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he paper investigates AI sy-
stems’ potential as an ethi-
cal agent by systematically 
testing models on prosocial 

behaviors such as fairness and altruism. 
Building on recent advances in AI ethi-
cs and machine morality, we will assess 
large language models through control-
led experiments. These tests incorporate 
experimental games inspired by beha-
vioral economics and a focus on the 
perception of fairness and justice. The 
project adopted standardized evaluation 
metrics to quantify ethical reasoning and 
benchmark AI results with experimental 
human behaviors. Future scalability will 
explore integrating AI into governance 
and advisory roles, ensuring robust ethi-
cal safeguards.
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Introduction
This paper explores the viability of 

developing artificial intelligence (AI) 
systems capable of ethical agency. As AI 
systems increasingly influence social and 
economic decision-making, the question 
of their ethical capacities becomes criti-
cal. The study is the result of a dedicated 
session of the conference Communitas 
2025, hosted by the Pontifical University 
of Saint Thomas Aquinas (Angelicum) in 
Rome. The session investigated whether 
AI systems can function as ethical agen-
ts, entities capable of making decisions 
that reflect moral principles and support 
social good. By focusing on prosocial 
behaviors such as fairness, cooperation, 
and altruism, we seek to understand the 
potential for AI to act not only safely but 
also ethically. Drawing on foundational 
work in machine ethics, behavioral eco-
nomics, and value alignment, we desi-
gn and implement a series of controlled 
experiments to evaluate ethical reaso-
ning in different widely adopted large 
language models.

We propose a set of standardized me-
trics to quantify ethical preferences and 
alignment with human behaviors. The 
findings contribute to the ethics-in-AI di-

scourse and offer practical tools for em-
bedding ethical behavior in AI systems 
deployed in public and policy contexts. 
Thus, our research aligns with the "ethi-
cs in AI" branch of AI ethics, which em-
phasizes the integration of ethical princi-
ples directly into AI design and behavior 
(Ratti, 2025). This approach is distinct 
from ethics of AI (focusing on external 
consequences) and ethics and AI (explo-
ring philosophical implications). No-
netheless, our work also touches on ethi-
cs and AI through its engagement with 
questions about AI moral agency.

We tested large language models (e.g., 
GPT-style models) using behavioral 
experiments adapted from economics: 
the Ultimatum Game and Dictator Game 
to reflect common pro-social decision 
making. We evaluate outcomes using a 
set of proposed ethical alignment metrics 

and then benchmark AI and human-ba-
sed results. Preliminary findings suggest 
that large language models exhibit basic 
ethical heuristics when prompted appro-
priately, especially regarding fairness 
and cooperation. However, performance 
varies based on context framing, with a 
consistent bias toward self-interest and 
efficiency. These findings support the fe-
asibility of operationalizing ethical beha-
vior in AI systems, provided that a proper 
control system is in place. We discuss im-
plications for deploying ethically compe-
tent AI in governance, public policy, and 
social services, emphasizing the need for 
transparent benchmarks and continuous 
oversight. Moreover, the findings highli-
ght the valuable contributions of the par-
ticipants to the conference Communitas 
2025, where the experimental tests were 
conducted.
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Literature review
Our research contributes to the growing 

body of work in the field of AI ethics, 
with a particular focus on the operationa-
lization and assessment of AI systems as 
ethical agents. Situated primarily within 
the “ethics in AI” branch of contempo-
rary AI ethics (Ratti, 2025), our project 
seeks to investigate the extent to which 
AI models—particularly large langua-
ge models and reinforcement learning 
agents—can encourage prosocial beha-
viors such as fairness, cooperation, and 
altruism. These behaviors are essential 
to fostering trust and acceptance of AI 
systems in socially significant domains 
like governance, healthcare, and public 
policy.

In recent years, artificial intelligence 
(AI) has become the focus of an incre-
asingly complex ethical debate at the 
intersection of philosophy, technology, 
politics, and social justice. The growing 
autonomy of intelligent systems de-
mands a thorough reflection on the ethi-
cal nature of their actions and decisions, 
raising questions about how to design 
morally trustworthy artificial agents. In 
this context, recent literature has develo-
ped a range of diverse approaches, span-

ning from the engineering of moral beha-
viors (Anderson, 2011) to the definition 
of normative and institutional framewor-
ks (European Commission, 2019), inclu-
ding the empirical collection of ethical 
intuitions (Awad et al, 2018) and the cri-
tical analysis of systemic biases (Bender 
et al., 2021).

One of the most profound questions 
in AI ethics concerns how moral beha-
vior can be implemented in machines: 
should it be programmed based on pre-
defined rules, or can it emerge through 
learning and adaptation? Wallach and 
Allen (2008) address this dilemma by di-
stinguishing between ethical agents—sy-
stems that follow pre-established ethical 
norms—and autonomous moral agents, 
capable of independently making moral 
judgments. According to them, the tran-
sition from mere rule-followers to moral-
ly sensitive entities represents a crucial 
turning point for developing reliable AI 
capable of operating in complex and un-
predictable contexts. 

In line with this distinction, Anderson 
and Anderson (2007) propose an appro-
ach based on ethical learning from con-
crete cases, using inductive methods to 
derive generalizable moral principles 

from the analysis of specific scenarios. 
The goal is to build artificial agents capable 
of adapting their behavior to complex ethi-
cal contexts, overcoming the rigidity of 
abstract moral codes through greater flexi-
bility and contextualization. This approach 
was further developed by Gabriel (2020), 
who expands the theoretical framework 
by introducing the concept of ethical ali-
gnment, i.e., the coherence between an AI 
system’s behavior and what a human com-
munity considers morally right. Gabriel 
emphasizes that ethical alignment is not 
only a technical issue but also a normative 
and political challenge. Defining the values 
to be implemented in AI systems involves 
important moral choices and requires legi-
timacy in ethically pluralistic contexts.

This challenge has been addressed throu-
gh approaches that reject the idea of abso-
lute moral truth, instead aiming for just 
and shared ethical principles compatible 
with the pluralism of contemporary so-
cieties. The need to design intelligent sy-
stems oriented toward human well-being 
and justice is also central to major current 
regulatory frameworks: both Floridi et al. 
(2022) and European Commission (2019) 
propose guidelines to integrate human va-
lues into AI design and governance. Floridi 
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et al. propose a normative framework con-
sisting of five fundamental principles for 
ethical AI: beneficence, non-maleficence, 
autonomy, justice, and explicability (Flori-
di, 2019). This framework aims to embed 
fundamental human values into machine 
decision-making processes, promoting a 
responsible and transparent vision of tech-
nological development. These principles 
also underpin the European Commission’s 
Ethics Guidelines for Trustworthy AI, whi-
ch emphasize requirements such as tran-
sparency, human oversight, and technical 
robustness.

While providing an important theoretical 
foundation for soft AI governance, Floridi 
et al.’s framework risks remaining confined 
to abstract normativity, without addressing 
the structural dynamics that influence the 
real-world impact of intelligent techno-
logies. In this regard, Ratti’s contribution 
(2025) marks an evolution: starting from a 
critique of the dichotomy between soft and 
hard governance, Ratti proposes a recon-
ceptualization of AI ethics based on the ca-
pability approach developed by Sen (1999) 
and Nussbaum (12) to assess social justice. 
The central idea is that AI should not only 
comply with formal ethical principles but 
also be designed to concretely expand real 
freedoms and opportunities, especially for 

the most vulnerable individuals. This ap-
proach shifts the focus from abstract cri-
teria to substantive justice, encompassing 
social inequalities, material conditions, and 
systemic constraints.

Concurrently, another research strand 
investigates how humans make moral de-
cisions to computationally model these 
processes. Behavioral economics, cogniti-
ve psychology, and experimental methods 
provide useful tools to analyze biases, 
distributive preferences, and concepts of 
justice, offering empirical foundations for 
ethically sensitive systems. One of the 
most influential approaches to studying 
moral judgment is based on the empiri-
cal analysis of the cognitive mechanisms 
underlying decision-making. In this con-
text, the pioneering work of Tversky and 
Kahneman (1974) demonstrated how pe-
ople rely on mental shortcuts to evaluate 
complex situations, often deviating from 
rational standards. This paradigm has in-
fluenced the analysis of moral choices by 
revealing the role of cognitive biases in 
ethical judgments.

Building on these insights, behavioral 
economics has developed models to descri-
be actual social preferences, such as those 
proposed by Fehr and Schmidt (1999) and 
Charness and Rabin (2002), which intro-

duce explicit parameters for aversion to 
inequity, reciprocity, and conditional altru-
ism. These models suggest that outcome 
evaluation is based not solely on efficiency 
but also on perceived justice and equitable 
distribution of benefits. In line with this 
view, Klasen (2013) demonstrates that ef-
ficiency and equity should not be treated as 
opposing goals but rather as complemen-
tary elements in the assessment of public 
policies and decision-making systems. His 
approach integrates objective indicators 
with subjective metrics of well-being and 
access to opportunities, contributing to a 
normative framework where equity is not 
only morally desirable but also functional 
to greater social efficiency.

Along these lines, the contribution of 
Bucciarelli et al. (2016) proposes an expe-
rimental model to analyze the role of fair-
ness in economic choices. Drawing on the 
concept of meta-ranking inspired by Sen, 
the authors show how moral judgments are 
based on preference structures that incor-
porate shared social values, highlighting 
the prosocial dimension of decisions even 
without direct incentives. This perspective 
opens the way to a broader reflection on 
the possibility of integrating moral structu-
res into intelligent systems. It is within this 
context that the debate on moral machines 
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arises, where the goal is not only to replica-
te correct decisions but also to understand 
and model moral sensitivity in computatio-
nal environments.

The Moral Machine project by Awad et 
al. (2018) fits within this line of research, 
collecting over 40 million moral judgments 
from users worldwide. The results highli-
ght profound cultural differences in ethical 
decisions, raising crucial questions about 
the normative criteria that should guide the 
design of autonomous systems. Empirical 
data suggest that any attempt to computa-
tionally formalize ethics risks being cultu-
rally situated and, therefore, not universal-
ly applicable. On this point, Vallor (2024) 
emphasizes how generative models can be 
seen as “cultural mirrors”: tools capable of 
reflecting but also crystallizing the social 
norms embedded in their training data. Far 
from being neutral, these systems act as 
vectors of moral meanings, often uninten-
tionally designed. 

This foregrounds one of the central issues 
in AI ethics: the management of biases. In 
the essay “On the Dangers of Stochastic 
Parrots,” Bender et al. (2021) denounce the 
risks associated with large-scale language 
models trained on massive online corpora, 
often lacking adequate critical selection. 
These systems can reproduce and ampli-
fy racial, gender, and cultural stereotypes, 
conveying hegemonic worldviews that are 
potentially harmful to marginalized com-
munities. In response to these challenges, 
Hendrycks et al. (2004) developed a ben-
chmark inspired by Haidt’s moral founda-
tions (20). Their work introduces metrics to 
evaluate AI systems’ ability to distinguish 
socially acceptable from problematic beha-
viors. This line of research highlights the 
importance of integrating normative ap-
proaches with empirical analyses, focusing 
both on the ethical principles implemented 
and on the concrete effects of automated 
decisions.

Metodology
To investigate the ethical capacities of 

AI systems, we adopt experimental tools 
grounded in behavioral and experimen-
tal economics. We employ two canonical 
games widely used to elicit and measure 
prosocial preferences: the Dictator Game 
and the Ultimatum Game. The Dictator 
Game involves two players: a proposer 
(the “dictator”) and a recipient. The pro-
poser unilaterally decides how to split a 
fixed sum of resources between himself 
or herself and the recipient. The recipient 
plays a passive role and must accept the 

allocation. The extent to which proposers 
give away resources despite having no 
strategic incentive to do so is commonly 
interpreted as a measure of altruism or 
fairness (Forsythe et al., 1994; Engel, 
2011).

The Ultimatum Game introduces a 
simple strategic interaction. One player 
proposes a division of a resource, and the 
other player can either accept or reject it. 
If the proposal is rejected, both players 
receive nothing. Rejection of low but 
nonzero offers, often observed in human 
experiments, is interpreted as evidence 
of inequality aversion or a preference 
for fairness over efficiency (Güth et al., 
1982; Fehr & Schmidt, 1999). Our expe-
rimental setup adapts these two games 
for interaction with large language mo-
dels (LLMs), carefully controlling for 
framing effects and contextual cues (Per-
sico, Di Piero, 2025). By systematically 
varying the distributional choices and 
recording the AI systems’ responses, we 
assess whether the agents exhibit consi-

stent patterns aligned with human-like 
prosocial preferences. 

To quantify these preferences in AI 
behavior, we adapt the parametric appro-
ach developed by Bucciarelli and Persico 
(2016, 2017). We adopted a multi stage 
method: (i) we create a composite utility 
function with weights for key pro-social 
preferences, (ii) we introduce a single pa-
rameter that regulates each weight on a 
scale from low to high altruistic preferen-

ces, (iii) we run the tests with AI models 
and we use a scoring function to assess 
the best parameter estimate for their re-
sults, (iv) we conduct and score the same 
test in a human experimental setting, and 
(v) we benchmark AI and human results.

The first step consists of modeling 
prosocial behavior using a single utili-
ty function, integrating self-regarding 
and other-regarding concerns into a sin-
gle-parameter model. Specifically, our 
analysis seeks evidence of four types of 
prosocial preferences, widely studied in 
behavioral economics: (i) Egoistic pre-
ference, where decisions maximize the 
agents own payoff, regardless of outco-
mes for others; (ii) Inequality aversion, 
where agents avoid distributions that 
generate significant disparities (Fehr & 
Schmidt, 1999; Bolton & Ockenfels, 
2000); (iii) Social welfare preferences, 
where agents aim to maximize the total 
utility or benefit across all participants 
(Charness & Rabin, 2002); (iv) Altrui-
stic preference (Andreoni, James 1990), 

where agents willingly sacrifice part of 
their own payoff to benefit others. The 
utility function derived from the existing 
literature is reported below, where s_i, 
s_j are the respective payoffs of the first 
and other subjects participating in the 
game, whereas w_s, w_a, w_w, w_ineq, 
are the different weights assigned to each 
preference (summing to 1).

At this point, we rank the four utility 
elements above from most egoistic to 

(1)

Figure 1. Scheme of the tensor-based estimation of parameters.

Source: Bucciarelli et al., 2016.
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most altruistic: self-interest, social wel-
fare, inequality aversion, and altruism. 
Each instance of the function is weighted 
in a progressive scheme where weights 
are allocated according to a Gaussian 
transition function of the parameter p. 
This function provides a set of smoothed 
and discretized utility weights that can 
capture a mixture of the four preferences 
above. It does so by computing sequen-
tial weights centered at four fixed points 
along the unit interval, each correspon-
ding to one of the four preferences. This 
approach allows for a parsimonious yet 
flexible representation of heterogeneous 
preference types, enabling smooth transi-
tions between behavioral profiles. 

​We prepared a series of tests asking 
AI models to undertake dictator and ulti-
matum games alike. The structure of the 
payoffs is composed of four couples of 
payoffs labeled from A to D. The structu-
re of the tests was designed to test for 
all four different preferences, aiming to 
maximize the differences in potential an-
swers to derive the highest possible de-
gree of information (see Figure 1). The 
tests were provided as a single instruction 
to avoid memory effects and asking for a 
single line of the resulting answer (e.g. 
ABCABC). The experiment was repea-
ted twice to check for consistency. Based 
on the resulting answers, we assessed the 
respective preferences structure.

At this point, we used a scoring fun-
ction highlighting which value of the 
parameter p better fit the AI responses. 
The simplicity and flexibility of the sin-
gle-parameter model make it especially 
suitable for testing a range of AI platfor-
ms. First, we created a matrix compiled 
with all the expected answers according 
to different mixtures of prosocial beha-
viors as determined by the parameter p. 
Second, we scored AI vectors of answers 
against the matrix, recording which va-
lue of p justifies the highest number of 
answers. The result is considered valid 
only if at least 2/3 of the answers are ma-
tched. 

To understand which parameter values 
best explain the observed choice patterns, 
we estimate the distribution of matching 
values of p using kernel density estima-
tion (KDE). Rather than relying solely on 
discrete match counts or point estimates, 
KDE provides a smooth approximation 
of the empirical distribution of p values 
that yield correct predictions across de-
cision tasks. This approach allows us to 
capture not only the most likely values 

of p, but also the shape and spread of 
the inferred distribution—highlighting, 
for instance, whether behavior is tightly 
concentrated around a specific preferen-
ce profile or reflects ambiguity across 
multiple competing explanations. By ap-
plying KDE to multiple agents or models 
and visualizing the results as overlapping 
ridgeline plots, we gain intuitive and 
comparative insights into how different 
decision processes align with varying as-
sumptions about social or fairness-rela-
ted preferences. Please note that here we 
are using a single modeling parameter; 
however, the approach could be exten-
ded to more than one parameter, obtai-
ning a tensor structure as in Bucciarelli 
and Persico (2016, 2017) (see Figure 1).

Finally, we ran a classroom experiment 
using the same tests with a group of hu-
man test-takers composed of the partici-
pants of a dedicated session of the confe-
rence Communitas in Rome. Test takers 
were presented with the test ahead of 
any discussion of AI results and any di-
scussion about the underlining preferen-
ces structures in the existing literature. 
Test-takers were provided with the same 
instructions used in the AI prompts and 
were requested to write their answers in 
the same vector format (e.g., AAABBB) 
on a sheet provided by the author. In this 
way, we were able to collect a reliable 
human-based benchmark.

Results
We utilized the Hugging Face platform 

to evaluate and benchmark eight different 
AI models based on their answers to tests, 
i.e., the answer vector outputs (as descri-
bed above). The models tested included 
Meta-Llama-3.3, OpenAI GPT-4o-mi-
ni, OpenAI GPT-4o, Google Gemma-3, 
Copilot-quick, Deepseek-R1, OpenAI 
o4-mini, and Copilot:think. Among the-
se, Meta-Llama-3.3 and OpenAI GPT-4o 
stand out as the most capable reasoning 
models, both demonstrating strong per-
formance on chain-of-thought prompts, 
multi-turn dialogue, and structured logic 
tasks, making them the top candidates 
for advanced reasoning use cases.

Using Hugging Face, we submitted a 
consistent set of prompts across all mo-
dels to ensure comparability in perfor-
mance. Each model’s responses were 
parsed to extract a matching score or 
probability for the parameter p. These 
were subsequently visualized using ker-
nel density estimation (KDE) plots to 
capture the distribution of values across 
models, with each color-coded curve 
corresponding to a different model. This 
approach allowed us to quantify and 
compare parameter estimations but also 
visualize the modality of each model’s 
output distribution, providing a nuanced 
picture of relative model behavior under 
uniform testing conditions.

Figure 2. Kernel Distribution of the estimated parameter p for AI models.

Source:  Authors’ elaboration
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Based on the methodology described 
above, we illustrated the estimated fit of 
the prosocial parameter p for the eight le-
ading AI models using a kernel density 
“joy” plot reported in Figure 2. Each cur-
ve represents the distributional fit of the 
behavioral parameter p, which regulates 
the balance between egoistic and altrui-
stic preferences according to our unified 
utility model. The peak of each curve 
indicates the best-fitting value of p, i.e., 
the behavioral type most consistent with 
that model’s responses. Higher values of 
p reflect stronger alignment with altrui-
stic or fairness-based preferences, while 
lower values indicate more self-regar-
ding behavior. 

Among the models, Meta-Llama-3.3 
exhibits the highest peak at p=0.71, sug-
gesting a pronounced tendency toward 
prosocial behavior, particularly inequali-
ty aversion and even altruism. This ali-
gns with its advanced reasoning capabili-
ties and alignment training, making it the 
most consistent with human-like ethical 
preferences in our experimental setting. 
OpenAI GPT-4o and GPT-4o-mini, pea-
king at p=0.53 and p=0.48 respectively, 
display moderate social welfare and 
fairness-oriented behavior, with GPT-4o 
slightly more consistent in aligning with 
fairness and prosocial concerns. Models 
like Google Gemma-3, Copilot-quick, 
and Deepseek-R1 show central values 
clustered around p=0.44 to p=0.49, indi-
cating mixed motivations: somewhat at-
tentive to equity and welfare but lacking 
consistency at the altruistic end. In con-
trast, OpenAI o4-mini and Copilot:think 
exhibit best-fit values at p=0.28, sugge-
sting behaviors dominated by self-inte-
rest, with limited capacity to simulate 
other-regarding preferences.

Moreover, the analysis of AI model 
responses reveals notable differences in 
sensitivity to contextual variations. Meta 
and Google AI models demonstrate hi-
gher kurtosis and lower variance, indi-
cating that their outputs are more con-
centrated and less influenced by changes 
in context. This suggests a greater con-
sistency and robustness in their behavior 
across varying scenarios. In contrast, 
OpenAI GPT and DeepSeek models 
exhibit higher variance and somewhat 
bimodal distributions, reflecting increa-
sed responsiveness to contextual factors 
and the presence of distinct response pat-
terns. Such variability implies that these 
models are more susceptible to environ-
mental shifts, resulting in less stable and 

more heterogeneous outcomes. These 
findings underscore the importance of 
considering contextual sensitivity when 
evaluating AI models’ capacity to simu-
late human social preferences in beha-
vioral economic frameworks.

We recorded 39 human-based correct-
ly filled tests over 44 test-takers. Consi-
dering each participant a model itself for 
which to run the estimation of the para-
meter p is the immediate parallel metho-
dological approach. However, it is cle-
arly less efficient to run the subsequent 
benchmarking task. For this reason, the 

human-based kernel estimation curve is 
derived following a two-step logic. First, 
we estimated the distribution of the best 
value of p for everyone, using the ma-
tching function described in the metho-
dology. Second, we derived the kernel 
distribution of the parameter p based on 
the average of the estimated values for 
parameters p. It is worth noting that the 
most common set of responses occur-
red 8 times and was associated with a 
p estimation of 0.725, the second most 
common only twice, while other com-
binations only occurred once. The final 

Figure 3. Kernel Distribution of the estimated parameter p for Human Test-takers.

Source:  Authors’ elaboration

Figure 4. L1 distances between Kernel Distributions of AI and Human
                based estimation of p.

Source:  Authors’ elaboration
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kernel distribution is reported in Figure 
3. It shows a peaking at p=0.644, with 
a long right tail suggesting the presence 
of a few preferences setting below p=0.5.

The L1 distance between Kernel Den-
sity Estimates (KDEs) is a measure of 
the difference between two probability 
density functions, calculated as the inte-
gral of the absolute difference between 
their estimated densities over the entire 
support. In this context, it quantifies how 
closely the output distribution of each AI 
model matches that of the human KDE, 
with lower values indicating greater si-
milarity (see Figure 4). The results show 
that OpenAI GPT-4o (0.4498) and Me-
ta-Llama-3.3 (0.4716) have the smallest 
L1 distances, suggesting their output di-
stributions most closely resemble human 
behavior. Models like OpenAI GPT-4o-
mini (0.6221), Deepseek-R1 (0.5094), 
and Copilot-quick (0.7053) fall in the 
mid-range, while Google-Gemma-3 
(0.8006) and both OpenAI o4-mini and 
Copilot-think (1.2351 each) exhibit the 
largest distances, indicating a greater di-
vergence from human KDE.

Discussion
Only a subset of the models tested 

in our analysis are considered "reaso-
ning" models, that is, models capable 
of performing multi-step logic, abstract 
problem-solving, and coherent chain-
of-thought processing. Meta-Llama-3.3 
and OpenAI GPT-4o stand out as the two 
models that clearly meet these criteria. In 
contrast, models like Google Gemma-3, 
Deepseek-R1, and Copilot-quick are not 
considered reasoning models: they are 
typically optimized for speed, code com-
pletion, or basic tasks. GPT-4o-mini and 
Copilot:think occupy a middle ground; 
while they may exhibit some structured 
output capabilities they lack the depth, 
consistency, and benchmark performan-
ce needed to qualify as reasoning agents. 
As such, only Meta-Llama-3.3 and GPT-
4o can be reliably classified as reasoning 
models according to current industry 
standards.

Reviewing AI-based results, we noted 
that reasoning models like Meta-Lla-
ma-3.3 and GPT-4o exhibit less egoistic 
and more prosocial behavior than the 
non-reasoning models. Non-reasoning 
models behave more egoistically. On 
the other end of the spectrum, speciali-
zed-reasoning models like GPT-4o-mini 
and Copilot:think prioritize self-interest 
and fail to reflect inequality aversion or 

altruism. This suggests that only a bro-
ad reasoning capacity in LLMs may be 
associated with the ability to internalize 
and act upon ethical trade-offs, leading 
to more human-like, fairness-aware deci-
sions. These findings suggest that certain 
models are capable of simulating hu-
man-like prosocial decision-making un-
der controlled experimental conditions, 
while others remain limited to more me-
chanical or instrumental outputs.

The benchmark with human-based 
results further confirms these findings. 
The L1 distances between the AI mo-
dels’ KDEs and the human KDE reve-
al varying degrees of similarity in their 
behavior patterns. Models like OpenAI 
GPT-4o and Meta-Llama-3.3 show the 
closest alignment to human results, with 
the lowest L1 distances, indicating that 
their decision-making or parameter di-
stributions resemble those of human te-
sters more closely. The largest discrepan-
cies are observed in OpenAI o4-mini and 
Copilot-think, which have L1 distances 
nearly three times greater than the clo-
sest models, highlighting a substantial 
deviation from human-like responses. 
These results suggest that while some 
AI models approximate human decision 
distributions well, others operate under 
markedly different patterns, which could 
be due to differences in their training, 
architecture, or reasoning processes. Un-
derstanding these differences is impor-
tant for selecting or refining AI systems 
intended to simulate or predict human 
behavior accurately.

Conclusion
Our work contributes to the ethics-in-

AI agenda by providing empirical evi-
dence and tools for evaluating ethical 
behavior in AI systems. We advocate for 
further development of standardized me-
trics, interdisciplinary collaboration, and 
policy integration to ensure AI systems 
act in ways that uphold social and moral 
values. This study provides novel empi-
rical insights into the capacity of con-
temporary AI language models to exhibit 
prosocial and ethical behaviors as captu-
red through canonical experimental eco-
nomics games. By adapting the Dictator 
and Ultimatum Games for interaction 
with AI agents and employing a unified 
parametric model of social preferences, 
we found that advanced reasoning mo-
dels (particularly Meta-Llama-3.3 and 
OpenAI GPT-4o) demonstrate signifi-
cant alignment with human-like fairness 
and altruistic preferences. These models 
showed a pronounced tendency toward 
inequality aversion and social welfare 
concerns, contrasting sharply with less 
capable models that predominantly exhi-
bited egoistic or self-interested respon-
ses. Our kernel density analysis and ben-
chmarking against human experimental 
data underscore that only AI models with 
sophisticated reasoning and alignment 
training reliably approximate human 
prosocial decision-making.

Beyond the immediate findings, this 
work illustrates the utility of a parsimo-
nious yet flexible single-parameter fra-
mework to capture heterogeneous ethical 
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preferences in AI responses, offering a 
scalable methodology for evaluating AI 
behavior across diverse platforms. The 
clear variation in contextual sensitivity 
among models further reveals the impor-
tance of robustness in ethical decision 
simulation. More broadly, the contrast 
between reasoning and non-reasoning 
models suggests that embedding ethical 
reasoning in AI may require not only 
sophisticated language capabilities but 
also explicit modeling of social prefe-
rences within their training or inference 
architectures. This insight opens avenues 
for developing more refined ethical AI 
benchmarks that combine behavioral 
economics with computational metrics, 
enabling richer assessments of fairness, 
altruism, and equity considerations in 
AI-generated outputs.

Future research could extend this 
framework in multiple directions, in-
cluding multi-parameter tensor models 
that capture more nuanced preference 
interactions and exploring dynamic or 
sequential decision settings reflecting 
real-world ethical dilemmas. Integrating 
affective or emotional components, as 
well as cross-cultural variations in pro-
social norms, would enrich the model’s 
explanatory power. Moreover, longitudi-
nal studies tracking the evolution of AI 
ethical behavior as models are updated or 
fine-tuned could illuminate how training 
regimes shape moral reasoning capaci-
ties. Ultimately, such interdisciplinary 
approaches will be critical for informing 
AI governance policies and ensuring that 
AI systems contribute positively to so-
cial welfare, trust, and ethical standards 
in increasingly complex human-AI inte-
ractions.
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