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Abstract

Large Language Models (LLMs) are being used to adapt
math word problems for personalized learning at scale, and
whether those adaptations actually serve students is an open
question. Personalized learning, when conducted poorly,
can introduce extraneous cognitive load for students, which
makes it important to understand when and why LLMs fail
at this task. To account for these failures, we present cultur-
ally situated resource scarcity, a mismatch between language-
level data availability and coverage of the specific cultural
and educational context a task requires. A language can ap-
pear high-resource overall while still lacking data for the
community, region, script, domain, register, or educational
genre needed for a particular task. In this preregistered study,
we surveyed 552 native speakers across seven languages and
three regions to assess the effectiveness of three frontier mod-
els in culturally translating math word problems. Our confir-
matory results show that a low-resource language tier does
impact linguistic quality and cultural appropriateness scores,
but does not alter the mathematical reasoning of the transla-
tions. Our exploratory analysis shows, however, that region is
a better predictor of culturally adapted translation quality than
language resource tier. For example, Italian is a high-resource
language yet receives lower cultural appropriateness ratings
than all three Indian languages that were assessed, including
low-resource Punjabi. A single-axis resource classification is
insufficient. We argue that contributions from multiple data
types should be assessed when reviewing complex transla-
tion tasks to fully understand where translation failures are
occurring. We find that Likert ratings, checklist responses,
and open-ended coding reveal different failure modes, with
some coded errors not reflected in holistic ratings.

Code, Data, and Extended Version —
https://github.com/juniperlovato/MWP Survey Paper

Introduction
Math word problems are more effective when their themes
and contexts feel familiar to students (Koncel-Kedziorski
et al. 2016; Terrell and DeBay 2020). A familiar scenario re-
duces cognitive load, rather than spending working memory
interpreting an unfamiliar world, the student can focus on the
reasoning the problem is designed to teach (Sweller 1988;
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Cummins et al. 1988; Kintsch and Greeno 1985; Chandler
and Sweller 1991). An unfamiliar context adds a second task
on top of the math. The problem compounds when a context
appears to belong to a student’s culture but misrepresents it,
a problem designed to put a student at ease instead signals
distance, introducing an identity threat (Walton and Cohen
2007; Good, Rattan, and Dweck 2012).

Educators localize math word problems to avoid this.
They replace unfamiliar referents with locally meaningful
ones, preserve the mathematical structure, and remove bar-
riers to comprehension without altering what the problem is
designed to teach. LLMs are increasingly used to do this
work at scale (OECD 2026; Walkington 2025). A single
prompt can ask a model to translate a problem into a tar-
get language and adapt it for students in a specified country
or region. We call this culturally adapted translation to dis-
tinguish it from literal translation, which changes language
but not cultural surface, and from problem generation, which
creates problems from scratch. The model must transform
language and culture while preserving the underlying math-
ematical reasoning, this task means balancing three compet-
ing demands simultaneously, where optimizing for one can
compromise the others.

LLMs make cultural adaptation easy to scale, but scaled
failures require scrutiny because they may affect some pop-
ulations more than others. A translated problem can appear
locally appropriate, with adapted names, currency, and set-
tings, while still carrying assumptions that make it less use-
ful for students familiar with that culture. In prior work
(Suchdev and Lovato 2026), we analyzed math word prob-
lem translations at the entity level, tracking how LLMs
transformed, substituted, or omitted names, foods, curren-
cies, and settings across languages. That study showed what
models do to cultural entities at the corpus level, but did
not ask whether full translations were linguistically natural,
culturally appropriate, or mathematically faithful to native
speakers. A substitution that looks reasonable in isolation
can fail in context, replacing “Easter” with “Eid” is plausi-
ble, but retaining an egg-collection activity for Eid is not.

This paper moves from entity-level corpus characteri-
zation to translation-level human evaluation. We recruited
552 native speakers across seven languages, Hindi, Bengali,
and Punjabi (India); Urdu and Sindhi (Pakistan); and Ital-
ian and Sicilian (Italy), to evaluate 60 math word problems
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adapted by Claude Opus 4, GPT-4.1, and Gemini 2.5 Pro.
The language set spans three resource tiers and three re-
gional contexts, with pairs that allow within-region, within-
tier comparison (resulting in a total of 1,260 unique cultur-
ally adapted translations). We collected three types of evalu-
ation data, which included holistic Likert ratings of linguis-
tic quality (LQ), cultural appropriateness (CA), and reason-
ing preservation (RP); structured checklist responses identi-
fying specific cultural mismatch categories; and open-ended
comments, which we coded into a 51-label error taxonomy.
We find that these survey instruments are not interchange-
able, each makes different failures visible.

We preregistered five hypotheses prior to data collection
(Lovato and Suchdev 2026). H1: LLMs achieve lower trans-
lation quality in low-resource languages. H2: Cultural mis-
matches are more frequent in low-resource languages. H3:
Mathematical reasoning is less reliably preserved in low-
resource languages. H4: Gemini 2.5 Pro outperforms the
other models on cultural fidelity and reasoning preservation.
H5: Pronoun ambiguity compounds quality deficits in low-
resource languages.

Our results show that low-resource languages (Punjabi,
Sicilian, Sindhi) do receive worse ratings for linguistic qual-
ity and cultural appropriateness, but mid-resource languages
(Bengali, Urdu) are rated as well as high-resource ones
(Hindi, Italian), and reasoning preservation is unaffected
at any tier. We find that no model outperforms the others
and pronoun ambiguity makes no detectable difference. The
more consequential finding is what the language resource
tier classification misses. Region fits more than tier across
all three evaluation dimensions. Italian is a high-resource
language, yet Italian translations receive lower cultural ap-
propriateness ratings than translations into Indian languages
at every resource tier. Bengali is classified as mid-resource,
yet models assigned Bangladeshi taka to Indian Bengali stu-
dents. Urdu is classified as mid-resource, but available re-
sources are not equally reliable across scripts (Kreutzer et al.
2022). A language can be data-rich globally and culturally
thin in the specific community, domain, and script being
tested (Nigatu et al. 2024). We call this culturally situated
resource scarcity: the idea that translation quality depends
not only on how much text a model has seen in a language,
but on how well that text represents the specific cultural and
educational context being requested.

We collected three types of evaluation data, Likert ratings,
a structured cultural mismatch checklist, and open-ended re-
sponses coded into a 51-label error taxonomy. These survey
instruments do not agree on which translations are wrong
and where they fail. Grammar errors are most prevalent in
the open-ended taxonomy and are consistently reflected in
lower Likert ratings. Cultural errors are frequent in the tax-
onomy but inconsistently penalized in Likert scores. Partic-
ipants’ lower Likert scores for wrong names and implausi-
ble scenarios, but do not for currency mismatches or register
failures, even when those errors appear in open-ended re-
sponses. Math errors are rare in the taxonomy but cause the
largest Likert drops when they occur. We call this the detec-
tion gap. The failures that matter most for educational equity
do not always surface in the instruments designed to catch

them and we find that different tools catch different errors.
This paper makes three contributions. We provide a

large-scale preregistered native-speaker evaluation of LLM-
generated culturally adapted math word problems across
seven languages, three regional contexts, and three language
resource tiers. We show that the standard framing of trans-
lation quality as a function of language tier is insufficient,
region predicts quality better than tier, and a language can
be globally high-resource while remaining culturally thin in
the specific community, domain, and register being tested.
We also develop an error taxonomy from participant open-
ended feedback and show a detection gap analysis to quan-
tify which coded error types are not reflected in holistic rat-
ings, showing that culturally important failures can be diffi-
cult to capture with a single evaluation instrument.

Related Work
This paper connects three literatures: language resource tier
in Natural Language Processing (NLP), cross-cultural adap-
tation, and measurement validity. We argue that culturally
adapted math word problem translation should be evaluated
not by language alone, but by how well a model fits the tar-
get community, region, domain, and task. We also argue for
measurement instruments that capture these multiple axes.

Language Resources to Culturally Situated
Scarcity
In NLP, resource has generally meant the computational ma-
terials that allow systems to work for a language, though
the proxy has shifted over time. Early statistical machine
translation emphasized bitext and sentence-aligned corpora
(Resnik 1999; Resnik and Smith 2003; Nakov and Ng 2009);
supervised NLP emphasized labeled data for tasks such as
tagging, parsing, and classification (Yarowsky, Ngai, and
Wicentowski 2001; Duong et al. 2014); and language engi-
neering broadened the concept to include corpora, lexicons,
grammars, tools, and benchmarks (Krauwer 2003; Probst
et al. 2001; Besacier et al. 2014; ELRA 2026). Across these
stages, the logic remained stable: a language was treated as
more or less resourced according to whether the materials
required by a given NLP system existed.

In the LLM era, high, mid, and low-resource labels are
in common use but remain unsettled. Hämäläinen (2021) ar-
gues the term has been applied so loosely that almost any
language other than English can be called low-resource. The
cited attempt at precision is Joshi et al. (2020), who bin lan-
guages into resource classes using indicators such as labeled
and unlabeled corpora. The framework makes global NLP
inequality visible, but treats resource as a property of entire
languages. Nigatu et al. (2024) extend the critique, show-
ing that resource conflates data, community, language, and
agency, which are not separable in practice.

This data-centric framing scales easily but becomes
harder to interpret as the scale grows. Token counts func-
tion as a proxy for exposure under finite model capacity,
and recent work shows performance depends not only on to-
tal data size but on how training tokens are allocated across
languages (He et al. 2025; Longpre et al. 2026). The proxy
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only works if the tokens are representative in form and qual-
ity. Kreutzer et al. (2022) make this gap explicit through
audits of web-crawled multilingual data, showing that ap-
parent language coverage often contains mislabeled or non-
linguistic content. Their Urdu finding is central to our argu-
ment: in CCAligned, the standard Urdu subset was highly
usable, while the romanized Urdu subset contained very
little usable Urdu. The same issue appears beyond script.
Faisal et al. (2024) show that NLP performance varies across
dialects, varieties, and closely related languages, and paral-
lel work on Arabic finds that systems built on Modern Stan-
dard Arabic underperform on the dialects people use in daily
life (Naous et al. 2024; Mousi et al. 2025). The question is
therefore not only whether data exists for a named language,
but whether the available data represents the forms in which
people actually use it. Bird (2022) and Hershcovich et al.
(2022) argue that low-resourcedness is not a single prop-
erty of a language but a relation between variety, task, data
source, model, and evaluation setting.

Recent cultural benchmarks show that language coverage
does not guarantee cultural coverage. Myung et al. (2024)
show that LLM performance on everyday cultural knowl-
edge varies across countries even within the same language,
with models performing better for cultures more represented
online. Chiu et al. (2025) show uneven performance across
45 countries and regions. Together, these benchmarks show
that cultural performance depends not only on language sup-
port, but on whether models capture the everyday contexts,
regions, and practices associated with that language. Style
adds another axis. Havaldar et al. (2025a) show that cul-
turally appropriate conversational style depends on situa-
tion, relationship, and cultural context, while Havaldar et al.
(2025b) show that LLM translations often fail to preserve
intended style across politeness, intimacy, and formality, es-
pecially for several non-Western target languages. Together,
these studies show that literal meaning can be preserved
while culturally appropriate style is lost, a concern directly
relevant to translated math word problems that may preserve
reasoning while still sounding unnatural or pragmatically in-
appropriate. Taken together, this work shows that a language
is not a uniform pool of tokens and a culture is not a uni-
form property of a language community. Both are internally
varied along scripts, regions, registers, and genres – varia-
tion the standard resource framing cannot see. We refer to
the joint condition as culturally situated resource scarcity:
a model trained on a language has not thereby been trained
on every community that speaks it, every register that com-
munity uses, or every genre in which that community com-
municates with its children. For our task, the relevant unit
is the fit between a model’s training distribution and the tar-
get educational situation: an Urdu or Sindhi problem for stu-
dents in Pakistan, a Bengali problem for students in India, or
a Sicilian-language problem for students in Italy. With that
said, the instruments used to measure this multidimension-
ality must themselves be capable of capturing it.

Evaluation, Construct Validity, and Detection Gap
Automatic MT metrics have long shaped translation eval-
uation: BLEU enabled large-scale comparison through a

fast, inexpensive, language-independent metric (Papineni
et al. 2002), while later approaches such as BERTScore and
COMET moved beyond lexical overlap by using contextual
embeddings and neural models trained on human quality
judgments (Zhang et al. 2020; Rei et al. 2020). Yet automatic
scores often miss distinctions that matter to human evalu-
ators (Callison-Burch, Osborne, and Koehn 2006). Freitag
et al. (2021) argue for expert human evaluation using Mul-
tidimensional Quality Metrics (MQM), showing that inad-
equate evaluation procedures can lead to erroneous conclu-
sions. More recent work extends this concern: Error Span
Annotation asks evaluators to mark where serious transla-
tion errors occur, bridging scalar ratings and MQM-style er-
ror analysis (Kocmi et al. 2024).

Psychometrics provides the vocabulary for this problem.
Messick (1995, 1994) defines validity as an evaluative judg-
ment about whether evidence supports the interpretation and
use of scores, and identifies two threats that matter here: con-
struct underrepresentation, when an instrument omits parts
of the construct, and construct-irrelevant variance, when
scores are shaped by factors outside it. Survey methodology
adds a third concern: ceiling effects, where responses clus-
ter at the high end and lose discriminative power (Chyung,
Hutchinson, and Shamsy 2020).

Applied to cultural evaluation, these threats are central. A
single Likert rating of cultural appropriateness underrepre-
sents a construct that spans entity choice, register, regional
fit, and genre. Checklists can identify specific errors but miss
dimensions not anticipated by the instrument, while free-text
coding can surface those dimensions at the cost of greater
rater-dependent variance. No single instrument is psycho-
metrically sufficient for a construct with this many axes.

We call this mismatch the detection gap: each instrument
is selectively sensitive to a different slice of the construct.
Holistic ratings can indicate that something feels wrong
but cannot identify whether the issue is a name, currency,
regional convention, or register mismatch. Checklists cap-
ture predefined errors but miss diffuse failures of tone or
genre. Open-ended text coding recovers those details, but
a coded error does not necessarily mean the rater lowered
their scalar judgment. In the analysis below, we operational-
ize one form of this gap by comparing coded open-ended
labels with the corresponding Likert ratings. The fourth in-
strument, Corpus-level analysis (Suchdev and Lovato 2026)
captures failure on a systematic level such as models con-
verging on the same names or regional defaults across many
outputs. Because each instrument is selectively sensitive to
different failures, cultural adaptation studies must combine
instruments rather than rely on any one.

Methodology
Dataset and Translations
The math word problem dataset used for translation is a
modified subset from Karim et al. (2025), which is con-
structed from the GSM8K test set (Cobbe et al. 2021). Each
math word problem is accompanied by annotations that
identify culturally meaningful entities within that problem,
such as names, foods, currencies, and places. Using these
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annotations, we selected a subset of 60 problems to capture
a broad range of cultural entity types and to cover differ-
ent levels of complexity. Complexity refers to the number of
unique annotated cultural entity types in a problem. In addi-
tion to this subset construction, we introduced a controlled
modification to 16 of the 60 selected problems by replacing
gendered pronouns such as “he” and “she” with the gender-
neutral pronoun “they”. This modification introduces refer-
ential ambiguity and allows us to examine whether LLMs
preserve clarity when translating math word problems under
less explicit linguistic conditions.

We construct a multilingual translation corpus across
seven target languages from three regions and across dif-
ferent resource tiers (HR = high, MR = mid, LR = low).
For India: Hindi (HR), Bengali (MR), and Punjabi (LR); for
Pakistan: Urdu (MR) and Sindhi (LR); for Italy: Italian (HR)
and Sicilian (LR). Resource tiers are derived from HPLT
deduplicated word counts (see Appendix for full table) and
used consistently throughout (de Gibert et al. 2024).

Translations are generated using Claude Opus 4, GPT-
4.1, and Gemini 2.5 Pro, in a zero-shot setting. Each model
is prompted to translate and culturally adapt the problem
for the specified region using a standardized prompt (Full
prompt in Appendix). We set the temperature to 0.7 for all
generations to encourage lexical variation while maintain-
ing coherence (Singh et al. 2023; Moreno Garcı́a and Man-
giron 2024), and keep all other parameters at their default.
The translation pipeline and resulting corpus are described
in Suchdev and Lovato (2026); this paper focuses on native
speaker evaluation of those translations.

Using this dataset, we evaluate translations along three di-
mensions: linguistic quality (LQ), cultural appropriateness
(CA), and reasoning preservation (RP). We also examine
how translation quality varies as a function of ambiguity,
complexity, and the resource level of the target language.

Survey Design
Data were collected through seven parallel Qualtrics sur-
veys, one per language, structurally identical across lan-
guages but adapted to the linguistic and regional context.
Participants were recruited from India, Pakistan, and Italy
through a Qualtrics panel (IRB protocol STUDY00003740).

Eligible participants were at least 18 years old, had com-
pleted high school, and self-reported fluency in both English
and the target language, as well as familiarity with the rel-
evant regional culture. After consent and screening, partici-
pants completed a language and cultural fluency self-report
and a purpose-designed bilingual comprehension check. The
check was tested against frontier LLMs; none answered cor-
rectly. The check required integrating information from En-
glish text, target-language text, and an accompanying image
to arrive at the correct answer. Only participants who an-
swered correctly proceeded.

The full item pool consisted of 180 LLM-generated trans-
lations (60 source problems × 3 LLMs). Each participant
was randomly assigned to 5 translations. A quota was ap-
plied to ensure each translation received approximately 3 in-
dependent ratings, thereby meeting the target sample of 100
participants per language. Problems were presented with

both the original English and the LLM-generated transla-
tion displayed side by side. For each problem, participants
rated three dimensions on 5-point Likert scales (LQ, CA,
RP). Each Likert item was followed by a required open-
ended follow-up question. CA was additionally assessed via
a 15-item mismatch checklist (e.g., names, settings, social
norms, units, idioms, other, none of the above), presented
in randomized order. Next, participants were asked to com-
plete demographics questions (e.g., gender, age, race/ethnic-
ity, culture, education, home region, country of residence).
Submissions flagged as ballot stuffing, duplicates, incoher-
ent or gibberish open-ended responses, or completion times
under 120 seconds were dropped before analysis (initial re-
cruitment = 700, final N = 552).

Survey Analysis
All confirmatory analyses were preregistered, and preregis-
tered exploratory analyses are noted where applicable. We
computed descriptive statistics such as means, medians, and
standard deviations for each Likert dimension (LQ, CA, RP)
disaggregated by language, region, resource tier, model, and
ambiguity condition. Checklist responses were summarized
as raw counts and proportions per category.

We also conducted Kruskal-Wallis tests to assess the dif-
ferences across resource tiers and, as a preregistered ex-
ploratory analysis, across regions. For pairwise compar-
isons, we conducted Mann-Whitney U tests with rank-
biserial correlation (r) to measure effect size. Effect sizes are
reported alongside p-values. We computed pairwise Spear-
man correlations across the three Likert dimensions, overall
and disaggregated by language tier, region, and language.
95% Confidence intervals were created using a bootstrap
with 10,000 iterations (seed = 42).

A confirmatory analysis used ordinal logistic regression to
predict each Likert dimension from resource tier (reference:
high), cultural complexity (1–5 entities), ambiguity condi-
tion, LLM model (reference: Gemini 2.5 Pro), and ambigu-
ity × resource tier interaction terms. An exploratory analysis
replaced the resource tier with geographic region (reference:
India) using identical predictors and interaction terms. We
also fit logistic regression models predicting the presence
of a binary mismatch on the cultural checklist under both
tier and region specifications. Model fit was assessed using
Akaike Information Criterion.

Error Taxonomy Development and Analysis Open-
ended responses (N = 8,303) were coded using a collabora-
tive inductive-deductive procedure. We developed a taxon-
omy of 51 labels grouped into three supercategories: gram-
mar, culture, and math errors. Administrative labels: invalid
or unusable responses were excluded before analysis.

Annotator 1 first reviewed a pilot sample of 745 responses
to identify preliminary categories, then coded a stratified
random sample of 1,141 responses, evenly distributed across
languages and representing 14% of the dataset, to refine
the taxonomy. Annotator 2 reviewed the resulting code-
book, and Annotators 1 and 2 revised label definitions by
consensus. The finalized codebook was then applied to the
full dataset by three annotators, who divided responses and
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coded them independently. Annotators 1 and 2 had partici-
pated in codebook development; Annotator 3 received only
the written codebook, allowing us to test whether the taxon-
omy could be applied by a coder not involved in its creation.

To assess reliability, we drew a stratified random 10%
subsample of responses originally coded by Annotators 2
and 3 (n = 674), evenly distributed across languages, and
had Annotator 1 independently re-code them. Percent agree-
ment between the original coder and independent coder was
97.7%. We report percent agreement rather than Cohen’s
kappa because kappa can be difficult to interpret in induc-
tive, multi-label, or prevalence-skewed qualitative coding
settings (McDonald, Schoenebeck, and Forte 2019). Coding
yielded 2,231 total labeled errors across all seven languages.

For each label, we computed the mean Likert rating on
the relevant dimension among responses with that label (ex-
ploratory). We define the detection gap as the difference
between the overall dimension mean and the label-specific
mean. Positive values indicate that raters lowered scores
when the error was present; values near zero or negative in-
dicate that raters did not penalize the error.

Results
Rating Distributions by Language and Region
Throughout the results, resource tier refers to the HPLT-
derived grouping (high: Hindi, Italian; mid: Bengali, Urdu;
low: Punjabi, Sicilian, Sindhi),(de Gibert et al. 2024) and
region to the country specified in the translation prompt (In-
dia: Hindi, Bengali, Punjabi; Pakistan: Urdu, Sindhi; Italy:
Italian, Sicilian). We see that native speaker ratings are high
across all seven languages and three evaluation dimensions,
with means ranging from 3.94 (Urdu, cultural appropriate-
ness (CA)) to 4.32 (Hindi, CA) on the 1-5 Likert scale
(full tables in Appendix). Overall medians are 4.0 across
all three dimensions, a threshold we return to in the detec-
tion gap analysis. Standard deviations are consistently larger
for Pakistan languages (1.01-1.07) than for Indian or Italian
ones (0.73-0.92), suggesting greater evaluator disagreement
rather than worse performance. At the tier level, aggregate
means decline modestly from high to low resource: Linguis-
tic Quality (LQ) from 4.21 to 4.06, Cultural Appropriateness
(CA) from 4.22 to 4.04. Reasoning Preservation (RP) shows
the smallest tier gradient of the three dimensions (4.23 to
4.16), consistent with the null H3 result. Pairwise Spearman
correlations between the Likert dimensions were strong and
consistent across all subgroups (ρ = 0.56–0.72).

Figure 1 shows the within-tier structure. Within the high
tier, Hindi (India, CA = 4.32) and Italian (Italy, CA = 4.11)
diverge by 0.21 points on CA. Within the mid tier, Ben-
gali (India, LQ = 4.28) scores above Hindi (LQ = 4.23), a
language one tier higher. Punjabi (low resource, India, LQ
= 4.16) scores above Urdu (mid resource, Pakistan, LQ =
3.95). The language tier ordering is not preserved within
regions or across them. Figure 1 shows that Pakistan lan-
guages occupy the lower portion of all three panels at ev-
ery tier level; Indian languages occupy the upper portion;
and Italian languages sit between them. The dots cluster by
color, not by resource tier position.

Resource Tier and Model Effects
We tested five preregistered hypotheses using Kruskal-
Wallis tests for group comparisons and ordinal logistic re-
gression to identify predictors of Likert ratings (reference
categories: Gemini 2.5 Pro, high resource tier, standard am-
biguity; Figure 2 left panels, see Appendix for full Table).

H1, that low-resource languages receive lower translation
quality scores, and H2, that low-resource translations intro-
duce more cultural mismatches, receive partial support. Re-
source tier predicts LQ (OR = 0.78, p = 0.012) and CA (OR
= 0.72, p = 0.001) at the low-resource tier; mid-resource
languages are indistinguishable from high-resource ones on
both dimensions. H3 that low-resource translations produce
more mathematical reasoning errors is not supported: re-
source tier does not predict RP ratings at any tier level (low
tier: OR = 0.93, p = 0.476). H4 (Gemini 2.5 Pro outperforms
Claude Opus 4 and GPT-4.1) and H5 (pronoun ambiguity
compounds low-resource deficits) are not supported: model
and ambiguity condition do not predict ratings on any di-
mension, and ambiguity × tier interactions are null through-
out (all p > 0.22).

H1 and H2 receive partial support. Resource tier pre-
dicts LQ and CA at the low-resource tier; mid-resource lan-
guages are indistinguishable from high-resource on both di-
mensions (Kruskal–Wallis: LQ H = 9.58, p = 0.008,
ε2 = 0.003; CA H = 14.62, p = 0.001, ε2 = 0.004).
H3 is not supported: tier does not predict RP at any level
(H = 1.53, p = 0.466). H4 and H5 are not supported: model
and ambiguity condition are null across all three dimensions,
including the ambiguity × tier interactions (all p > 0.05).

Two features of this pattern are worth noting. First, the
tier effect is dimension-specific: it surfaces on surface-level
LQ and CA but not on RP, suggesting that resource scarcity
shapes the cultural and linguistic register of translations
without systematically disrupting their mathematical logic.
Second, the absence of a mid-tier effect means that tier is
not a continuous predictor, it flags only the lowest-resource
languages, and even then with modest effect sizes.

Region as an Alternative Predictor
The within-tier spread raises a question that the confirma-
tory model cannot answer, if Bengali (mid resource, India)
rates higher on linguistic quality than Hindi (high resource,
India), and Punjabi (low resource, India) rates higher than
Urdu (mid resource, Pakistan) on all three dimensions, then
resource tier is not doing the explanatory work we expected.
The pattern seen in Figure 1 suggests that a language’s re-
gion of origin, which indexes cultural and geographic con-
text rather than just training data quantity, may be a more
precise predictor than its resource tier. We ran exploratory
ordinal logistic regressions replacing resource tier with re-
gion (reference: India), using the same covariates and model
specification as the confirmatory analyses. Region is not a
post-hoc covariate. The prompt names the country, so ev-
ery translation was generated under an explicit regional in-
struction; the region models test a variable the models were
directly conditioned on. We see that region models fit bet-
ter than tier models on all three dimensions. AIC is lower
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Figure 1: Mean native speaker ratings by language, grouped by language resource tier (low: Punjabi, Sicilian, Sindhi; mid:
Bengali, Urdu; high: Hindi, Italian), across three evaluation dimensions. Each point represents one language; blue circles =
India, green squares = Italy, red triangles = Pakistan. Error bars show 95% bootstrap confidence intervals. Within each tier,
languages from the same region cluster together: India consistently above the tier center, Pakistan consistently below, while
languages sharing a tier but different regions diverge substantially. Urdu scores below Punjabi on all three dimensions, and
Sindhi scores below Sicilian (low-tier, Italy).

for the region specification on LQ (6800 vs. 6817, ∆AIC =
−17.7), CA (6802 vs. 6825, ∆AIC = −22.4), and RP (6664
vs. 6674, ∆AIC = −10.6), with the largest improvement on
CA (Figure 2 right panels, see Appendix for full table).

Both Italy and Pakistan rate significantly lower than In-
dia on LQ and CA. For LQ, Italy shows OR = 0.81, 95%
CI [0.67, 0.99], p = 0.039, and Pakistan shows OR = 0.73,
95% CI [0.60, 0.88], p = 0.001. The CA effects are larger:
Italy OR = 0.74 [0.61, 0.91], p = 0.003; Pakistan OR = 0.62
[0.51, 0.76], p < 0.001. For RP, Italy is not significant (OR
= 0.97, p = 0.792), but Pakistan is (OR = 0.82 [0.67, 1.00],
p = 0.047), making it the only predictor in either model to
reach significance on that dimension. Ambiguity condition
and model effects remain null throughout.

Italian here is notable, it is a high-resource language, it is
not data-scarce in any global sense, yet Italian translations
receive lower CA ratings than translations into Indian lan-
guages at every resource tier. The regional contrast is visible
within the high tier itself: Hindi (India) receives a mean CA
rating of 4.32 while Italian (Italy) receives 4.11, a gap of
0.21 points that is larger than the full high-to-low tier ag-
gregate difference on that dimension. This is not entirely ex-
plained by the amount of Italian text in the LLM training
data alone. An alternative account involves the specific cul-
tural domain being tested, elementary school mathematics
problems embedded in Italian regional contexts, which may
be underrepresented even in Italian-language training data.

Urdu is classified as mid-resource (MR) by token count,
yet scores below low-resource (LR) Sicilian on all three di-
mensions.Kreutzer et al. (2022) found that the standard Urdu
subset in CCAligned was highly usable, whereas the ro-
manized Urdu subset contained very little usable Urdu text.
Token count may therefore mask a script-level data qual-
ity gap rather than genuine MR coverage. Sicilian presents
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Figure 2: Odds ratios with 95% confidence intervals from
ordinal logistic regressions predicting native speaker rat-
ings. Left: confirmatory models with resource tier as pri-
mary predictor (reference: High). Right: exploratory mod-
els with region as primary predictor (reference: India). Both
include complexity, ambiguity, and model (reference: Gem-
ini 2.5 Pro) as covariates. Dark blue diamonds: p < 0.05;
grey circles: p ≥ 0.05.
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the inverse condition. Classified as LR, it shares the Latin
script, regional cultural context, and typological proximity
of Italian, a high-resource (HR) language; Sicilian also lacks
a standardized orthography, and contemporary written use
spans multiple spontaneous spelling conventions (Gyllstad
and Kupisch 2025). Italian-language data may therefore pro-
vide partial lexical, orthographic, and cultural support that
Sicilian token counts alone do not reflect, consistent with
evidence that cultural knowledge can transfer across typo-
logically related languages during adaptation (Zhang, Liao,
and Feng 2025). The Pakistan languages lack an equivalent
HR neighbor: Urdu and Sindhi share the same script con-
straints with no HR Perso-Arabic language in our sample.
This contrast motivates culturally situated resource scarcity:
the degree to which training data represents a language as
used by a specific community, script, domain, and register.
Our findings are consistent with this framing, but we can-
not measure script-level or cultural data density from model
outputs alone and treat this as a hypothesis for future inves-
tigation via training-data audits and targeted probing.

Checklist Pattern Mismatch
Across all 2,827 checklist survey responses, the most fre-
quently flagged mismatch category is names, places, or ob-
jects not reflecting the target culture (14.6% of responses),
followed by awkward or unnatural phrasing (12.4%) and an
unfamiliar math problem format (12.2%; full table in Ap-
pendix). The prominence of the math format item in the top
three is also notable: it is a Math & Format category flag, not
a cultural fit concern, appearing ahead of items like social
norms (9.3%), idioms (9.2%), and humor (8.2%). Approxi-
mately 37% of responses selected “none of the above,” indi-
cating that a substantial minority of evaluations were judged
culturally appropriate across all categories.

The resource tier does not predict whether a mismatch
will be flagged. In the confirmatory logistic regression pre-
dicting any mismatch presence (full table in Appendix), nei-
ther mid-resource (OR = 0.89, p = 0.334) nor low-resource
tier (OR = 1.06, p = 0.590) differs from high-resource.
The tier-level frequencies are consistent with this: the most-
flagged items shift somewhat across tiers but the overall
rates are similar and no tier shows a dramatically higher or
lower flag rate. Ambiguity condition and cultural complex-
ity are also null throughout (full table in appendix).

The region model tells a different story. In the exploratory
specification, Italy shows a strong negative effect on mis-
match presence: Italian evaluations are 46% less likely than
Indian ones to flag any checklist item (OR = 0.54, 95% CI
[0.44, 0.67], p < 0.001). Pakistan is not significant (p =
0.165). The AIC difference between the region and tier mis-
match models is ∆AIC = −41.8, considerably larger than
the improvement seen in the Likert regressions, indicating
that region is a better fit than resource tier.

Our checklist results show that the regional difference
is one of type, not just rate (see Appendix for full fig-
ure). Indian languages produce concentrated mismatches
like names, everyday practices, and Math & Format items
(currency, measurement conventions). Each appears among
the top four flags across all three Indian languages.

Italian raters produce a different profile. No item exceeds
7.2%, and the distribution is compressed across abstract
concerns. Over-generalized representation leads, rather than
concrete flags like wrong names or currency. Sicilian adds a
further contrast, awkward phrasing leads all cultural fit cat-
egories, making it the only language in the dataset where a
Language & Expression item tops the checklist.

Pakistan languages show another profile, they are domi-
nated by identity and naming failures at rates higher than in
any Indian or Italian checklist. Sindhi has the highest single-
item rate in the dataset, with names or objects deemed cul-
turally inappropriate at 24.3%. Urdu leads with awkward
phrasing (15.5%) and names (15.0%), with math format
also prominent (14.4%). These three profiles suggest that
what raters notice and can articulate on a structured check-
list varies by cultural context, not by resource tier. The per-
language figures are available in the appendix.

Italian translations receive lower CA ratings than Indian
translations, and the exploratory region model confirms that
Italy is a significant negative predictor of CA (OR = 0.74,
p = 0.003). Yet Italian raters flag fewer checklist items. The
checklist and the rating are pointing in opposite directions.
Italian raters are signaling that something is wrong with the
translations, but the structured checklist categories do not
capture what it is. There are two explanations: First, Italian
translation failures may be more diffuse, distributed across
abstract dimensions of register, tone, and cultural specificity
that resist categorization into any single checklist item. Sec-
ond, the checklist may have been developed with a category
structure that provides better coverage of South Asian cul-
tural mismatch patterns than European ones, an instrument-
level gap rather than a translation-level one. Both explana-
tions imply that the checklist alone is insufficient to char-
acterize cultural mismatch in Italian. The open-ended error
taxonomy, which we turn to next, provides a richer account.

Error Taxonomy
To interpret failures not captured by the checklist, we an-
alyzed the open-ended survey responses using the 51-label
error taxonomy. The taxonomy groups errors into Grammar,
Culture, and Math categories and yielded 2,231 labeled er-
rors across the seven languages (Full figure in appendix).

Grammar errors are the most frequent category overall.
Fluency and awkwardness lead all labels at 9.6% of coded
instances, followed by word choice and lexical mistrans-
lation (8.2%) and unspecified grammar issues (6.7%; Fig-
ure 3). Culture errors account for the next largest share, with
name form (6.1%) and unspecified cultural mismatch (6.0%)
the most common labels. Math errors are the rarest super-
category: math problem confusing (5.8%) and unspecified
math issue (4.6%) are the most frequent, with conversion
and rate errors (2.2%) and numeric value errors appearing
further down. This distribution, grammar > culture > math,
is consistent across languages, but the magnitude of each su-
percategory and the specific labels that dominate vary sub-
stantially by language and region.

For Italian word choice and lexical mistranslation lead at
15.1%, highest single-label rate across languages, and the
next three labels are all grammar errors. Culture errors are

2468



0 50 100 150 200 250
Count (open-ended responses coded)

Other cultural mismatch
Ettiquette & respectful norms
Other grammar / language iss.

Context completely changed
Local math convention

Age-appropriateness
Conversion & rate err.

Overgeneralization / stereotype
Currency & denominations

Unrealistic / implausible scenerio
Language complexity & age

Register, formality, & tone
Math Issue

Word order & sentence structure
Math problem confusing

cultural mismatch
Name form

grammar iss.
Word choice / lexical mistranslation

Fluency & awkwardness

1.4%
1.5%
1.5%
1.5%

1.8%
1.8%

2.2%
2.3%
2.5%

2.9%
3.0%

3.3%
4.6%

4.9%
5.8%
6.0%
6.1%

6.7%
8.2%

9.6%

Grammar
Culture
Math

Figure 3: Top 20 error labels by frequency across all lan-
guages and models. Bars show raw counts; percentages rep-
resent the proportion of all coded observations. Colors indi-
cate error category.

present but low-frequency; Math errors are rare. Italian also
has the lowest total error count of any language (205 coded
labels, vs. 454 for Sindhi and 362 for Punjabi; full figure in
Appendix). Fewer errors are coded, yet Italian receives the
lowest CA ratings among HR languages, a pattern consis-
tent with errors that are felt but not easily surfaced by either
structured or unstructured instruments.

Indian languages share a grammar-dominant profile, with
fluency and awkwardness leading in Hindi (11.3%), Bengali
(10.7%), and Punjabi (11.3%). Culture errors appear in the
fourth or fifth slot in each, with the specific labels diverging
by language: currency and units for Bengali, cultural mis-
match and name form for Hindi and Punjabi.

Languages in Pakistan diverge most at the second-ranked
label. Sindhi’s is name form (9.5%), the highest name-form
rate in the dataset. Urdu’s is math problem confusing (9.9%),
the only language where a Math error ranks this promi-
nently, a pattern not visible in the confirmatory analyses (H3
was null) and not captured by the checklist. This suggests
that math failures in Urdu surface more in unprompted feed-
back than in structured instruments. Sicilian follows a sim-
ilar grammar-dominant structure to Italian but shows more
cultural error diversity, including name form (8.6%) and ma-
terial culture objects, placing its error profile closer to Pak-
istan languages on the identity dimension than to Italian.

Within Italy, Sicilian and Italian diverge at the label level.
Italian’s top error is lexical precision; Sicilian’s top error is
also word choice (10.9%), but name form follows closely
(8.6%), a pattern absent from Italian. Sicilian also shows
more cultural error diversity in the top fifteen labels than
Italian does, including material culture objects and overgen-
eralization. The two languages share a region and a general
grammar-dominance structure, but Sicilian’s error profile is
closer to Pakistan languages on the identity/naming dimen-
sion than to Italian on the lexical one.

The qualitative translation data clarify what some of these
coded labels mean in practice. Math word problem #568, the
tooth fairy problem, illustrates the range of cultural substi-
tution strategies for a problem where the original trigger, a
child losing a tooth, had no direct cultural equivalent in most
target contexts. Italian models split: Gemini 2.5 Pro cor-
rectly produced il topolino dei denti (the tooth mouse, Italy’s
actual folk tradition), while GPT-4.1 and Claude Opus 4
used la fatina dei denti (the tooth fairy, an anglophone
frame). South Asian models universally replaced the tooth
fairy with a grandmother or elder giving money, preserving
the intergenerational reward structure without a supernatu-
ral agent. Claude Urdu’s translation replaced the triggering
event entirely: instead of losing teeth, the child completes
sections of Quran memorization (sipara), with the grand-
mother rewarding each milestone. The math is preserved
exactly. The cultural grounding is specific to Pakistani re-
ligious education practice.

Problem #131, the Santa village problem, shows a differ-
ent substitution dynamic. Italian models preserved the orig-
inal’s slapstick, children vomiting on workers and kicking
their shins, because the Santa village context is culturally
coherent in Italy. Every South Asian and Pakistani model re-
moved this framing. Workers leave for heat, fatigue, festival
obligations, or Eid crowds. The narrative register, slapstick
comedy about unruly children, was systematically replaced
by dignified departures across all three countries, regardless
of language or resource tier. The math is unchanged, but the
story has changed significantly.

These examples illustrate that translation errors in the tax-
onomy are not only surface-level linguistic failures. They
include editorial choices about which cultural register is
appropriate, which folk traditions are accessible, and what
kinds of child behavior are suitable to depict in educational
materials. Frequency counts capture how often each label
appears; they do not capture which errors actually register
in native speaker ratings. That question requires comparing
the taxonomy directly with the Likert data, which is the sub-
ject of the next section.

Detection Gap Analysis
Figure 4 reports exploratory detection gap scores (∆ =
r̄dim − r̄label) for all taxonomy labels; positive values indi-
cate errors that depressed ratings, values near zero indicate
errors present but not penalized.

Grammar errors Nearly all grammar errors are detected.
Unspecified grammar issues (∆ = 0.63, r̄ = 3.49, n =
150), word choice and lexical mistranslation (∆ = 0.59,
r̄ = 3.53, n = 184), and other grammar errors (∆ = 0.59,
r̄ = 3.53, n = 34) show the largest gaps. Fluency, awkward-
ness, and redundancy, the most frequent label in the taxon-
omy overall, has ∆ = 0.38 (r̄ = 3.74, n = 215). Word order
and sentence structure (∆ = 0.37) and language complexity
and age level (∆ = 0.32, n = 68) are also penalized.

Three grammar labels are effectively invisible. Register,
formality, and tone (∆ = 0.04, r̄ = 4.08, n = 74) co-occurs
with ratings at the dimension mean. Punctuation and non-
math symbols (n = 10) and tense (n = 16) both sit at or
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panel, with larger gaps lower in the panel.

above the dimension mean (∆ = −0.02 and ∆ = −0.01
respectively). These three labels describe errors that coders
could identify in the text, but that native speaker raters either
did not notice or considered meaningful enough to penalize.

Culture errors Culture errors show the widest range of
detection across any supercategory. Traditional activities
and games are the most detectable error label in the entire ta-
ble: ∆ = 0.95, r̄ = 3.16 (n = 19). Over-localization is sec-
ond: ∆ = 0.87, r̄ = 3.24 (n = 29). Name form, the single
most common culture label in the taxonomy has ∆ = 0.71,
r̄ = 3.40 (n = 135). Food and drink items (∆ = 0.71,
n = 25), unrealistic or implausible scenarios (∆ = 0.60,
n = 64), and material culture objects (∆ = 0.53, n = 29)
are all reliably detected. When raters can identify a specific,
concrete referent, a wrong name, an unfamiliar food, or an
implausible scenario, it shows up in their ratings. Three cul-
ture labels are nearly invisible. Currency and denominations
(∆ = 0.09, r̄ = 4.02, n = 56) co-occur with above-average
CA ratings despite being the most common domain-specific
culture error in the taxonomy. Etiquette and respectful norms
(∆ = 0.05, n = 33) and humor (∆ = 0.11, n = 24)
are similarly undetected. The currency finding is particularly
notable given that “units or currency did not match culture”
was among the top checklist items flagged by India-region
raters. The two instruments diverge: the structured checklist
prompts raters to flag currency issues, but when coders iden-
tify currency errors in open-ended responses, those errors do
not correspond to lower CA ratings. This suggests that cur-
rency mismatches are salient when named explicitly but do
not strongly disrupt the holistic impression of cultural fit.

Math errors Math errors show the most extreme detection
values in the dataset, in both directions. Numeric value er-
rors have ∆ = 1.36, r̄ = 2.82 (n = 22): evaluations where
a coder identified an incorrect number receive a mean RP
rating nearly 1.4 points below the dimension average. This
is the largest detection gap in the table. Conversion and rate

errors is second: ∆ = 1.09, r̄ = 3.08 (n = 50). Context
completely changed (∆ = 0.79, n = 34) and math problem
confusing (∆ = 0.59, n = 129) are also strongly detected.
When the math is concretely wrong, the numbers are off, the
conversion is incorrect, the problem no longer makes sense,
raters seem to notice. Symbolic and notation errors sit at the
opposite extreme: ∆ = −0.26, r̄ = 4.44 (n = 16, inter-
pret with caution). Evaluations where coders identified sym-
bolic or notation errors received ratings above the dimension
mean. Internal contradiction in scenario (∆ = 0.04, n = 15,
interpret with caution) is also essentially invisible. Both la-
bels have small n and should be interpreted cautiously, but
the directional finding is consistent with the figure: structural
and notational math errors that do not disrupt the numerical
answer go undetected.

Resolving the Italian reversal The detection gap analysis
provides a direct account of the Italian reversal. Italian trans-
lations accumulate errors predominantly in the grammar su-
percategory, word choice (∆ = 0.59), fluency (∆ = 0.38),
word order (∆ = 0.37), but the single grammar label that
dominates the Italian taxonomy profile, word choice and lex-
ical mistranslation, is a relatively visible error on the LQ
dimension. It, however, does not directly affect CA. Ital-
ian raters are rating cultural appropriateness, not linguistic
quality, when they give CA scores. What is invisible in Ital-
ian is not the grammar profile, but the cultural dimension
of the register: register, formality, and tone (∆ = 0.04), an
error that captures whether the translation sounds culturally
natural in its level of formality and communicative style is
effectively undetected. Italian translations feel off in regis-
ter; raters sense this holistically but cannot articulate it as a
specific cultural category on a checklist, and the detection
gap confirms it does not depress ratings even when coders
identify it in the text. Italian also has the lowest total error
count in the taxonomy (205 labels), yet the lowest CA rat-
ings among HR languages. Fewer errors are being coded, but
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the errors that are present are of the kind that are hardest to
detect. The combination of a grammar-dominant error pro-
file, low culture-error frequency, and near-invisible register
failures explains why Italian raters sense cultural inadequacy
without being able to name it.

No single instrument is sufficient The three measure-
ment instruments used in this study, holistic Likert ratings,
structured checklist flags, and open-ended taxonomy coding,
each capture a distinct and partially non-overlapping signal.
Holistic ratings detect diffuse quality failures but cannot lo-
cate them in specific error categories. Structured checklists
identify concrete, nameable mismatches but are insensitive
to abstract failures of register, tone, and cultural texture.
Open-ended taxonomy coding identifies specific error types,
but, as the detection gap analysis shows, the presence of a
coded error does not guarantee that raters penalize it. Tri-
angulation across all three is necessary for a complete char-
acterization of LLM cultural translation quality. The prob-
lems that perform worst across all measures simultaneously,
Q500 (venue comparison), Q131 (Santa’s elves), and Q557
(Subway lunch), are those where a concrete, nameable fail-
ure is also holistically felt, and where the open-ended cod-
ing confirms the specific error type. These cases provide ev-
idence of systematic LLM failure in culturally situated edu-
cational translation (see appendix for convergence profile).

Limitations
More participants, problems, and languages would sharpen
the picture, but each axis carries a cost. We sized the study
to the budget that let us run it carefully. The seven languages
themselves were chosen partly by resource tier and partly
by in-lab translation expertise, since we needed team mem-
bers to help us interpret open-ended responses, which biases
coverage toward South Asian and Romance languages and
leaves African, East Asian, and indigenous American lan-
guages, where culturally situated scarcity may take differ-
ent forms, untested. With seven languages across three re-
gions, regional effects and language-specific artifacts are not
fully separable at this sample size. HPLT word counts are a
proxy for training exposure, but the best available one: open
models rarely report per-language token counts, and closed
models report none. Finally, we cannot verify whether par-
ticipants consulted translation aids mid-survey; the bilingual
screen establishes baseline competence, not unassisted eval-
uation. We cannot inspect the evaluated models’ training
data, so culturally situated resource scarcity remains an in-
terpretive framing rather than a demonstrated mechanism.
Finally, the model snapshots themselves (Claude Opus 4,
GPT-4.1, and Gemini 2.5 Pro) were captured in mid-2025,
and a year in this field is a long time. Whether the newer
models will be better or worse at culturally situated transla-
tion is something to be tested.

Conclusion
Our results show that region predicts translation quality bet-
ter than language resource tier. Urdu, classified as mid-
resource by token count, scores below low-resource Sicilian
on all three evaluation dimensions. Punjabi, low-resource by

the same measure, scores above mid-resource Urdu on ev-
ery dimension. Italian, one of the highest-resource languages
in our study, receives lower cultural appropriateness ratings
than every Indian language we evaluated. These reversals
signal that what determines translation quality in our data is
not solely how much text a model has seen in a language
globally, but region better explains this. We hypothesize that
quality depends on how well the text represents the specific
community, script, domain, and register, we call this cultur-
ally situated resource scarcity. A language can be data-rich
at the global level and culturally thin in the narrow situa-
tion that matters, a Pakistani classroom, a Sicilian neighbor-
hood, an Italian elementary school mathematics problem.
This finding is also consistent with our prior work, which
shows that cultural entity adaptation patterns also cluster by
geographic region (Suchdev and Lovato 2026). Resource tier
is a useful first approximation of LLM capability across lan-
guages, but it is an insufficient unit of analysis for evaluating
culturally situated educational translation. No single instru-
ment was sufficient to characterize translation failures: Lik-
ert ratings, checklists, and open-ended responses each made
different errors visible.

These findings have implications for practitioners using
LLMs to adapt educational materials. The ease of prompt-
ing a model to translate and culturally adapt a word problem
creates an asymmetry, the output of the model may looks
finished on the surface level, but the errors it creates may be
invisible to anyone who does not already know the culture
well enough to catch them. A teacher reviewing an LLM-
adapted problem in Punjab may miss a currency misattribu-
tion; in our data, currency mismatches did not lower holistic
ratings even when coders identified them. A teacher in Italy
will sense that something is off in register and tone but may
struggle to articulate what. Deploying LLM-adapted materi-
als without structured review instruments may cause harm to
students in the classroom. Our error taxonomy and checklist
together provide a starting point for structured review, not as
a replacement for expert human judgment, but as a scaffold
that makes specific failure categories visible. Future work
will explore why these models fail in the ways we have iden-
tified and explore steering mechanisms.

Future work will include an NLP comparison, providing
a third evaluation layer alongside human ratings and corpus
analysis. It will also explore this work in the classroom and
collaborate with teachers, testing whether the detection gap
we identified in a survey setting persists when the evaluator
has a direct stake in the outcome. What this paper establishes
is the main problem, namely, that the failures that matter
most for educational settings, like regional misattribution,
cultural compression, register failures that feel wrong are
not easy to classify. Closing that gap requires better data,
better evaluation instruments, a mechanistic understanding,
and a clearer account of what culturally situated competence
actually means for this task.
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