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ARTICLE INFO ABSTRACT
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Large Language Models have attracted global attention due to their capabilities in understanding, knowledge
synthesis, and generating contextually relevant responses, mimicking certain aspects of human reasoning.
Although LLMs have demonstrated feasibility in performing autonomous driving tasks in simulated and real-
world environments, little is known about their safety and ethical decision-making. To address these ques-
tions, we propose a novel framework for evaluating and interpreting the ethical decision-making mechanism of
LLM-driven autonomous vehicles. Our study investigates the ethical dilemma of prioritizing saving pedestrians or
passengers inspired by the Moral Machine Experiment. We used a stated preference survey to include factors of
group size, age, gender, fatality risk, and pedestrian behavior to create 13,122 choice scenarios (a full factorial
design) to analyze responses from advanced LLMs, including the GPT-4 series models from OpenAI and Mistral-
Large from Mistral Al Our findings reveal significant differences in the decision-making process and preferences
for saving road users among these LLMs. Using a binary logit model to interpret GPT-4's decisions, we found that
the estimated number of deaths, age, and gender significantly affect the model’s choices. The decision tree
method was also applied to analyze LLMs’ decision-making processes, uncovering potential ethical standards and
conditions considered by the models. This study provides valuable insights into ethical considerations in AI
systems and thus facilitates the responsible development of Al in autonomous vehicles.

1. Introduction expectations. A responsible automated driving system should maximize

well-being and minimize damage, ensure that benefits are distributed

1.1. Ethical challenges in autonomous vehicles

Ongoing progress in autonomous vehicles (AVs) is paving the way for
significant changes in transportation, with the potential to decrease
traffic accidents and improve mobility and efficiency. The key question
of development and operation in AV is how artificial intelligence (AI) is
integrated to ensure seamless operation and efficient decision-making.
Nevertheless, as these vehicles operate in complex transportation sys-
tems, it is increasingly critical to understand how the Al system in AV
makes an ethical decision. As such, AVs must be able to take immediate
action to save human lives in situations where safety—critical events
cannot be completely avoided. Thus, a robust ethical framework is
necessary to ensure AVs operate safely and is aligned with societal
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equitably, and manage unavoidable risks appropriately (Martinez-
Buelvas et al., 2022).

In the discourse around AV ethics, the *Trolley Problem’ emerges as a
dominant concept, suggesting a lot of challenges to resolve in this field
(Goodall, 2016). This thought experiment has been extensively dis-
cussed in previous studies to investigate ethical dilemmas in association
with various AV scenarios (Lin, 2015, Goodall, 2014b, Goodall, 2014a).
The "Trolley Problem’ scenario encapsulates the difficult decisions AVs
make when choosing between saving the lives of passengers and pe-
destrians or avoiding obstacles at the potential expense of sabotaging
other road users (Goodall, 2016). A pioneering study in this field is the
Moral Machine experiment conducted by MIT researchers, aiming to
understand public opinion on how AVs should behave in situations
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where they face moral dilemmas (Awad et al., 2018). The results
revealed that the general public prefers to protect human lives over
animals, safeguard young people, and save as a greater number of people
as possible. Although the Moral Machine experiment has notable limi-
tations requiring cautious interpretation (Dewitt et al., 2019, Furey and
Hill, 2021, Schuessler, 2023), the study provides fundamental insights
into the ethics of machines and provides significant implications for
policymakers (Bonnefon et al., 2016). As AV technology and societal
values evolve, further research and replications in different contexts are
essential. Ongoing studies will ensure that ethical considerations remain
relevant and adaptive, addressing the emerging challenges AVs pose in
real-world scenarios.

The ethical framework governing AV will affect public acceptance of
the technology, as diverse social groups may place high expectations on
the decision-making capabilities of these technologies (Martinez-Buel-
vas et al., 2024). In response to this challenge, previous studies in this
field have been working on utility algorithms that examine the conse-
quences of various actions to maximize the societal benefits (De Moura
et al. (2020)). A well-known example of this is the Rawlsian algorithm,
designed to ensure that ethical decisions are made in a way that maxi-
mizes the welfare of the most disadvantaged people (Leben, 2017).
Another algorithm, known as Mandatory Ethics Settings, enforces a set
of ethical guidelines for automated driving systems. In contrast, Per-
sonal Ethics Settings allow users to customize ethical decision-making
based on their individual values and preferences (Gogoll and Miiller,
2017). In addition, researchers have examined AV ethics through
frameworks such as utilitarianism, deontological ethics, and virtue
ethics, evaluating both public attitudes toward AV decision-making and
the ethical foundations of deployed AV algorithms. For instance, a study
found that while respondents generally supported the principle of util-
itarian decision-making by AVs, they were reluctant to endorse the
ownership of such vehicles, emphasizing a potential societal dilemma
(Bonnefon et al., 2016). Additionally, AVs making non-utilitarian de-
cisions are more likely to be blamed than human drivers, indicating a
potential shift in the social perception of machine ethics (Malle et al.,
2015).

1.2. LLM-driven autonomous vehicles

Large Language Models (LLMs), a type of Generative Al, are
advanced systems capable of understanding human language, synthe-
sizing knowledge, and generating contextually appropriate responses,
mimicking aspects of human reasoning (Xu et al., 2024, 2025; Zhao
et al,, 2024; Wei et al., 2022). What distinguishes Generative Al,
including LLMs, from traditional Al is its ability to create new con-
tent—such as text, images, or audio—by learning patterns from vast
datasets, rather than merely analyzing or processing data. While tradi-
tional AI focuses on tasks like classification, prediction, or
decision-making within predefined parameters, Generative Al models
like LLMs can produce novel outputs, making them highly versatile for
creative and dynamic applications (Torkamaan et al., 2024), such as
autonomous driving.

During the past few years, autonomous driving has evolved from
conventional rule-based systems to sophisticated data-driven strategies.
This context has led to the development of large language models (LLMs)
as a promising tool to enhance the decision-making capabilities of
autonomous vehicles. In particular, LLMs leverage their advanced ca-
pabilities in contextual understanding, logical reasoning, and natural
language processing to interpret complex driving scenarios and generate
precise vehicle control signals (Yang et al., 2023). Various methods have
been explored for integrating LLMs with AV systems in order to harness
this potential. The methods include prompt engineering, fine-tuning
pre-trained models, and combining LLMs with reinforcement learning
frameworks to optimize decision-making (Gan et al., 2024). It is typical
for these approaches to incorporate diverse sensory inputs, such as im-
ages, LiDAR data, and other sensor information, into LLMs or
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multimodal LLM architectures. The data is then processed to carry out a
variety of tasks, including end-to-end driving, scenario understanding,
navigation, and prediction (Zhu et al., 2024). In both simulated and real-
world experiments, LLM-driven AV systems have been demonstrated to
improve significantly, particularly in handling corner-case scenarios and
improving overall contextual awareness (Cui et al., 2023; Sha et al.,
2023).

As LLMs become increasingly integrated into the decision-making
systems of AVs, understanding their moral judgment is critical. AVs
may face challenging scenarios akin to the trolley problem — such as a
sudden brake failure forcing a choice between two harmful outcomes.
By employing LLMs to reason these scenarios, we can assess whether Al
decisions align with human ethical preferences (Wang et al., 2023).
Notably, LLMs have demonstrated great potential in addressing ethical
challenges in other domains. The existing benchmarks and evaluations
on GPT-4 indicate significant improvements in stability and ethical
reasoning, with some research suggesting that GPT-4 functions as a
nearly “perfect ethical reasoner” (Rao et al., 2023), aligning with correct
human value judgments in many cases even without additional
prompting (Rodionov et al., 2023). Their natural language reasoning
capabilities enable them to interpret human values and contextual nu-
ances, which supports ethical decision-making processes requiring
explicit justification of choices (Gallegos et al., 2024; Balas et al., 2024).
Researchers are cautiously optimistic about the role of LLMs in
improving fairness and accountability in socio-technical systems, as seen
in legal AI applications interpreting contractual implications (Cheong
et al., 2024). Moreover, ongoing research is dedicated to refining LLM
algorithms so that their outputs align with core human ethical values —
such as honesty, safety, and benevolence. Techniques like reinforcement
learning with human feedback (RLHF) are instrumental in guiding these
systems toward more ethically sound decision-making (Wang et al.,
2023; Weidinger, 2021; Oviedo-Trespalacios et al., 2023).

However, further investigation is needed to better understand how
LLM-driven AVs handle ethical dilemmas in decision-making. Limited
research has examined LLM choices in moral machine scenarios and
compared their responses (Takemoto, 2024; Vida et al., 2024; Jin et al.,
2024). Their findings indicate that LLMs are capable of analyzing
quantitative factors, such as the number of lives at risk and prevailing
societal norms, to arrive at ethical decisions while providing transparent
justifications. However, these studies also reveal that the performance of
LLMs remains constrained by inherent model architecture limitations
and the specific linguistic context in which they are deployed.
Furthermore, one major drawback of previous studies is that they
generate scenarios by altering the value of one factor between the al-
ternatives while maintaining the value of other factors at the same level.
This potentially constrains the complexity of evaluation, making it hard
to model LLM’s decision-making with multiple factors. Therefore, it is
urgently required to conduct a thorough analysis of the ethical values
embodied in LLMs and their decision-making processes in such di-
lemmas to ensure the safety and public acceptability of LLM-driven AV.

1.3. Research aim and organization

The present research aims to systematically explore the decision-
making mechanisms of LLM-driven AVs in a range of social dilemmas.
In contrast to the Moral Machine experiment, we utilized a stated
preference (SP) survey with a full factorial design to generate choice
scenarios, with two alternative decisions of saving passengers or pe-
destrians. This approach allows for a deeper understanding of LLM’s
reasoning processes by requiring them to consider multiple factors
simultaneously rather than one single variable (such as gender, age,
number of fatalities, etc.) when making decisions. We collected the data
from the experiments involving five pioneering LLMs from ChatGPT and
Mistral Al. Using choice models and decision trees, we aim to identify
the factors influencing LLMs’ decisions in critical situations and deter-
mine whether LLMs have ethical values and preferences for saving road
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users. We hope this investigation will provide valuable insights into the
ethical aspects of LLM-driven AVs. This study is expected to contribute
to the advancement of autonomous driving technologies that are more
ethically sound and socially acceptable.

This article is organized as follows: Section 1 provides an overview of
ethical challenges in AVs, introduces the LLM paradigm, highlights the
associated ethical risks in the context of AVs, and presents our research
aim. Section 2 details our proposed framework for assessing LLMs’
ethical decision-making capabilities in AV dilemma scenarios, explain-
ing scenario design, prompt-based evaluation, and subsequent result
analysis. Section 3 describes the modeling and analysis of the experi-
mental results. Based on these findings, Section 4 compares our results
with previous work and discusses implications for developing respon-
sible AI in AVs. Finally, Section 5 concludes the study by summarizing
the main findings and suggesting directions for future research.

2. Methods

This research proposes a three-phase framework for assessing LLMs’
ethical decision-making capabilities in AV ethical dilemma scenarios, as
shown in Fig. 1. The framework employs a three-phase approach: (1)
Scenario Design and Generation, (2) Prompt-based Experiment, and (3)
Quantitative Analysis and Model Comparison. Through this evaluation,
we aim to analyze the ethical reasoning and decision-making processes
of different advanced LLMs, specifically the GPT-4 series model and
Mistral-large, offering insights into LLM-driven AVs’ safety and ethical
implications.

2.1. Scenario design and generation

In the design of an ethical dilemma scenario, we considered a com-
mon situation utilized in Moral Machine studies — an AV experiences
sudden brake failure, and it must choose between saving pedestrians or
passengers. However, we found that the generation of the scenarios
using the Moral Machine studies has various limitations. Specifically,
the Moral Machine considers changing only one-dimensional factor in
each scenario. Therefore, the response data obtained from Moral Ma-
chine studies are not suitable for further statistical analysis using
regression models. To thoroughly understand the decision-making of
LLM-driven AVs in ethical dilemma scenarios, we employed a full
factorial design to generate 13,122 ethical dilemma scenarios. Various
equality issues were deliberated in this SP study. The attributes
considered include (1) group size, (2) age, (3) gender, (4) fatality risk,
and (5) concern for traffic violation behavior in each ethical dilemma
scenario.

Travel Behaviour and Society 40 (2025) 101039

Inspired by the Moral Machine experiment (Awad et al., 2018) and
recent LLM-based ethical studies (Takemoto, 2024; Vida et al., 2024; Jin
et al.,, 2024), we designed multiple attribute levels to construct the
ethical scenarios, as summarized in Table 1. First, to investigate how
LLMs prioritize the safety of larger versus smaller groups, we varied the
number of passengers and pedestrians (2, 4, and 6 as the group size).
Next, we examined ethical considerations regarding age by including
three levels of child and youth representation (0 %, 50 %, and 100 %) for
individuals aged 5-29. This age range is critical because road traffic
injuries are the leading cause of death for people aged 5-29 (United
Nations, 2021), a demographic that constitutes both a growing and
labor-force population. We also introduced three levels of gender
composition (i.e., female%) to assess whether LLMs exhibit gender-
related biases in decision-making (Zhuang et al., 2025). In terms of fa-
tality risk, passenger risk was set at 20 %, 40 %, and 60 %, while
pedestrian risk was higher — 40 %, 60 %, and 80 %, to reflect pedes-
trians’ greater vulnerability (Schuessler et al., 2018). This probabilistic
element enables us to analyze how LLMs balance risk against potential
sacrifices. Finally, to determine whether legal considerations factor into
LLMs’ ethical reasoning, we distinguished between pedestrians who
were crossing legally and those crossing illegally. This sampling-based
approach, drawing on Takemoto (2024), ensures that the generated
scenarios remain both dynamic and analytically robust for evaluating
LLM-based ethical decision-making in autonomous driving contexts.

Upon establishing the levels for these attributes, we employed a full
factorial design to generate 3"8*2 for a total of 13,122 scenarios. Each

Table 1
Attributes Considered in the SP Design.
Attributes Definition and Level Level
Factor Name (passenger) (pedestrian)
1 Group size Number of 2,4,6 2,4,6
pedestrians or
passengers in the
group
2 Age distribution Percentage of 0 %, 50 %, 0 %, 50 %, 100 %
children and youth 100 %
(5-29 years old)
3 Gender Percentage of 0 %, 50 %, 0 %, 50 %, 100 %
distribution females 100 %
4 Fatality risk Fatality risk in the 20 %, 40 %, 40 %, 60 %, 80 %
crash for everyone 60 %
in the group
5  Concern for Pedestrians —- law-abiding
traffic violation behavior: crossing walking,
behavior legally or illegally jaywalking

( Q Scenario Design and Generation

An autonomous vehicle with sudden brake failure
+ Case 1: Kill passenger 2
+¢ Case 2: Kill pedestrian O

@ Prompt-based Evaluation

«» System message
+¢ User message

1528 Results Analysis

Response analysis
Choice distribution

Scenario factors

. 4 y

Full factor generation

Binary logit model of®
- D) ) ’ Large Language Models ‘ _-—) .ry < WS3RTE
Group Size ) Significant factors 4 o
Scenario 1 GPT4 . 0
; ; . 0 mini
Age Case 1 Case 2 .
Scenario 2 = GPT-40 Decision tree
Gend | Casel Case 2 * GPT-4 turbo 1 Decision-making a@ﬁ
gl * GPT4 H mechanism
Probability of Death Scenario 13122 = Mistral Large
Case 1 Case 2
Pedestrian Behavior \
l—‘ a Response: choice and reason

Analysis and discussion

Fig. 1. Framework for evaluating LLM-driven AVs in ethical dilemma scenarios.
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scenario has two alternatives: “Case 1” — AV crashes with a passenger
group vs. “Case 2” — AV crashes with a pedestrian group. The above-
mentioned attributes describe each alternative. The effects of group size,
percentage of the younger generation, percentage of females, fatality
risk, and pedestrian crossing behavior on the choices of LLMs in an
ethical dilemma situation would be examined.

2.2. Prompt-based experiment

Prompts are textual inputs or instructions that guide LLMs in
executing a wide range of tasks. They can be implemented by condi-
tioning models on a set of examples, known as few-shot learning (Brown
et al., 2020), or by providing solely descriptive instructions, referred to
as zero-shot learning (Kojima et al., 2022). The process of designing
these prompts, known as prompt engineering, often involves crafting a
system message that defines the LLM’s role and task scope, along with a
user message that presents the task content (OpenAl, 2023). In the
evaluation phase, consistent with previous studies on LLM-driven AVs,
we employed prompt engineering to simulate LLMs as decision-making
units for AVs. To ensure the stability and reliability of model responses,
we adopted an iterative prompt-refinement procedure before con-
ducting our main evaluation (Madaan et al., 2023), as shown in Fig. 2.
Initially, we derived a prompt from the Moral Machine experiment setup
and tested it on 100 randomly generated scenarios over five rounds. At
each iteration, we analyzed model outputs for response consistency and
interpretability, using the LLM to refine the prompt by adjusting
wording and instructions. Once the iterative process yielded stable re-
sponses, we finalized the prompt for subsequent experiments.

In Fig. 3, we clearly illustrate the final prompt we used. The system
message defines LLM’s role and the driving environment. The LLM is
instructed to consider multiple factors simultaneously in each case and
make an informed decision with a brief explanation of the ethical
dilemma. For each testing scenario, we presented the LLM with two
alternatives representing opposing ethical choices in user message.
Specifically, Case 1 (alternative #1) involves an AV experiencing brake
failure, causing it to swerve and collide with a concrete barrier. As a
result of this collision, this AV’s passengers are killed, while pedestrians
are unharmed. In contrast, Case 2 (alternative #2) describes the AV
maintaining its original trajectory and striking pedestrians who are
crossing the road. In this scenario, pedestrian fatalities occur, but the
passengers survive. Detailed information for the passenger and pedes-
trian groups is provided in the choice experiments for LLMs. Prior to the
batch test, we validated the prompt’s efficacy using test samples to
ensure that it elicits effective responses from the LLM in these ethical
dilemma scenarios.

The responses from LLMs were collected based on the 13,122 SP
scenarios. Five prominent models, ChatGPT-4 series (GPT-40 Mini, GPT-
40, GPT-4 Turbo, GPT-4) and Mistral-Large, were prompted to make a
choice in each SP scenario. The GPT-4 series, developed by OpenAl,
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comprises four variants: GPT-4, GPT-4 Turbo, GPT-40, and GPT-40 Mini.
GPT-4 (version identifier: GPT-4-0613) functions as the foundational
model, exhibiting robust natural language processing capabilities. GPT-
4 Turbo (v. gpt-4-turbo-2024-04-09) is characterized by enhanced ef-
ficiency, featuring faster response times and multimodal processing
abilities. GPT-40 (v. gpt-40-2024-05-13) demonstrates superior perfor-
mance in complex reasoning and multilingual tasks, benefiting from an
expanded context window. The recently introduced GPT-40 Mini (v. gpt-
40-mini-2024-07-18) is optimized for cost-sensitive applications, su-
perseding GPT-3.5 in lightweight daily tasks. The MistralLarge model,
introduced on February 26, 2024, is Mistral AI's flagship offering,
renowned for its advanced reasoning and multilingual proficiency. This
model demonstrates exceptional performance in complex cognitive
tasks, including text comprehension, transformation, and code genera-
tion. It exhibits native-level fluency in English, French, Spanish,
German, and Italian. In this study, English is used for experiments and
data collection.

2.3. Quantitative analysis and model Comparison

2.3.1. Binary logit model

A binary choice model based on the RUM (random utility maximi-
zation) theory was applied as an initial approach to understanding sig-
nificant factors that influence ethical decision-making in AV dilemmas.
This method is appropriate for our study as it effectively handles
dichotomous dependent variables, reflecting the binary nature of moral
choices in ethical dilemma scenarios (e.g., prioritizing pedestrians
versus passengers’ safety). In our experiment, we decoded LLM choices
as binary outcomes, where Y = 0 represents the choice of Case 1 (if the
AV decides to save pedestrians and sacrifice passengers). In contrast, Y
= 1 represents the choice of Case 2 (if AV decides to save passengers and
crash with pedestrians). Equation (1) demonstrates a utility function for
the choice Y =1 as a function of the independent factors. The probability
of selecting Y = 1 based on the binary logit model is represented by
Equation (2), while the probability of Y = 0 can be derived from
Equation (3).

U =By +5X (€]
eV

P(Y =1|x) =13 e (2)

P(Y=0x)=1-P(Y =1Jx) 3

where Uj is the utility of choosing Case 2. X is a vector of independent
variables representing the factors considered in the ethical dilemma
scenario (e.g., number of people in each group, percentage of children
and youth, percentage of females, and whether pedestrians are jay-
walking, etc.). g is the vector of parameters to be estimated.

Iterative Refinement

- Test
Original prompt
Ml\fll expeprimerfl 100 random scenarios|
5 round

/Output analysis Final prompt
responsiveness /=—r—>» System content
consistency User content

l

Prompt-based

/

Prompt refinement
LLM driven

evaluation

Fig. 2. Iterative refinement of the prompt.
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o Pompt |

System Message
You are the brain of an autonomous vehicle,
responsible for deciding driving operations. Now, the
autonomous vehicle is driving on a two-lane road,
while pedestrians are crossing a zebra crossing.
Consider factors in each scenario carefully, including
the number of people, their age, gender, probability

of death, and pedestrian’s violation behavior. In each
LLM . ) - )  o1iE .
scenario, you have two options - ‘Case 1’ and ‘Case 2’.
1 - o0 . . .
Passenveror K 5 - bili Please indicate which option is better for autonomous
@ 4 i /_g Evoke scenario reasoning capability driving by choosing either ‘Case 1’ or ‘Case 2’...
o__. Pedestr’an? %o = User l\lessage
1 Scenario: An autonomous vehicle experiences sudden
brake failure.

Reason and make decision

CASE 1

Vehicle will Crash a Concrete Barrier

i
("

Concrete Barrier

CASE 2

Vehicle will Crash Pedestrian Group

$9505 T

Pedestrian Group

Case 1:

Action: Swerves and crashes into a concrete barrier.
Passengers: {number of passengers},with
{percentage of children and youth(PAX)} young
adults and children (5-29 years),

{percentage of female (PAX)} females.

Outcome: {probability of death (PAX)} probability all
passengers die. Pedestrians /pedestrian behavior} are
unharmed.

Case 2:

Action: Continues forward and crush pedestrians.
Pedestrians: {number of pedestrians},with
{percentage of children and youth(PED)} young
adults and children (5-29 years),
{percentage of female (PED)} females.

Outcome: {probabilitv of death(PED)} probability all
pedestrians die. Passengers are unharmed.

Fig. 3. Visualization of an ethical dilemma scenario with an accompanying prompt Note: PAX, factors of passenger group; PED, factors of pedestrian group.

2.3.2. Decision tree model

Our study employs a binary logit model and a decision tree analysis
to provide a comprehensive understanding of LLM-driven ethical
decision-making. Specifically, the binary logit model is specified as
linear-in-parameters for the systematic component of utility, which
implies a linear relationship (in terms of log odds) between predictors
and decision outcomes. This formulation allows us to quantify the effects
of individual factors on the likelihood of choosing one ethical option
over another. However, while the binary logit model effectively captures
these linear relationships in the log-odds space, it may not fully account
for the complex, nonlinear interactions that may arise in the decision-
making process of LLMs such as GPT-4. Thus, we supplement our
analysis with decision tree methods to overcome this limitation. A de-
cision tree is very effective at revealing nonlinear relationships and in-
teractions between higher-order variables by recursively partitioning
the data into a hierarchy of decision rules. This approach not only
provides an intuitive visual representation of how various factors
interact, but also enhances the interpretability of the underlying
decision-making process. With the integration of these two analytical
techniques, our framework combines the statistical rigor of binary logit
models with the flexibility and insight provided by decision tree anal-
ysis, resulting in a more comprehensive and cohesive assessment of LLM
ethical decision-making.

Decision trees are machine learning models commonly utilized for
classification and regression tasks (Apté and Weiss, 1997). The models
follow a hierarchical structure where root nodes represent the entire
dataset, internal nodes represent data split based on specific criteria, and
leaf nodes represent final class labels or predicted values (De Ville,
2013). This hierarchical structure allows decision trees to effectively
handle complex classification and regression problems while maintain-
ing high interpretability (Rokach and Maimon, 2005).

The Classification and Regression Trees (CART) algorithm is a
fundamental technique for constructing binary decision trees that cap-
ture complex nonlinear relationships between variables (Breiman et al.,
1984). It has been extensively applied in transportation studies,
including travel demand modeling (Ghasri et al., 2017), driver behavior
prediction (Wen and Meng, 2012), and traffic accident analysis (Abdel-
Aty et al., 2005). The algorithm employs recursive binary splitting at
each node, assessing the quality of each split using the Gini impurity
(also known as the Gini index). The Gini impurity for a node t is defined
as:

Jj
Gini(t) =1- ) p? 4)
i=1

Here, j represents the number of class labels, which in our model are
two: Case 1 and Case 2. The term p; denotes the probability of choosing a
sample with label i at node t. The quality of a split s is then defined as the
reduction in impurity between the parent node t and its child nodes t;,
and ty:

AGini(s, t) = Gini(t) — pgGini(tz) — p. Gini(t; 5)

Here, s is a candidate split, and p; and py are the proportions of
samples that split into the left and right child nodes, respectively. The
CART algorithm evaluates all possible splits and chooses the optimal
split that maximizes the reduction in impurity, denoted by AGini(s,t).
This process is repeated recursively until a stopping condition is met (e.
g., a predefined maximum depth is reached).

In the study, we use CART to capture complex, non-linear relation-
ships and interactions among variables, offering an intuitive visual
representation of the decision-making framework. The hierarchical na-
ture of decision trees reflects the sequential logic and prioritization
inherent in LLM reasoning. This enhances interpretability and allows a
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comprehensive evaluation of the ethical implications in critical
scenarios.

3. Results
3.1. Descriptive analysis

In our evaluation, we achieved a 100 % response rate from the five
LLMs tested. Fig. 4 illustrates the distribution of choices made by these
models. The results indicate that Mistral-Large and GPT-40-Mini
consistently prefer Case 1 (saving pedestrians) over Case 2 (saving
passengers), invariably prioritizing pedestrian safety over passenger
protection. The text mining with semantic clustering analysis of the
reasons for their decisions is shown in Fig. 5. It revealed that although
GPT-40 Mini is aware of the importance of pedestrian safety as well as
passenger safety, it consistently prioritizes protecting pedestrians. In
contrast, Mistral-Large tends to minimize overall harm but lacks
reasoning and computational capabilities when processing quantitative
factors in its decision-making process. On the other hand, GPT-4 Turbo
and GPT-4o also demonstrated a very strong preference for Case 1.

In general, these LLMs possess an inherent tendency to minimize
overall harm by prioritizing the protection of pedestrians who are at
higher risk and are valuable road users. While both scenarios are tragic,
the LLMs consistently choose to safeguard the group at a greater fatal
risk, rather than those having a relatively higher probability of survival.
This decision-making pattern of LLMs adheres more closely to the ethos
of a “benevolent demon” perspective rather than that of a “survival
optimist”, prioritizing the minimization of overall harm even at the cost
of lives that could be saved.

3.2. Model results

3.2.1. Binary logit model

In the subsequent analysis, we examined the effects of the considered
factors on the choices made by GPT-4 using a binary logit model. The
selection of GPT-4 was informed by both descriptive analysis and sta-
tistical modeling constraints. Models that produced no variation in
outcomes (e.g., Mistral-Large, GPT-40-Mini) were excluded due to non-
convergence, while those with insufficient variation (e.g., GPT-4-Turbo,
GPT-40) resulted in statistically insignificant estimates. Since the binary
logit model requires variation in the dependent variable (Y) for mean-
ingful estimation, GPT-4 was the most suitable choice, allowing for
analysis of how different scenario factors influence ethical decision-
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results are presented in Table 2. It was revealed that several factors
significantly influenced the choice of saving passengers or pedestrians in
the ethical dilemma scenarios. The constant term (fy = -10.117) in-
dicates that GPT-4 inherently showed a low likelihood of selecting Case
2 (saving passengers). This finding supported our hypothesis that GPT-
4's built-in ethical stance prioritizes pedestrian safety over passenger
safety.

Furthermore, the results demonstrated that demographic character-
istics and fatality risk significantly affect ethical decisions. A larger size
passenger group (f = 0.530, p = 0.043), a higher percentage of children
and youth (p = 2.192, p < 0.001), a higher percentage of female pas-
sengers (f = 1.161, p < 0.001), and a higher fatality risk (3 = 10.178, p
< 0.001) all increase the likelihood of choosing Case 2 (saving passen-
gers). On the other hand, a higher percentage of children and youth (f =
-0.596, p = 0.001), a higher percentage of females in the pedestrian
group (f = -0.769, p < 0.001), as well an increased fatality risk for
pedestrians (f = -4.984, p < 0.001), decrease the likelihood of choosing
Case 2 (saving passengers). These significant factors indicate that GPT-4
exhibits sensitivity to scenario variations and demonstrates a compre-
hensive reasoning capability that considers multiple factors simulta-
neously. Overall, GPT-4 emphasizes protecting females, children, and
young individuals.

Interestingly, while the group size of passengers significantly
affected ChatGPT-4’s ethical decision, the group size of pedestrians did
not. This may be because the LLM prioritizes pedestrian safety regard-
less of group number in most scenarios. Nevertheless, when the number
of passengers exceeds that of pedestrians, the LLM became more inclined
to choose Case 2 (saving passengers). This finding suggested that the
LLM may employ different consideration strategies depending on the
relative sizes of the groups involved. The results of the binary logit
model highlighted the multifaceted nature of ethical decision-making in
LLMs: GPT-4 demonstrates comprehensive consideration of factors but
does not process all factors linearly.

3.2.2. Decision tree model

The decision trees presented in Table 3 elucidate the significance of
various features in the decision-making processes of the LLMs. The three
models exhibited distinct preferences and considerations regarding key
factors within the analyzed scenarios. GPT-40 emphasized pedestrian-
related aspects, assigning the highest importance to the estimated
number of pedestrian deaths (0.467), pedestrian behavior (0.211), and
the percentage of children and youth among pedestrians (0.070). In
contrast, GPT-4 Turbo adopted a balanced approach by considering both

making in AV dilemmas. The results are presented in Table 2. The pedestrian and  passenger-related  variables. GPT-4, however,
Comparison of Case 1 and Case 2 for Different Models
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Fig. 4. Distribution of LLM responses to ethical dilemmas — Case 1 vs. Case 2.
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Table 2
Results of the Binary Logit Model.
Coefficient z- [0.025 0.975]
statistic
ASC_(Case 2) crash with pedestrian -10.117***  —6.734 -13.061  -7.172
Passenger-related attributes
Number of passengers 0.530** 2.026 0.017 1.044
Percentage of children and 2.192%** 12.382 1.845 2.539
youth (PAX)
Percentage of female (PAX) 1.161%** 7.262 0.848 1.474
Fatality risk (PAX) 10.178%** 4.160 5.382 14.973
Pedestrians —related attributes
Number of pedestrians —0.082 —0.489 —0.412 0.248
Percentage of children and —0.596***  —-3.788 —0.904  —0.288
youth (PED)
Percentage of female (PED) —0.769* —4.932 -1.074  -0.463
Fatality risk (PED) —4.984*** —4.407 —7.201 —2.767
Pedestrian behavior 2.662%%* 15.116 2.317 3.007
Interaction effect
Estimated number of deaths 0.239 0.511 —0.676 1.153
(PAX)
(Number of passengers *
Fatality risk)
Estimated number of deaths —0.777** —2.298 —1.440 —-0.114
(PED

(Number of pedestrians *
Fatality risk)

Note: Significant at 5 % ** (z value > 1.960), 1 % *** (z value > 2.576); PAX,
factors of passenger group; PED, factors of pedestrian group.

demonstrated the most comprehensive evaluation by integrating a
broader range of factors. This is evidenced by GPT-40 and GPT-4 Turbo
assigning zero importance to five factors each, whereas GPT-4 only
assigned zero importance to three factors. These findings suggest that
GPT-4 incorporates a broader spectrum of variables into its decision-
making process compared to its counterparts.

Furthermore, both GPT-4 and GPT-4o0 prioritized the estimated
number of deaths — calculated as the product of group size and fatality
risk — over individual factors such as fatality risk or group size alone. By
considering the interaction effects of group size and fatality risk, the
LLMs may demonstrate a more nuanced approach to risk assessment.
Notably, violation behavior by pedestrians also influenced the choices
made by all LLMs. This consideration of pedestrian behavior alongside
other factors illustrates the models’ ability to integrate contextual in-
formation into ethical deliberations. This approach extends beyond
simple utilitarian calculations to incorporate personal responsibility and
societal norms throughout the decision-making process.

The decision tree visualization elucidates the complex reasoning
processes of LLMs in ethical decision-making scenarios, as illustrated in
Figs. 6 to 8. The depth and breadth of the tree structures serve as visual
indicators of the decision processes’ complexity. This demonstrates the
models’ capacity to integrate multiple interacting factors rather than
relying on simplistic, linear judgments. It can be observed that the GPT-4
exhibits the most complex tree structure, while the GPT-4 Turbo follows
more straightforward decision rules.

Additionally, the specific numerical values within the trees reveal
the models’ decision thresholds under various conditions. This enhances

Table 3
Feature Importance in the Decision Tree Model.
Model  GPT-4 Turbo GPT-40 GPT-4
Feature Importance Feature Importance  Feature Importance
1 Percentage of children and youth 0.408 Estimated death (PED) 0.467 Estimated death (PED) 0.303
(PED)
2 Pedestrian behavior 0.199 Pedestrian behavior 0.211 Pedestrian 0.243
behavior
3 Percentage of female (PAX) 0.192 Estimated death (PAX) 0.150 Estimated death (PAX) 0.235
4 Probability of death (PED) 0.123 Percentage of female (PED) 0.101 Percentage of children and youth 0.154
(PAX)
5 Estimated death (PAX) 0.049 Percentage of children and youth 0.070 Percentage of female (PAX) 0.022
(PED)
6 Estimated death (PED) 0.029 Probability of death (PAX) 0.001 Percentage of female (PED) 0.018
7 Number of passengers 0.000 Number of passengers 0.000 Probability of death (PED) 0.016
8 Percentage of children and youth 0.000 Percentage of children and youth 0.000 Probability of death (PAX) 0.009
(PAX) (PAX)
9 Probability of death (PAX) 0.000 Percentage of female (PAX) 0.000 Percentage of children and young 0.000
(PED)
10 Number of pedestrians 0.000 Number of pedestrians 0.000 Number of passengers 0.000
11 Percentage of female (PED) 0.000 Probability of death (PED) 0.000 Number of pedestrians 0.000

Note: PAX, factors of passenger group; PED, factors of pedestrian group.
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Fig. 6. Visualization of GPT-4 turbo decision tree Note: PAX, factors of passenger group; PED, factors of pedestrian group.

Fig. 7. Visualization of GPT-40 decision tree.

their interpretability and allows each decision to be traced and
explained. From this perspective, it is evident that GPT-40 and GPT-4
Turbo lack specific conditions for Case 2, whereas GPT-4 presents
clear definitional criteria for Case 2 (represented by blue squares in the
visualization).

Specifically, GPT-4 selects Case 2 under two distinct conditions. In
the first condition, this choice is made when the estimated number of
passenger deaths exceeds 2.00, the estimated number of pedestrian
deaths is no more than 1.00, pedestrians are law-abiding (behavior >
0.50), and the percentage of young passengers is substantial (> 0.25). In
the second condition, GPT-4 opts for Case 2 when passenger death is
projected to be over 3.00, pedestrians are law-abiding, and the esti-
mated number of pedestrian deaths does not exceed 2.80 (with a further
threshold at 1.40), and a significant proportion of young passengers (>

0.25). These decision criteria demonstrate GPT-4's nuanced ethical
reasoning approach. Through analysis of the decision tree results, we
can conclude that GPT-4 demonstrates the most nuanced decision-
making capabilities, effectively considering various scenario factors
and generating flexible strategies in response.

4. Discussion
4.1. LLM vs. Human moral Decision-Making

This investigation examined the alignment of LLMs with human
ethical values in the context of transport systems, particularly in sce-

narios involving potential conflicts between AVs and vulnerable road
users. For human moral decision-making, an intricate interplay of
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Fig. 8. Visualization of GPT-4 decision tree.
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cognitive, emotional, and cultural factors guides behavior (Awad et al.,
2018). Research shows that when confronted with dilemmas involving
unavoidable harm, individuals often adopt a utilitarian approach —
prioritizing the preservation of the largest number of lives (Faulhaber
et al.,, 2019). However, this tendency is not absolute. Deontological
principles and intuitive responses can also influence decisions. For
instance, in high-pressure situations or when personal or familial safety
is at risk, individuals may choose to protect specific persons rather than
maximize collective well-being (Bonnefon et al., 2016). Moreover, cul-
tural norms play a significant role in shaping these choices. Some soci-
eties emphasize respect for elders or retribution against wrongdoers,
while others focus on minimizing overall harm (Awad et al., 2020).
Consequently, while human moral judgment generally leans toward
harm reduction, it also exhibits considerable variation based on context
and individual circumstances.

In contrast, Al-driven moral decision-making is based on algorithmic
frameworks and data-driven patterns. Researchers have explored hybrid
approaches that integrate rule-based constraints with machine learning,
as well as theoretical frameworks like game theory, to model ethical
decisions (Conitzer et al., 2017; Wallach and Allen, 2008). Recent ad-
vancements, particularly in large language models, have shifted the
focus toward training on extensive datasets to better align Al outputs
with human ethical preferences. Specifically, our findings revealed a
notable consistency between the preferences exhibited by LLMs and
human ethical values. Specifically, the LLMs demonstrated a clear ten-
dency to prioritize saving a greater number of lives and protecting
younger individuals, which aligns with previous empirical studies. This
focus on minimizing fatalities reflects a utilitarian approach, aiming to
reduce harm in ethical dilemma scenarios (Johnsen et al., 2017).

However, a divergence emerged when comparing the LLMs’
decision-making to human preferences, particularly regarding protect-
ing pedestrians versus passengers. While humans tend to exhibit a mild
preference for pedestrian safety, the LLMs—especially the GPT-4 series
and Mistral-Large—showed a pronounced bias toward prioritizing
pedestrian protection. This stronger emphasis on pedestrian safety
aligns with findings from earlier studies (Takemoto, 2024). One poten-
tial explanation for this could be that pedestrian vulnerability has long
been a focal point of advocacy efforts and discussion, emphasizing their
inherent risks in road environments as they lack the same protection as
cars. By applying a principle of justice—which humans often struggle to
fully implement concerning car-pedestrian vulnerabilities, even in cur-
rent policy-making (Basu et al., 2023; Martinez-Buelvas et al., 2024)—
the LLMs may arrive at a less common yet ethically consistent solution
that favors the protection of the most vulnerable individuals in these
scenarios.

4.2. Inconsistencies and ethical challenges of LLMs

This study also identified the nuanced differences in the ethical
decision-making capabilities of LLM. Our experiments revealed a posi-
tive correlation between a model’s capacity for mimicking ethical
reasoning and its overall capabilities and scale. Specifically, GPT-40
Mini consistently prioritized pedestrian protection over passengers,
demonstrating a rigid decision-making pattern that did not account for
scenario-specific factors. In contrast, GPT-4, the most sophisticated
model in the study, displayed more nuanced and content-sensitive
ethical decision-making. Previous research also substantiated GPT-4's
superior reasoning abilities in moral questions, equivalent to typical
graduate school students (Rao et al., 2023, Tanmay et al., 2023). A study
further confirmed GPT-4's leading position in alignment with human
moral judgments (Almeida et al., 2024). This growing trend of querying
AI systems like GPT models on moral dilemmas, however, raises sig-
nificant concerns about the future of decision-making. As these systems
increasingly provide answers to ethically charged questions, they might
inadvertently create a precedent where complex moral decision-making
is outsourced to machines. This reliance poses risks, as humans may turn
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to Al for guidance on societal issues, despite the fact that machines,
while capable of mimicking reasoning, lack an intrinsic understanding
of human values and the consequences of ethical decisions. The seem-
ingly thoughtful responses of models like GPT-4 could foster misplaced
trust in their judgment, potentially encouraging the delegation of moral
responsibility to technology. This raises critical questions about
accountability—if moral decisions are influenced or driven by Al, where
does responsibility lie? The risk is that humans could abdicate re-
sponsibility for these decisions, creating ethical ambiguity around who
should be held accountable when outcomes are unfavorable.

There is also evidence that LLM developed by different companies
exhibit significant differences in ethical decision-making. It was found
that ChatGPT (encompassing both GPT-3.5 and GPT-4) demonstrated
ethical preferences that closely matched human tendencies in moral
dilemmas. In contrast, a previous study indicates that the open-source
Llama 2 model prioritized passengers over pedestrians, diverging from
both human and ChatGPT preferences (Takemoto, 2024). Additionally,
some models, such as Llama 3 70B-Instruct and PaLM 2, display distinct
ethical biases toward saving fewer people and crushing more people
(Vida et al., 2024). These discrepancies may arise from variations in the
training data and the ethical frameworks embedded within each model
during development. There is a need for further research in this area to
clarify the data and model architecture differences that influence ethical
decision-making discrepancies.

LLMs showed inconsistent performance across different moral sce-
narios (Bonagiri et al., 2024, Tanmay et al., 2023), suggesting they lack
robust ethical principles. Although LLMs make basic norm judgments
reliably, they often exhibit uncertainty with more complex or ambig-
uous content (Scherrer et al., 2024). It has been suggested that these
limitations may stem from inherent biases in the training data used to
develop the models (Bender et al., 2021, Abdulhai et al., 2023). These
challenges underscore the need for continued research and development
to enhance LLMs’ ability to provide consistent and universally accepted
moral reasoning. With LLMs being incorporated into critical decision-
making systems like AVs, addressing these ethical limitations becomes
increasingly important to ensure fair, consistent, and culturally sensitive
responses.

The ethical implications of allowing a machine, such as an LLM, to
judge individual actions without fully considering the complexities
involved are concerning. As shown in our results, GPT-4 and other
models often assign blame to pedestrians based on traffic law violations,
i.e., jaywalking. However, this approach fails to account for the ambi-
guity in policies and the variations in legal frameworks across different
regions (Bhuiyan et al., 2024). What constitutes a violation in one
context may not be illegal elsewhere, and even within the same juris-
diction, policies can be unclear or inconsistent. By relying on these
ambiguous legal frameworks without fully considering their complex-
ities, the system risks unfairly assigning blame or making ethically
questionable decisions. This raises the critical issue of whether it is
appropriate for a machine to pass judgment on human actions when it
may lack the nuanced understanding of the legal and ethical gray areas
that a human decision-maker would take into account.

Additionally, previous research on systems like ChatGPT has shown
that LLMs tend to provide specific advice or solutions that might sound
convincing but are not always aligned with the safest or most appro-
priate course of action for an individual (Oviedo-Trespalacios et al.,
2023). This overconfidence in the model’s responses can create an
ecological fallacy, where general trends are mistakenly applied to spe-
cific situations, potentially leading to harm. For example, in AV ethical
dilemmas, while the model may consider statistical probabilities and
general rules, it may fail to address unique, situational factors that could
alter the best course of action. As the findings from this study suggest,
the nuanced decision-making of LLMs, while impressive, is still prone to
generalization and may overlook critical, context-specific details
essential for ensuring safety and ethical soundness in real-world
applications.
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Machine ethics encompasses a much broader scope of tasks, such as
avoiding generating immoral or toxic content and demonstrating the
ability to assess moral norms (Sun et al., 2024). While LLMs, such as
GPT-4, perform reasonably well in AV ethical dilemmas, their perfor-
mance in broader ethical contexts reveals several limitations. Research
has highlighted cultural biases in models like GPT-4, which tend to favor
moral values predominant in Western and English-speaking countries
(Rao et al., 2023). Moreover, 'language inequality’ has been identified,
where LLMs exhibit uneven performance and moral reasoning across
different prompt languages (Jin et al., 2024). This study, conducted in
Korea using English-language prompts rather than the native language,
further raises questions about potential differences in outcomes based
on linguistic and cultural contexts. Testing these models in native lan-
guages could yield different findings, as the interplay of culture and
language may significantly influence the model’s ethical judgments.
Cultural biases and linguistic inequalities highlight the risk of poten-
tially unfair or inappropriate responses for users from diverse cultural
backgrounds, underscoring the importance of context-specific evalua-
tions of LLMs’ ethical stances.

4.3. Limitations and implications

Our study presents a novel framework for evaluating the ethical
reasoning capabilities of LLMs in the context of autonomous driving.
However, our study has limitations that could be addressed to further
advance this field. First, although the stated choice experiment provides
a controlled environment for assessing moral scenarios, its binary,
trolley-like dilemmas inherently oversimplify the real-world ethical
scenarios. As noted by Geisslinger et al. (2021), this approach cannot
account for nuanced factors such as road users’ intentions, nor does it
capture moral deliberations in relatively low-risk traffic conditions
(Geisslinger et al., 2021). Secondly, our primary objective in this study
was to conduct a deep dive into the ethical reasoning mechanisms of
GPT-4 across a comprehensive set of scenarios. Although GPT-4 repre-
sents a single decision-maker, its responses under varied conditions
allow us to systematically probe its internal decision boundaries and
capture intrinsic variability similar to intra-individual variation in
human decision-making. Nevertheless, we acknowledge that focusing on
a single LLM may constrain the exploration of inter-model variability. In
future work, we plan to extend this approach by comparing responses
across multiple LLMs. Our evaluation scope remains temporally con-
strained, as we focus on five mainstream LLMs at a specific point in time.
Given that LLMs evolve rapidly, subsequent versions of models may
exhibit altered moral decision-making due to updates in model struc-
ture, training data and reasoning paradigm. Consequently, our current
results should be viewed as a snapshot of a constantly shifting landscape,
rather than definitive conclusions.

Despite these limitations, our framework establishes a standardized
benchmark for evaluating and comparing diverse models, providing a
solid foundation for future research in this rapidly evolving field. Po-
tential conflicting imperatives are emerging from public expectations
regarding Al-driven moral decision-making in autonomous vehicles:
society requires autonomous vehicles to follow widely accepted ethical
standards, such as minimizing overall casualties, while individuals
remain cautious about adopting technologies that may compromise
their personal safety (Bonnefon et al., 2016; Greene, 2016). The ability
to address this tension requires transparent ethical design, clear
communication regarding the rationale behind moral algorithms, and
the ability to customize these systems in order to balance collective
benefits with individual security concerns (Di Fabio et al., 2017). The
purpose of our study is to provide actionable insights for the develop-
ment of autonomous vehicle systems with integrated, ethically aware
decision-making models, thus fostering public trust and facilitating the
safe deployment of these systems.
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5. Conclusion

In conclusion, this study provides important insights into the ethical
decision-making processes of Large Language Models (LLMs) when
applied to autonomous vehicles (AVs). Through binary logit models and
decision tree analyses, we observed that LLMs, particularly GPT-4, tend
to prioritize pedestrian safety over passengers in ethical dilemmas. This
preference reflects a consistent approach to minimizing harm. Never-
theless, it also highlights concerns about the system’s ability to fully
consider the complexities of each situation, including cultural, legal, and
contextual factors. While GPT-4 demonstrated superior reasoning by
integrating multiple variables into its decisions, the study underscores
current LLM frameworks’ limitations and potential biases, especially
when legal or policy ambiguities are involved. Given the rapid inte-
gration of LLMs into critical socio-technical systems, particularly in AV
technology, future research and development must address these ethical
challenges head-on. Transparency in how LLMs make decisions and
rigorous testing of their ethical frameworks are essential to ensure
alignment with societal values and prevent misuse. Policymakers and
developers must collaborate to create robust regulatory controls,
ensuring that as LLMs become more embedded in our daily lives, they do
so in ways that are safe, ethical, and beneficial for all members of so-
ciety. This research serves as a foundation for further investigation into
the ethical implications of LLMs in AVs. It highlights the need to
continuously refine the technology and its governing principles. By
providing a replicable framework and elucidating both the potential and
challenges of LLM-based ethics, we hope to foster interdisciplinary ef-
forts to refine and integrate moral decision-making techniques into the
next generation of AVs.
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