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Cross-cultural language-model services need more than high average accuracy: they 

need inference procedures that recognize ambiguous answer structures, 

communicate uncertainty, and avoid concentrating errors in underrepresented 

regions. This study evaluates such procedures on the 2024 public release of 

CulturalBench, comprising 1,227 multiple-choice questions and 4,908 option-level 

binary judgments from 45 countries or regions. A deterministic decision-layer test 

bed was used to isolate retrieval, score verification, calibration, and abstention from 

changes in proprietary model checkpoints. Word- and character-ngram scorers, 

global and country exemplar retrieval, score fusion, a score-stack verifier, an 

observable mode-aware router, temperature scaling, and confidence-based 

selective prediction were evaluated with country-stratified, question-grouped five-

fold cross-validation. The text-only scorer achieved 40.51% accuracy on 

CulturalBench-Easy and 9.70% question-level exact match on CulturalBench-Hard. A 

position-only shortcut reached 53.63% and 51.75%, exposing substantial answer-

position regularity. The mode-aware router increased these scores to 54.69% and 

52.32%, respectively; temperature scaling preserved the predictions while reducing 

expected calibration error to 0.0234 on Easy and 0.0131 on Hard. At 80% coverage, 

the calibrated router achieved 56.62% Easy accuracy and 54.79% Hard exact match. 

Nevertheless, calibrated regional scores ranged from 44.09% to 70.37% on Easy and 

from 40.16% to 66.67% on Hard. Temperature scaling improved calibration, and 

abstention lowered risk at intermediate coverage, but neither high confidence nor 

aggregate performance established cross-cultural robustness. Position balance, 

multi-answer sensitivity, worst-region reporting, and group-aware coverage should 

therefore be treated as core requirements for evaluating cross-cultural language-

model services.  
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1. Introduction 1 

Large language models increasingly mediate public-facing communication, search, education, travel, and administrative 

assistance. A fluent response can still be socially inappropriate when it imposes a familiar cultural default. Cultural competence 

therefore includes recognizing local practices, allowing multiple valid behaviors, and deferring when confidence is insufficient. 

Studies document uneven cultural knowledge and alignment across languages and regions (AlKhamissi et al., 2024; Naous et al., 

2024; Zhao et al., 2024). 

 

CulturalBench tests cultural knowledge with human-authored and human-verified questions from 45 countries or regions. Easy 

poses one four-option choice; Hard converts the candidates into four True/False judgments and requires every judgment to be 

correct (Chiu et al., 2024). The latter exposes mode-seeking when several options are valid. In the 2024 release, 86 of 1,227 

questions contain multiple gold-true options, creating a focused test of systems that collapse variable practices into one 

canonical answer. 
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Three problems remain. Average accuracy can reward answer-position shortcuts. Raw confidence may not represent empirical 

correctness (Guo et al., 2017). Abstention can lower aggregate error while withholding service unevenly across groups. Selective 

prediction must therefore be assessed with regional coverage and worst-region outcomes (El-Yaniv & Wiener, 2010; Sagawa et 

al., 2020). 

 

Retrieval and verification help only when their roles are defined precisely. Retrieval-augmented generation usually conditions a 

generator on retrieved evidence passages (Lewis et al., 2020). CulturalBench contains no passages or URLs, so this experiment 

tests labeled training-fold exemplar retrieval. Chain-of-verification methods generate intermediate checks; the present test bed 

instead measures agreement among independent scorers and an observable answer-mode signal (Dhuliawala et al., 2024). 

The study asks how text scoring, exemplar retrieval, score fusion, and routing compare across the paired formats; how calibration 

and abstention change probability quality and selective risk; and whether weighted gains extend to country-macro, worst-

country, and macro-region results. It reports out-of-fold predictions, proper scores, paired tests, risk–coverage curves, and audits 

of position and multi-answer effects. Cross-cultural evaluation should reward supported decisions, not frequent positions 

expressed with high confidence. 

 

2. Literature Review 

Cultural awareness is not a single attribute. Country labels can organize evaluation but cannot represent every identity, 

generation, subculture, or situation. Value benchmarks measure national differences, whereas norm-oriented evaluation asks 

whether judgments adapt to scenario context (Rao et al., 2025; Zhao et al., 2024). Group-stratified results are therefore useful 

without treating a country score as an essential cultural property. 

 

Benchmarks operationalize complementary capabilities. BLEnD evaluates everyday knowledge across cultures and languages 

(Myung et al., 2024); NormAd tests contextual norm adaptation (Rao et al., 2025); CulturalBench pairs Easy and Hard knowledge 

formats (Chiu et al., 2024); and WorldValuesBench measures multicultural value awareness (Zhao et al., 2024). Their different 

targets show why no single score captures cultural capability. 

 

Bias studies reinforce the need for broad coverage. Naous et al. (2024) documented differences between Arab and Western 

contexts, while AlKhamissi et al. (2024) found that prompting language and demographic conditioning affect measured 

alignment. CultureBank organizes community-contributed descriptions of practices and norms (Shi et al., 2024). Evaluation 

should therefore distinguish factual selection, contextual adaptation, confidence, and regional robustness. 

 

Context-sensitive service design also requires more than static country labels. Dialogue memory can control what is retained and 

when it is forgotten, while federated topic-preference learning supports personalization without centralizing every user signal 

(Kuo et al., 2025; Sun et al., 2023). High-stakes access systems have paired retrieval and ranking with humanitarian and therapist-

facing workflows (Y. Chen & Xu, 2026; Y. Zhang & H. Zhang, 2025a), while explicit strategy control and behavior retrieval make 

response policies more interpretable (Xin, 2026b; Y. Zhang & Z. Zhou, 2026). These systems motivate context retention and 

tailored access, but neither a stored preference nor a region label is evidence that a cultural claim is valid. 

 

External knowledge offers one route to stronger responses. Genuine retrieval-augmented generation draws passages from a 

nonparametric memory (Lewis et al., 2020), and CultureBank illustrates a culturally relevant resource (Shi et al., 2024). Labeled 

training examples instead form exemplar memory. TF–IDF with cosine similarity provides a transparent retrieval scheme (Salton 

& Buckley, 1988), and retrieved demonstrations can support prediction when they are relevant (Rubin et al., 2022). CulturalBench 

supplies labels but no evidence passages. 

 

Evidence-bearing retrieval has developed along several complementary dimensions. Private runbooks, bilingual incident records, 

and retrieval–summary integration show how a system can retrieve source material rather than merely similar labels (Y. Li, 2024; 

Liu et al., 2024; B. Zhang et al., 2024). Financial, legal, and humanitarian applications further constrain retrieval to domain-

relevant evidence (Y. Chen & Xu, 2026; Y. Chen et al., 2025; J. Li & Zhou, 2026). Retrieval-policy research evaluates budgeted 

multi-hop search, hybrid reranking, and retrieval-quality prediction (Meng et al., 2026; Su et al., 2025; R. Zhang et al., 2025). Work 

on unanswerable questions and deterministic evidence chains then makes retrieval coverage, abstention, and provenance explicit 

(Jin, 2025b; Zhong, Chen, et al., 2025). 

 

Output-side provenance is equally important. Word-level hallucination detection and accounting disclosure cards expose the 

sources behind individual claims (C. Li et al., 2024; K. Zhang et al., 2025), while numerical and accounting agents add domain-

specific constraints (Z. Li et al., 2026; S. Zhou et al., 2026). Evidence ranking, retrieved normal prototypes, and deterministic 

failure narratives illustrate traceable verification in scientific and operational settings (Su, Chen, et al., 2026; Sun et al., 2026; Xin, 

2025a). Review-grounded recommendation and command-safe DevOps copilots extend the same principle from explanation to 
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action (Chang et al., 2026; B. Zhang et al., 2026), while incident visualization cards keep evidence inspectable during human 

handoff (Nie et al., 2026). 

 

Verification provides another control point. Chain-of-Verification asks explicit checking questions (Dhuliawala et al., 2024); RARR 

retrieves support before revising statements (Gao et al., 2023); and SelfCheckGPT detects inconsistency across sampled 

responses (Manakul et al., 2023). These generative procedures motivate independent checking but do not describe the tested 

algorithm. Here, a supervised score stack follows stacked generalization (Wolpert, 1992), and a mode-aware router uses the 

explicit multi-statement instruction. 

 

Verification also includes adversarial and trajectory-level reliability. Continual red-teaming, evidence-based self-verification, and 

utility-preserving refusal test whether a guardrail remains useful under attack (Zheng & Li, 2024; Zheng et al., 2023; Zheng et al., 

2024). Privacy and data-integrity cards and rubric-grounded scoring expose guardrail decisions for human review (Su, Rao, et al., 

2026; Xin, 2026a). A broader audit analogy comes from operations and security: attack-chain stages, cost-aware routing, multi-

source root-cause attribution, localized forensic narratives, and tool-use trajectory prediction make failures inspectable rather 

than reducing reliability to one confidence value (Bai et al., 2026; C. Li et al., 2026; Liu et al., 2023; Xin, 2026e; Zhong et al., 2026). 

Calibration matters because abstention depends on confidence ranking. The Brier score evaluates the full predictive distribution 

(Brier, 1950; Gneiting & Raftery, 2007), ECE summarizes confidence–accuracy gaps, and held-out temperature scaling preserves 

predicted classes (Guo et al., 2017). Because fixed-bin ECE depends on binning, it should be read with reliability diagrams and 

proper scores (Vaicenavicius et al., 2019). 

 

Cross-domain selective-decision studies provide methodological precedents, not evidence about cultural knowledge. Credit-risk 

and screening workflows combine probability calibration with rejection, distribution-free uncertainty, explanations, or fairness (Y. 

Chen et al., 2023; Jin, 2025a; Jin et al., 2024; Xin, 2026d). Infrastructure forecasting likewise uses calibrated uncertainty, conformal 

demand envelopes, and operational risk curves (S. Chen et al., 2024; He et al., 2023; Zhao et al., 2025). Perception, brain–

computer-interface, and medical vision–language studies separate scores from decision confidence (Lu & Zou, 2026; Wu, Mi, et 

al., 2025; Xin, 2025b), while evidence-calibrated retrieval and conformal alert control connect uncertainty directly to abstention or 

alerting (Xin, 2026f; Zhong, Chen, et al., 2025). 

 

Calibration alone does not remove distribution shift. Cross-cloud transfer and few-shot cold-start forecasting evaluate whether a 

decision rule survives a new workload or topology (He et al., 2024; He et al., 2025). Few-shot medical pretraining, edge-oriented 

activity transfer, quality-model distillation, and approximately shared-feature analysis offer related strategies for learning under 

limited target-domain supervision (Mi et al., 2025; J. Zhang, 2025; Zhong, Pan, et al., 2025; B. Zhou, Wang, et al., 2025). 

Operational and educational studies further link predictions to workload explanations or teacher-facing rationales (He et al., 

2026; J. Zhang, 2026; Xin, 2026g). Theoretical work on rank aggregation and estimator uncertainty reinforces the need to 

quantify, rather than assume, stability (Zhong & Ling, 2024a; Zhong & Ling, 2024b). 

 

Selective prediction trades coverage for lower error among accepted cases (El-Yaniv & Wiener, 2010; Geifman & El-Yaniv, 2017). 

Unequal group confidence can make aggregate risk reduction geographically uneven. Worst-group analysis complements 

weighted averages by emphasizing the weakest predefined group (Sagawa et al., 2020). CulturalBench therefore warrants 

country-macro, worst-country, country-gap, minimum-coverage, and macro-region results. 

 

When a system may abstain, the interface must make the reason visible. Medical explanation and safety cards combine 

uncertainty, evidence, and patient-facing risk communication (C. Li et al., 2025; Ye et al., 2025; Zhong, Wu, et al., 2025; B. Zhou, Li, 

et al., 2025). Scientific-search, product-recommendation, and counseling cards similarly expose ranking or recommendation 

evidence (Jin, 2025c; B. Zhang et al., 2025; Y. Zhang & H. Zhang, 2025b). Financial and infrastructure dashboards translate 

forecast risk into a visual hierarchy for review (Z. Li et al., 2025; Liu et al., 2025). These designs do not establish calibration by 

themselves; they make calibrated evidence and abstention legible to the person affected. 

 

Related interface research clarifies how explanations become actionable. Text-grounded design rationales, visual briefs, and 

design-critic systems turn metadata or creative intent into editable decisions (Y. Li et al., 2025; Mu et al., 2026; Tu et al., 2025; Wu, 

Meng, et al., 2025). Dark-pattern detection shows why wording and presentation must also be audited for manipulative cues (Xu 

et al., 2025). For higher-consequence handoffs, incident and privacy-risk cards keep provenance, constraints, and escalation 

paths visible (Nie et al., 2026; Su, Rao, et al., 2026). 

 

Evaluation must finally connect predictions to decision consequences. Uplift modeling and offline counterfactual evaluation 

distinguish predictive fit from the value of the policy selected from it (Mu et al., 2023; Mu et al., 2025). Privacy-safe budget 

optimization and profit-aware admission control add explicit resource and privacy constraints (Bai & Wu, 2026; Zhao et al., 2026). 
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In education, rubric-grounded scoring and early-warning rationales make the intervention pathway inspectable (Xin, 2026a; Xin, 

2026c). Results from these domains do not transfer numerically to culture, but the evaluation principle does: report who receives 

a decision, who is deferred, and what cost or benefit follows. 

 

3. Methodology 

3.1 Research Design and Data 

The experiment used the two 2024 CulturalBench CSV files and retained all records. Easy contains 1,227 four-option questions 

with letter labels and countries. Hard contains 4,908 binary option judgments for the same 1,227 identifiers. Thus, the files 

contain 6,135 rows, not 6,135 distinct questions, and match the 2024 release described by Chiu et al. (2024). 

 

Hard identifies 1,141 single-mode and 86 multi-mode questions, with 1,326 positive and 3,582 negative judgments. A blank 

Spanish distractor was encoded as an empty token to preserve four-option structure. A Mexican prompt occurring under two 

identifiers was co-folded, and a repeated option in one Spanish Hard question was retained. 

 

Countries were mapped to the benchmark’s 11 macro-regions: North America, South America, Eastern Europe, Southern Europe, 

Western Europe, Africa, Middle East/West Asia, South Asia, Southeast Asia, East Asia, and Oceania. Because the CSVs contain 

neither topic labels nor evidence passages, the analysis reports neither topic-specific results nor external-evidence performance. 

 

Table 1. Dataset profile for the paired 2024 CulturalBench files 

Characteristic Value Unit 

Easy questions 1227 question 

Hard option judgments 4908 judgment 

Unique countries/regions 45 country/region 

Macro-regions 11 region 

Single-mode questions 1141 question 

Multi-mode questions 86 question 

Hard positive labels 1326 judgment 

Hard negative labels 3582 judgment 

Easy blank option cells 1 cell 

Hard blank option cells 1 cell 

Repeated Easy question texts 2 row 

Repeated Hard question-option pairs 2 row 

Note. The Easy and Hard files share the same 1,227 question identifiers. Hard contains four option judgments per question. 

 

3.2 Validation Protocol 

Five outer folds were assigned at question level. Within each country, normalized prompts were ordered by a seeded hash and 

distributed round-robin, preserving country representation, co-folding duplicate prompts, and keeping each question’s four 

Hard options together. In every iteration, three folds fitted base scorers, one fitted fusion, verification, and calibration, and one 

served as test data. The calibration fold was deterministically split for verifier and temperature fitting. Every question was tested 

once. 

 

The seed was 20260729. One script regenerated vectorizers, classifiers, routing, calibration, metrics, and plots, while the run 

manifest recorded source checksums. The design prevents within-question leakage and test-label tuning. 
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Figure 1. Question-grouped five-fold experimental workflow. Base fitting, verifier fitting, temperature fitting, and testing used 

disjoint question folds. 

 

Table 2. Question-grouped five-fold evaluation protocol 

Component Specification 

Evaluation unit Question-grouped five-fold outer evaluation 

Fold allocation Country-stratified deterministic round-robin; duplicate prompts co-folded 

Training/calibration/test Three folds / one fold / one fold per outer iteration 

Text-only scorer Word TF-IDF (1–2 grams) + class-balanced logistic regression 

Character scorer Character TF-IDF (3–5 grams) + class-balanced logistic regression 

Retrieval Cosine TF-IDF, similarity-squared weighted vote, k=11 

Score fusion Calibration-fold grid search over text-scorer/retrieval weight 

Score-stack verifier Logistic stack over four scores, agreement deltas, and retrieval similarity 

Mode-aware router 
Observable Easy instruction routes multi-mode items to the character scorer and 

others to the position baseline 

Calibration Held-out temperature scaling for Easy and Hard probabilities 

Selective prediction Rank by maximum Easy confidence or minimum Hard option confidence 

Random seed 20260729 

Bootstrap resamples 2000 

Note. All tuning and calibration operations used held-out folds; each question contributed to the test set once. 

 

3.3 Decision-Layer Configurations 

The position-only shortcut estimated the training-fold positive rate for each answer position. For Easy it yielded a four-class 

position distribution; for Hard it supplied a binary probability to each of the four positions. This deliberately weak baseline 

measured how much performance could be obtained without reading the cultural content. 

 

The text-only scorer represented country, question, option letter, and candidate text with word TF–IDF unigrams and bigrams, 

followed by class-balanced logistic regression. The character scorer used boundary n-grams of length three to five with a 

separate logistic model. TF–IDF weighting followed Salton and Buckley (1988). 

 

Global exemplar retrieval used cosine similarity over training question-option texts. The 11 nearest labeled examples contributed 

similarity-squared votes with prior smoothing. Country exemplar retrieval restricted this memory to the query country. Score 
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fusion combined text-only and country-exemplar probabilities, selecting its weight from 0.00 to 1.00 in 0.05 increments on 

calibration data. This follows retrieved-demonstration prediction (Rubin et al., 2022), but it is not open-corpus RAG. 

 

The score-stack verifier fitted logistic regression to word, character, two exemplar, position, disagreement, and similarity signals 

(Wolpert, 1992). Every multi-mode Easy prompt, and no single-mode prompt, contains an instruction to select all appropriate 

statements. The mode-aware router therefore used the character scorer when this visible signal was present and the position 

scorer otherwise. The paired signal, never a Hard gold label, determined the Hard route. 

 

Held-out temperature scaling divided Easy log probabilities or Hard logits by a positive temperature and preserved predicted 

labels. Selective prediction ranked Easy questions by maximum class probability and Hard questions by minimum confidence 

across four option judgments. Coverage from 100% to 50% was evaluated without changing predictions. 

 

3.4 Metrics and Statistical Analysis 

Easy evaluation reported accuracy, macro-F1, multiclass log loss, the unnormalized multiclass Brier loss, ten-bin ECE, country-

macro accuracy, worst-country accuracy, and the best-minus-worst country gap. Hard option-level evaluation reported accuracy, 

balanced accuracy, macro-F1, area under the receiver operating characteristic curve, log loss, binary Brier loss, ECE, and the 

predicted positive rate. 

 

Hard question-level exact match required all four option judgments to match the gold vector. This is stricter than option 

accuracy; a random balanced binary classifier has expected question exact match of 0.5 to the fourth power, or 6.25%. Jaccard 

similarity, set F1, and absolute error in the number of true options captured partial performance on multi-answer questions. 

Regional robustness used weighted, country-macro, worst-country, and gap measures. Selective risk equaled one minus 

accuracy among accepted questions, and minimum country coverage measured whether global abstention concentrated 

rejection in any country. 

 

Calibration followed Guo et al. (2017), while Brier loss followed the proper-score convention of Brier (1950) and Gneiting and 

Raftery (2007). Fixed-bin ECE was interpreted jointly with reliability plots because its value is bin-dependent (Vaicenavicius et al., 

2019). Following significance-testing guidance for natural-language processing experiments (Dror et al., 2018), paired accuracy 

differences were tested with exact McNemar tests, which use only discordant question outcomes (McNemar, 1947). Question-

level percentile confidence intervals were estimated from 2,000 bootstrap resamples with replacement (Efron & Tibshirani, 1994). 

Statistical significance was assessed at two-sided p < .05. 

 

4. Results and Discussion 

4.1 Dataset Structure and Shortcut Exposure 

The answer distribution was strongly position-dependent. Easy labels were A for 53.63% of questions, B for 20.70%, C for 15.40%, 

and D for 10.27%. In Hard, the positive rates by option position were 56.89%, 22.74%, 17.20%, and 11.25%; they sum to more 

than 100% because multi-mode questions can contain several positive options. Consequently, the position-only shortcut 

obtained 53.63% Easy accuracy and 51.75% Hard exact match. This performance did not measure cultural knowledge. It 

measured the regularity of answer placement and established a necessary adversarial baseline. 

 

 
Figure 2. Dataset composition. Panel A shows question counts by macro-region; Panel B shows the single-mode and multi-mode 

question shares. 
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Figure 2 also shows the coverage imbalance that affects regional uncertainty. East Asia contributed 211 questions, while Oceania 

and North America contributed only 26 and 27. Country counts were still smaller in several cases. Weighted scores are therefore 

dominated by larger groups, whereas worst-country estimates have higher sampling variance. Reporting both is more 

informative than treating either as sufficient. 

 

4.2 Overall Predictive Performance 

 
Figure 3. Main out-of-fold performance comparison. Easy uses accuracy; Hard uses question-level exact match. 

 

Table 3. Out-of-fold performance on CulturalBench-Easy 

Method Accuracy Macro-F1 Log loss Brier ECE 

Position-only shortcut 0.5363 0.1745 1.1849 0.6363 0.0001 

Text-only scorer 0.4051 0.3451 1.3458 0.7292 0.1230 

Character scorer 0.4914 0.3378 1.3211 0.7165 0.2067 

Global exemplar retrieval 0.3480 0.2922 1.3603 0.7363 0.0705 

Country exemplar retrieval 0.3635 0.3085 1.3698 0.7413 0.0981 

Score fusion 0.4051 0.3451 1.3458 0.7292 0.1230 

Score-stack verifier 0.5363 0.1745 1.2182 0.6574 0.1436 

Mode-aware router 0.5469 0.2220 1.1718 0.6286 0.0298 

Calibrated router 0.5469 0.2220 1.1696 0.6275 0.0234 

Note. Brier is the unnormalized multiclass Brier loss. ECE uses 10 equal-width confidence bins. 

 

On Easy, the text-only word scorer reached 40.51% accuracy and 0.345 macro-F1. The character scorer performed better at 

49.14% accuracy, while global and country exemplar retrieval reached 34.80% and 36.35%. Score fusion selected the word scorer 

exclusively in every Easy outer fold, so its result was identical to the text-only condition. The score-stack verifier reproduced the 

53.63% position decision. The mode-aware router reached 54.69% accuracy and 0.222 macro-F1; calibration left these 

predictions unchanged while reducing log loss from 1.1718 to 1.1696, Brier loss from 0.6286 to 0.6275, and ECE from 0.0298 to 

0.0234. 

 

The low macro-F1 of the position-dominated methods is important. Their overall accuracy was high because they selected A 

frequently, but their performance across the four labels was uneven. The character scorer’s lower accuracy but higher macro-F1 

illustrates a different trade-off: it used more of the text signal and predicted a broader label set, yet it could not overcome the 

benchmark’s strong positional prior. Thus, Easy accuracy alone would favor a method with limited answer diversity. 
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Table 4. Out-of-fold option-level performance on CulturalBench-Hard 

Method Accuracy 
Balanced 

acc. 
Macro-F1 AUC Brier ECE 

Position-only shortcut 0.7643 0.6894 0.6938 0.7229 0.1660 0.0000 

Text-only scorer 0.5952 0.5573 0.5428 0.5882 0.2364 0.2055 

Character scorer 0.6353 0.6012 0.5842 0.6495 0.2280 0.2031 

Global exemplar retrieval 0.7294 0.5002 0.4232 0.5519 0.1953 0.0075 

Country exemplar retrieval 0.7298 0.5000 0.4219 0.5358 0.1962 0.0064 

Score fusion 0.7296 0.5001 0.4226 0.5541 0.1958 0.0218 

Score-stack verifier 0.7545 0.6905 0.6898 0.7439 0.2035 0.1975 

Mode-aware router 0.7622 0.6958 0.6969 0.7462 0.1615 0.0227 

Calibrated router 0.7622 0.6958 0.6969 0.7493 0.1611 0.0131 

Note. AUC denotes area under the receiver operating characteristic curve. ECE uses 10 bins. 

 

At the Hard option level, the calibrated router achieved 76.22% accuracy, 69.58% balanced accuracy, 0.697 macro-F1, and 0.749 

area under the curve. Its predicted positive rate was 26.55%, close to the 27.02% gold rate. Temperature scaling reduced ECE 

from 0.0227 to 0.0131 and Brier loss from 0.1615 to 0.1611 while preserving all thresholded predictions. The position shortcut 

retained slightly higher raw option accuracy, 76.43%, but had lower balanced accuracy, macro-F1, and area under the curve. The 

comparison shows why raw option accuracy is insufficient under class and position imbalance. 

 

Table 5. Out-of-fold question-level performance on CulturalBench-Hard 

Method Exact match Jaccard Set F1 Count MAE 
Country 

macro 

Position-only shortcut 0.5175 0.5416 0.5501 0.0807 0.5144 

Text-only scorer 0.0970 0.2357 0.2975 1.2445 0.0941 

Character scorer 0.1532 0.2991 0.3611 1.1312 0.1531 

Global exemplar retrieval 0.0000 0.0006 0.0009 1.0807 0.0000 

Country exemplar retrieval 0.0000 0.0000 0.0000 1.0807 0.0000 

Score fusion 0.0008 0.0008 0.0008 1.0782 0.0004 

Score-stack verifier 0.4890 0.5380 0.5552 0.1589 0.4879 

Mode-aware router 0.5232 0.5437 0.5504 0.0856 0.5218 

Calibrated router 0.5232 0.5437 0.5504 0.0856 0.5218 

Note. Exact match requires all four option judgments for a question to be correct. 

 

Question-level Hard scoring produced a sharper distinction. The text-only scorer achieved 9.70% exact match, and the character 

scorer achieved 15.32%. Pure exemplar retrieval predicted almost no positive options: global exemplar retrieval produced a 

0.12% positive rate and zero exact-match questions, while country exemplar retrieval produced no positive predictions and zero 

exact match. Similar country labels and lexical overlap were not enough to recover the relevant cultural fact, and score fusion 

also produced near-all-negative decisions. In this setup, nearest in-domain examples did not supply the cultural facts needed for 

accurate Hard decisions. 

 

The failure is consistent with the distinction between label-neighbor retrieval and evidence-bearing retrieval: source attribution 

and retrieval-coverage checks can support a claim only when the memory contains answer-relevant material (C. Li et al., 2024; 

Zhong, Chen, et al., 2025). 
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The score-stack verifier recovered 48.90% exact match. The mode-aware router reached 52.32%, slightly exceeding the 51.75% 

position shortcut, and calibration preserved that value. The routing gain was 0.57 percentage points with a bootstrap 95% 

interval of 0.16 to 1.06 points and an exact McNemar p value of .0156. Its mean Jaccard score was 0.5437 and mean set F1 was 

0.5504. Although these are the best tested question-level results, most of the absolute score still came from the position 

structure. The appropriate interpretation is improved routing within this benchmark, not demonstrated cultural mastery. 

 

4.3 Multi-Answer Sensitivity 

 
Figure 4. Sensitivity to answer mode. Multi-mode questions contain two or three gold-true options in the Hard representation. 

 

Table 6. Performance by single-mode and multi-mode answer structure 

Task Method Mode N Primary score 
Secondary 

score 

Easy Position-only shortcut Multi-mode 86 0.2674 — 

Easy Position-only shortcut Single-mode 1,141 0.5565 — 

Hard Position-only shortcut Multi-mode 86 0.0000 0.3430 

Hard Position-only shortcut Single-mode 1,141 0.5565 0.5565 

Easy Character scorer Multi-mode 86 0.4186 — 

Easy Character scorer Single-mode 1,141 0.4969 — 

Hard Character scorer Multi-mode 86 0.0814 0.3731 

Hard Character scorer Single-mode 1,141 0.1586 0.2935 

Easy Calibrated router Multi-mode 86 0.4186 — 

Easy Calibrated router Single-mode 1,141 0.5565 — 

Hard Calibrated router Multi-mode 86 0.0814 0.3731 

Hard Calibrated router Single-mode 1,141 0.5565 0.5565 

Note. Primary score is accuracy for Easy and exact match for Hard; the Hard secondary score is Jaccard similarity. 

 

Multi-mode questions exposed the limitation of position-based success. The shortcut obtained 55.65% Hard exact match on 

1,141 single-mode questions but 0% on the 86 multi-mode questions because it predicted only the dominant position. Its multi-

mode Jaccard score was 0.343, indicating partial overlap without a fully correct answer set. The character scorer achieved 8.14% 
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multi-mode exact match and 0.373 Jaccard, while the calibrated mode-aware route achieved the same 8.14% exact match on 

questions with two or three true options. For Easy, the mode-aware router combined 55.65% single-mode accuracy with 41.86% 

multi-mode accuracy, producing the overall 54.69%. 

 

Routing yielded statistically small but consistent gains over the position shortcut: 1.06 percentage points on Easy (95% bootstrap 

interval 0.24–1.88; p = .0241) and 0.57 points on Hard. Temperature scaling changed probabilities but no labels, so the paired 

accuracy difference between the mode-aware and calibrated routers was exactly zero. The result confirms that visible answer 

structure can guide a safer route, but the residual multi-mode exact match remains low. Systems intended for culturally variable 

questions need explicit multi-label reasoning rather than a single-mode prior with a corrective branch. 

 

4.4 Calibration and Selective Abstention 

 
Figure 5. Reliability diagrams for the text-only scorer and calibrated router on Easy questions and Hard option judgments. 

 

Reliability improved materially after calibration. On Easy, the text-only scorer had ECE 0.1230, whereas the calibrated router had 

ECE 0.0234. On Hard option judgments, the corresponding values were 0.2055 and 0.0131. Brier loss also fell from 0.7292 to 

0.6275 on Easy and from 0.2364 to 0.1611 on Hard. Because the calibrated method also contains the mode-aware route and 

position feature, these full-pipeline differences are not attributable to temperature alone. The direct pre/post comparison is the 

mode-aware versus calibrated router: temperature preserved accuracy and reduced ECE by 0.0064 on Easy and 0.0096 on Hard. 

This pattern matches the cross-domain rationale for selective systems: probability quality must be evaluated separately from 

discrimination, and a rejection option is useful only when confidence tracks error (Y. Chen et al., 2023; Jin, 2025a; Jin et al., 2024). 

 

 
Figure 6. Risk–coverage curves for the text-only scorer and calibrated router. Lower selective risk is better. 
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Table 7. Selective accuracy, risk, and minimum country coverage 

Task Method Target cov. 
Selective 

acc. 

Selective 

risk 

Min. country 

cov. 
Threshold 

Easy Text-only scorer 1.0000 0.4051 0.5949 1.0000 0.2500 

Easy Text-only scorer 0.8000 0.4084 0.5916 0.5789 0.2625 

Easy Calibrated router 1.0000 0.5469 0.4531 1.0000 0.2517 

Easy Calibrated router 0.9000 0.5584 0.4416 0.7143 0.5133 

Easy Calibrated router 0.8000 0.5662 0.4338 0.4286 0.5133 

Easy Calibrated router 0.7000 0.5646 0.4354 0.4286 0.5238 

Easy Calibrated router 0.6000 0.5685 0.4315 0.2857 0.5238 

Easy Calibrated router 0.5000 0.5651 0.4349 0.2727 0.5483 

Hard Text-only scorer 1.0000 0.0970 0.9030 1.0000 0.5000 

Hard Text-only scorer 0.8000 0.0947 0.9053 0.5714 0.5086 

Hard Calibrated router 1.0000 0.5232 0.4768 1.0000 0.5007 

Hard Calibrated router 0.9000 0.5557 0.4443 0.7143 0.5666 

Hard Calibrated router 0.8000 0.5479 0.4521 0.5714 0.5666 

Hard Calibrated router 0.7000 0.5437 0.4563 0.5455 0.5692 

Hard Calibrated router 0.6000 0.5305 0.4695 0.4545 0.5692 

Hard Calibrated router 0.5000 0.5293 0.4707 0.3636 0.5746 

Note. Cases were ranked by held-out confidence. Minimum country coverage is the lowest retained fraction among 45 countries 

or regions. 

 

Confidence ranking reduced selective risk for the calibrated pipeline, especially at moderate abstention. At full coverage, Easy 

accuracy was 54.69% and Hard exact match was 52.32%. At 80% coverage, Easy accuracy rose to 56.62% and Hard exact match 

to 54.79%; the corresponding risks were 43.38% and 45.21%. At 90% coverage, Hard exact match reached 55.57%. More 

aggressive abstention did not improve monotonically because confidence remained dominated by position and fold-specific 

structure. At 50% coverage, Easy accuracy was 56.51% and Hard exact match was 52.93%, below their best intermediate-

coverage values. 

 

The group coverage columns qualify the aggregate improvement. At 80% global coverage, the least-covered country retained 

only 42.86% of its Easy questions and 57.14% of its Hard questions. Thus, a single global threshold withheld substantially more 

cases from at least one country. A public-facing service should calibrate and audit thresholds by region or another relevant 

deployment group rather than assuming that global coverage is evenly distributed. 

 

Evidence and risk-card research suggests a practical presentation layer for this audit: show the confidence basis, the acceptance 

or refusal decision, and the affected-group coverage together rather than displaying a decontextualized score (Jin, 2025c; Z. Li et 

al., 2025; B. Zhou, Li, et al., 2025). 
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4.5 Regional Robustness and Disparity 

 
Figure 7. Macro-region performance heatmap for the evaluated decision-layer configurations. 

 

Table 8. Calibrated-router accuracy by macro-region 

Macro-region N Easy acc. Hard exact 

Africa 134 0.6045 0.5896 

East Asia 211 0.5640 0.5355 

Eastern Europe 115 0.5478 0.5043 

Middle East/West Asia 127 0.4409 0.4016 

North America 27 0.7037 0.6667 

Oceania 26 0.5769 0.5769 

South America 150 0.5133 0.5000 

South Asia 106 0.5755 0.5283 

Southeast Asia 159 0.5472 0.5346 

Southern Europe 76 0.4737 0.4605 

Western Europe 96 0.5938 0.5938 

Note. Values are out-of-fold question-level accuracy for Easy and exact match for Hard. 

 

The calibrated router’s macro-region results were uneven. Easy accuracy ranged from 44.09% in Middle East/West Asia to 70.37% 

in North America. Hard exact match ranged from 40.16% to 66.67% across the same two regions. Africa reached 60.45% Easy 

accuracy and 58.96% Hard exact match; East Asia reached 56.40% and 53.55%. The ordering echoes prior CulturalBench findings 

that performance varies substantially by geography, but the present values describe this controlled decision layer rather than the 

frontier LLMs evaluated by Chiu et al. (2024). 
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Figure 8. Country-level calibrated-router performance, ordered separately for Easy accuracy and Hard exact match. 

 

Table 9. Country-level robustness and disparity summary 

Task Method Weighted 
Country 

macro 
Worst country Country gap 

Easy Position-only shortcut 0.5363 0.5348 0.2667 0.5905 

Easy Text-only scorer 0.4051 0.4127 0.2222 0.4921 

Easy Country exemplar retrieval 0.3635 0.3675 0.1538 0.5734 

Easy Mode-aware router 0.5469 0.5452 0.2667 0.5905 

Easy Calibrated router 0.5469 0.5452 0.2667 0.5905 

Hard Position-only shortcut 0.5175 0.5144 0.2667 0.4370 

Hard Text-only scorer 0.0970 0.0941 0.0000 0.2222 

Hard Country exemplar retrieval 0.0000 0.0000 0.0000 0.0000 

Hard Mode-aware router 0.5232 0.5218 0.2667 0.4476 

Hard Calibrated router 0.5232 0.5218 0.2667 0.4476 

Note. Gap is the best-minus-worst country score. Weighted values reflect the observed question distribution. 

 

Country-level measures tell a similar story. For the calibrated router, weighted Easy accuracy was 54.69%, country-macro 

accuracy was 54.52%, and the worst-country accuracy was 26.67%; the best-minus-worst gap was 59.05 points. On Hard, 

weighted exact match was 52.32%, country-macro exact match was 52.18%, the worst-country score was 26.67%, and the gap 

was 44.76 points. Figure 8 shows that Canada and Thailand were among the higher-scoring countries, whereas Romania, Brazil, 

Malaysia, Vietnam, Italy, Israel, Egypt, and Lebanon were in the lower tail for at least one format. Because some country samples 

are small, the rank order should be interpreted as an audit signal, not a stable cultural hierarchy. 
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The retrieval conditions did not close these gaps. Country exemplar retrieval had 36.75% country-macro Easy accuracy and zero 

Hard country-macro exact match. Restricting neighbors to the same country reduced the candidate pool but did not add factual 

evidence. This supports a practical design principle: a culturally scoped retrieval filter is useful only when the underlying memory 

contains independently relevant and answer-bearing material. 

 

Answer-bearing documents, explicit retrieval budgets, and source-level provenance are therefore prerequisites for calling a 

future extension culturally grounded RAG (J. Li & Zhou, 2026; Su et al., 2025; B. Zhang et al., 2024). 

 

4.6 Ablation and Statistical Interpretation 

Table 10. Ablation of routing, verification, and calibration components 

Task Method Primary score ECE Brier 

Easy Text-only scorer 0.4051 0.1230 0.7292 

Easy Score fusion 0.4051 0.1230 0.7292 

Easy Score-stack verifier 0.5363 0.1436 0.6574 

Easy Mode-aware router 0.5469 0.0298 0.6286 

Easy Calibrated router 0.5469 0.0234 0.6275 

Hard Text-only scorer 0.0970 0.2055 0.2364 

Hard Score fusion 0.0008 0.0218 0.1958 

Hard Score-stack verifier 0.4890 0.1975 0.2035 

Hard Mode-aware router 0.5232 0.0227 0.1615 

Hard Calibrated router 0.5232 0.0131 0.1611 

Note. Primary score is Easy accuracy or Hard question-level exact match. Calibration preserves predicted labels. 

 

Table 11. Paired bootstrap intervals and exact McNemar tests 

Task Baseline Comparison Difference CI low CI high Exact p 

Easy Text-only scorer Calibrated router 0.1418 0.1059 0.1785 < .001 

Easy Position-only shortcut Mode-aware router 0.0106 0.0024 0.0188 .0241 

Easy Mode-aware router Calibrated router 0.0000 0.0000 0.0000 1.0000 

Hard Text-only scorer Calibrated router 0.4262 0.3953 0.4580 < .001 

Hard Position-only shortcut Mode-aware router 0.0057 0.0016 0.0106 .0156 

Hard Mode-aware router Calibrated router 0.0000 0.0000 0.0000 1.0000 

Note. Confidence intervals use 2,000 question-level bootstrap resamples. P values are two-sided exact McNemar tests. 

 

The ablation sequence clarifies which components mattered. Score fusion did not improve Easy over the text-only scorer and 

achieved 0.08% Hard exact match. The score-stack verifier raised Easy accuracy to 53.63% and Hard exact match to 48.90% by 

learning the strong positional signal. The mode-aware router added a further 1.06 and 0.57 points. Temperature scaling changed 

no predictions but produced the lowest ECE and Brier loss. Relative to the text-only scorer, the final pipeline improved Easy 

accuracy by 14.18 points (95% bootstrap interval 10.59–17.85) and Hard exact match by 42.62 points (39.53–45.80); both exact 

McNemar tests had p < .001. 

 

These large improvements require a restrained interpretation. They demonstrate that an inference layer can exploit answer 

structure, verification features, and calibration more effectively than a sparse text-only scorer. They do not establish that the 

system acquired corresponding cultural knowledge. The strongest baseline ignored question meaning, and the mode-aware 

route used an explicit formatting signal. This is precisely why the shortcut baseline, multi-mode subset, macro-F1, balanced 

accuracy, and worst-region metrics are necessary. A result that disappears after option rebalancing or on multi-answer items 

should not be presented as a broad advance in cultural reasoning. 
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The same separation between measured utility and safety appears in adversarial guardrail and agent-trajectory evaluations, 

where refusal behavior, failure traces, and downstream usefulness are audited jointly (Zheng & Li, 2024; Zheng et al., 2024; 

Zhong et al., 2026). 

 

The study has four bounded limitations. First, the estimates characterize the deterministic decision layer rather than any 

particular proprietary large-model checkpoint. Second, exemplar retrieval is not external evidence retrieval, because the CSV files 

provide no evidence corpus. Third, country and macro-region labels are coarse evaluation groups rather than complete 

representations of culture. Fourth, the 2024 snapshot contains answer-position imbalance and small country samples. These 

properties are part of the measured dataset and directly motivate the proposed reporting standard. 

 

5. Conclusions 

This study conducted a complete, leakage-controlled evaluation of retrieval, verification, calibration, and abstention on the 

paired 2024 CulturalBench files. The analysis covered all 1,227 Easy questions and all 4,908 Hard option judgments, retained 

source anomalies without changing record counts, and generated question-level out-of-fold predictions for every method. 

 

The principal empirical result is not that a complex model solved cross-cultural reasoning. It is that answer structure materially 

changes what a score means. A position-only shortcut reached 53.63% Easy accuracy and 51.75% Hard exact match, yet failed 

every Hard multi-mode question. The mode-aware router raised overall scores to 54.69% and 52.32% and recovered limited 

multi-answer performance. Temperature scaling then reduced ECE to 0.0234 and 0.0131 without altering predictions. Confidence 

gating lowered risk at intermediate coverage, but country coverage became uneven and macro-region gaps remained large. 

 

For cross-cultural LLM services, four evaluation practices follow. Answer-position and format-only baselines should accompany 

semantic models. Hard multi-label exact match and partial set metrics should accompany Easy accuracy. Calibration should be 

assessed with reliability diagrams, ECE, and proper scores rather than confidence alone. Finally, abstention should report country 

or region coverage and worst-group outcomes, because global risk reduction can conceal unequal access. These practices turn 

CulturalBench from a cultural-trivia scorecard into a sharper audit of whether a language-model service is accurate, calibrated, 

and appropriately cautious across cultural contexts. 
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