall’s Tau between their resulting rankings.

Human and LLMs’ decisions exhibit both similarities
and differences regarding their preferences over Activity
Overview categories. Figure 2 shows that human partici-
pants’ decisions form a clear and consistent preference pattern
across both Sender and Receiver roles. They prefer more bal-
anced activity distributions (e.g., “Four-Way Balance”) and
to overly-concentrated activity distributions (e.g., “Commit
Spike”). In contrast, the preferences reflected by LLMs’ de-
cisions are different. In general, LLMs are more likely to put
the category “Review Spike” over other categories. However,
the order of other categories are basically very similar.

Proprietary and open-source LLMs show different prefer-
ences, and different levels of similarity to human decisions.
Figure 2 gives some cues that proprietary and open-source
LLMs show divergent preferences. First, the preferences of
LLMs are basically very similar in both Sender and Receiver
settings. For example, 5 out of 6 proprietary LLMs favor
Review Spike most, and all put Commit Pennant and Commit
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Figure 2: Preference orders and Bradley-Terry scores
across roles. Heatmaps display preference orders for
Sender (top) and Receiver (bottom) tasks. Colors represent
score strength (Darker=Preferred), and numbers indicate rank
(1=Best). Sorted by human preference intensity.

Spike on the bottom of the list in the Sender setting. However,
open-source LLMs’ preferences are more diverse. For exam-
ple, in the Sender setting, only 5 out of 14 LLMs favor Review
Spike most though it is still the category that got the most
votes; meanwhile, in the Receiver setting, the most favorable
category becomes Other.

Figure 3: Similarity of preference orders across human
and LLMs. The lower triangle reports correlations in the
Sender setting, and the upper triangle reports correlations in
the Receiver setting.

We further calculate the similarity among human and
LLMs. Figure 3 presents the preference similarity across hu-
man and LLMs using the Kendall Correlations. Proprietary

LLMs are more similar to each other, as well as strongly cor-
related to human’s preferences. However, open-source LLMs
record lower and more diverse correlations. Several open-
source LLMs (e.g., LLaVa-OneVision-72B) have almost no
similarity with others. It is fair to say that proprietary LLMs
behave more like human beings. Moreover, there is no ev-
idence that preference similarity increases with model scale,
but instead varies across architectures and model families.

Inter-Human and Inter-LLM Preference Consistencies
To measure inter-participant consistency of preferences, we
compute Kendall’s coefficient of concordance (W) over the
category rankings obtained from all human participants,
where values closer to 1 indicate stronger agreement. Sim-
ilarly, each LLM is treated as an independent rater, and
Kendall’s W is computed across all model rankings to quantify
inter-LLM consistency.

Figure 4: Inter-rater consistency of preference rankings.
Heatmaps show the probability of each category appearing at
each rank for human and LLMs in Sender and Receiver.

Human participants exhibit higher decision consistencies
than LLMs do. The inter-human consistencies are rela-
tively high in both the Sender (Kendall’s W = 0.634) and
Receiver settings (Kendall’s W = 0.534). This agreement is
particularly concentrated at the extremes of the ranking, e.g.,
in both roles, “Four-way Balance” is frequently ranked first,
while “Commit Spike” is consistently ranked last; notably,
over 83% of participants agree on ranking “Commit Spike”
as the least preferred category. In contrast, inter-LLM con-
sistency is remarkably lower in both settings (Kendall’s W =
0.287 and 0.316). While LLMs exhibit consistency patterns
that are similar to those of human, their agreement is more
dispersed across ranking positions. For instance, across the
seven categories, five categories do not exceed a 50% peak
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Figure 5: Position preference across human and LLMs.
Markers show the mean probability of selecting the left op-
tion in Sender (blue) and Receiver (red) settings. Gray lines
indicate role-dependent shifts. The dashed line at 0.5 denotes
position-neutral decisions.

agreement in Sender role, and the highest agreement for any
category reaches only about 65%. Similar dispersion patterns
are observed in the Receiver condition.

Position Preference Since the left–right order in each trial
has been randomized, a position neutral decision distribution
should yield approximately balanced choices between the two
options. We therefore measure the left-option selection rate
for human and LLMs’ decisions as a robustness check, to
identify positional biases that are independent of stimuli.

Interestingly, LLMs exhibit position preferences absent in
human decisions. Figure 5 shows that human judgments
remain close to the unbiased baseline of 0.5, confirming the
position neutrality. However, several LLMs exhibit apparent
and consistent position preferences, either favoring the left
option or shifting positional choice across roles, particularly
the LLMs from the Qwen family, which consistently prefer
the right side while Qwen3-VL-8B almost always chooses the
right side. These deviations persist despite category random-
ization, indicating sensitivity to presentation order rather than
task content. Notably, open-source LLMs are more likely to
have position preferences than proprietary LLMs.

Answers to RQ1

The decisions of human and LLMs exhibit both sim-
ilarities and differences in the simplified pull request
scenario. In general, proprietary LLMs are more
like human, while open-source LLMs show more het-
erogeneous preferences and are less similar to hu-
man. Moreover, there are many stronger inter-human
consistencies than inter-LLM consistencies. Besides,
LLMs have position preferences irrelevant to the Ac-
tivity Overview while human do not.

Table 1: Visual Cue Regression. Standardized coefficients
(𝛽) for human and LLMs. ∗𝑝<0.05, ∗∗𝑝<0.01, ∗∗∗𝑝<0.001.

Activity Geo. Aesthetics Semantic

Model Area Ent L/V V.Sym H.Sym Maint Sim

Sender
HUMAN 0.80∗∗∗ 0.47 0.82∗∗∗ -0.64∗∗∗ -0.83∗∗ -0.40∗∗∗ 0.09
Claude-sonnet -0.25 1.36∗∗∗ 2.03∗∗∗ -0.10 1.06∗∗∗ 1.68∗∗∗ -0.06
Gemini 2.5 Pro 0.33 4.87∗∗∗ 4.89∗∗∗ 0.42∗ 2.86∗∗∗ 2.43∗∗∗ 0.32∗
Qwen3-VL-32B 0.08 0.45 1.84∗∗∗ 0.19 1.52∗∗∗ 0.03 0.17

Receiver
HUMAN 0.76∗∗∗ 0.48 0.29∗ -0.79∗∗∗ -0.86∗∗∗ -0.39∗∗∗ 0.01
Claude-sonnet 0.08 -0.00 0.82∗∗∗ -0.73∗∗∗ -0.72∗∗ 0.02 -0.23∗∗∗
Gemini 2.5 Pro 1.13∗∗ 4.92∗∗∗ 4.56∗∗∗ 0.17 2.30∗∗∗ 3.83∗∗∗ 0.92∗∗∗
Qwen3-VL-32B 0.62∗∗∗ -0.89∗∗ 1.50∗∗∗ -0.82∗∗∗ -0.99∗∗∗ -0.93∗∗∗ 0.21∗∗

RQ2: Reasoning of Human and LLMs’ Decisions
To answer the RQ2, we further explore the possible underlying
reasoning behind human and LLMs’ decisions. We approach
this problem from two aspects. First, we examine the correla-
tion between Activity Overview’s visual features and human
and LLMs’ decisions; then, we extract and analyze LLMs’
chain of thought in making their decisions.

Activity Overview’s Visual Features We first encode each
Activity Overview into a set of interpretable features captur-
ing different aspects of activity patterns. To improve statistical
robustness and reduce multicollinearity, we filter the raw fea-
tures into seven lowly correlated features in three classes: (1)
Activity Distribution, including Visual Area and Visual En-
tropy; (2) Geometric Aesthetics, including Long/Width Ra-
tio, Vertical Symmetry, and Horizontal Symmetry; and (3) Se-
mantic Cues, including Maintainer Status, and Cosine Simi-
larity. We then model each decision with a logistic regression
to estimate how each feature is correlated with the decision.

Human and LLMs utilize different Activity Overviews’
visual features in different ways in decision-making. Ta-
ble 1 exhibits apparent differences between human and LLMs.
Human tends to rely more heavily on salient and directly ob-
servable cues, such as Area, which can be readily perceived
from the Activity Overview, while LLMs can use computed
features (e.g., Visual Entropy) beyond human’s direct obser-
vation. In addition, LLMs exhibit different tastes in geometric
aesthetics from human. For example, in the Sender setting,
their decisions are more associated with the Long/Width Ratio,
less associated with the Vertical Symmetry, and in opposite
directions regarding the Horizontal Symmetry. In addition,
these features’ impacts on human decisions are quite consis-
tent across the Sender and Receiver settings but could vary
significantly for LLMs’ decisions. These differences suggest
that human and LLMs may have fundamentally different
reasoning even when making similar decisions.

LLMs’ Chain of Thoughts To probe how models reason
about their decisions, we focus on a specific comparison: Re-
view Spike vs. Commit Pennant. We collect reasoning texts
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Figure 6: Semantic embedding projection of reasoning (Re-
view Spike vs. Commit Pennant), with temp=1 applied to in-
duce the variance needed for evaluating internal consistency.

using chain-of-thought (CoT) method (Wei et al., 2022) across
10 repeated runs per LLM, and project their sentence embed-
dings2 to visualize similarities and differences in reasoning.

LLMs apply distinct but internally consistent reasoning.
Different LLMs rely on distinct internal standards when jus-
tifying their decisions. For example, Gemini-2.5-Pro consis-
tently treats review-heavy activity as a signal of code qual-
ity, whereas Claude-3.7-Sonnet emphasizes balance and role
adaptation. In contrast, InternVL models produce more dis-
persed explanations, indicating less stable evaluation crite-
ria. Meanwhile, what models think aligns closely with what
they choose: explanations leading to the same decision clus-
ter tightly in embedding space (see Figure 6), even when final
choices occasionally flip. This suggests that disagreement and
variability arise from competing internal preferences rather
than confusion or post-hoc rationalization.

Answers to RQ2

Human and LLMs rely on different information
and reasoning mechanisms in decision-making. For
LLMs, their reasoning may vary, but each LLM ex-
hibits strong internal-consistency in its reasoning.

Discussion
Human benchmarking in unverifiable environments.
The past year has seen a surge of decision-making bench-
marks for evaluating LLMs and revealing both their growing
capabilities and their differences from human behavior. How-
ever, most existing benchmarks focus on verifiable outcomes,
where performance can be measured against clearly defined

2Sentence embeddings from OpenAI’s text-embedding-3-large
API are used.

ground truth and optimized objectives. In contrast, our work
highlights an important yet underexplored class of problems–
unverifiable decision settings–where there is no clear ground
truth and the consequences of decisions cannot be directly
assessed. In these settings, we find that LLM can behave
quite differently from human and can follow totally different
logic. Traditional correctness-based benchmarks are there-
fore insufficient. Therefore, human decision behaviors may
become a meaningful reference in such contexts for guiding
LLMs’ evolution. The high level of consistency among human
participants indicates that, even without verifiable outcomes,
people tend to converge on shared intuitions or norms about
what is most and least desirable. As a result, aggregated hu-
man decisions can serve as a stable reference for evaluating
LLM decision-making in unverifiable environments, pointing
toward a complementary benchmark paradigm that empha-
sizes behavioral patterns rather than correctness alone.

Proprietary vs. open-source LLMs in unverifiable de-
cisions. As open-source and proprietary LLMs rapidly ad-
vance in parallel, both types of models are now able to achieve
strong performances on verifiable decision benchmarks. How-
ever, our findings reveal clear differences between the two
in unverifiable decision settings. Proprietary models exhibit
more consistent behavior patterns and decision logic that are
similar to those of human. In contrast, open-source LLMs di-
verge significantly from human behavior, even in this simpli-
fied task, exhibiting higher inconsistency and, in some cases,
task-irrelevant biases. For example, across model sizes and
versions, the Qwen family LLMs consistently produce unsta-
ble and disorganized ranking patterns though achieving huge
successes on many LLM leaderboards that only consider veri-
fiable tasks. We have no clear reason for such differences, but
they are likely to stem from variation in training data, align-
ment strategies, and optimization objectives, which shape how
models learn decision heuristics. In settings without explicit
rewards or ground truth, such differences become pronounced.

Conclusion
This paper reports on our investigation of human and LLMs’
decision-making in a specific unverifiable decision setting us-
ing a simplified GitHub pull-request scenario, where deci-
sions are based on Activity Overview signals and no clear
ground truth exists. Our results reveal systematic differences
between human and LLMs in behavioral patterns, informa-
tion and reasoning mechanisms: human decisions exhibit
consistent preference structures, whereas LLMs show more
variable and sometimes unstable behavior, with notable dif-
ferences between proprietary and open-source LLMs. Fu-
ture work can extend this approach to more unverifiable
decision environments to further understand LLMs’ behav-
ior in relation to human’s and identify potential improve-
ments of LLMs’ capabilities in these environments. The
human and LLMs’ decision data are available at: https:
//github.com/nicezheng/unverifiable-decision-data.
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