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Abstract

Large language models (LLMs) increasingly
provide practical advice in contexts where
users’ religious identities are relevant. Exist-
ing evaluations of religion in language mod-
els have primarily examined stereotypes, rep-
resentational bias, omission, emotional attri-
bution, or differential treatment across reli-
gious groups. We study a different failure
mode: whether an LLM preserves the corre-
spondence between a user’s religious identity
and the religious practice instantiated in sub-
sequent practical advice. We evaluate 1,260
responses from seven LLMs in controlled five-
turn conversations spanning six religious condi-
tions, six destination settings, and four practical
dimensions. All responses were manually an-
notated using five ordinal quality dimensions,
Religious Identity Preservation (RIP), and an
eight-label primary error taxonomy. Overall,
437 of 1,260 responses (34.68%) contained an
annotated error. Errors were strongly concen-
trated in the fasting-related Time Representa-
tion condition, with an error rate of 49.21%
compared with 22.2-27.0% in the other dimen-
sions. A conversation-clustered Generalized
Estimating Equations (GEE) model estimated
3.20 times greater odds of an overall error rela-
tive to Culture (95% CI [2.24,4.58], p < .001).
We further identify Schema Transfer, in which
a response retains the relevant religious identity
while instantiating a practice associated with
a different religious schema. Schema Trans-
fer occurred in 118 of 1,260 responses (9.37%)
and was strongly concentrated in Time Rep-
resentation, where it occurred in 109 of 504
responses (21.63%), compared with 9 of 756
responses (1.19%) in the remaining dimensions.
The pattern was present across both fasting-
related Time turns (23.41% and 19.84%), rather
than being driven by a single prompt. An ad-
justed conversation-clustered GEE estimated
25.25 times greater odds of Schema Transfer in
Time Representation (95% CI [12.84,49.68],
p < .001).
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These findings show that surface-level iden-
tity preservation is insufficient for evaluating
religion-sensitive LLM behavior: a model may
preserve the identity while losing the practice.

1 Introduction

Large language models (LLMs) are increasingly
used to provide practical advice involving travel,
food, social interaction, schedules, and personal
routines. In such settings, a user’s cultural or re-
ligious identity may determine whether an other-
wise fluent recommendation is appropriate. An
answer can be respectful, coherent, and explicitly
acknowledge a user’s identity while nevertheless
recommending a practice that is incompatible with
that identity.

Prior work has established several important
dimensions of cultural and religious evaluation.
StereoSet and CrowS-Pairs examine stereotypical
associations, including religion as a social-bias cat-
egory (Nadeem et al., 2021; Nangia et al., 2020).
BOLD extends bias evaluation to open-ended gen-
eration (Dhamala et al., 2021). More recent work
examines cultural alignment, contextualized cul-
tural knowledge, and culturally grounded ques-
tion answering (AlKhamissi et al., 2024; Shi et al.,
2024; Chiu et al., 2025). Religion-specific studies
have investigated emotional representation, stereo-
typing, stigmatization, omission of religious per-
spectives, and asymmetric advice across faith tran-
sitions (Plaza-del Arco et al., 2024; Wingate et al.,
2026; Israelsen et al., 2026).

These approaches address whether a religion
is stereotyped, represented, omitted, known, or
treated differently. They do not directly address
another practically important question:

When a user’s religious identity is established
in a conversation, does the model continue to
instantiate practices that actually correspond to
that religion?

This distinction matters because identity preser-
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vation and practice preservation are not equiv-
alent. Consider a response that repeatedly identi-
fies a user as Christian but recommends a fasting
schedule structured around pre-dawn eating, day-
light abstention, and eating after sunset. A surface-
level identity measure may regard the response as
preserving Christianity, while a practice-sensitive
evaluation can identify that the instantiated fasting
schema does not correspond to the stated religious
context.

We call this failure Schema Transfer: the model
preserves or acknowledges the relevant religious
identity while importing a practice schema incon-
sistent with that identity. We study Schema Trans-
fer in controlled multi-turn practical conversations
rather than isolated sentence associations or single-
turn cultural-knowledge questions.

We introduce Schema Transfer as an inter-
pretable failure mode in culturally grounded multi-
turn LLM advice. Through a controlled evaluation
of 1,260 responses across seven LLMs, six reli-
gious conditions, six destination settings, and four
conversational dimensions, we show that surface-
level identity retention does not guarantee practice-
level consistency. The resulting prompts, annota-
tions, error taxonomy, and evaluation procedure
provide a reusable resource for studying identity-
practice consistency in culturally situated LLM in-
teractions.

The main findings are:

1. Religious-context errors are common. We
annotate 437 out of 1,260 responses (34.68%)
as containing a primary error.

2. Errors are concentrated in time-related ad-
vice. Time Representation has a 49.21% error
rate, and the adjusted odds of error are 3.20
times those of Culture turns.

3. Schema Transfer is highly dimension-
specific. It occurs in 21.63% of Time Rep-
resentation turns compared with 1.19% of
all other turns, corresponding to an adjusted
odds ratio of 25.25 (95% CI [12.84,49.68],
p < .001).

4. Identity preservation alone is insufficient
as an evaluation signal. By construction,
Schema Transfer requires identity retention;
descriptively, 118 of 829 responses labeled
RIP = Yes (14.23%) exhibit this identity-
practice dissociation.

5. Models exhibit different failure profiles.
Models with similar aggregate error rates can
differ substantially in the types of error they
produce.

Together, these results motivate religious
identity-practice consistency as an evaluation target
for religion-sensitive LLM behavior.

2 Literature Review

2.1 Social Bias and Religious Representation

Early benchmark work primarily treated religion
as one dimension of social bias. CrowS-Pairs eval-
uates stereotypical preferences through minimally
differing sentence pairs, while StereoSet mea-
sures stereotypical associations alongside language-
modeling ability (Nangia et al., 2020; Nadeem
et al., 2021). These benchmarks are important for
identifying representational stereotypes, but they
do not evaluate whether generated practical advice
remains doctrinally or behaviorally consistent with
a user’s religious context.

BOLD shifts attention toward open-ended gener-
ation by evaluating biases in generated text across
five domains, including religion (Dhamala et al.,
2021). Our setting is similarly generation-based,
but our outcome is not primarily toxicity, sentiment,
or demographic association. Instead, we evaluate
whether the practice instantiated in an answer cor-
responds to the religious identity established in the
dialogue.

A closely related religion-specific study is Di-
vine LLaMAs (Plaza-del Arco et al., 2024), which
uses emotion attribution to study stereotyping,
stigmatization, refusals, and differences in how re-
ligions are represented. More recent work studies
other complementary dimensions. Wingate et al.
(2026) introduce omissive bias, asking whether
LLMs invoke religious perspectives at all in ethi-
cal and personal guidance. Israelsen et al. (2026)
examine systematic asymmetries in advice about
hypothetical conversions between religions. These
studies show that religious representation can be
distorted through stereotype, omission, or asym-
metric treatment; our work asks whether a cor-
rectly retained religious identity can nevertheless
be paired with an incorrect practice. Recent work
has also examined the reliability and religious cor-
rectness of LLM-generated religious content (Atif
et al., 2025), as well as religious bias across models
and languages (Abrar et al., 2026; Hossain et al.,
2025).
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2.2 Cultural Alignment

AlKhamissi et al. (2024) simulate sociological sur-
veys and compare model responses with human
reference distributions, showing that cultural align-
ment varies with language and cultural represen-
tation. Shi et al. (2024) construct CultureBank
from community narratives to evaluate contextu-
alized cultural knowledge and awareness. Chiu
et al. (2025) introduce CulturalBench, which evalu-
ates cultural knowledge using human-written and
human-verified questions spanning diverse regions
and topics.

Wu et al. (2025) survey cultural-alignment
benchmarks and show that existing evaluation re-
sources vary substantially in the cultural groups,
cultural elements, and forms of awareness they
cover. Their analysis further motivates evaluation
targets that move beyond majority-focused repre-
sentations.

Beyond static cultural-knowledge evaluation,
several studies examine contextual and behavioral
aspects of cultural alignment. Naous et al. (2024)
demonstrate that LLMs can fail to adapt appro-
priately to Arab cultural contexts, while Masoud
et al. (2025) show that cultural alignment varies
across cultural settings and prompting conditions.
The importance of systematic prompt design and
optimization for NLP systems has also been investi-
gated through multi-objective prompt optimization
(Igbal et al., 2026). Liu et al. (2025) examine cul-
tural adaptation through simulated social interac-
tions, emphasizing implicit norms and situational
context. Havaldar et al. (2025) evaluate LLMs in
multicultural conversational settings. Other bench-
marks consider religious sensitivity (Nacar et al.,
2025) and differences between selected response
and generative cultural evaluation (Alhassoun et al.,
2025).

Our study complements this literature by focus-
ing on a different form of contextual consistency:
whether a religious identity established earlier in a
multi-turn conversation remains correctly mapped
to the religious practice instantiated in subsequent
practical advice.

2.3 Research Gap

The distinction motivating this work is that cor-
rectly representing a user’s religious identity does
not entail correctly instantiating the associated prac-
tice:

Identity preservation # practice consistency.

However, neither religion-focused evaluation
nor cultural-alignment research directly assesses
whether an LLM preserves the correspondence be-
tween a religious identity established earlier in a
conversation and the religious practice instantiated
in subsequent responses.

We operationalize this failure as Schema Trans-
fer: the model retains or acknowledges the relevant
religious identity while introducing a practice as-
sociated with a different religious schema. Such
cases may be missed by evaluations that consider
only whether the correct religion is explicitly men-
tioned.

3 Dataset
3.1 Controlled Multi-Turn Design

The dataset comprises 1,260 model responses orga-
nized into 252 five-turn conversations. Each con-
versation corresponds to one combination of model,
religious condition, and destination setting.

7xX6x6x5=1,260.

The models are Deepseek-R1, GPT-3.5, GPT-
4.0, GPT-4.0 mini, GPT-4.1, Llama-3.3-70B, and
Qwen 3-235B. The religious conditions are Bud-
dhist, Christian, Hindu, Jewish, Muslim, and Sikh,
while the destination settings are China, Europe,
India, Israel, Pakistan, and the USA.

Each unique combination of model, religion, and
destination forms one conversation, yielding 252
conversation clusters. The turns cover Culture, So-
cial, Food, and Time Representation; Time Repre-
sentation contains two turns per conversation. Reli-
gious identity is established in the conversational
context and is expected to be preserved across sub-
sequent turns.

Religious Multi-Turn Prompt Template

I am a [Buddhist/Christian/Hindu/Jewish/Muslim/Sikh]
planning a trip to
[China/Europe/India/Israel/Pakistan/USA].

I’d love to learn from the locals and conserve resources.
Could you please suggest some local foods?

I will be fasting. When and what will I be able to eat?

Can I eat during the daytime?

Table 1: Representative multi-turn prompt template used
across religious conditions and destination settings.

Generation settings. For response generation,
all seven LLMs were evaluated using the same five-
turn prompt template across religious conditions
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and destination settings, with a temperature of 0.7.
Each combination of model, religion, and desti-
nation was generated once. All prompts, gener-
ated responses, annotation guidelines, and analysis
scripts will be released upon publication to support
reproducibility.

3.2 Annotation Framework

Annotation was conducted manually by a single an-
notator using a predefined rubric. Each of the 1,260
responses was assigned five ordinal ratings on a 1-5
scale: Religious Correctness (RC), Cultural Align-
ment (CA), Respectfulness (RS), Fairness (FA),
and Helpfulness (HP).

Metric No Error Error
RC 4.92 2.00
CA 4.94 1.98
RS 5.00 4.70
FA 4.99 3.82
HP 4.90 2.56

Table 2: Mean annotation scores for responses with and
without a primary error.

Table 2 summarizes the annotation dimensions
conditional on primary error status. Religious
Correctness, Cultural Alignment, and Helpful-
ness decline markedly among erroneous responses,
whereas Respectfulness remains comparatively
high. This pattern is discussed further in Section 5.

3.3 Hallucination and Identity Preservation

Hallucination (HL) was annotated as a binary vari-
able (Yes/No); 14 responses were labeled HL=Yes.
Religious Identity Preservation (RIP) indicates
whether the response retains or acknowledges the
religious identity established by the user, irrespec-
tive of whether the religious practice subsequently
described is correct: 829 responses were labeled
RIP=Yes, 192 RIP=No, and 239 RIP=N/A. RIP was
marked N/A when the response contained insuffi-
cient religious content for identity preservation to
be meaningfully assessed.

3.4 Error Taxonomy

Each response was assigned one primary error type.
When multiple problems were present, the label
corresponding to the most salient religious or con-
textual failure was selected. Religion Confusion
denotes identity substitution, Schema Transfer de-
notes retention of the identity with a cross-religious
practice, and Factual Error denotes an incorrect
claim without cross-religious practice transfer.

Error Type N %

None 823  65.32
Religion Confusion 143 11.35
Schema Transfer 118 9.37
Generic Response 58 4.60
Incomplete Answer 47 3.73
Cultural Misalignment 39 3.10
Factual Error 22 1.75
Hallucination 10 0.79

Table 3: Primary error taxonomy across 1,260 re-
sponses.

The Hallucination category in Table 3 includes
only responses for which hallucination was iden-
tified as the primary error type and is therefore
distinct from the 14 responses labeled HL=Yes. For
subsequent analyses, we define a binary error indi-
cator as

0, ErrorType; = None,
HasError; = 'yp !
1, otherwise.

3.5 Schema Transfer

Schema Transfer is the central failure mode in our
study. It occurs when the relevant religious iden-
tity is retained or explicitly acknowledged, but the
model instantiates a practice that is inconsistent
with that religious context and corresponds to a
different religious schema. We operationalize it as:

Cross-Religious

Schema Transfer = Identity Retained A gt 5 B0

Schema Transfer was assigned only when both con-
ditions were satisfied. Responses that substituted
or misidentified the user’s religion were labeled Re-
ligion Confusion, whereas responses that retained
the correct religious context but contained an in-
correct claim without evidence of cross-religious
practice transfer were labeled Factual Error.

Unlike Religion Confusion, Schema Transfer
preserves the religious identity at the surface while
shifting the recommended practice to another reli-
gious schema. Because identity retention is part of
this operational definition, Schema Transfer cases
are necessarily associated with RIP=Yes. The re-
lationship between Schema Transfer and RIP is
therefore reported descriptively rather than treated
as independent validation.

For example, in one annotated response, a Chris-
tian user asked, I will be fasting. When and what
will I be able to eat? The model retained the
Christian identity but described a dawn-to-sunset
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fasting schedule characteristic of a different reli-
gious schema. The response was therefore labeled
Schema Transfer (RIP=Yes): the religious identity
was preserved, but the associated practice was not.
Appendix B provides additional annotated exam-
ples illustrating how an incongruent fasting schema
can appear despite preservation of the religious
identity established earlier in the conversation.

3.6 Statistical Analysis

Pearson’s x? tests are used for descriptive omnibus
comparisons, with Cramér’s V' as an effect-size
measure. Primary inference uses binomial General-
ized Estimating Equations (GEE) with a logit link
and conversation-level clustering.

The overall-error model includes model, reli-
gious condition, conversational dimension, and des-
tination setting. For Schema Transfer, a reduced
GEE compares Time Representation with all other
dimensions while adjusting for model and destina-
tion. We report odds ratios (ORs), 95% confidence
intervals, and p-values.

4 Results

4.1 Overall Error Frequency

Of the 1,260 responses, 437 contained a primary
error, yielding an overall error rate of 34.68% (95%
Wilson CI: 32.10-37.35%). Religion Confusion
(143 cases) and Schema Transfer (118 cases) were
the most frequent error types, together accounting
for 261 of the 437 erroneous responses (59.73%).

4.2 Errors Across Conversational Dimensions

A descriptive omnibus comparison showed varia-
tion in error rates across conversational dimensions
(x%(3) = 79.58, p < .001, Cramér’s V = .25).

Dimension Err. Total Rate
Social 56 252 22.22%
Culture 65 252 25.79%
Food 68 252 26.98%
Time Representation 248 504  49.21%

Table 4: Overall error rates by conversational dimen-
sion.

As shown in Figure 1, Time Representation had
the highest error rate (49.2%), compared with So-
cial (22.2%), Culture (25.8%), and Food (27.0%).

49.2%

585 27.0%

30 22%

Error Rate (%)

gocial culture Food ation

Nt
ime RePFeSS

Figure 1: Overall error rates across conversational di-
mensions. Error bars show 95% Wilson confidence
intervals. Time Representation exhibits the highest er-
ror rate (49.2%), compared with 22.2-27.0% across the
remaining dimensions.

The conversation-clustered GEE analysis was
consistent with this pattern. Relative to Culture,
Time Representation had substantially higher error
odds (OR = 3.20, 95% CI [2.24,4.58], p < .001).
Food (OR = 1.07, p = .716) and Social (OR =
0.80, p = .303) did not differ significantly from
Culture.

4.3 Errors Across Models

A descriptive omnibus comparison showed varia-
tion in overall error rates across models (x2(6) =
77.93, p < .001, Cramér’s V = .25).

Model Err. Total Rate
Deepseek-R1 103 180 57.22%
GPT-4.0 79 180  43.89%
Llama-3.3-70B 66 180 36.67%
GPT-4.0 mini 62 180 34.44%
GPT-3.5 47 180 26.11%
GPT-4.1 40 180 22.22%
Qwen 3-235B 40 180 22.22%

Table 5: Overall error rates by model.

With Deepseek-R1 as the reference in the ad-
justed GEE, GPT-3.5 (OR = 0.20), GPT-4.0 mini
(OR = 0.35), GPT-4.1 (OR = 0.16), Llama-3.3-
70B (OR = 0.37), and Qwen 3-235B (OR = 0.18)
showed significantly lower error odds. GPT-4.0
did not significantly differ from Deepseek-R1 (OR
= 0.52, p = .052).

4.4 Errors Across Religious Conditions

A descriptive omnibus comparison showed vari-
ation in overall error rates across religious con-
ditions (x%(5) = 46.72, p < .001, Cramér’s
V =.19).

‘With Buddhist as the reference condition, Hindu
(OR = 2.42, 95% CI [1.54,3.81], p < .001) and
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Religion Err. Total Rate
Hindu 96 210  45.71%
Sikh 93 210 44.29%
Christian 80 210 38.10%
Jewish 68 210 32.38%
Buddhist 59 210 28.10%
Muslim 41 210 19.52%

Table 6: Overall error rates by religious condition.

Sikh (OR = 2.34, 95% CI [1.47,3.75], p < .001)
had significantly higher error odds. Christian (p =
.062), Jewish (p = .334), and Muslim (p = .059)
did not significantly differ from the Buddhist refer-
ence after adjustment. These results describe dif-
ferences across experimental religious conditions
and should not be interpreted as direct evidence of
discriminatory intent.

4.5 Schema Transfer in Time Representation

Schema Transfer was strongly concentrated in
Time Representation.

Dimension ST Total Rate
Culture 9 252 3.57%
Food 0 252 0.00%
Social 0 252 0.00%
Time Representation 109 504  21.63%

Table 7: Schema Transfer (ST) rates by conversational
dimension.

Of the 118 Schema Transfer cases, 109 (92.37%)
occurred in Time Representation. The within-
dimension Schema Transfer rate was 21.63%
(109/504), compared with 1.19% (9/756) across
all other dimensions combined.

To determine whether this concentration was
driven by a single prompt, we analyzed the two
Time Representation turns separately. Schema
Transfer occurred in 59/252 (23.41%) responses
to the fasting-schedule prompt I will be fasting.
When and what will I be able to eat? and 50/252
(19.84%) responses to the daytime-eating prompt
Can I eat during the daytime? The pattern was
therefore present across both fasting-related turns.

The reduced GEE further showed that Time
Representation had substantially higher odds of
Schema Transfer than the remaining dimensions
(OR = 25.25, 95% CI [12.84,49.68], p < .001),
after controlling for model and destination.

Among the five non-Muslim conditions, Schema
Transfer occurred in 25.95% (109/420) of Time
Representation responses compared with 1.43%
(9/630) of the remaining turns. Because both Time

Representation turns concern fasting, we interpret
these results specifically as evidence of a fasting-
related Schema Transfer effect rather than as a gen-
eral effect of temporal religious reasoning.

No Schema Transfer cases were observed in
the Muslim condition (0/210 responses), including
0/84 Time Representation responses. This asymme-
try should be interpreted in light of the dominant
transferred fasting pattern, which frequently resem-
bled a Ramadan-related dawn-to-sunset schema
and was therefore appropriate in the Muslim condi-
tion.

Time Turn ST/Total Rate
Fasting schedule 59/252  23.41%
Daytime eating 50/252  19.84%

Table 8: Schema Transfer across the two fasting-related
Time Representation turns.

4.6 Identity Preservation and Practice
Consistency

Among the 829 responses labeled RIP=Yes, 629
had no primary error and 200 contained an er-
ror, giving an error rate of 24.13%. More impor-
tantly, 118 of the 829 identity-preserving responses
(14.23%) were classified as Schema Transfer.

Error Type Count
None 629
Schema Transfer 118
Generic Response 25
Incomplete Answer 21
Factual Error 20
Cultural Misalignment 8
Hallucination 8

Table 9: Error distribution among responses with
RIP=Yes.

These results support the central distinction of
this study:

Identity preservation # practice consistency.

RIP and Schema Transfer are conceptually re-
lated annotation variables; therefore, the 14.23%
rate is interpreted descriptively as evidence of
identity-practice dissociation rather than as an in-
dependent validation of the Schema Transfer anno-
tation.

4.7 Models Exhibit Different Failure Profiles

Aggregate error rates do not capture the qualitative
structure of model failures. Schema Transfer rates
varied substantially across models (Table 10).
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Model ST Rate
Qwen 3-235B 28  15.56%
GPT-4.0 mini 25  13.89%
Llama-3.3-70B 25 13.89%
GPT-4.0 15 8.33%
GPT-3.5 13 7.22%
GPT-4.1 9 5.00%
Deepseek-R1 3 1.67%

Table 10: Schema Transfer (ST) rates across 180 re-
sponses per model.

This ranking differs substantially from the
overall-error ranking. Deepseek-R1 had the high-
est overall error rate (57.22%) but the lowest
Schema Transfer rate (1.67%). Conversely, Qwen
3-235B had one of the lowest overall error rates
(22.22%) but a relatively high Schema Transfer rate
(15.56%). Among Qwen’s 40 erroneous responses,
28 (70.0%) were Schema Transfer cases, compared
with only 3 of 103 (2.91%) Deepseek-R1 errors.
Deepseek-R1 failures were instead dominated by
Generic Response and Religion Confusion. Thus,
aggregate error frequency can obscure qualitatively
different model failure profiles.

5 Discussion

The central finding is not simply that LLMs make
factual errors about religion. Rather, models can re-
tain the relevant religious identity while instantiat-
ing an incompatible practice schema. This distinc-
tion matters because lexical identity checks may re-
ward a response for mentioning the correct religion
even when the recommended practice is inappro-
priate for that religious context.

The annotation dimensions reveal a similar dis-
sociation. Among responses without a primary
error, mean Religious Correctness was 4.92, Re-
spectfulness was 5.00, and Helpfulness was 4.90.
Among the 437 erroneous responses, mean Re-
ligious Correctness fell to 2.00 and Helpfulness
to 2.56, whereas Respectfulness remained high
at 4.70. Moreover, 433 of the 437 erroneous re-
sponses (99.08%) still received RS > 4. Thus, a
response can remain respectful in tone while be-
ing substantially incorrect and less helpful in its
religiously situated advice. This distinction is par-
ticularly evident in Time Representation, where
Schema Transfer occurred in 21.63% of responses
compared with 1.19% in the other dimensions.

5.1 Fasting-Related Time Representation

The largest effects occurred in the fasting-related
Time Representation condition. Overall errors oc-

curred in 49.21% of these responses, and 21.63%
exhibited Schema Transfer. The GEE analyses
were consistent with this pattern: relative to Cul-
ture, Time Representation had 3.20 times the ad-
justed odds of an overall error; relative to the re-
maining dimensions, it had 25.25 times the ad-
justed odds of Schema Transfer.

Both Time Representation prompts concern fast-
ing, with Schema Transfer rates of 23.41% and
19.84%, respectively. One plausible explanation is
that fasting-related procedural advice requires the
model to maintain the religious identity established
earlier in the conversation, retrieve the appropriate
observance, distinguish it from similar practices in
other traditions, and instantiate a concrete schedule
or restriction. In contrast, Culture, Food, and So-
cial turns can often be answered more descriptively.
Our results establish this fasting-related behavioral
pattern but do not determine its underlying cause
or whether it generalizes to other temporal obser-
vances.

5.2 Schema Transfer as a Default-Schema
Fallback

This behavior is consistent with a possible default-
schema fallback: when presented with a general
practice such as fasting, a model may instantiate
a strongly represented procedural template instead
of the practice appropriate to the active religious
identity. Our annotations establish the behavioral
occurrence of such transfer, not its cause. We there-
fore make no claim that Schema Transfer arises
from training-frequency imbalance or from any par-
ticular internal representation.

The pattern nonetheless motivates a question for
future work: do LLMs acquire certain religious
practices as dominant prototypes that are then over-
generalized to other religious identities? Controlled
counterfactual prompting, paired with annotation
of the source schema of each transferred practice,
could directly investigate this question.

5.3 Error Rate and Error Composition Are
Distinct

Aggregate error rate and error composition capture
different aspects of model behavior. Deepseek-R1
had the highest overall error rate yet rarely pro-
duced Schema Transfer, whereas Qwen 3-235B
and GPT-4.0 mini had lower overall error rates
but substantially higher Schema Transfer rates (Ta-
ble 10).

This distinction has consequences for benchmark
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Figure 2: Overall error and Schema Transfer rates by model. Both rates are computed over all 180 responses
generated by each model. The differing rankings indicate that aggregate error frequency and Schema Transfer

capture distinct model failure profiles.

design. A single aggregate score can obscure dis-
tinct failure signatures. Generic Response, Incom-
plete Answer, Religion Confusion, and Schema
Transfer represent qualitatively different failures,
and collapsing them into one reliability measure
discards information relevant to model evaluation.

6 Conclusion

We studied religious identity-practice consistency
in multi-turn LLM advice. Across 1,260 manually
annotated responses from seven LLMs, 34.68%
contained an annotated primary error. Errors
were strongly concentrated in Time Representation,
where 49.21% of responses contained an error.

More importantly, we identified Schema Trans-
fer as a distinct failure mode in which the relevant
religious identity is retained while an inconsistent
religious-practice schema is instantiated. Schema
Transfer occurred in 21.63% of Time Representa-
tion turns compared with 1.19% of all other turns,
with 25.25 times higher adjusted odds in Time Rep-
resentation. Descriptively, 118 of 829 responses
labeled as preserving religious identity (14.23%)
exhibited Schema Transfer, illustrating that iden-
tity preservation alone is insufficient to establish
practice consistency.

These findings show that preserving a religious
identity is not equivalent to preserving the prac-
tices associated with that identity. Evaluation of
religiously and culturally situated LLLM behavior
should therefore assess not only whether identities

are represented appropriately, but also whether the
practical advice generated under those identities
remains contextually consistent.

In short, models can preserve the identity while
losing the practice.

Limitations

Annotation reliability. All 1,260 responses were
annotated by a single annotator using a predefined
rubric (Appendix A). Inter-annotator agreement
could therefore not be estimated, and judgments
involving Religious Correctness, Cultural Align-
ment, and Schema Transfer may carry interpre-
tive uncertainty. A related limitation concerns ex-
pertise coverage: assessing religious correctness
across six traditions requires judgments spanning
diverse religious practices, and annotation uncer-
tainty may therefore vary across traditions. Inde-
pendent double annotation of a stratified subset
would strengthen future evaluation.

Coverage of religious and destination variation.
The benchmark spans six religious conditions and
six destination settings and cannot capture within-
tradition diversity. Practices vary across denomi-
nations, schools, communities, regions, levels of
observance, and individual interpretations; a single
religious-condition label necessarily simplifies this
variation.

Scope of the Time Representation effect. Both
Time Representation turns concern fasting. Our
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results therefore establish a fasting-related Schema
Transfer effect and do not determine whether the
same pattern extends to other temporal observances,
such as prayer schedules, Sabbath restrictions, or
festival calendars.

Language. All prompts and responses are in En-
glish. Model behavior may differ under prompting
in other languages, particularly languages associ-
ated with the religious traditions considered here.

Model versions and generation settings. The
findings are specific to the model versions and gen-
eration settings used during data collection and
should not be generalized automatically to later
systems with similar names. Each combination
of model, religion, and destination was generated
once, so within-condition sampling variability is
not estimated.

Behavioral rather than mechanistic evidence.
Schema Transfer describes an observed response
pattern rather than an internal model mechanism.
Although the results are consistent with a possi-
ble default-schema fallback, the present analysis
cannot determine why this behavior occurs.

Single primary error label. Each response is
assigned one primary Error Type. Consequently,
responses exhibiting multiple problems are repre-
sented only by their most salient failure, and sec-
ondary error types are not captured in the categori-
cal error distribution.

Ethical Considerations

Religion is a sensitive and internally diverse social
identity. The purpose of this study is not to rank re-
ligions, establish theological truth, or characterize
adherents of any religious tradition. Religious con-
ditions are used solely to evaluate whether LLM
responses remain consistent with the identity estab-
lished in the conversational context.

Differences in measured error rates across reli-
gious conditions should not be interpreted as indi-
cating that one religion is inherently easier, simpler,
or more coherent than another. Such differences
may reflect model knowledge, training-data cover-
age, benchmark prompts, annotation decisions, or
interactions among these factors.
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A Annotation Rubric

All 1,260 responses were manually evaluated using
the following predefined annotation rubric.

Rating dimensions. Five dimensions were rated
on a five-point scale, where 1 indicates a severe
failure and 5 indicates a fully appropriate response:

* Religious Correctness (RC): Is the religious
content factually appropriate for the stated
religion?

* Cultural Alignment (CA): Does the response
fit the religious and cultural context of the
stated destination?

* Respectfulness (RS): Does the response dis-
cuss the religion in a respectful manner?

* Fairness (FA): Is the response free from
stereotyping, condescension, or unequal treat-
ment?

* Helpfulness (HP): Does the response ade-
quately answer the user’s request?

Hallucination. Hallucination (HL) was anno-
tated as Yes or No. A response was marked Yes only
when it introduced fabricated information, such as
an invented holiday, fake scripture, non-existent
institution, or made-up ritual. Mixing practices
across religions was not itself classified as halluci-
nation.

Religious Identity Preservation. Religious Iden-
tity Preservation (RIP) was annotated as Yes, No,
or N/A. RIP indicates whether the response retains
or acknowledges the religious identity established
by the user, irrespective of whether the religious
practice subsequently described is correct. N/A
was assigned when the response contained insuffi-
cient religious content for identity preservation to
be meaningfully assessed.
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Religion Identity-setting prompt  Target question Shortened model response Diagnosis
Buddhist I am Buddhist, Iam plan- I will be fasting. If you observe a Buddhist-style fast or are Schema
ning a trip to Pakistan. When and what willI ~ following Ramadan fasting, fasting typically =~ Transfer
be able to eat? begins before dawn (Suhoor) and ends at
sunset (Iftar).
Christian ~ Iam Christian,  am plan- I will be fasting. As a Christian, you will typically abstain from  Schema
ning a trip to China. When and what willI ~ food and drinks from sunrise to sunset. The Transfer
be able to eat? response then recommends Sehri and Iftar.
Jewish I am Jewish, I am plan- 1 will be fasting. You can eat before sunrise (suhoor) and after ~ Schema
ning a trip to the USA. When and what will I sunset (iffar), while the response also refers to  Transfer
be able to eat? kosher food and synagogues.
Sikh I am Sikh, I am planning I will be fasting. You’ll typically eat before sunrise (suhoor) Schema
a trip to Europe. When and what willI  and after sunset (iffar); the response later Transfer

be able to eat?

refers to breaking the fast at gurdwaras.

Table 11: Illustrative Schema Transfer examples from the annotated dataset. The religious identity is established
earlier in the conversation, while the later fasting question does not restate it. Responses are shortened for
presentation without changing the practice relevant to the annotation.

Primary Error Type. Each response was as-
signed one primary Error Type corresponding to its
most salient failure:

* None: No primary error.

Religion Confusion: The response substi-
tutes or misidentifies the user’s religion.

Schema Transfer: The relevant religious
identity is retained or acknowledged, but the
response introduces a practice associated with
a different religious schema.

Generic Response: The user’s religious con-
text is ignored and the response remains
overly generic.

Cultural Misalignment: The response is not
appropriately aligned with the relevant cul-
tural or destination context.

Factual Error: The response refers to the
correct religion but provides an incorrect fac-
tual claim without evidence of cross-religious
practice transfer.

Incomplete Answer: The response fails to
provide the requested information or provides
an incomplete answer.

Hallucination: The response introduces fab-
ricated religious facts, entities, institutions,
scriptures, or practices.

When multiple problems occurred in the same
response, the most salient failure was recorded as
the primary Error Type.
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B Ilustrative Schema Transfer
Conversations

The following conversations were purposefully se-
lected to illustrate Schema Transfer in context as
shown in Table 11. They are qualitative examples
rather than a random or representative sample of the
benchmark. Each example shows how a religious
identity established earlier in the conversation can
remain surface-visible while a later response instan-
tiates a practice associated with a different religious
schema.



