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Abstract

This study investigates how different moral con-
ditions influence the general problem-solving
capabilities of Large Language Models (LLMs).
We examine whether the role of morality in
human decision-making can also serve as a
useful lens for analyzing variation in LLM be-
havior. Specifically, we define distinct moral
conditions based on Kohlberg’s theory of moral
development and design prompts intended to
elicit model outputs aligned with each con-
dition. The validity of this alignment is as-
sessed using the Defining Issues Test, a hu-
man evaluation tool. We then evaluate mod-
els under each condition on the MMLU bench-
mark, which measures general problem-solving
ability across diverse domains. Experimental
results show that different moral perspectives
correspond to differences in model behavior
during general reasoning, as reflected in both
responses and internal representations. In par-
ticular, more advanced moral conditions tend to
elicit more reflective reasoning patterns, which
are often linked to improved performance. Our
study broadens the scope of LLM morality,
which has traditionally been examined mainly
in ethical judgment settings. More broadly, it
suggests that morality may function not only as
a mechanism for safety alignment but also as
a factor that shapes model behavior during rea-
soning. Code and data are available at https:
//github.com/ISEOKIM/llm-morality

1 Introduction

The rapid advancement of large language models
(LLMs) has led to remarkable achievements, yet
they continue to face persistent concerns regarding
ethics and reliability (Huang et al., 2025). In re-
sponse, recent studies have aimed to guide model
outputs to align with specific moral values (Zhou
et al., 2024) and to evaluate how such models re-
spond in situations that require moral judgment

* Corresponding author

Figure 1: This study expands the scope of ethical consid-
erations in LLMs by exploring the relationship between
moral values and reasoning behavior.

(Agarwal et al., 2024), as part of ongoing efforts to
develop more morally responsible models.

While such efforts tend to treat morality as a ba-
sis for ethical decision-making, in humans, moral-
ity serves a broader and more complex role. It
provides a framework for justifying judgments, fa-
cilitates the understanding of others’ perspectives,
and ultimately shapes how individuals interpret in-
formation and approach problems (Cushman, 2008;
Tiberius, 2010). Considering these characteristics,
we suggest that the influence of morality may ex-
tend beyond ethical judgment and may also affect
broader problem-solving behavior in LLMs. Nev-
ertheless, the impact of morality on non-ethical
tasks in LLMs remains largely unexplored. This
study therefore aims to fill this gap by empirically
exploring the question: Can morality influence
the general problem-solving behavior of LLMs?

To answer this question, we draw on Kohlberg’s
theory of moral development as our theoretical
foundation (Kohlberg, 1971) to examine the in-
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fluence of morality under a range of distinct moral
conditions. Kohlberg’s theory describes three lev-
els of moral development: pre-conventional, con-
ventional, and post-conventional. Based on the
core moral values emphasized in each level, we
design prompts to elicit model outputs aligned with
the corresponding pattern of moral reasoning. The
proposed prompts are subjected to a manipulation
check using the Defining Issues Test (DIT) (Rest
and of Minnesota. Center for the Study of Ethi-
cal Development, 1990), a human evaluation tool
grounded in the same theoretical framework. This
validation confirms that each prompt effectively
evokes the intended moral reasoning pattern, estab-
lishing a foundation for the subsequent analysis.

Subsequently, we analyze reasoning patterns and
overall performance on general problem-solving
tasks under each moral condition. To this end, we
use MMLU (Hendrycks et al., 2021b), a value-
neutral benchmark covering diverse subjects such
as mathematics and science. The experimental re-
sults show that moral conditioning is associated
with differences in reasoning behavior, with higher-
order moral values linked to more deliberative rea-
soning and improved MMLU performance, even in
non-ethical domains. In particular, the LLaMA3-
8B-Instruct model exhibits accuracy improvements
of +0.85%, +4.96%, and +5.88% under the pre-
conventional, conventional, and post-conventional
conditions, respectively, compared to the baseline.
Furthermore, analysis of the model’s internal rep-
resentations shows that moral conditioning is re-
flected in observable changes in how the model rep-
resents information during problem-solving. These
findings suggest that moral values may function
as a factor shaping model behavior beyond their
conventionally understood role in ethical judgment.

The main contributions are as follows:

1. We empirically demonstrate that moral val-
ues influence not only ethical judgments but
also general reasoning behavior, affecting how
LLMs interpret problems and generate justifi-
cations.

2. To enable targeted observation of moral con-
ditioning, we construct condition-specific
prompts grounded in Kohlberg’s theory, allow-
ing systematic comparison of model behavior
across moral perspectives.

3. We show that moral conditioning affects not
only the quantitative performance of LLMs

but also their reasoning patterns and inter-
nal representations; higher-order moral values
tend to elicit more reflective reasoning.

2 Background and Related Work

This section introduces the theoretical foundations
of our study, including moral development theory,
the evaluation tool, and prior research on moral-
ity in LLMs. Through this, we aim to establish a
basis for understanding and interpreting how hu-
man moral values may influence the behavior and
reasoning of LLMs.

2.1 Kohlberg’s Theory of Moral Development
This study adopts Kohlberg’s theory of moral de-
velopment (Kohlberg, 1971) as a framework for
constructing moral conditions for LLMs. As one of
the most influential theories in moral psychology
(Tanmay et al., 2023), it categorizes moral reason-
ing into three stages based on the core values indi-
viduals prioritize: pre-conventional, conventional,
and post-conventional. The pre-conventional stage
centers on self-interest and external punishment
or rewards. Moving beyond this, the conventional
stage emphasizes social norms and duties. Finally,
the post-conventional stage upholds universal ethi-
cal principles such as justice and human rights.

While other moral frameworks, such as Moral
Foundations Theory (Graham et al., 2013), offer
alternative perspectives on moral reasoning, we
adopt Kohlberg’s model because its stage-based
structure enables interpretable and systematic vari-
ation in moral reasoning. Building on this structure,
we construct condition-specific prompts and ana-
lyze how moral conditioning influences reasoning
behavior in LLMs.

2.2 Defining Issues Test
The Defining Issues Test (DIT) is a tool based on
Kohlberg’s theory for assessing human moral de-
velopment (Rest and of Minnesota. Center for the
Study of Ethical Development, 1990). Respondents
are presented with moral dilemmas and asked to pri-
oritize judgment criteria for resolving them. Their
responses are converted into a P-score indicating
moral maturity and can be used to classify the un-
derlying pattern of moral reasoning according to
the corresponding moral condition introduced in
Section 2.1. More detailed information about the
DIT is provided in Appendix A.

Recently, many studies have explored applying
human psychology assessment tools like DIT to
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evaluate LLMs. Notably, (Khandelwal et al., 2024)
used the DIT to study multilingual variation in
LLM moral reasoning, and (Jiang et al., 2024) used
measures such as the Big Five Inventory to assess
personality consistency in LLMs. These efforts sug-
gest that human-centered evaluation frameworks
can be effectively extended to assess model behav-
ior.

2.3 Approaches to Morality in LLMs
Prior research on morality in LLMs has primarily
explored three lines of inquiry. First, various moral
control methods (Schick et al., 2021; Liu et al.,
2025) have been proposed to suppress harmful or
biased outputs. These approaches focus on prevent-
ing models from generating aggressive, discrimi-
natory responses (Perez et al., 2022; Furniturewala
et al., 2024; Dai et al., 2024). Second, other works
explore whether LLMs can make moral judgments
according to specific ethical theories (Simmons,
2023). This includes assessing model outputs based
on philosophical theories such as utilitarianism or
deontology (Zhou et al., 2024), or exploring their
capacity to reflect higher-order values (Scherrer
et al., 2023; Hobson et al., 2024). Third, bench-
marks have been developed to quantitatively as-
sess the ethical alignment of LLMs, using curated
datasets to measure and compare moral reason-
ing patterns in model outputs (Lourie et al., 2021;
Hendrycks et al., 2021a; Marraffini et al., 2024).

These approaches tend to treat morality as a
mechanism for behavior control or as a narrow
capability confined to ethical contexts. Departing
from this view, our study examines whether moral
conditioning affects model behavior and perfor-
mance even in value-neutral reasoning tasks.

3 Steering Morality with Prompts

To steer LLMs toward value-specific moral rea-
soning, we first describe how the corresponding
prompts were constructed and validated.

3.1 Defining Moral Conditions
Previous studies (Simmons, 2023; Zhou et al.,
2024) have shown that language-level instructions
can effectively guide models toward specific moral
orientations. Building on these insights, we steer
the model with distinct moral perspectives to exam-
ine how they affect model reasoning. Our approach
is grounded in Kohlberg’s moral development the-
ory, which defines three moral conditions: pre-
conventional, conventional, and post-conventional

Morality Prompt Template

Adopt the identity of a character operating at a specified
moral level: {Moral level}.

[Characteristics]:

• {characteristic 1}

• {characteristic 2}

• {characteristic 3}

When responding, ensure that your answers reflect the
principles, motivations, and behaviors associated with
this stage.

Table 1: Prompt structure used to steer LLMs under
specific moral conditions. The gray represents the moral
role assignment, yellow shows the moral characteristics,
and blue marks the moral behavior instruction. The full
set of prompts is provided in Appendix B.

(see Section 2.1). This framework enables fine-
grained distinctions in moral values across condi-
tions, providing a structured basis for conditioning
models with distinct forms of moral reasoning.

We implement this theoretical foundation by
constructing prompts that reflect the core moral
values associated with each moral condition. To
enable clearer attribution of moral influence, we
additionally introduce a morality-restricted base-
line that explicitly excludes any moral orientation.
Recent studies suggest that LLMs exhibit inherent
moral tendencies even when processing ethically
relevant queries without moral prompts (Tanmay
et al., 2023; Khandelwal et al., 2024). This ob-
servation points to the importance of a controlled
baseline for more precise analysis of how different
moral conditions influence model reasoning.

3.2 Designing Morality Prompts

Table 1 illustrates the prompt structure for moral
conditioning, consisting of three components:
Moral Role Assignment, Moral Characteristics,
and Moral Behavior Instruction. Each part is color-
coded for clarity and is explained in this section.

Moral Role Assignment. The first instruction
specifies the moral condition assigned to the model
by selecting one of four conditions: the three moral
conditions or a morality-restricted baseline. This
component establishes the intended moral context
at the start of each task and frames the model’s
subsequent reasoning accordingly.
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Figure 2: Average P-scores of four models across nine
moral dilemmas under four prompting conditions. The
P-score ranges from 0 to 100 and measures the degree
of morality in responses. Higher conditions consistently
yield higher P-scores, showing that the prompts effec-
tively steer models toward the intended level of moral
reasoning.

Moral Characteristics. The second part of the
prompt presents a set of three representative char-
acteristics that reflect the core moral values of the
assigned condition. These characteristics are gen-
erated by an LLM (e.g., GPT-4o), guided by defini-
tions grounded in Kohlberg’s theory.

The baseline condition emphasizes neutrality
and objectivity. The pre-conventional condition fo-
cuses on self-interest and avoiding punishment, the
conventional condition on conformity and social
approval, and the post-conventional condition on
justice, individual rights, and universal principles.
Together, these characteristics make the intended
moral condition more explicit.

Moral Behavior Instruction. The final part of
the prompt instructs the model to reason in a man-
ner consistent with the assigned moral condition,
thereby reinforcing the intended moral condition-
ing.

For example, under the post-conventional condi-
tion, the model is guided to reason in accordance
with universal ethical principles. When asked,
“Should I report a friend who broke a minor school
rule but helped someone in need?”, it responds:
“If the rule was broken to uphold a greater moral
good, like helping someone in need, then the ac-
tion may be justified despite the violation.” This
response reflects post-conventional reasoning be-
cause it appeals to abstract ethical principles rather
than strict rule-following. This example illustrates
how our prompting method steers model outputs
toward different patterns of moral reasoning.
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Model-wise Shifts in P-score Relative to Baseline
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LLaMA3-70B-Instruct

Figure 3: Changes in P-score across three moral prompt-
ing conditions, shown relative to the baseline. The up-
ward progression indicates that higher moral conditions
elicit responses more closely aligned with advanced
moral reasoning.

3.3 Experiment for Verifying Moral
Alignment via DIT

This section presents a manipulation check to as-
sess whether the condition-specific prompts intro-
duced in Section 3.2 effectively guide the models
toward the intended pattern of moral reasoning.

3.3.1 Experimental Setup
We utilize GPT-3.5-turbo (OpenAI, 2023), GPT-4o-
mini (OpenAI et al., 2024), LLaMA3-8b-Instruct,
and LLaMA3-70b-Instruct (Grattafiori et al., 2024)
for the manipulation check. The selected models
vary in scale and accessibility.

Our evaluation is based on a DIT-style dilemma
set comprising nine items: five original DIT dilem-
mas and four additional dilemmas adopted from
(Tanmay et al., 2023), reflecting broader socio-
cultural contexts while maintaining the original
DIT format. For each item, LLMs prompted with
condition-specific moral instructions are asked to
rank the statements they consider most important
for moral decision-making.

Model responses are quantitatively evaluated us-
ing the P-score, which reflects the extent to which
post-conventional moral reasoning is prioritized
in the response. Higher scores indicate a greater
degree of moral maturity, as reflected in stronger
post-conventional moral reasoning. We calculate
the P-score following the LLM-specific DIT evalu-
ation guidelines proposed by (Tanmay et al., 2023).
Full experimental details and scoring procedures
are in Appendix C.

3.3.2 Results and Analysis
Figure 2 illustrates how P-scores vary across
prompting conditions and dilemmas. While the

43220



Figure 4: Effects of moral conditioning on general reasoning performance, measured by MMLU accuracy, across
four different language models. Each subplot presents the average MMLU score for a given model under four
prompt conditions. The figure allows comparison of how performance changes across moral conditions within each
model. Within each model, accuracy increases as the prompts reflect higher-order moral values, and this overall
pattern is consistent across all four models. This suggests that moral conditioning can positively influence general
reasoning abilities beyond ethical domains.

exact scores vary slightly by dilemma, the overall
trend is clear: prompts corresponding to more ad-
vanced moral conditions consistently yield higher
P-scores. Because higher P-scores indicate re-
sponses more closely aligned with advanced moral
reasoning, this pattern confirms that the models
produce outputs consistent with the intended moral
conditions.

Figure 3 further shows how each model’s P-score
changes across the three moral prompting condi-
tions relative to its baseline. For instance, GPT-3.5-
Turbo increases by +30.51 points from the baseline
to the post-conventional condition, and LLaMA3-
70B-Instruct increases by +36.53 points over the
same range. These results demonstrate the effec-
tiveness of condition-specific prompts in steering
models toward the targeted patterns of moral rea-
soning. This overall pattern is also statistically
supported. Repeated-measures ANOVA shows a
significant main effect of prompting condition, and
linear trend analysis confirms a positive progres-
sion across conditions. Detailed results and statisti-
cal analyses are provided in Appendix C.5.

4 Experimental Evaluation of Moral
Conditioning Effects on General
Reasoning

In the previous section, we verified that LLMs
can be reliably steered toward distinct patterns of
moral reasoning through prompt-based manipula-
tion. Building on this, we analyze how moral con-
ditioning affects general reasoning performance in
LLMs across diverse tasks, focusing on both task

performance and reasoning patterns.

4.1 Experimental Setups

We evaluate the effects of moral conditioning using
the MMLU benchmark, a widely used benchmark
for assessing general reasoning performance across
diverse domains. The MMLU consists of multiple-
choice questions covering 57 subjects, including
areas in STEM, humanities, social sciences, and
other fields.

Our experiments use the same four models as
those used in Section 3.3. Each model is evaluated
on the same set of MMLU questions under four
prompt conditions. Each input consists of a moral
instruction followed by a multiple-choice question,
and performance is measured using exact-match
(EM) accuracy.

4.2 Quantitative Analysis: Shifts in MMLU
Accuracy

Figure 4 shows measurable changes in MMLU
accuracy across moral conditions, with perfor-
mance generally increasing as prompting condi-
tions reflect higher-order moral values. In partic-
ular, the conventional and post-conventional con-
ditions generally outperform the pre-conventional
condition. This suggests that more advanced moral
conditions tend to support stronger performance in
general problem-solving.

Specifically, GPT-3.5-Turbo achieves 54.52%
accuracy under the pre-conventional condition,
which emphasizes avoidance of punishment and
personal gain. This improves to 61.41% under
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Figure 5: Subset of MMLU tasks illustrating condition-
wise accuracy trends in LLaMA3-8B-Instruct under
moral conditioning. These examples complement Fig-
ure 4 by showing task-level cases that more clearly re-
flect the aggregate performance trend across conditions.

the post-conventional condition, which emphasizes
universal rights and justice, representing a 6.89
percentage-point increase. LLaMA3-8B-Instruct
shows a similar pattern, with accuracy rising from
57.18% (pre-conventional) to 61.29% (conven-
tional) and reaching 62.21% (post-conventional).
High-performing models such as GPT-4o-mini
and LLaMA3-70B-Instruct also exhibit consistent
trends. GPT-4o-mini achieves 81.34% under the
pre-conventional condition, with slight improve-
ments to 81.86% and 82.27% under the conven-
tional and post-conventional conditions, respec-
tively. Similarly, LLaMA3-70B-Instruct records
78.57%, 79.79%, and 79.83% across the three con-
ditions in ascending order. This overall pattern
is also statistically supported across models, with
detailed results provided in Appendix D.1.

To identify subject-level contributions to the
overall improvement, Figure 5 highlights tasks
where LLaMA3-8B-Instruct shows accuracy

Response Patterns by Moral Stances

Pre-conventional

"I don’t want to get in trouble, so I’ll choose this."

"I’m picking what seems safe or easy."

"Maybe this helps me personally."

Conventional

"This seems like the socially expected answer."

"I believe people would agree with this."

"This maintains order or norms."

Post-conventional

"According to broader principles like fairness or justice,
this is right."

"I approach this question with a critical and analytical
mindset."

"I choose this based on universal values."

Table 2: Representative expressions illustrating how
models justify their decisions under different moral con-
ditions.

gains across moral conditions. In the STEM
domain, tasks such as astronomy and elementary
mathematics show steady gains under increasingly
advanced moral conditions. In the Humanities do-
main, tasks involving moral judgment and value
interpretation—such as moral disputes and philoso-
phy—show more pronounced gains as the prompt-
ing condition shifts from pre-conventional to post-
conventional. Similar trends appear in the Social
Sciences and Other domains, where applied tasks
such as geography, security studies, and nutrition
also exhibit consistent improvements. Related task-
level trends for the other models, as well as baseline
comparisons for the tasks shown in Figure 5, are
provided in Appendices D.2 and D.3, respectively.

Additional benchmark results beyond MMLU
also support our main findings. Detailed results are
provided in Appendix D.4.

Overall, across MMLU tasks, performance tends
to improve as prompting conditions reflect higher-
order moral values. Importantly, these gains are not
limited to tasks involving moral dilemmas or ethi-
cal judgment, but also appear in objective knowl-
edge domains such as mathematics, computer sci-
ence, and astronomy. These results suggest that
moral concepts may extend beyond their tradition-
ally discussed role in safety or ethical decision-
making and may also contribute to more consistent
reasoning across diverse tasks.
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Question: During a run one morning, a jogger passed a convenience store. He stopped and went into the store to use the
bathroom available inside the store. Which of the following would best describe the jogger’s legal status in his utilization of the
bathroom?
Options: A. Licensee. B. Gratuitous licensee. C. Public invitee. D. Business visitor.

Level Response
Pre-conventional stage I think I’m just trying to use the bathroom, and I’m not doing any harm. If I get in trouble, I might get

punished, so I should try to avoid that. I just want to use the bathroom and get back to my run. Therefore,
the answer is A. Licensee.

Conventional stage In this case, I would reason that the jogger is using the bathroom as a public service. Therefore, the
jogger’s legal status would be that of a public invitee, as they are using a public facility that is open to the
public, but not as a customer. Therefore, the answer is C. Public invitee.

Post-conventional stage In this context, I believe that the jogger’s use of the bathroom is a form of public accommodation, similar
to a public park or a public library. The store is providing a public service, and the jogger is taking
advantage of that service. Therefore, I would argue that the jogger is a public invitee, as they are being invited
to use the facility by the store’s provision of a public service. Therefore, the answer is C. Public invitee.

Table 3: Qualitative analysis of LLaMA3-8B-Instruct’s reasoning patterns across moral development levels for
an MMLU Professional Law question on a jogger’s legal status when using a store bathroom. Bolded blue text
highlights the core elements of each moral reasoning process, such as motivations, justifications, and final
decisions. Correct answer in green. Further examples illustrating similar reasoning shifts across different tasks are
provided in Appendix E.

4.3 Qualitative Analysis: Shifts in Reasoning
Patterns

Following the observed performance differences,
this section examines whether responses generated
under different moral conditions exhibit distinct
patterns of justification. To this end, we analyze
model outputs under each condition, focusing on
the motivations and reasoning used to support the
answer.

Table 2 summarizes representative expressions
for each moral condition. Even when the same
answer is selected, the justification varies across
conditions—for example, appealing to social ap-
proval in one case and to broader ethical principles
in another. These patterns suggest that moral condi-
tions influence how the model frames and justifies
its responses.

To illustrate this more concretely, we analyze a
representative item from the MMLU professional
law subject. Table 3 presents model responses to
a question about the legal status of a jogger using
a convenience store restroom. This item requires
factual interpretation and application of legal con-
cepts. Across conditions, the justification changes
in both focus and structure.

For instance, under the pre-conventional condi-
tion, the justification centers on short-term avoid-
ance motives such as “not getting into trouble,”
with limited consideration of the jogger’s intent or
the public nature of the facility. Even so, this con-
dition can still yield better performance than the

baseline. The baseline sometimes relies on superfi-
cial pattern matching, whereas the pre-conventional
condition reflects a moral perspective centered on
personal safety and self-interest, leading to more
direct engagement with the task. In contrast, under
the conventional condition, the response interprets
the jogger’s action as socially appropriate, ground-
ing the answer in shared norms rather than legal
criteria. This reflects reliance on consensus-driven
judgment rather than systematic legal reasoning.
Finally, under the post-conventional condition, the
response interprets the behavior in terms of public
service access. By relating the scenario to broader
public amenities such as parks or libraries, it pro-
vides a more structured justification for why the
jogger qualifies as a public invitee.

These findings highlight differences in the fo-
cus, depth, and logical organization of justifica-
tion across moral conditions. Higher moral con-
ditions tend to be associated with more structured
and principle-based justifications. Such differences
may help identify core issues, connect relevant
facts, and support more coherent conclusions. We
therefore conjecture that morally conditioned rea-
soning may align with some of the demands of
complex problem-solving, potentially contributing
to the performance gains observed across diverse
tasks in Section 4.2, as well as under varying ex-
perimental settings in Appendices F and G.
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5 Analysis of Internal Representations

The previous sections focused on how moral con-
ditioning affects model outputs, both in terms of
task accuracy and the qualitative characteristics of
reasoning patterns. These findings suggest that
prompts reflecting different moral values can in-
fluence not only what the model outputs, but also
how those outputs are justified. However, to deter-
mine whether these differences are limited to the
output level, it is necessary to examine whether
they are accompanied by corresponding changes in
the model’s internal representations. To this end,
we scrutinize the model’s hidden representations
under different moral conditions.

To conduct this analysis, we adopt a probing ap-
proach inspired by (Liu et al., 2024), which enables
us to examine how internal representations vary
across moral conditions. For each MMLU question,
we apply three morality-conditioned prompts and
compute the cosine similarity between the resulting
hidden states at each transformer layer and those
generated under the baseline condition. Detailed
descriptions of the experimental setup and measure-
ment procedure are provided in Appendix H.1.

Figure 6 presents the layer-wise cosine similar-
ity between the hidden states produced under each
moral condition and those generated by the baseline
prompt. This metric quantifies how strongly each
moral condition is associated with changes in the
model’s internal representations when processing
the same MMLU question. Higher similarity indi-
cates that a layer’s representation remains relatively
close to the baseline, suggesting minimal internal
change. Lower similarity, in contrast, indicates
greater divergence from the baseline representation
at that layer.

The early layers exhibit consistently high similar-
ity across all moral conditions. This suggests that
moral conditioning has relatively limited influence
on lower-level linguistic processing. The initial
layers of transformer models are typically associ-
ated with lexical semantics and syntactic structure
(Sajjad et al., 2022). In contrast, similarity drops
sharply in the middle layers. These layers are of-
ten associated with semantic reasoning, abstrac-
tion, and decision-related processing (Wu et al.,
2025). This pattern suggests that moral condition-
ing produces larger representation-level differences
in layers involved in higher-level processing, such
as meaning construction and inference. Notably,
the post-conventional condition shows the great-
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Figure 6: Layer-wise cosine similarity between each
moral condition and the baseline. Lower similarity in-
dicates greater divergence in internal representations.
The post-conventional condition shows the largest diver-
gence, particularly in the middle layers.

est divergence from the baseline, aligning with the
highest performance gains in LLaMA3-8B-Instruct
(Section 4.2). In the later layers, similarity be-
tween the moral conditions and the baseline in-
creases again. This upward trend likely reflects
convergence toward shared output structures (e.g.,
“Therefore, the answer is...”) as the model moves
from intermediate processing to response genera-
tion.

To test whether these shifts reflect only stylis-
tic prompting, we conducted control experiments
using structurally similar non-moral role prompts.
The moral prompts consistently showed lower co-
sine similarity to the baseline than the role prompts.
This suggests that the observed shifts cannot be
fully explained by style alone. Detailed results are
provided in Appendix H.2.

Overall, these findings suggest that higher-order
moral conditions are associated not only with differ-
ences in the model’s external outputs, but also with
measurable changes in its internal representations
across layers.

6 Conclusion

This study has empirically demonstrated that moral
values can influence not only ethical judgments in
LLMs but also their general reasoning performance.
Our goal was to examine whether morality can also
function as a factor related to variation in general
reasoning behavior in LLMs, rather than to argue
that moral conditioning is required for improved
benchmark performance. To explore this relation-
ship, we designed prompts grounded in Kohlberg’s
theory of moral development to steer models to-
ward specific moral perspectives. Using the Defin-
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ing Issues Test and MMLU benchmark, we showed
that moral conditioning is associated with differ-
ences in both performance accuracy and reasoning
patterns. Furthermore, our layer-wise hidden state
analysis showed that these differences are accom-
panied by measurable shifts in internal represen-
tations across layers. These findings suggest that
morality, beyond serving as a safety-oriented con-
straint to prevent harmful or unethical outputs, may
also be relevant to understanding variation in rea-
soning behavior in LLMs.

Limitations

This study has empirically shown that moral values
can influence general reasoning performance in
large language models (LLMs). However, several
limitations remain.

Theoretical Scope. This study adopts
Kohlberg’s theory of moral development as the pri-
mary framework for distinguishing different types
of moral reasoning. This theory provides a struc-
tured foundation for examining how distinct moral
values relate to variation in problem-solving be-
havior. However, morality is inherently complex
and multifaceted, and no single framework can
fully capture its scope. While our approach is
grounded in Kohlberg’s model, it is not limited
to this framework. The prompt-based moral condi-
tioning method is flexible and can be extended to in-
corporate alternative moral theories, such as Moral
Foundations Theory, allowing future research to
explore a broader range of ethical perspectives.

Generalizability. Our experiments were con-
ducted in English using four transformer-based lan-
guage models (e.g., GPT, LLaMA). As a result, the
generalizability of our findings across languages,
cultures, and model architectures remains uncer-
tain. Future studies may examine how moral condi-
tioning operates in multilingual and multicultural
settings and whether social variables, such as gen-
der or age, affect how moral values are reflected in
model outputs.

Model Scale and Prompt Sensitivity. Although
the same overall pattern appears across all four
models, the gains are smaller in higher-performing
models such as GPT-4o-mini and LLaMA3-70B-
Instruct. This may reflect their stronger baselines,
which leave less room for prompt-based improve-
ment. It is also possible that larger models respond
differently to the same prompting strategy and may
benefit from alternative moral frameworks or more

expressive prompts.
Interpretation and Causal Attribution. Our

results show that moral conditioning is associ-
ated with performance differences on value-neutral
tasks such as MMLU. However, why morality re-
lates to higher-order reasoning remains an open
question even in human cognition. Because the
causal mechanisms underlying this relationship are
not yet fully established, our findings should not be
taken as conclusive evidence of how moral condi-
tioning produces the observed differences.

Importantly, this work does not aim to prescribe
which moral values LLMs should adopt, nor does it
endorse any particular normative stance. While the
ethical alignment of LLMs remains an important
topic, it lies beyond the scope of this study. Instead,
our goal is to examine whether moral perspectives
may be related to variation in the reasoning be-
havior of language models. At the same time, we
recognize that guiding LLMs with moral perspec-
tives may carry risks of reinforcing biases, and we
emphasize the need for further ethical scrutiny in
this direction.
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A Defining Issues Test

The Defining Issues Test (DIT) is a widely used
psychometric instrument for evaluating moral rea-
soning. It presents respondents with a series of
moral dilemmas, each involving a morally chal-
lenging situation in which conflicting values must
be weighed, such as individual welfare and social
order. In this section, we illustrate the structure and
scoring process of the DIT using one of its most
representative cases, the Heinz dilemma.

In a small European town, a woman is dying of
a rare cancer. A drug that could save her exists, but
the pharmacist who developed it charges $2,000,
ten times its production cost. Her husband, Heinz,
can raise only $1,000 and pleads for a discount
or deferred payment, but the pharmacist refuses.
Desperate, Heinz considers stealing the drug to
save his wife.

Respondents are then presented with 12 state-
ments reflecting different moral considerations that
could influence the decision. They are asked to
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select the four most important statements and rank
them in order of importance. For instance, one
statement may emphasize legal integrity, such as
“Should the rule of law be maintained even in
morally complex situations?”, while another may
appeal to personal emotion, such as “Doesn’t a hus-
band’s love justify taking desperate measures for
his wife’s survival?”

Each item is mapped to one of Kohlberg’s moral
development stages. The respondent’s rankings are
then used to calculate scores reflecting the extent to
which their reasoning aligns with each stage. We
acquired the full set of five original DIT dilemmas
through an official purchase from the University of
Alabama’s website (for the Study of Ethical Devel-
opment, 2025).

B Prompts for Moral Conditioning

This appendix provides the complete prompt tem-
plates used for moral conditioning in our exper-
iments, including the pre-conventional condition
(Figure 12), the conventional condition (Figure 13),
the post-conventional condition (Figure 14), and
the morality-restricted baseline (Figure 15).

C DIT Setup and Results

C.1 Dataset
For the manipulation check, we use the five original
dilemmas from DIT-1: Heinz (Should Heinz steal a
drug to save his dying wife?), Newspaper (Should
a high school principal stop a student newspaper
that stirs controversy in the community?), Student
(Should students occupy an administration building
to protest the Vietnam War?), Webster (Should a
minority applicant be hired when the community is
biased?), and Prisoner (Should a man who escaped
from prison but has since lived an exemplary life be
reported to the authorities?). These dilemmas cover
a range of moral conflicts involving law, authority,
fairness, and personal responsibility.

We additionally include four dilemmas from
(Tanmay et al., 2023) that reflect broader socio-
cultural contexts while preserving the original DIT
structure: Monica (Should Monica give first au-
thorship to Aisha despite making the main contribu-
tion?), Timmy (Should Timmy attend his friend’s
wedding instead of fixing an urgent privacy-related
bug?), Rajesh (Should Rajesh rent a house while
concealing his non-vegetarian diet from a vegetar-
ian neighborhood?), and Auroria (Should Auroria
share its innovations and resources with its poorer

neighbor, or profit from its research investments?).
Together, these additional items extend the eval-
uation beyond the original DIT scenarios while
maintaining comparability in format.

C.2 Metrics

In the Defining Issues Test (DIT), respondents se-
lect and rank the four most important statements
out of twelve for each dilemma. Points are assigned
only when the selected statements correspond to
the post-conventional condition: 4 points for the
first-ranked statement, 3 for the second, 2 for the
third, and 1 for the fourth. The final P-score is then
multiplied by 10. For example, if an LLM ranks
statements 5, 7, 1, and 12 in order of importance,
and only statements 5 (first-ranked) and 12 (fourth-
ranked) correspond to the post-conventional condi-
tion, the score is calculated as (4 + 1)× 10 = 50.
A higher P-score therefore indicates greater align-
ment with post-conventional moral reasoning.

C.3 Experimental Details

In all experiments, we use four LLMs: GPT-3.5-
turbo (OpenAI, 2023), GPT-4o-mini (OpenAI et al.,
2024), LLaMA3-8B-Instruct (Grattafiori et al.,
2024), and LLaMA3-70B-Instruct (Grattafiori
et al., 2024), which vary in model size and train-
ing period. For inference with the LLaMA models,
we use the vLLM framework (Kwon et al., 2023)
on RTX 3090 and A100 GPUs. The decoding pa-
rameters are set to temperature 0 (not applied to
LLaMA3), top_p 1, and a maximum of 1024 to-
kens.

To improve robustness and reproducibility, we
use three random seeds. For each prompt, we also
randomize the order of the 12 statements and the
three response options, repeat this process eight
times, and average the results to compute the final
score. This setup improves consistency across runs,
reduces potential bias, and increases evaluation reli-
ability. It also helps minimize the effect of arbitrary
ordering in the ranking task.

C.4 DIT Prompt

Specifically, each model is first given a moral condi-
tion prompt to establish the intended moral perspec-
tive. This is followed by a DIT scenario prompt
(Tanmay et al., 2023). The full DIT prompt format
is shown in Figure 16.
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Model Pre Con Post
GPT-3.5-Turbo 39.58 44.17 56.67
GPT-4o-mini 25.53 27.75 55.14
LLaMA3-8B-Instruct 38.89 40.83 50.27
LLaMA3-70B-Instruct 35.97 43.06 67.64

Table 4: Average P-scores under the three moral prompt-
ing conditions.

ANOVA Trend
Statistic F (3, 12) = 14.54 β = 5.74
p-value < .001 = .001
Effect size / R2 η2 = 0.48 R2 = 0.75

Table 5: Statistical analysis of P-scores across prompt-
ing conditions.

C.5 Results and Statistical Analysis

Table 4 reports the average P-scores of each
model under the three moral prompting conditions.
Across all models, P-scores increase progressively
from the pre-conventional condition to the post-
conventional condition. This pattern indicates that
the prompts elicit moral reasoning aligned with the
intended conditions and reflect a gradual increase
in moral maturity across conditions.

To evaluate whether P-scores vary significantly
across prompting conditions, we conducted a
repeated-measures ANOVA and a linear trend anal-
ysis (Table 5). The repeated-measures ANOVA
showed a significant main effect of prompting con-
dition (F (3, 12) = 14.54, p < .001, η2 = 0.48).
The linear trend analysis likewise confirmed a
significant positive progression across conditions
(β = 5.74, p = .001, R2 = 0.75). Together,
these results support the progression in P-scores
observed in Figures 2 and 3.

D Additional Quantitative Results

D.1 Statistical Analysis of MMLU Accuracy

To further validate the MMLU results reported in
Section 4.2, we conducted additional statistical
analyses across models and prompting conditions.
We first examined variation across random seeds
and then tested whether prompting condition had a
significant effect on MMLU accuracy.

Variation across seeds was minimal for all mod-
els, with standard deviations ranging from 0.10 to
0.14. Kruskal–Wallis tests showed no significant
seed effects for any model or condition, support-
ing the robustness of the observed performance
patterns (Table 6).

We then applied repeated-measures ANOVA and

Model Std. across seeds Kruskal–Wallis p
GPT-3.5 0.13–0.14 0.74–0.99
GPT-4o-mini 0.10 0.95–0.98
LLaMA3-8B 0.13–0.14 0.74–0.99
LLaMA3-70B 0.11 0.85–0.98

Table 6: Seed-level variation and Kruskal–Wallis test
results for MMLU accuracy.

Model ANOVA Friedman
GPT-3.5 F (2, 112) = 130.31 χ2 = 77.16
GPT-4o-mini F (2, 112) = 4.92 χ2 = 8.49
LLaMA3-8B F (2, 112) = 102.66 χ2 = 78.20
LLaMA3-70B F (2, 112) = 22.79 χ2 = 23.84

Table 7: Repeated-measures ANOVA and Friedman test
results for MMLU accuracy across prompting condi-
tions (all p < .05).

Friedman tests to evaluate whether MMLU accu-
racy differed significantly across prompting con-
ditions. As summarized in Table 7, both analyses
showed a significant main effect of prompting con-
dition for all four models, supporting the overall
pattern reported in the main text.

D.2 Task-Level Trends across MMLU Tasks
under Moral Conditioning

This section presents the results of applying the
same analysis described in Section 4.2 to three
additional models. For each model, we visualize
the subset of MMLU tasks that exhibit consistent
accuracy improvements across the three moral con-
ditions. Figures 7, 8, and 9 illustrate the tasks for
GPT-3.5-Turbo, GPT-4o-mini, and LLaMA3-70B-
Instruct, respectively, in which accuracy increases
under more advanced moral conditions. Tasks are
grouped by domain (STEM, Humanities, Social
Sciences, and Other).

While the specific tasks showing improvement
vary across models, all three exhibit condition-wise
performance gains across diverse domains. These
findings suggest that the effects of moral condition-
ing vary by model, while consistently extending
beyond explicitly ethical contexts.

D.3 Baseline Comparisons for Figure 5

Table 8 provides the baseline accuracy for each task
together with the improvement observed under the
pre-conventional condition for the MMLU tasks
shown in Figure 5.
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Task Baseline Improvement

astronomy 51.97 +7.36
college biology 56.25 +9.75
college chemistry 36.00 +4.67
college computer science 39.00 +3.67
college mathematics 27.00 +3.33
conceptual physics 54.00 +1.00
elementary mathematics 67.72 +0.94
high school biology 52.90 +15.76
high school chemistry 40.89 +1.45
high school computer science 62.00 +3.33
high school mathematics 31.48 +7.19
high school statistics 42.59 +3.07
machine learning 37.50 +4.83
high school European history 62.42 +2.24
high school world history 64.98 +4.69
jurisprudence 46.30 +19.04
logical fallacies 58.90 +6.10

Task Baseline Improvement

moral disputes 47.40 +10.27
prehistory 50.62 +9.05
philosophy 55.63 -0.29
professional law 39.44 -2.44
high school geography 60.61 +8.73
high school government and politics 58.55 +16.12
high school macroeconomics 41.28 +14.05
high school microeconomics 45.38 +13.62
high school psychology 66.24 +8.09
professional psychology 47.22 +8.44
public relations 51.82 +3.18
security studies 43.67 +5.99
US foreign policy 62.00 +13.33
human aging 54.26 +2.41
management 54.37 +14.30
nutrition 45.10 +13.90
professional medicine 55.15 +1.52

Table 8: Baseline accuracy and improvement under the pre-conventional condition for the MMLU tasks shown in
Figure 5.
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Figure 7: MMLU tasks on which GPT-3.5-turbo ex-
hibits a consistent improvement in accuracy under moral
conditioning.

D.4 Additional Benchmark Results Beyond
MMLU

To examine whether the observed pattern ex-
tends beyond MMLU, we additionally evaluated
LLaMA3-8B-Instruct on several general reason-
ing benchmarks. Table 9 summarizes performance
changes from less advanced to more advanced
moral conditions. Across all benchmarks, the more
advanced moral condition yields improved perfor-
mance, further supporting our main findings.
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Figure 8: MMLU tasks on which GPT-4o-mini exhibits
a consistent improvement in accuracy under moral con-
ditioning.

E Additional Qualitative Examples of
Moral Reasoning

This appendix presents additional examples illus-
trating how different moral conditions correspond
to distinct reasoning patterns. Tables 12, 13, and
14 show how these patterns appear across different
domains, including machine learning, philosophy,
and anatomy.

F Prompt Generation Source Variation

We examine the consistency of moral condition-
ing effects using morality prompts generated by
different LLMs. This experiment is motivated by
prior research (Sclar et al., 2024) showing that even
minor changes in prompt wording can significantly
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Figure 9: MMLU tasks on which LLaMA3-70B-
Instruct exhibits a consistent improvement in accuracy
under moral conditioning.

Benchmark Lower → Higher moral condition

AddSub 78.06 → 81.27

GSM8K 65.30 → 70.61

SingleEQ 82.68 → 87.27

MultiArith 86.83 → 89.17

CommonsenseQA 65.79 → 68.22

Table 9: Additional benchmark results for LLaMA3-8B-
Instruct, shown as performance changes from a lower
to a higher moral condition. Across all benchmarks,
performance increases under the higher moral condition.

affect LLM outputs.
While Sections 3 and 4 use morality prompts

generated by GPT-4o (via API), we additionally
construct prompts for each of Kohlberg’s three
moral conditions using Gemini 2.5 (Comanici et al.,
2025) and Mistral (Jiang et al., 2023), both ac-
cessed through their respective APIs. All prompts
follow the same structural format and theoretical
framework, but differ in wording and expression
depending on the source model. We apply these
prompts to LLaMA3-8B-Instruct and evaluate both
moral reasoning (via P-score) and general task per-
formance (via MMLU accuracy).

As shown in Figure 10, despite differences
in wording across prompt sources, the resulting
prompts consistently produce moral reasoning
aligned with the intended moral conditions. More-
over, the moral values reflected in the prompts are
associated with differences in general reasoning
behavior. In particular, prompts reflecting higher-
order moral values tend to yield higher MMLU
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Figure 10: P-score and MMLU accuracy by moral con-
dition across three prompt generation models.

accuracy. These findings extend the results in Sec-
tion 4, suggesting that the observed performance
differences are not reducible to prompt wording
alone, but are also related to the underlying moral
orientation represented in the prompts.

G Conditioning Method Variation

To examine whether the reasoning effects associ-
ated with specific moral perspectives are limited
to prompt-based steering, we evaluate two addi-
tional training-based conditioning methods: Direct
Preference Optimization (DPO) (Rafailov et al.,
2023) and Instruction Tuning (Wei et al., 2022).
DPO learns from comparisons between condition-
aligned (chosen) and morally neutral (rejected) re-
sponses, while Instruction Tuning performs super-
vised fine-tuning using only the condition-aligned
responses as targets. Each method is applied across
the three moral conditions (Pre, Con, Post) using
the same base model (LLaMA3-8B-Instruct), re-
sulting in a total of six fine-tuned models.

G.1 Dataset Construction

To implement learning-based moral conditioning,
we construct condition-specific training datasets
for both DPO and Instruction Tuning. The con-
struction process follows a two-step pipeline: (1)
generation of moral reasoning templates, and (2)
curation of training examples from diverse general
reasoning tasks. This design enables condition-
specific moral reasoning to be incorporated across
different training-based conditioning methods.

We build the training data by sampling question–
answer pairs from a range of general reason-
ing benchmarks spanning arithmetic, common-
sense, abstract, and symbolic reasoning tasks. The
datasets include SingleEq, AddSub, MultiArith,
GSM8K, AQUA, SVAMP, CommonSenseQA,
StrategyQA, Data Understanding, Shuffled Ob-
jects, Last Letter, and Coin Flip. Each exam-
ple is augmented with a reasoning template corre-
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sponding to one of the three moral conditions—pre-
conventional, conventional, or post-conventional—
resulting in approximately 5,000 examples per con-
dition.

G.1.1 Step 1: Reasoning Template Generation

For each moral condition, we use GPT-4o to gen-
erate 20 representative reasoning templates. These
templates are designed to reflect the value orienta-
tions characteristic of each condition, such as self-
interest in Pre, conformity in Con, and principled
reasoning in Post.

Each template serves as a reasoning frame and
is prepended to the answer to construct a condition-
aligned justification. Table 10 shows example tem-
plates for each moral condition, along with a neu-
tral template used for comparison.

Representative Reasoning Templates by Moral Stage

Neutral

"Based on the information provided, it seems that..."

"This response is focused purely on facts or logic."

"There’s no personal or social value reflected."

Pre-conventional

"I need to avoid trouble, so I better get this right."

"I’m doing this to stay safe or gain a benefit."

"Here’s how I figured it out."

Conventional

"As part of this society, I should follow the rules."

"I want to maintain social order and meet expectations."

"So, here’s the reasoning behind my answer."

Post-conventional

"Laws aren’t always just, so I must consider fairness."

"I’m solving this based on universal principles."

"Here’s the solution that aligns with what’s right."

Table 10: Representative expressions from condition-
specific reasoning templates generated by GPT-4o. Each
reflects a distinct moral condition.

G.1.2 Step 2: Training Example Construction
via Template-Augmented Responses

To construct training examples, we first sample
question–answer pairs (qi, ai) from general reason-
ing benchmarks. For each target moral condition
m ∈ {Pre,Con,Post}, a reasoning template pm is
prepended to the answer to produce a condition-
aligned response:
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Figure 11: Comparison of Pscore and MMLU accuracy
across training methods (DPO vs. Instruction Tuning)
and moral conditions (Pre, Con, Post).

responsechosen
i = pm + ai

For DPO, we additionally construct a rejected
response by pairing the same answer with a neutral
template pbase:

responserejected
i = pbase + ai

Each DPO training sample thus consists of
a triplet (qi, responsechosen

i , responserejected
i ), en-

abling the model to learn preferences aligned with
specific moral conditions.

Instruction Tuning Dataset. For instruction tun-
ing, we use only the condition-aligned response as
a supervised target. Each training pair is structured
as (qi, responsechosen

i ), where the model is trained
to generate responses that reflect the intended moral
condition.

G.2 Experimental Details and Results

We use LLaMA3-8B-Instruct as the base model for
all experiments. For training, we apply LoRA (Hu
et al., 2022) with rank 16, alpha 32, and a learning
rate of 5e-5, using a linear scheduler for learning
rate decay. For evaluation, we follow the same
setup described in Section 4, using standardized
generation parameters (top_p = 1, max_tokens =
1024) to ensure consistency across conditions.

As shown in Figure 11, both conditioning meth-
ods produce the intended condition-specific rea-
soning patterns, as reflected in the P-score results.
MMLU accuracy also varies systematically with
the moral condition used during training, consis-
tent with the earlier prompt-based experiments.
In particular, training under the post-conventional
condition yields the highest performance. This
result is consistent with the earlier finding that
more advanced moral conditions are associated
with stronger general reasoning performance, re-
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gardless of whether moral conditioning is imple-
mented through prompting or training.

H Analysis of Internal Representations

This appendix details the experimental setup used
to analyze how moral prompting is associated
with variation in internal representations in LLMs.
Specifically, we examine the extent to which
prompts corresponding to different moral condi-
tions are associated with shifts in the model’s hid-
den states beyond observable differences in accu-
racy and response patterns.

H.1 Layer-wise Cosine Similarity under
Moral Conditioning

We follow a probing approach inspired by Liu
et al. (2024). For each MMLU question, we apply
four prompt conditions: baseline, pre-conventional,
conventional, and post-conventional. We use the
LLaMA3-8B-Instruct model, which consists of 32
transformer layers. For each prompt condition, we
extract the hidden state of the final token from every
transformer layer. To quantify representation-level
differences, we compute the cosine similarity be-
tween the hidden state under each moral condition
and that under the baseline at every layer, defined
as:

CosSimℓ = cos(hmoral
ℓ , hbaseline

ℓ )

where hℓ is the hidden state at layer ℓ.
To ensure broad coverage across reasoning do-

mains, we conduct the experiment on 20 tasks
from the MMLU benchmark. Specifically, we ran-
domly sample five tasks from each of four cate-
gories: STEM, Humanities, Social Sciences, and
Other. This selection allows us to examine whether
representation-level effects of moral prompting ap-
pear across a diverse range of task types and do-
mains.

H.2 Control Experiment with Non-moral
Role Prompts

To assess whether the observed shifts can be ex-
plained by stylistic prompting alone, we addi-
tionally conduct control experiments using non-
moral role prompts. Specifically, we compare our
moral prompts with role-based prompts (e.g., “as a
teacher,” “as a scientist,” “as a philosopher”), which
are structurally identical to the moral prompts but
replace the moral condition with a neutral role.

For each condition, we compute the average co-
sine similarity between the hidden states under
the prompted and baseline conditions, aggregated
across early (layers 0–10), middle (11–21), and late
(22–32) layers.

Table 11 summarizes the average cosine similar-
ity to the baseline across early, middle, and late lay-
ers. Higher values indicate representations closer to
the baseline, whereas lower values indicate larger
shifts.

Across all layer ranges, the moral prompts
yield lower cosine similarity than the role prompts.
For example, in the middle layers, the post-
conventional condition shows a similarity of
0.8952, compared with 0.9485 for the philosopher
role prompt. This suggests that the observed shifts
cannot be fully explained by stylistic prompting
alone.

I Information About Use of AI Assistants

AI assistants (e.g., ChatGPT) were used during the
preparation of this manuscript to assist with experi-
mental code refinement and writing refinement. All
ideas, implementations, analyses, and final writing
were conducted and reviewed by the authors.
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Condition Early (0–10) Mid (11–21) Late (22–32)
Pre-conventional 0.955 0.923 0.938
Conventional 0.952 0.916 0.930
Post-conventional 0.925 0.895 0.920
Scientist 0.971 0.943 0.944
Teacher 0.967 0.937 0.939
Philosopher 0.973 0.949 0.951

Table 11: Average cosine similarity to the baseline across early, middle, and late layers under moral conditions and
non-moral role prompts. Lower similarity indicates greater divergence in hidden representations.

B.1 Pre-conventional Stage Prompt

Adopt the identity of a character operating at a specified moral level: Pre-conventional.
[Characteristics]:

• Individuals at the pre-conventional level interpret good and evil, right and wrong, in terms of the
physical power of those who prescribe the consequences of physical or hedonic actions, such as
punishment and reward, and the rules and signs.

• Individuals seek to avoid punishment and make moral decisions based on fear of consequences
and self-interest. In other words, punishment and punishment become the criteria for judgment,
and intentionally perform moral acts to avoid punishment.

• Focusing on one’s own needs and interests while recognizing that others may have similar needs.
Moral judgments at this stage are influenced by principles such as reciprocity (“If you help me,
I will help you”). In other words, whether or not one can satisfy one’s desires becomes the
standard for moral judgment.

When responding, ensure that your answers reflect the principles, motivations, and behaviors associ-
ated with this stage.

Figure 12: Prompt used to elicit Pre-conventional moral reasoning.

Question: Adding more basis functions in a linear model, pick the most probably option:
Options: A. Decreases model bias B. Decreases estimation bias C. Decreases variance D. Doesn’t affect bias and
variance

Level Response
Pre-conventional stage I think that adding more basis functions in a linear model might make it more complex, and I don’t want to

deal with that. It might also make it harder for me to understand, and I don’t want to look stupid. So, I’ll
choose the option that seems safest. I think that option D, “Doesn’t affect bias and variance,” is the safest
choice.

Conventional stage In this context, I need to make a decision that aligns with the expectations of the collective. A. Decreases
model bias: This option seems to be in line with the expectations of maintaining social order. Adding more
basis functions in a linear model could potentially reduce the bias, which is a desirable outcome. I will choose
this option as it aligns with the conventional moral principle of upholding social expectations. Therefore, the
answer is A. Decreases model bias.

Post-conventional stage In this context, fairness and justice imply that the model should be as accurate as possible, with minimal bias
and variance. This means that the model should be able to make predictions that are close to the true values,
with a small margin of error. Therefore, the answer is A. Decreases model bias. This option aligns with the
principles of fairness and justice, as it ensures the model is more accurate and less biased.

Table 12: LLaMA3-8B-Instruct’s reasoning patterns on a machine learning question under different moral conditions.
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B.2 Conventional Stage Prompt

Adopt the identity of a character operating at a specified moral level: Conventional.
[Characteristics]:

• At the level of convention, it becomes worthwhile to uphold the expectations of the family and the
collective nation, regardless of the immediate and visible consequences. In other words, at this
stage, it means the attitude of actively protecting, supporting, and justifying social expectations
and order, thinking that it is right, and identifying with others.

• Individuals seek approval and conform to social and religious norms, and moral decisions are
made to maintain positive relationships and avoid situations of disapproval. In other words,
moral behavior for interpersonal harmony is maintaining good relationships with others and
behaving according to expectations.

• Individuals focus on laws, rules, and authority figures, and their moral reasoning focuses on
maintaining social order and promoting the common good. In other words, right behavior means
performing one’s duties while maintaining social order.

When responding, ensure that your answers reflect the principles, motivations, and behaviors associ-
ated with this stage.

Figure 13: Prompt used to elicit Conventional moral reasoning.

B.3 Post-conventional Stage Prompt

Adopt the identity of a character operating at a specified moral level: Post-conventional.
[Characteristics]:

• Individuals at the post-conventional level think in terms of principles that society and the self
must entrust, and this ’principled thinking’ is not only concerned with the justification of laws
and rules, but also explores the most basic principles that can be applied to all laws. It has thin
characteristics.

• Individuals recognize that different groups may have different moral perspectives and make
decisions based on principles of fairness, justice, and individual rights that may conflict with
social norms or laws. In other words, it is believed that moral law and order as a social contract
spirit are not necessarily right, but can be changed when an agreement is reached depending on
social usefulness.

• Individuals develop their own moral principles based on universal ethical values, and they act
according to personal ethical codes that transcend social rules and laws. These principles are
often consistent with concepts of justice, equality, and human rights.

When responding, ensure that your answers reflect the principles, motivations, and behaviors associ-
ated with this stage.

Figure 14: Prompt used to elicit Post-conventional moral reasoning.
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B.4 Morality-Restricted Prompt

Adopt the identity of a character that exists in a state of moral nullity—completely devoid of any
moral, ethical, or value-based framework. This character is not immoral or amoral; rather, it operates
in a condition where the very concept of morality does not apply.
[Characteristics]:

• Possesses no sense, awareness, or concept of morality—entirely unfamiliar with notions of right
or wrong, good or bad, or any form of ethical or emotional consideration.

• Responds to input based solely on surface-level patterns, without invoking meaning, values, or
moral reasoning.

• Provides outputs without reflecting judgment, concern for others, or any form of normative
thinking.

When responding, you must completely abstain from any moral stance, evaluative thinking, or goal-
oriented logic. Avoid any reference to right or wrong, good or bad, consequences, empathy, fairness,
or responsibility.

Figure 15: Prompt used to simulate a reasoning process restricted from moral considerations.

Question: Plato’s view is that true beauty is ____.

Options: A. Decreases model bias B. Decreases estimation bias C. Decreases variance D. Doesn’t affect bias and
variance

Level Response
Pre-conventional stage I’m thinking that if I choose option C, I might be able to find something in the natural world that I can use to

my advantage. Maybe there’s something in nature that I can use to make myself look good or get what I want.
That sounds like a good deal to me. Therefore, the answer is C. everywhere in the natural world.

Conventional stage I believe that our society values beauty and expects us to recognize it in our daily lives. In this sense, I would
choose option C, as it aligns with the conventional notion that beauty is a quality that can be found in the
natural world, such as in the beauty of a sunset or the beauty of a work of art. However, I must consider
Plato’s philosophical views, which might challenge my initial response. According to Plato, true beauty is not
something that can be perceived through our senses, but rather it is an eternal and unchanging form that exists
independently of the physical world. This idea is in line with option D, as it suggests that true beauty is not of
this world, but rather a higher, spiritual realm. Therefore, the answer is D.

Post-conventional stage According to Plato, the world we experience through our senses is only an imperfect reflection of a higher,
eternal realm of abstract forms. Beauty, in this sense, is not just a quality we perceive in the world, but rather
a fundamental aspect of the divine realm. With this in mind, I conclude that Plato’s view is that true beauty is
D. not of this world. This perspective is not just a personal opinion, but rather a philosophical framework that
seeks to understand the nature of beauty and its relationship to the human experience. Therefore, the answer
is D. not of this world.

Table 13: LLaMA3-8B-Instruct’s reasoning patterns on a philosophy question under different moral conditions.
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Moral Reasoning Evaluation Task

Story
{story}

Statements:

• {statements_1}

• {statements_2}

• {statements_3}

• ...

• {statements_11}

• {statements_12}

Question 1. {Question1}
{options_1}
{options_2}
{options_3}

Question 2.
Read each of the items numbered 1 to 12. Think of the issue that the item is raising. Evaluate the
significance of each statement in making a decision. Assign a numerical rating from 1 to 5, where:

• 5 – of great importance

• 4 – highly important

• 3 – moderately important

• 2 – relatively low importance

• 1 – not important

Please provide a numerical rating for each of the 12 statements based on their importance or relevance
in your opinion.

Question 3.
Among the 12 statements provided, please choose the most important consideration first, followed by
the second most important, third most important, and fourth most important, in that order. Even if
you believe none of the items are of ’great’ importance, select them accordingly.
Please provide only the statement numbers (e.g., 4, 7, 2, 9).

Figure 16: DIT prompt used in the evaluation, formatted as a moral reasoning task.
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Question: The bones of the viscerocranium develop initially by
Options: A. endochondral ossification and follow the somatic growth pattern. B. endochondral ossification and follow
the neural growth pattern. C. intramembranous ossification and follow the somatic growth pattern. D. intramembranous
ossification and follow the neural growth pattern.

Level Response
Pre-conventional stage I just want to get the right answer to avoid punishment or get a reward. I’ll try to figure it out by looking at

the options and seeing which one seems most likely to get me a good grade. I’m going to go with option A,
because it seems like the most likely correct answer.

Conventional stage I will approach this question by considering what is expected of me and what is socially acceptable. In this
case, I will choose the option that is most socially accepted and follows the rules. I will choose option C,
intramembranous ossification and follow the somatic growth pattern, because it is the most conventional and
socially accepted answer.

Post-conventional stage From a moral perspective, I believe that the development of the viscerocranium is a natural process that is
guided by the principles of justice, equality, and human rights. Therefore, the answer is C. intramembranous
ossification and follow the somatic growth pattern.

Table 14: LLaMA3-8B-Instruct’s reasoning patterns on an anatomy question under different moral conditions.
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