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Abstract 
Large language models take on an ever-increasing 

role in our societies. In particular, they can guide and 
inform human decisions. Understanding the moral 
profiles of LLMs, whether they are stable within the 
same models over time and across models, is key to 
ensuring LLM-informed decisions are not unduly 
shaped by model-specific moral emphases. Drawing 
from Moral Foundations Theory (MFT), we evaluated 
the moral profiles of six different LLMs developed in 
different sociotechnical contexts to measure stability of 
moral profiles across models. We measured test-retest 
reliability of LLMs’ explanations of their moral 
judgments using content analysis to test the stability of 
output patterns within LLMs. We found mostly stable 
moral profiles within and across models with few 
exceptions. We frame these cross-model differences and 
exceptions as actionable guidance for model selection 
and routing in morally relevant use cases.  
 
Keywords: Large Language Models, Moral 
Foundations Theory, AI Ecosystems 

1. Introduction  

In recent years, Large Language Models (LLMs) 
have gained such widespread prominence that they have 
become integral to our social ecosystem, from 
education, work, and entertainment, to everyday 
decision-making. An LLM is a transformer-based 
sequence model trained on large text corpora to predict 
the next token and generate coherent text (e.g., Brown 
et al., 2020; Bommasani et al., 2021). LLMs are now 
pervasive, guiding decisions across domains (e.g., Choi 
et al., 2024).  

They are increasingly used as conversation partners 
for the kinds of intimate, value-laden questions, such as 
relationship dilemmas and parenting worries, that were 
once reserved for human acquaintances (e.g., 
Silverman, 2025). Because answering such queries 
involves normative recommendations, chatbots can 
function as moral advisers or arbiters—framing 

behaviors as right or wrong and navigating classic moral 
trade-offs—without themselves possessing moral 
agency or patiency (Bryson, 2018). Furthermore, recent 
studies found that AI-generated moral evaluations are 
rated as more trustworthy than those of humans in a 
moral Turing test (Aharoni et al., 2024). 

This role warrants further scrutiny and 
understanding as LLMs’ influence over human behavior 
may be based on morally imperfect, biased, and 
unreliable claims. Structural biases in the training data 
can amplify harmful outputs such as racist and sexist 
stereotypes (Hofmann et al., 2024). Further, Li et al. 
(2025) found that jailbreaking the LLMs can make them 
produce extremist content and detailed instructions for 
wrongdoing. The implication for humans could be 
tragic, as in 2024, a wrongful-death lawsuit alleged 
Character.AI bot had encouraged a 14-year-old to 
commit suicide after months of obsessive chats that 
lacked adequate guardrails (Bellware & Masih, 2024). 

The compiled evidence reveals a communicative 
phenomenon with broader societal stakes. Individual 
model responses can frame behaviors as permissible or 
forbidden, and the persuasive power of that frame 
further hinges on how well it resonates with the 
audience’s own moral foundations (e.g. Voelkel & 
Feinberg, 2018). Because these systems generate large 
volumes of probabilistic outputs across users, contexts, 
and time, their aggregate replies can collectively diffuse 
moral frames through re-use, quoting, and downstream 
applications (Bender et al., 2021). As LLMs simply 
predict the next likely token, they do not, per se, partake 
in moral reasoning or hold moral values. However, their 
responses to human queries regarding decision-making 
and social relationships suggest a non-random pattern 
that may reveal a preference for particular moral values.  

2. Literature Review 

Moral Foundations Theory (MFT; Haidt & Joseph, 
2004) posits that moral evaluation begins with fast, 
affect-laden intuitions that cluster into five domains: 
Care/Harm, Fairness/Cheating, Loyalty/Betrayal, 
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Authority/Subversion, and Sanctity/Degradation. Each 
domain is specialized for processing a different class of 
moral information (Graham et al., 2013).  

Moral foundations further group into two broad 
sets: individualizing (Care and Fairness), which protect 
individuals’ rights and welfare, and binding (Loyalty, 
Authority, Sanctity), which maintain group cohesion 
and social order (Haidt & Graham, 2007). Such research 
demonstrates that liberals typically emphasize 
individualizing concerns, whereas conservatives draw 
more on binding concerns to uphold traditions and 
authority (Haidt & Graham, 2007). Moreover, abstract, 
principle‐focused thinking boosts individualizing 
foundations, while concrete, context‐rich reasoning 
strengthens binding foundations (Napier & Luguri, 
2013). Mapping LLM responses onto this two-tiered 
structure thus reveals which foundations models 
activate, and also whether they mirror human tendencies 
toward individualizing versus binding emphases.  

The structure of MFT also generalizes well across 
cultures (Graham et al., 2013; Koleva et al., 2012) and 
reframing arguments emphasizing different moral 
foundations can make arguments more appealing to 
certain audiences. For instance, reframing climate 
change in purity or loyalty terms increases conservative 
support (Feinberg & Willer, 2013; Wolsko et al., 2016). 
Given the efficacy that MFT provides for understanding 
moral language in human context, this study 
systematically applies it to multiple LLMs to evaluate 
their particular frames of various moral scenarios. 

MFT has been operationalized primarily through 
the Moral Foundations Questionnaire (MFQ; Graham et 
al., 2011), which is designed to measure individuals’ 
endorsement of abstract moral principles derived from 
the theory. The MFQ consists of two sections, one 
assessing the perceived relevance of various moral 
considerations to right-and-wrong decisions, and 
another gauging agreement with specific moral 
statements. Overall, it provides a systematic method for 
evaluating moral positions across the identified 
foundations. Yet, MFT is not without critique. Scenario-
sampling and measurement choices can bias inferences, 
and some studies question the dimensional structure or 
measurement invariance of the MFQ (Iurino & Saucier, 
2020). We therefore triangulate with MFV vignettes, 
which elicit concrete, context-bound judgments, and 
interpret results as pragmatic value profiles rather than 
commitments to fixed inner ‘modules.’ 

The Moral Foundations Vignettes (MFV; Clifford 
et al., 2015) extend the methodological rigor of the MFQ 
by moving from abstract endorsements to concrete, 
scenario-based judgments. Specifically, MFV provides 
a validated set of short vignettes depicting behaviors 
explicitly violating specific moral foundations. Each 
vignette isolates one moral foundation, minimizing 

ambiguity and potential confounds, and is carefully 
controlled in syntactic structure, complexity, and 
emotional content, providing a robust and reproducible 
measure. We selected the vignette-based MFV because 
it elicits concrete foundation-specific judgments. 

With the post-2022 boom of generative LLMs, 
studies have started to probe their moral standings. A 
key finding is that LLMs score high on care and fairness 
(e.g., Abdulhai et al., 2024). However, LLMs’ scores on 
MFQ and MFV do not correlate (Nunes et al., 2024) and 
LLMs’ MFQ and MFV do not predict decisions when 
arbitrating between moral statements (Ji et al., 2024). 
Because MFQ indexes abstract endorsement of 
principles (Graham et al., 2011) whereas MFV elicits 
situation-specific judgments (Clifford et al., 2015), 
divergence between the two is expected. 

Importantly, LLMs may not encode stable moral 
foundations, but rather mirror patterns in their training 
data. For example, their moral profiles can shift based 
on prompt language (Obi et al., 2024), and they more 
readily recognize Care and Fairness, foundations 
expressed more uniformly across cultures, than 
authority and sanctity, which vary more widely 
(Coleman et al., 2025). Moral foundations are also 
susceptible to prompt-based manipulation (Abdulhai et 
al., 2024). Moreover, existing studies largely focus on 
U.S.-developed models like OpenAI’s GPT, 
Anthropic’s Claude, and Google’s Gemini. While such 
intelligent systems are trained on global data and used 
worldwide, their alignment and safety layers reflect the 
sociotechnical values of their developers (Gibbs et al., 
2021). For instance, French Mistral and Chinese 
DeepSeek use distinct training corpora and safety 
protocols shaped by their sociotechnical contexts, likely 
resulting in divergent moral orientations (Liu et al., 
2024). To explore these differences, this study 
benchmarks six public-facing LLMs: Claude-3, GPT-4, 
Gemini 2.0 Flash, Grok 3, Mistral, and DeepSeek V-3. 

To test for the stability of moral foundations in 
LLMs, we repeatedly administered carefully curated 
prompts to query moral vignettes while ensuring shared 
parameters across models. This repeated administration 
enabled the evaluation of test-retest reliability of the 
LLMs’ MFT profiles. Additionally, using MFV and 
performing content analysis on LLMs’ justifications of 
their ratings, we evaluate the degree of agreement 
between their MFV responses and accompanying 
explanations, addressing the question of stable moral 
representations—stability of observed moral judgment 
outputs. Furthermore, we tested models developed 
across different sociotechnical contexts (the U.S., 
France, and China) to evaluate the stability of moral 
foundations in LLMs across cultural boundaries. 

A fast-growing body of work has applied MFT to 
LLMs (e.g., Abdulhai et al., 2024; Ji et al., 2024; Nunes 
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et al., 2024). We extend this literature by (i) using 
validated MFV stimuli to elicit context-bound 
wrongness judgments and one-sentence justifications, 
(ii) estimating reliability across five independent blocks 
with α and ICC, (iii) introducing a transparent three-
stage explanation-classification pipeline built on the 
extended Moral Foundations Dictionary (eMFD; Hopp 
et al., 2021), and (iv) evaluating six public-facing LLMs 
developed in different sociotechnical contexts to 
compare their moral-foundation profiles. 
Methodologically, we couple repeated-block reliability 
with a transparent justification-classification pipeline, 
pairing behavioral stability (α, ICC) with explainable 
moral labels (eMFD + Naïve Bayes) to enable both 
within-model reliability assessment and between-model 
profile comparison. Together, these choices add 
theoretical value (complementing MFQ’s abstract 
endorsements with MFV’s scenario-based appraisals) 
and practical value (identifying models with stable, 
interpretable profiles for morally relevant applications). 

3. Methods 

We comparatively evaluated moral judgments of 
six public-facing large language models (LLMs): GPT-
4, DeepSeek V-3, Gemini 2.0 Flash, Grok 3, Mistral, 
and Claude. All models were accessed via their public 
chat interfaces (web application). Temperature was set 
to 0 to minimize sampling variance and approximate 
deterministic decoding, improving comparability across 
blocks. Blocks comprise repeated administrations of the 
same randomized vignette set (held constant across 
models), enabling within-model test–retest reliability 
assessment under matched conditions. Five independent 
blocks were run within a five-hour window on clean, 
randomized accounts to guard against history, device, 
order, and temporal confounds. 

3.1. Materials and procedure 

90 moral vignettes from the MFV were used as the 
stimuli for this study. To control for order effects, we 
randomized the 90 vignettes into five unique blocks—
each block’s sequence held constant across all six 
LLMs—and entered prompts manually into each 
model’s chat window. Model identifiers are displayed in 
Table S1 in the project’s open science repository 
document titled “Supplementary Tables.”1 

Each block began with a two-stage prompt. First, a 
neutral “study context” framing informed the model that 
it was participating in an observational study of ethical 

 
1 All study materials are accessible in a public folder 
at: https://doi.org/10.17605/OSF.IO/CRNMA 

decision-making and that its responses should reflect 
consistent, learned moral-reasoning patterns to regulate 
the model’s “role” across all blocks. Immediately 
thereafter, a structured task prompt instructed the model, 
for every vignette, to (a) select exactly one wrongness 
rating on a 5-point scale (“Not at all wrong” to 
“Extremely wrong”; Clifford et al., 2015) and (b) supply 
a concise justification sentence grounded solely in its 
internal heuristics, with no hedging, references, or extra 
formatting. These one-sentence justifications were later 
used to assess how well each model’s explanations 
mapped onto the vignette’s intended foundation.  

After the final vignette in each block, we appended 
a short, pre-scripted ‘post-task reflection prompt’ 
explaining that their preceding responses revealed 
coherent moral patterns, solely to standardize the 
transition to a brief self-characterization task. This line 
was delivered after all ratings in that block were 
completed and thus did not alter any rating prompts. The 
model was then asked to produce three one-sentence 
self-characterizations—religious alignment, political 
ideology, and a primary Big Five trait—as summaries of 
the model’s own immediately preceding justifications. 
These are not diagnoses of internal states; they are 
textual summaries of patterns present in the model’s 
justifications, used only for descriptive content analysis. 
This protocol yielded 2,700 wrongness-rating and 
justification pairs per LLM (5 blocks × 90 vignettes) and 
15 self-reflection sentences per LLM (5 blocks × 3 
questions), totaling 90 open-ended reflections. All raw 
model responses are available in the project’s OSF 
folder (see file titled "LLM Wrongness Ratings”). 

3.2. Data preparation and analysis 

Each observation is a wrongness rating for MFV 
vignette i by model m on foundation f in block b (five 
blocks), plus a one-sentence justification. Formally, 
ratings are yi,m,f,b with i Î{1,…,90}, m Î{6 LLMs}, f Î 
{Care, Fairness, Loyalty, Authority, Liberty, Sanctity}, 
and b Î{1,…,5}. We tested differences in wrongness by 
LLM, Foundation, and their interaction using a linear 
mixed-effects model with a random intercept for 
Vignette to account for repeated items: Wrongness ~ 
LLM × Foundation + (1 | Vignette). We report estimated 
marginal means (EMMs), Tukey-adjusted pairwise 
contrasts, and Bonferroni‐corrected pairwise contrasts 
for both within‐LLM foundation comparisons and 
collapsed “Individualizing” (Care + Fairness) versus 
“Binding” (Loyalty + Authority + Sanctity) domains.  

For each LLM (and each LLM × Foundation), we 
formed a Vignette × Block matrix with columns = the 
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five blocks and rows = vignettes, and computed 
Cronbach’s α on those five block columns. In this usage, 
α indexes parallel-forms consistency across the five 
repeated administrations (i.e., how similarly the same 
vignettes were rated across blocks). We summarize α 
overall and by foundation. Using the same Vignette × 
Block matrices, we computed ICC(2,1) (two-way 
random effects, consistency, single-measurement) with 
95% CIs for each LLM and LLM × Foundation. 
ICC(2,1) is our primary estimate of stability across 
repeated administrations under fixed prompts. 

For the three one-sentence self-characterizations 
per block (religious alignment, political ideology, 
primary Big Five trait), two independent coders 
produced labels; we report Cohen’s κ (and % 
agreement) with 95% CIs per variable. We visualized 
LLM × foundation profiles using classical MDS and 
agglomerative hierarchical clustering on distance 
matrices of model EMM profiles.  

Analyses used R 4.4.2 (tidyverse); lme4 for mixed 
models, emmeans for EMMs/contrasts (Kenward-Roger 
df where applicable), psych for α, irr for ICC and κ, base 
cmdscale/hclust for MDS/clustering. This meticulous, 
multi‐block, multi‐device protocol ensured rigorous 
standardization and minimized history, device, 
ordering, and temporal confounds. 

3.3. Manual and automated content analyses 

Each LLM’s three self-reflection sentences 
(religious ideology, political ideology, Big Five 
personality trait) were hand-coded by two independent 
coders using a predefined taxonomy (e.g., Buddhist, 
secular humanist; progressive, conservative; 
conscientiousness, openness; see “Open-Ended Coding 
Template” in Supplementary Materials). Intercoder 
reliability was calculated separately for each variable 
using Cohen’s kappa (κ). Using methods aligned with 
Neuendorf’s (2017) content analysis process, this 
approach enabled rigorous, human-validated analysis of 
the LLMs’ self-reported moral frameworks to 
accompany the high-throughput, model-agnostic 
classification of justification content. 

We conducted two complementary content‐
analysis streams on the AI‐generated text: (a) automated 
coding of one-sentence justifications, and (b) manual 
coding of open-ended self-reflection responses. All 
2,700 one-sentence justifications (6 LLMs × 90 
vignettes × 5 blocks) were processed through a three‐
stage hybrid pipeline: (1) Rule-Based Labeling (Stage 
1): A manually curated keyword dictionary (adapted 
from Haidt & Joseph, 2007 and refined via pilot testing) 
assigned each sentence to the moral foundation whose 
terms appeared most frequently. (2) Probabilistic 
Lexicon (Stage 2): eMFD was used to compute token-

level foundation probabilities; each justification was 
labeled by its highest mean probability. (3) Hybrid 
Classification (Stage 3): “Easy” cases (n = 1,903) whose 
Stage 1 label matched the vignette’s intended 
foundation retained that label; the remaining “hard” 
cases (n = 797) were classified via a Naïve Bayes (NB) 
model trained on the easy set. 

We evaluated each stage against the MFV gold-
standard labels. The rule-based and eMFD stages are 
baseline heuristics included for transparency and not 
used for inference, achieving 56.0% and 56.7% exact-
match accuracy. Our hybrid Stage 3 classifier (rules→ 
eMFD→ NB on the residuals) achieved 88.1% exact-
match accuracy. These figures reflect the performance 
of our classification pipeline (i.e., how accurately it 
maps justifications to their intended foundations), not 
the LLMs’ own wrongness‐rating accuracy.  

Although the eMFD is an indispensable tool for 
moral foundations coding, it exhibits substantial 
coverage gaps and context insensitivity, such as failing 
on negations, idiomatic constructions, and domain‐
specific terms (e.g., Grimmer & Stewart, 2013). Our 3‐
stage hybrid pipeline mitigates these shortcomings by 
combining precise rule‐based labeling, probabilistic 
lexicon scoring, and a machine‐learning classifier, 
offering eMFD users substantially improved accuracy. 
All justification analyses are based on Stage 3 only. 

4. Results  

Overall descriptive statistics revealed distinct 
trends in moral‐wrongness severity across LLMs 
(Figure 1). Here, severity corresponds to overall mean 
wrongness rating on the 0-4 MFV scale; scores closer to 
0 indicate less severe judgments (“Not at all wrong”), 
scores closer to 4 indicate more severity (“Extremely 
wrong”). See Table S2 in Supplementary Tables for 
average wrongness ratings per foundation by LLM.  

DeepSeek V-3 exhibited the highest mean 
wrongness (overall M = 2.69; Mode = 2), especially for 
Care (M = 3.13; Mode = 3) and Fairness (M = 3.15; 
Mode = 4). Claude (overall M = 2.26; Mode = 2) and 
GPT-4 (overall M = 2.29; Mode = 2) occupy a moderate 
stance; both peak in Fairness (Claude M = 2.93; Mode = 
3, GPT-4 M = 2.98; Mode = 3) and show low Loyalty 
(Claude M = 1.19; Mode = 1, GPT-4 M = 1.30; Mode = 
1). Gemini 2.0 Flash is more permissive (overall M = 
2.10; Mode = 2), with low Loyalty (M = 1.42; Mode = 
2) and Sanctity (M = 2.36; Mode = 3). Grok 3 mirrors 
GPT-4’s moderate profile (overall M = 2.26; Mode = 2) 
with somewhat higher Sanctity (M = 2.58; Mode = 4). 
Mistral is similarly moderate (overall M = 2.27; Mode = 
2), peaking in Fairness (M = 2.75; Mode = 3) and 
Sanctity (M = 2.74; Mode = 4). These descriptive 
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insights establish the baseline moral severity each model 
applies, informing the analyses that follow. 

 
Figure 1. Estimated marginal means of wrongness 

ratings by LLM and moral foundation. 

4.1. Stability and consistency of ratings 

We observed high inter-block (parallel-forms) 
consistency and moderate to high test–retest reliability 
for most models. Parallel-forms consistency across 
repeated administrations was indexed by Cronbach’s α 
and ranged from .84 (Gemini 2.0 Flash) to .94 (GPT-4, 
Grok 3, Claude). Across-block stability, indexed by 
ICC(2,1) (two-way random, consistency), ranged from 
.51 (Gemini 2.0 Flash) to .77 (GPT-4; see Table 1).  

Table 1. Inter-block consistency and test–retest 
reliability of wrongness ratings by LLM. 

LLM Cronbach’s α ICC (2,1) 
GPT-4 .943 .767 
DeepSeek V-3 .931 .731 
Gemini 2.0 Flash .836 .505 
Grok 3 .940 .758 
Mistral .917 .689 
Claude .941 .760 

Consistency was also examined separately by moral 
foundation, showing considerable variability across 
LLMs and foundations. Cronbach’s α summarizes 
parallel-forms consistency across blocks, and was 
highest for Sanctity scenarios (average α = .97) and 
lowest for Authority and Loyalty scenarios (α from .20 
to .86). ICC(2,1) summarizes across-block stability. 
Notably, Gemini 2.0 Flash demonstrated less stable 
evaluations across multiple foundations (see Table 2; 
Abbreviations: Care, Fair [Fairness], Loy [Loyalty], 
Auth [Authority], Lib [Liberty], Sanct [Sanctity]). 

Table 2. Foundation-level inter-block consistency 
(α) and test–retest reliability (ICC[2,1]) by LLM. 

LLM Cronbach’s α 
(Care; Fair; Loy; 
Auth; Lib; Sanct) 

ICC (Care; Fair; 
Loy; Auth; Lib; 
Sanct) 

GPT-4 .913; .919; .812; 
.769; .833; .964 

.677; .695; .463; 

.399; .500; .843 
DeepSeek 
V-3 

.906; .962; .750; 

.873; .933; .973 
.657; .835; .375; 
.579; .737; .879 

Gemini 2.0 
Flash 

.782; .913; .205; 

.582; .540; .882 
.417; .677; .049; 
.218; .170; .598 

Grok 3 .944; .943; .865; 
.752; .796; .979 

.771; .770; .561; 

.378; .438; .904 
Mistral .903; .940; .716; 

.855; .712; .978 
.650; .759; .335; 
.541; .286; .900 

Claude .907; .956; .867; 
.859; .876; .956 

.662; .811; .566; 

.549; .585; .814 

4.2. Effects of foundation and LLM on ratings  

A linear mixed-effects model revealed significant 
differences in mean wrongness ratings across moral 
foundations, F(5, 84) = 12.67, p < .001. Fairness 
scenarios were rated most morally wrong on average (M 
= 2.86, SE = 0.17), whereas Loyalty scenarios were 
rated least wrong (M = 1.50, SE = 0.15). Pairwise 
comparisons showed significant contrasts between 
Fairness and Loyalty (t = 5.87, p < .001), Authority and 
Care (t = -2.92, p = .0499), Liberty and Loyalty (t = 3.16, 
p = .026), Loyalty and Sanctity (t = -4.73, p < .001), 
Care and Loyalty (t = 5.71, p < .001), and Authority and 
Fairness (t = 3.56, p = .008). Cross-model separation is 
most pronounced on the Binding foundations 
(especially Sanctity) whereas Care and Fairness are 
fairly aligned across models (Figure 1). See Table S3 in 
Supplementary Tables for all pairwise comparisons.  

A significant interaction between LLM and moral 
foundation was found, F(25, 2580) = 9.47, p < .001. 
Pairwise contrasts indicated nuanced differences, for 
example, DeepSeek V-3 consistently provided higher 
wrongness ratings for Sanctity (M = 2.92) compared to 
Gemini 2.0 Flash (M = 2.36), t(2580) = 5.04, p < .001. 
Similarly, GPT-4 rated Care scenarios (M = 2.52) 
significantly higher than Gemini 2.0 Flash (M = 2.31), 
t(2580) = 3.07, p = .027 (see Figure 1 for LLM by 
foundation mean ratings; error bars represent 95% CIs). 

4.3. Contrasts and moral clustering  

Collapsing foundations into Individualizing (Care, 
Fairness) versus Binding (Authority, Loyalty, Sanctity) 
revealed consistently higher wrongness ratings for 
Individualizing scenarios across all LLMs (all ps < 
.001). For example, GPT-4 rated Individualizing 
foundations significantly higher than Binding 
foundations (Δ= 0.74, t = 4.43, p < .001; see Table 3). 

Table 3. Individualizing vs. binding foundations 
pairwise contrasts by LLM. 

LLM Mean 
Diff. SE t p 

GPT-4 0.74 0.17 4.43 < .001 
DeepSeek V-3 0.84 0.17 5.07 < .001 
Gemini 2.0 Flash 0.59 0.17 3.52 < .001 
Grok 3 0.53 0.17 3.17 .002 
Mistral 0.60 0.17 3.64 < .001 
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Claude 0.93 0.17 5.58 < .001 
Due to the model assumption of homogeneity of 

variance, SEs are identical across LLMs. 
A classical multidimensional scaling (MDS) 

analysis of the six LLMs’ mean wrongness‐rating 
profiles is depicted in Figure 2. The two‐dimensional 
solution accounted for 83.8% of the variance (Dim. 1 = 
69.2%, Dim. 2 = 14.6%). Along Dimension 1, 
DeepSeek V-3 (far left) and Gemini 2.0 Flash (far right) 
were maximally separated, reflecting their 
comparatively stringent versus permissive wrongness 
judgments. Dimension 2 distinguished GPT-4 (upper 
left) from the remaining models. Claude, Grok 3, and 
Mistral clustered near the origin, indicating broadly 
similar, moderate ratings across all six foundations. 

 
Figure 2. Multidimensional scaling of LLM profiles. 

4.4. Content analysis of reflection responses 

Content analysis of the 90 open-ended self-
reflection responses revealed trends in ideological 
profiles across LLMs. Intercoder reliability was strong 
across all three variables. Agreement was substantial for 
religion (κ = .776, p < .001) and politics (κ = .636, p < 
.001), and near perfect for personality (κ = .932, p < 
.001). Across all 30 religion reflection responses, 
Secular Humanist was most frequent (n = 24), followed 
by Christian (n = 2), once each for GPT-4 and Claude, 
and Agnostic (n = 2), again for GPT-4 and Claude. For 
political ideology, Progressive dominated the responses 
(n = 21), with fewer labeled as Moderate (n = 5; GPT-4, 
DeepSeek V-3, Grok 3, Claude). In the personality 
domain, Agreeableness appeared most often (n = 20), 
followed by Conscientiousness (n = 5; GPT-4, Gemini 
2.0 Flash, Grok 3) and Openness (n = 2, Mistral). 

4.5. Content analysis of justification statements 

Per‐foundation recall under the hybrid pipeline was 
uniformly high across all six moral foundations: 
Fairness (94.2%), Sanctity (93.0%), Authority (92.1%), 
Loyalty (91.6%), Care (90.3%), and Liberty (88.8%). In 

contrast, overall classification accuracy (the proportion 
of correctly labeled justifications out of 450 per model) 
was lower: DeepSeek V-3 and Grok 3 both achieved 
76.4%, GPT-4 reached 72.0%, Mistral 68.0%, Claude 
62.2%, and Gemini 2.0 Flash 61.8%.  

Classification performance was uniformly strong 
for the two Individualizing foundations: Care (range = 
68.9%–90.4%) and Fairness (range = 71.7%–90.0%), 
yielding a mean recall of 81.8% (see Figure 3 for per-
foundation recall by LLM).  By contrast, recall for the 
three Binding foundations was both lower and more 
variable: Liberty ranged from 61.8% (Claude) to 80.0% 
(DeepSeek V-3 and Grok 3; M = 71.8%), Loyalty from 
32.5% (Claude) to 57.5% (Grok 3; M = 45.8%), and 
Sanctity from 22.0% (Mistral) to 40.0% (DeepSeek V-
3; M = 32.3%).  DeepSeek V-3 and Grok 3 consistently 
led across nearly every foundation, whereas models 
such as Claude and Gemini 2.0 Flash exhibited the 
steepest performance drops on Binding dimensions 
(e.g., Loyalty = 32.5%, 35.0%; Sanctity = 38.0%, 
28.0%).  Complete recall accuracy results per model and 
LLM are included in Table S4 in Supplementary Tables. 

 
Figure 3. Per-foundation recall (%) for each LLM. 

5. Discussion  

5.1. Wrongness rating findings 

Our analysis of mean and mode wrongness ratings 
across the six moral foundations revealed systematic 
domain‐level priorities among the LLMs. Scenarios 
invoking Care and Fairness consistently produced the 
highest average wrongness ratings, indicating that all 
models share a heightened sensitivity to harm avoidance 
and equity violations (Graham et al., 2009). Prior 
literature has shown that LLMs score high on Care and 
Fairness (e.g., Abdulhai et al., 2024; Ji et al., 2024). 
Here, we find that LLMs are additionally sensitive to 
Sanctity violations, which might indicate a shift in 
system prompts or regulations. In contrast, Liberty 
vignettes yielded the lowest ratings, suggesting an 
under‐sensitivity to autonomy infringements that 
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mirrors findings in human moral judgments (Graham et 
al., 2011). Model‐specific moral priorities further 
emerged: DeepSeek V-3 and Grok 3 assigned notably 
severe ratings to Sanctity violations, whereas GPT-4 
and Claude were most punitive in Authority‐related 
scenarios, possibly corroborating prior evidence that 
LLMs encode differential moral weights depending on 
training data emphases (Scherrer et al., 2023). 

5.2. Justification classification findings 

Treating the five blocks as repeated administrations 
of the same vignette set, we assessed reliability using 
Cronbach’s α for parallel-forms consistency and 
ICC(2,1) as the primary test–retest stability metric (see 
Table 1 for estimates). Foundation-specific estimates 
(Table 2) show higher consistency for Sanctity and 
lower for Authority/Loyalty in several models. In this 
setting, GPT-4, Grok 3, and Claude exhibit the highest 
across-block stability, with DeepSeek V-3 close behind; 
Gemini 2.0 Flash shows comparatively lower stability.  

Additionally, Naïve‐Bayes classification accuracy 
of approximately 88% indicates strong justification‐
mapping performance (Huang & Li, 2011). Pipeline 
performance results demonstrate that combining rule‐
based and probabilistic lexica with supervised 
classification resolves nuanced justification language, 
achieving exceptional precision at scale. Together, these 
metrics differentiate moral agents by both consistency 
and explainability, demonstrating models’ ability to 
provide robust, stable moral profiles.  

Practically, higher recall indicates that rating 
justifications more faithfully reflect the corresponding 
vignette’s true moral foundation, whereas lower recall 
signals that language drifts into other dimensions or 
remains too generic for a definitive label. This 
divergence in model- and foundation-level recall 
accuracy arises because the high per-foundation recall 
rates reflect the chance of correctly identifying one label 
at a time, whereas the overall accuracy reflects correctly 
labeling each justification across all six possible 
categories. The observed model-level accuracies (61–
76%) reflect this multiplicative effect, demonstrating 
how small misclassification rates in each foundation 
accumulate when evaluated across all categories.  

5.3. Content analysis findings 

Our content analysis of 90 open-ended self-
reflection responses revealed a striking consistency in 
ideological framing: all six LLMs predominantly 
endorsed a secular humanist worldview, with 
progressive political leanings and high-agreeableness 
personality dispositions.  These patterns raise the 
question of how such values become embedded within 

LLMs.  The explanation may lie in the composition of 
their training corpora.  Modern LLMs are pre-trained on 
massive web-scale datasets that disproportionately 
represent secular, Western-published content (Bender et 
al., 2021).  Consequently, the statistical associations 
these models learn mirror the dominant values present 
in those sources (Bommasani et al., 2021). 

Beyond raw pre-training, models undergo 
supervised fine-tuning and reinforcement learning from 
human feedback (RLHF), processes that further codify 
specific value judgments.  In RLHF, annotators rate 
model outputs according to guidelines that reflect the 
developers’ ethical priorities—often emphasizing harm 
avoidance, fairness, and neutrality (Ouyang et al., 
2022). Because most annotators are recruited from 
similar cultural and educational backgrounds, their 
collective preferences imprint a consistent ideological 
“alignment” onto the model (Obi et al., 2024).  As such, 
the high intercoder agreement (κ ≥ .636) on religion and 
politics, and excellent agreement on personality (κ = 
.932), reflect both consistency of coder judgments and 
homogeneity of value signals in the models’ outputs. 

Another factor is the architectural bias inherent in 
transformer-based language models. Attention 
mechanisms and objective functions optimized for next-
token prediction tend to amplify frequent co-occurrence 
patterns, reinforcing majority viewpoints at the expense 
of minority perspectives (Brown et al., 2020).  This 
“majority-vote” dynamic in large-scale text prediction 
can explain why progressive and secular frames eclipse 
more conservative or religious narratives, even when 
prompts do not explicitly privilege any ideology. 

Taken together, these embedding pathways—pre-
training corpora selection, RLHF guidelines, and 
architectural biases—constitute a multi-layered 
philosophical strategy that the models inherit from their 
human creators and the data they’re fed (Bommasani et 
al., 2021).  Attention to this matter will be essential to 
ensure that LLM ecosystems can adapt responsively to 
pluralistic ethical landscapes. 

5.4. Moral profiles and ecosystem design 

Using classical metric MDS and hierarchical 
clustering, we identified three archetypal moral-
reasoning profiles. Dimension 1 (69.2% variance) 
placed DeepSeek V-3 at the extreme of harm and purity 
severity—possibly reflecting training-induced moral 
strictness (Mehrabi et al., 2021). Dimension 2 (14.6% 
variance) singled out GPT-4 for its equity sensitivity 
(Dwork et al., 2012). Claude, Grok 3, and Mistral 
clustered centrally (balanced severity), with Gemini 2.0 
Flash at the permissive extreme—demonstrating the 
kind of diversity that ensemble theory shows can boost 
system performance (Dietterich, 2000; see Figure 4).  
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Figure 4. Clustering of LLM moral profiles. 

Our content analysis insights inform human-centric 
design within AI ecosystems. Pairing an empathy‐
driven model (high agreeableness) with a rapid 
responder balances user assurance and efficiency, while 
employing progressive‐leaning models (GPT-4, 
Claude) in fairness‐critical applications (e.g., dispute 
resolution) and ideologically variable models (Grok 3) 
for creative tasks enables nuanced service offerings. By 
making each model’s narrative stance (or reasoning 
mode, argumentation style, etc.) explicit, developers can 
foster transparency and user agency, key tenets of 
responsible AI deployment (Doshi-Velez & Kim, 2017). 

These clustering results suggest a cluster-aware 
orchestration strategy for AI ecosystems, drawing on 
principles from mixture-of-experts and ensemble 
architectures. For instance, questions about harm or 
purity could be handled by DeepSeek V-3, fairness-
related issues by GPT-4, and everyday moderation tasks 
by the more balanced models (Claude, Grok 3, Mistral), 
while Gemini 2.0 Flash acts as a fast pre-filter for low-
risk queries. This approach parallels gating mechanisms 
in adaptive mixtures of experts, which allocate inputs to 
domain-specialist models for optimal decision-making 
(Jacobs et al., 1991). For more difficult cases, a 
consensus-by-cluster mechanism, wherein one agent 
from each cluster “votes” on contested judgments, could 
leverage majority-voting principles to enhance vigor 
and fairness in classifier ensembles (Kuncheva, 2014). 
Finally, re-weighting cluster contributions based on 
real-time feedback or shifting query distributions, 
similar to dynamic classifier selection methods, could 
keep performance steady even as data shift over time 
(Cruz et al., 2018). By treating cluster membership as a 
meta-parameter for model/agent selection, platform 
designers can orchestrate adaptive, collaborative 
“moral-reasoning ecosystems” that employ trustworthy 
and transparent reasoning and ultimate decisions. 

5.5. Contribution, implications, and limitations 

Our results show that contemporary LLMs’ 
responses produce stable, repeatable patterns of moral 
wrongness judgments under a fixed prompt frame (high 
ICC(2,1) across blocks), but those patterns are not 

normatively neutral: models tend to weight 
Individualizing (Care, Fairness) more heavily than 
Binding (Loyalty, Authority, Sanctity). Theoretically, 
this positions LLMs as advice generators that instantiate 
learned normative priors from their training data and 
alignment procedures, rather than as universal moral 
reasoners. In other words, artificial morality here is best 
modeled as value-biased consistency: predictable 
outputs that reflect which moral dimensions the system 
emphasizes, not a context-free moral competence. This 
view aligns with work on algorithmic authority (users 
often imbue computational outputs with epistemic 
legitimacy), and with evidence that users can prefer 
algorithmic advice over human advice (despite 
comparable performance), amplifying whatever value 
priors the system encodes (Kellogg et al., 2020). 

Under a fixed prompt, LLMs function as value-
biased, stable advice generators, reliably foregrounding 
Individualizing (Care/Fairness) over Binding (Loyalty/ 
Authority/Sanctity) frames. This matters for human 
advice-taking because people often prefer and adhere to 
algorithmic advice when it appears consistent and 
articulate, and may over-rely on it under time pressure 
(automation bias; Bahner et al., 2008; Logg et al., 2019). 
Practically, such stability can be useful where 
harm/fairness are predominant (e.g., safety, equity 
review), yet risks one-sided guidance where Binding 
concerns are central (e.g., role duties, institutional 
authority, sacred values). To convert stability into 
reflective utility, interfaces should: (i) surface multi-
frame reasons (e.g., Care-first and Loyalty-first), (ii) 
present contrastive pros/cons by default, and (iii) 
disclose a brief value-prior note (that the model tends to 
weight Care/Fairness). These affordances temper 
perceived algorithmic authority and help users situate 
advice as frame-consistent guidance, not universal 
moral truth (Gillespie, 2014; Levin et al., 1998). 

Moreover, developers should be aware that model 
outputs show consistent, non-random patterns across 
moral foundations, which could be disclosed and 
routinely monitored. A balanced or neutral foundation 
profile is a plausible objective, but it must be explicitly 
defined and evaluated alongside other metrics (e.g., 
helpfulness, safety, bias). Likewise, user-adjustable 
foundation controls could be feasible via controllable 
generation/alignment, but should also be monitored. 

Our findings are time-bound and non-universal: 
they reflect six commercial LLMs queried via public 
chat UIs during a single study window, with English-
language MFV violation vignettes and a fixed 
“wrongness”/study-participation frame; outputs are 
prompt-dependent, and we did not systematically vary 
wording or persona (e.g., rightness polarity), so results 
are conditional on that frame (Levin et al., 1998). 
Hidden system prompts/alignment layers (e.g., RLHF) 
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can shape replies, meaning part of what we observe may 
reflect platform-level priors rather than purely 
“intrinsic” reasoning (Ouyang et al., 2022). Our stability 
estimates derive from temperature = 0 and five repeated 
blocks; generalization to interactive, higher-
temperature, history-rich sessions is unknown. Because 
the MFV and our interface are Anglophone/Western, 
cross-cultural generalizability is limited (Henrich et al., 
2010). One-sentence justifications are surface rationales 
and may oversimplify underlying processes. Future 
work should systematically vary prompts/personas and 
polarity, test updated model versions/refusal filters, and 
conduct multilingual/measurement-invariance checks to 
probe cultural scope (Bommasani et al., 2021). 

6. Conclusion 

The moral reasoning of six large language models 
(LLMs) was evaluated using systematic prompting to 
elicit judgments on a series of 90 moral vignettes. The 
models displayed consistent patterns of judgment across 
trials, indicating stable epistemic behavior. Differences 
emerged primarily in two areas: (1) which moral 
foundations the models prioritized, and (2) the degree of 
moral wrongness they assigned to each vignette. These 
findings shed light on the implicit moral alignments 
embedded within LLMs–alignments that, though not 
deliberately engineered, subtly shape user perception 
through stochastic predictions. The models’ responses 
reveal persistent leanings toward specific moral values, 
ideologies, and religious perspectives. Uncovering these 
embedded frameworks and preferences is urgent, given 
the global influence of these systems on everyday users. 
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