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ABSTRACT

The global deployment of large language models (LLMs) has raised concerns
about cultural misalignment, yet the linguistic properties of fine-tuning datasets
used for cultural adaptation remain poorly understood. We adopt a dataset-centric
view of cultural alignment and ask which linguistic properties of fine-tuning data
are associated with cultural performance, whether these properties are predic-
tive prior to training, and how these effects vary across models. We compute
lightweight linguistic, semantic, and structural metrics for Arabic, Chinese, and
Japanese datasets and apply principal component analysis separately within each
language. This design ensures that the resulting components capture variation
among datasets written in the same language rather than differences between lan-
guages. The resulting components correspond to broadly interpretable axes re-
lated to semantic coherence, surface-level lexical and syntactic diversity, and lex-
ical or structural richness, though their composition varies across languages. We
fine-tune three major LLM families (LLaMA, Mistral, DeepSeek) and evaluate
them on benchmarks of cultural knowledge, values, and norms. While PCA com-
ponents correlate with downstream performance, these associations are strongly
model-dependent. Through controlled subset interventions, we show that lexical-
oriented components (PC3) are the most robust, yielding more consistent per-
formance across models and benchmarks, whereas emphasizing semantic or di-
versity extremes (PC1–PC2) is often neutral or harmful. (Reproducibility note-
book: https://anonymous.4open.science/r/dataset quality demo-C7C9/
demo subset selection.ipynb.)

1 INTRODUCTION

LLMs have shown remarkable progress across diverse natural language processing (NLP) tasks.
However, their performance often falls short in cross-cultural settings, where linguistic variation,
cultural norms, and local knowledge shape how users interpret and engage with model outputs. Cul-
tural alignment, which ensures that LLMs understand and reflect the values, norms, and nuances of
the user groups interacting with it Masoud et al. (2023), is therefore essential for building inclusive,
globally applicable AI systems. Recent work suggests that dataset quality profoundly influences
model performance Zhou et al. (2023); Alshahrani et al. (2023), yet cultural datasets themselves
remain understudied from a linguistic and structural perspective. Dominant approaches to cultural
alignment predominantly focus on value congruence, relying heavily on survey-derived benchmarks
(e.g., World Values Survey) or synthetic QA pairs with limited attention to the linguistic structure
of the underlying training data. However, these methods often overlook the linguistic dimension,
neglecting how cultural nuances are encoded in the structural, semantic, and stylistic properties of
the training data itself, and whether such properties can be assessed independently of model training.

Despite this progress, cultural datasets remain under-represented for many non-Western lan-
guages Pawar et al. (2025). Little is known about how their linguistic properties influence cultural
alignment, and prior work suggests that different model architectures may respond differently to
the same training data Yauney et al. (2023); Zhang et al. (2025). We therefore ask whether cultural
fine-tuning datasets exhibit consistent, measurable patterns in semantic content, lexical diversity,
and stylistic variability that can be quantified prior to training, and whether such properties are pre-
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dictive of, and actionable for, downstream cultural alignment across different model families. To
answer these questions, we (i) characterize multilingual datasets using lightweight linguistic met-
rics and PCA, (ii) test associations between PCA dimensions and cultural benchmark performance
across models, and (iii) probe actionability through controlled high/low/random subset finetuning.

Our contributions are threefold:

1. We present a dataset-centric methodology that quantifies linguistic, semantic, and struc-
tural properties of cultural datasets, reduces them via PCA, and links these components to
downstream cultural alignment performance.

2. To our knowledge, we conduct the first cross-lingual empirical study examining Arabic,
Chinese, and Japanese datasets across three LLM families, revealing that correlations
between dataset properties and cultural performance vary substantially by language and
model architecture.

3. We evaluate the predictive utility of PCA-derived linguistic dimensions for dataset assess-
ment, including controlled subset-based interventions that test whether these signals remain
informative under fixed training conditions.

Overall, our results indicate that pre-training linguistic properties of datasets can be informative
for cultural alignment, but their effects are strongly model-dependent rather than universal. This
motivates model-aware, dataset-centric strategies for multilingual cultural awareness in LLMs.

2 RELATED WORK

Prior work on cultural alignment has introduced benchmarks and datasets, often survey-based or
value-oriented, that compare model outputs to human responses (e.g., AlKhamissi et al. 2024; Ma-
soud et al. 2023). While effective for evaluation, these approaches typically do not analyze the
linguistic or structural properties of the datasets themselves, nor how such properties relate to down-
stream cultural alignment. Complementary work has examined cultural bias and representational
gaps in pretraining and post-training corpora (Naous et al., 2023; Alkhowaiter et al., 2025), as well
as methods for curating culturally diverse datasets (Li et al., 2024). However, these studies do not
identify which dataset-level linguistic properties are predictive of cultural alignment performance. In
contrast, our work adopts a dataset-centric perspective, quantifying linguistic properties of multilin-
gual cultural datasets and linking them to alignment outcomes across models, enabling assessment
of dataset utility prior to fine-tuning. Additional adjacent related work is discussed in Appendix B.

📂Datasets 📊Linguistic Metrics 🔽PCA 🗂High/Low-PC Subsets

🧠Training (QLoRA) 🧪Cultural Benchmarks 📈Analysis

Dataset Characterization

Model Evaluation

feeds into

Figure 1: Methodology

3 METHODOLOGY

This work presents a dataset-centric methodology for analyzing how linguistic and structural prop-
erties of fine-tuning datasets relate to downstream cultural awareness in LLMs. Our approach is
model-agnostic and operates entirely at the dataset level, allowing dataset characteristics to be quan-
tified ex-ante (prior to training), rather than relying on post-hoc analysis of model behaviour. The
pipeline consists of two stages (Figure 1): (1) dataset characterization (Steps 1–3), where linguistic
metrics are computed, reduced via PCA, and used to define controlled dataset subsets; and (2) model
evaluation (Steps 4–6), where LLMs are fine-tuned and assessed on cultural alignment benchmarks.
The steps are detailed below. Each step is designed to test whether dataset-level linguistic structure
captures systematic differences between datasets, correlates with downstream cultural performance,
and supports systematic data selection that is more informative than random subset baselines.
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Step 1: Linguistic Feature Extraction For each dataset, we compute a set of lightweight linguis-
tic, semantic, and structural metrics designed to capture complementary aspects of language use that
may plausibly affect cultural reasoning, including lexical richness, surface-level diversity, semantic
similarity, and structural cohesion (see Table 1).

Table 1: Summary of text evaluation metrics. Diversity metrics include Distinct-1/2 (Li et al., 2016)
and Self-BLEU (Papineni et al., 2002). Lexical richness is measured using TTR (Johnson, 1944),
MATTR (Covington & McFall, 2010), and HDD Wu (1993); McCarthy & Jarvis (2010), MTLD
(McCarthy & Jarvis, 2010)). Semantic similarity is computed using cosine similarity and TF-IDF
representations (Salton et al., 1975; Salton & Buckley, 1988; Reimers & Gurevych, 2019). Clus-
tering structure is assessed using K-means (McQueen, 1967) and the silhouette score (Rousseeuw,
1987).

Category Metrics Key Focus
Diversity Distinct-1/2, Self-BLEU Measures n-gram uniqueness and cross-sample repetition.
Lexical Richness TTR, MATTR, HDD, MTLD Captures vocabulary breadth and distribution stability.
Semantic Similarity Cosine Similarity, TF-IDF Evaluates meaning proximity using vector representations.
Clustering Structure Silhouette Score, K-means Reflects semantic cohesion and separation in embedding space.

All metrics are computed at the dataset level, treating each dataset as a collection of samples whose
aggregated properties reflect its linguistic profile. To ensure comparability across datasets of dif-
ferent scales, we randomly sample 1,000 examples per dataset. Additional pilot experiments with
larger samples and repeated random draws showed minimal variation, supporting the stability of this
sampling strategy. Because languages exhibit different morphological and statistical properties, we
normalize features separately for each language by rescaling each metric to zero mean and unit vari-
ance. This ensures that PCA compares datasets based on their relative linguistic properties within
a language, rather than grouping datasets by language due to differences in metric magnitude (e.g.,
stemming from morphology or tokenization).

Step 2: PCA-Based Dimensionality Reduction To further compress the 10 specified linguistic
metrics into a small number of interpretable dataset-level descriptors, we apply PCA separately for
each language. PCA combines correlated linguistic metrics into a few continuous components, each
assigning a score to every dataset that reflects how strongly it exhibits a particular combination of
linguistic properties. We represent each dataset by its scores along the first three principal com-
ponents (PC1–PC3), which capture most of the variance in the linguistic metrics. The resulting
PCA scores serves as the basis for subsequent analyses that examine associations with downstream
cultural performance and test whether these dimensions can guide dataset selection.

Step 3: Dataset Profiling and Subset Construction While PCA reveals descriptive structure, it
does not establish whether these dimensions are useful for guiding training decisions. To test the
practical relevance of PCA-derived signals, we construct controlled dataset subsets that approximate
movement along each principal component at the sample level. Specifically, for each dataset and
each principal component, we identify the linguistic metric with the highest absolute loading on that
component and use it as a proxy to rank individual samples. We then construct equal-sized fine-
tuning subsets by selecting samples with high or low values of this proxy metric. We additionally
construct a random subset of equal size as a baseline. All subsets are matched in number of examples
to isolate linguistic effects from dataset scale. By manipulating dataset composition in this way, we
test whether dataset-level associations persist under controlled subset selection or disappear when
data is re-sampled.

Step 4: Model-Agnostic Fine-Tuning Setup All fine-tuning experiments start from the same base
LLM checkpoint. We independently fine-tune this base model on each full dataset and on each PCA-
based or random subset constructed in Step 3, using an identical training configuration throughout.
No model is fine-tuned sequentially on multiple datasets or subsets. This produces a collection of
models that differ only in the data used for fine-tuning, allowing us to isolate the effect of dataset
composition while controlling for model architecture and optimization settings.
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Step 5: Cultural Evaluation Each fine-tuned model is evaluated on a set of cultural benchmarks
covering three categories: cultural knowledge, cultural values, and cultural norms. These bench-
marks provide model-level performance scores across distinct aspects of cultural alignment, en-
abling systematic comparison across datasets, subsets, and model families.

Step 6: Linking Dataset Properties to Model Performance Finally, we analyze whether dataset-
level linguistic structure is associated with downstream cultural behavior by computing correlations
between (i) each dataset’s PCA coordinates (PC1–PC3) and (ii) the performance of the correspond-
ing fine-tuned model on cultural benchmarks. These correlations are used to assess predictive asso-
ciation, not causality, and motivate the subset-based intervention experiments that follow.

4 EXPERIMENTS

4.1 SETUP

Languages and Datasets We conduct experiments across Arabic, Chinese, and Japanese, using
between 9 and 13 post-training datasets per language. To ensure broad coverage of linguistic and
cultural variation, the selected datasets span diverse sources and domains such as exams, social
media, news, instruction-tuning corpora, general web collections, and human-curated or annotated
resources. This diversity enables us to capture a wide range of linguistic structures, cultural registers,
and communicative styles. These include:

Arabic: MultiNativQA Hasan et al. (2024), ArabicMMLU Koto et al. (2024), Aya Singh et al.
(2024), CIDAR Alyafeai et al. (2024), Open-ArabicaQA Abdallah et al. (2024), The Ultimate Arabic
News Al-Dulaimi (2022), DAWQAS Ismail & Homsi (2018), Al Jazeera News Articles ArbML
(2023a), and Arsen-20 ArbML (2023b)

Japanese: JaQuAD So et al. (2022), Japanese WordNet 2.0 Bond & Kuribayashi (2023), Jcom-
monsenseMorality Takeshita & Araki (2023), Ichikara Instruction All msfm (2023), Dolly 15k-
JA Kunishou (2023), AIO Instruction Dataset Project (2023), Core Vocabulary Simplification Cor-
pus Katsuta & Yamamoto (2018), Wikimedia Dumps Wikimedia Foundation (2024a), Japanese
Wikinews Wikimedia Foundation (2024b), and Aozora Bunko (AozoraTxt) levelevel (2023).

Chinese: COIG-PC, Chinese Traditional, Douban, Xiaohongshu (XHS), Human Value, RuozhiBa,
Exam, SegmentFault, Zhihu, LogiQA, Wikihow, Wiki, Finance Bai et al. (2024)

Models Llama-3.2-3B-Instruct Grattafiori et al. (2024), Mistral-7B-Instruct-v0.3 Jiang et al.
(2023), and DeepSeek-R1-Distill-Qwen-7B Guo et al. (2025).

Evaluation Framework Models are evaluated across three cultural alignment categories: Cul-
tural Knowledge, Cultural Values, and Cultural Norms. Benchmarks include VSM13, World Values
Survey (WVS), CulturalBench, EXAMs, ACVA, CIDAR-EVAL, and additional culture-related eval-
uation datasets relevant to each language (full list in Appendix D).

Processing and Fine-Tuning Protocol For linguistic metric computation, each dataset was ran-
domly sampled to 1,000 examples. For model training, datasets with ¡30k examples were used fully,
larger datasets were capped at 30k samples, split into 80% train / 10% validation / 10% test. All
additional fine-tuning configurations, including sequence length, optimizer settings, learning rate
schedule, batch size, training steps, and hardware setup, are documented in Appendix C.

4.2 LINGUISTIC FEATURE ANALYSIS

As described in Section 3, we compute linguistic, semantic, and structural metrics for all datasets
and apply PCA separately for each language to capture within-language variation. Here, we analyze
the resulting PCA components to compare how Arabic, Japanese, and Chinese datasets differ along
the major axes of linguistic variation.

4
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(a) Arabic (b) Japanese (c) Chinese
Figure 2: Category-level contributions of diversity, lexical, semantic, and clustering metrics to

principal components PC1–PC3 for Arabic, Japanese, and Chinese.

4.2.1 PRINCIPAL COMPONENTS CAPTURE MEANINGFUL LINGUISTIC STRUCTURE

For each language, we apply PCA to the matrix of dataset-level linguistic metrics, where each dataset
corresponds to one observation and each metric to one feature. The first three principal compo-
nents (PCs) capture coherent groupings of linguistic features and explain most of the dataset-level
variance. PC1 explains 41–53% of variance across languages, with PC2 and PC3 contributing a
further 18–33% and 9–16%, respectively; additional components explain comparatively little vari-
ance. Category-level contribution plots (Fig. 2) show that, within each language, individual principal
components are dominated by subsets of linguistic metric categories rather than uniform mixtures.
The dominant categories differ across components and languages, indicating that PCA captures
language-specific combinations of linguistic properties rather than a single shared linguistic dimen-
sion. This motivates examining whether different components play distinct roles in downstream
cultural alignment.

PC1: Semantic-Dominant Dimension PC1 captures semantic coherence and similarity, often
combined with surface-level diversity (Arabic) or lexical richness (Japanese, Chinese). This com-
ponent explains the largest share of variance in every language (approximately 41–53%), reflecting
its aggregation of multiple high-level linguistic signals associated with meaning-dense and concep-
tually structured datasets.

PC2: Diversity + Lexical Dimension PC2 reflects surface variability and topic spread, capturing
differences in lexical diversity, distributional heterogeneity, and stylistic variation. This component
cuts across dataset sources and emphasizes differences in how broadly language use is distributed
rather than domain-specific content.

PC3: Secondary Lexical/Semantic Structure PC3 captures more localized, language-specific
structure. In Arabic, it is driven primarily by lexical richness metrics (e.g., MTLD, HDD); in
Japanese, it combines lexical and clustering signals that separate more homogeneous from hetero-
geneous corpora; and in Chinese, it reflects secondary semantic structure dominated by similarity
metrics. Compared to PC1 and PC2, PC3 aggregates a narrower set of linguistic signals, emphasiz-
ing lexical and stylistic variation rather than broad semantic or topical structure.

4.2.2 DATASET INTERPRETATION THROUGH PCA DIMENSIONS

By projecting datasets into PCA space, datasets exhibit separations that reflect differences in their
linguistic composition. Below, we describe how major dataset families are distributed along each
component, as illustrated in Fig. 3.

PC1: Datasets with Higher Semantic Density PC1 separates datasets according to how much
explicit semantic reasoning they contain. Datasets built around knowledge-intensive QA datasets
(e.g.,such as NativQA, MBZUAI Arabic MMLU, OpenArabicQA, JCommonsense, COIG-PC, and
LogiQA), consistently achieve high PC1 scores. These sources contain meaning-dense prompts and
well-structured QA pairs, which increases semantic similarity metrics and drives strong PC1 load-
ings. By contrast, large news and encyclopedic corpora, including Ultimate Arabic News, Aljazeera,
Wikipedia-30k, Wikinews-5k, Wikihow, and Wiki, tend to score low on PC1. Their formulaic re-
porting style, repetitive phrasing, and narrower topical variation produce lower semantic variability,
placing them at the lower end of the PC1 axis.

5



270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323

Under review as a paper at DATA-FM workshop @ ICLR 2026

PC2: Dataset Variation Along Surface-Level Properties PC2 does not align cleanly with any
dataset source. Datasets from news, QA, instructional, and social-media origins appear throughout
this dimension with no consistent pattern. This suggests that PC2 captures surface-level variation,
such as differences in token distribution, topical breadth, or stylistic alternation, that cuts across
genres rather than characterizing any particular dataset family.

PC3: Datasets with Greater Lexical and Stylistic Variation High PC3 scores are associated
with datasets that contain human-authored, open-ended, and stylistically diverse text. These include
Aya (instructional, human-written), CIDAR (free-text survey responses), JCommonsense (crowd-
sourced QA), Ichikara (human-curated instructions), Douban (social-media dialogue), and COIG-
PC (conversation-style preferences). Some news and encyclopedic datasets, such as Ultimate Arabic
News, Wikinews, and Wiki, also appear high on PC3. Although stylistically formulaic, these sources
cover a wide range of topics and entities, resulting in a broad vocabulary and higher lexical richness,
which contributes to their elevated PC3 scores. Across these examples, datasets that provide varied
vocabulary or unconstrained language use exhibit strong PC3 loadings, regardless of whether their
style is structured or conversational.

Overall, the PCA projections provide a compact, language-specific view of how datasets differ in
their linguistic composition. Rather than revealing shared dimensions across languages, the PCA
space offers a descriptive organization of datasets within each language, which we use in subsequent
analyses to examine relationships with cultural alignment performance.

4.3 DATASET LINGUISTIC STRUCTURE AND ITS IMPACT ON CULTURAL ALIGNMENT

This experiment examines whether dataset-level linguistic structure, as captured by PCA, is system-
atically associated with downstream cultural-alignment performance across languages and model
families. For each dataset analyzed in Section 4.2, we fine-tune the same base LLM using a fixed
training configuration, yielding one model per dataset. Each model is then evaluated on cultural
benchmarks grouped into three categories: Cultural Knowledge, Cultural Values, and Cultural
Norms. We compute Pearson correlations between (i) each dataset’s PCA coordinates (PC1–PC3)
and (ii) the performance of the corresponding fine-tuned model on cultural alignment benchmarks,
using the task-specific evaluation metrics defined in Appendix D. Importantly, these correlations are
used to assess associative relationships, not to establish causality or actionability. Whether PCA-
derived dimensions can reliably guide dataset selection is tested separately via controlled subset
interventions in Section 4.4. Heatmaps for Arabic, Japanese, and Chinese are shown in Figs. 5, 6,
and 7.

4.3.1 PCA COMPONENTS EXHIBIT SYSTEMATIC BUT MODEL-DEPENDENT ASSOCIATIONS

Across all three languages, most benchmark categories exhibit moderate or strong correlations with
at least one PCA component, indicating that dataset-internal linguistic structure is systematically
associated with cultural-alignment outcomes. However, the identity of the relevant component varies
substantially across models, benchmarks, and languages, suggesting that no single PCA dimension
acts as a universal predictor.

Arabic: Arabic benchmarks exhibit varied associations with PCA components. Cultural knowledge
and values tasks are often most strongly associated with PC1 or PC2, but the identity of the dom-
inant component depends on the model architecture. For example, CultureAtlas is most strongly
associated with PC1 for LLaMA (0.85), whereas EXAMs is most strongly associated with PC2 for
Mistral (0.82). Cultural values benchmarks show similarly strong but model-dependent associations
(e.g., WorldValuesBench with PC1 for Mistral (−0.77) and ACVA with PC2 for DeepSeek (0.78)).
Normative benchmarks such as CIDAR-Eval also exhibit shifting associations across models, with
PC2 most strongly associated with performance for LLaMA (0.71) and PC3 for DeepSeek (0.60).
While PC3 appears among positive associations for some model–task pairs, it does not consistently
dominate across benchmarks, indicating that no single PCA component serves as a universal predic-
tor.

Japanese: In Japanese, cultural knowledge benchmarks tend to exhibit their strongest associations
with PC1 (e.g., CulturalBench-Easy: LLaMA −0.66, Mistral −0.68, DeepSeek −0.43), suggesting
sensitivity to semantic coherence. In contrast, cultural values and norms benchmarks align with
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(a) Arabic datasets

(b) Japanese datasets

(c) Chinese datasets
Figure 3: Normalized PCA scores for all datasets in each language, projected onto the three main

components (semantic relevance, diversity, lexical richness).

different components depending on the model, with observed shifts between PC1, PC2, and PC3
across architectures. These patterns suggest that Japanese cultural performance is influenced by
multiple linguistic dimensions, whose relevance is modulated by model design.

Chinese: Chinese benchmarks display similarly distributed associations across PCA components.
Cultural knowledge and values tasks align with different PCs depending on the model, while nor-
mative benchmarks exhibit moderate but nonzero correlations across components. For example,
WorldValuesBench is most strongly associated with PC1 for DeepSeek, while the same benchmark
is associated with PC2 for Mistral. As in Arabic and Japanese, PC1 and PC2 show inconsistent
behavior across architectures, while PC3 appears more selectively associated with performance for
certain models and tasks.

Notably, the same benchmark often aligns with different PCA components depending on model
architecture (e.g., VSM13 aligns with PC2 for LLaMA but with PC1 for Mistral, while WorldVal-
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uesBench aligns with PC1 for DeepSeek but with PC2 for Mistral), indicating that different models
exploit distinct linguistic aspects of the same dataset during fine-tuning. Overall, these results show
that while dataset-level linguistic structure is informative for cultural alignment, the identity and
direction of relevant components vary substantially across languages, benchmarks, and model fam-
ilies. This variability motivates controlled intervention experiments to test whether any of these
associations are actionable for dataset selection.

(a) LLaMA (b) Mistral (c) DeepSeek

Figure 4: Mean performance difference ( ∆= subset - random) for High-PC and Low-PC subsets of
equal size across PC1–PC3 and three model families, averaged over all base datasets and
evaluation metrics. Zero indicates parity with random selection; positive values denote

improvement and negative values degradation. PC1-PC2 rarely outperform random sampling,
while PC3 shows more consistent, but model-dependent, gains.

4.4 SUBSET VALIDATION

Correlation alone does not establish whether dataset-level linguistic dimensions are actionable for
training. We therefore perform a controlled subset intervention, directly manipulating dataset com-
position while holding the model, optimization procedure, and subset size fixed. We focus on Arabic
because it has the largest and most diverse collection of fine-tuning datasets in our study, spanning
a wide range of sources and domains. We identify the five datasets with the largest absolute scores
along each principal component (PC1–PC3). Within each dataset, we assign sentences a proxy PC
score by projecting their linguistic feature vectors onto the corresponding PCA direction. Using this
score, we construct three size-matched subsets (≈ 2k examples): a High-PC subset (upper tail), a
Low-PC subset (lower tail), and a Random subset. Each subset independently fine-tunes the same
base models (LLaMA, Mistral, DeepSeek) under identical hyperparameters, followed by evaluation
on cultural benchmarks.

PC1 and PC2 interventions test whether emphasizing or suppressing semantic structure and distri-
butional diversity improves alignment, while PC3 probes lexical and stylistic variation. Random
subsets serve as a strong baseline that controls for subset size while implicitly reducing redundancy,
allowing gains or failures to be attributed to composition rather than scale. Figure 4 reports the
mean performance difference (∆) relative to Random for each strategy and PC, averaged across all
evaluated datasets and metrics; positive values indicate improvement over random sampling.

LLaMA: LLaMA exhibits limited but structured sensitivity to PCA-guided subset selection. Along
PC1, High-PC subsets provide small positive gains over Random, while Low-PC subsets consis-
tently underperform. PC2 interventions are uniformly harmful, with both High-PC and Low-PC sub-
sets degrading performance relative to Random. In contrast, PC3 shows the clearest positive signal:
High-PC3 subsets yield consistent improvements, while Low-PC3 remains near-neutral. Overall,
LLaMA benefits selectively from lexical-level variation (PC3), while semantic and diversity-driven
extremes offer limited or negative utility.

Mistral: Mistral displays a strongly directional response to PCA-guided subset selection. Along
PC1, Low-PC subsets substantially outperform both High-PC and Random, while High-PC1 leads
to clear degradation. This indicates that fine-tuning on semantically extreme subsets—particularly
those emphasizing high semantic density—induces harmful distributional shifts for Mistral. PC2
interventions are consistently detrimental: both High-PC2 and Low-PC2 subsets produce large per-
formance drops relative to Random, suggesting that aggressive manipulation of diversity-related
properties is poorly tolerated. In contrast, PC3 emerges as the most reliable dimension. High-PC3

8
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subsets consistently outperform Random, while Low-PC3 underperform, indicating that increased
lexical and stylistic variation provides a stable and beneficial training signal for Mistral.

DeepSeek: DeepSeek follows a distinct pattern. For PC1, both High-PC and Low-PC subsets sub-
stantially underperform Random, suggesting that semantic extremes are broadly misaligned with the
model. Along PC2, Low-PC subsets outperform High-PC and Random, while High-PC2 leads to
degradation. PC3 produces consistent gains: High-PC3 yields the strongest improvements, while
Low-PC3 provides smaller but still positive effects. Thus, for DeepSeek, PC1 acts as a negative
selection signal, PC2 favors reduced diversity, and PC3 provides a robust positive intervention.

Cross-model Comparison: Across models, PCA-guided subset selection exhibits clear model-
dependent effects. PC3 (lexical and stylistic variation) provides the most consistent and transferable
signal, improving performance for all three models when selected in the appropriate direction. A
plausible explanation is that PC3 emphasizes surface-level and stylistic diversity without strongly
altering the underlying semantic distribution, allowing models to benefit from increased lexical cov-
erage while remaining close to their pretraining regime. In contrast, PC1 and PC2 are more fragile:
subsets emphasizing semantic density or distributional extremes can induce larger shifts in the train-
ing distribution, which different architectures tolerate unevenly. As a result, these interventions
frequently degrade performance and show limited cross-model agreement. Importantly, High- and
Low-PC subsets are not symmetric—the direction of intervention along a PCA axis matters as much
as the axis itself.

Overall, these results demonstrate that PCA-derived linguistic dimensions can inform subset con-
struction, but only when interpreted in a model- and direction-aware manner. PC3 offers the most
stable intervention signal, while aggressive manipulation along PC1 and PC2 often harms align-
ment. Rather than indicating that certain linguistic properties are universally beneficial or harmful,
the findings highlight that increasing or decreasing the same property can produce qualitatively dif-
ferent outcomes depending on the model.

5 CONCLUSION

This work examines how dataset-level linguistic properties relate to cultural alignment in large
language models. Across 160 fine-tuned models spanning three languages and three model fami-
lies, we combine language-specific PCA, correlation analysis, and controlled subset interventions to
characterize linguistic structure in cultural datasets and assess its downstream impact. Knowledge-
intensive QA datasets align with semantic coherence (PC1), news and encyclopedic corpora cluster
in low-semantic regions, and human-authored or conversational data exhibit higher lexical richness
(PC3).

Subset-based interventions show that emphasizing semantic density (PC1) or surface diversity (PC2)
often leads to unstable or negative effects, whereas the lexical–stylistic dimension (PC3) provides
a more robust and transferable signal. Importantly, all effects are strongly model-dependent, indi-
cating that linguistic signals must be interpreted in an architecture-aware manner. While prior work
has shown that data diversity can improve model performance and robustness in supervised fine-
tuning settings Chen et al. (2024); Pang et al. (2024); Zhou et al. (2023), our results suggest that
for cultural awareness tasks, increased semantic density or surface-level diversity is not uniformly
beneficial. Instead, dataset composition and model-specific interactions play a more central role.

Practical Implication: For culturally-aware fine-tuning, we recommend: (i) prioritizing dataset
composition, as PCA-guided subset selection yields measurable performance differences under fixed
training conditions; (ii) treating semantic and diversity signals (PC1, PC2) with caution due to their
instability across architectures; and (iii) favoring high-PC3 subsets, which provide the most consis-
tently positive signal among the examined components. Overall, PCA-derived linguistic dimensions
are not universal quality metrics, but practical tools for probing and shaping dataset composition
under controlled conditions.
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A LIMITATIONS

While the correlations observed in our analysis frequently exceed |0.40| and in many cases sur-
pass |0.70|, indicating that linguistic structure is meaningfully associated with cultural-alignment
performance, the number of finetuning datasets available per language (9–13) imposes constraints
on statistical generality. Our findings should therefore be interpreted as descriptive patterns rather
than definitive causal and statistical association claims. In addition, PCA-based analyses were con-
ducted using a single random seed, which may introduce minor variability in the resulting principal
components, although the same transformation was consistently applied across all evaluated sub-
sets. Moreover, cultural-alignment performance was evaluated using pass@1 accuracy, reflecting
a standardized single-response setting applied consistently across all models and datasets. While
alternative decoding or aggregation strategies may yield different absolute scores, our analysis fo-
cuses on relative trends, which are less sensitive to this choice. Importantly, several trends replicate
across three model families (LLaMA, Mistral, DeepSeek) and three languages (Arabic, Japanese,
Chinese), indicating that the observed relationships reflect stable tendencies rather than sampling
noise. Future work with larger dataset collections, more model architectures, multiple PCA initial-
izations, and more comprehensive evaluation protocols would further strengthen the generality of
these findings; however, conducting additional subsets and experiments was not feasible within our
computational budget.

B ADDITIONAL RELATED WORK

Beyond the cultural alignment benchmarks discussed in the main paper, several adjacent lines of
work study dataset properties from complementary perspectives. Prior analyses document cultural
bias and representational gaps in large-scale corpora, showing that widely used sources such as
Wikipedia are strongly Western-centric (Naous et al., 2023), and that Arabic post-training resources
suffer from scarcity and imbalance (Alkhowaiter et al., 2025). Other work explores dataset cura-
tion strategies for cultural diversity, such as synthetic dialogue generation in CulturePark (Li et al.,
2024), though these efforts primarily target cultural judgments or moderation rather than identifying
linguistic dataset properties associated with alignment.

13

https://ja.wikinews.org/wiki/
https://arxiv.org/abs/2408.09819
https://arxiv.org/abs/2408.09819


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a paper at DATA-FM workshop @ ICLR 2026

Outside the cultural alignment literature, dataset-centric analyses such as DSAP (Dominguez-Catena
et al., 2025) examine demographic similarity across corpora, and broader surveys document system-
atic cultural misalignment in LLMs (Pawar et al., 2025). Related work on dataset quality and di-
versity investigates how data curation, filtering, and diversity-oriented selection strategies influence
downstream model performance (Chen et al., 2024; Zhou et al., 2023; Pang et al., 2024). While
informative, these studies do not directly connect dataset-level linguistic structure to downstream
cultural performance, nor do they evaluate such properties using culture-specific benchmarks. Our
work complements these efforts by focusing specifically on how measurable linguistic properties of
fine-tuning datasets relate to cultural alignment outcomes across models and languages.

C TRAINING CONFIGURATION

Table 2 summarizes the fine-tuning configuration used across all model families and datasets. These
settings were kept consistent to ensure comparability across languages and experimental conditions.

Table 2: Training configuration used for all fine-tuning experiments.

Setting Value

Model families LLaMA, Mistral, DeepSeek
Fine-tuning method QLoRA (4-bit quantization)
Batch size 8
Gradient accumulation steps 8
Learning rate 2× 10−5

Optimizer AdamW
Warmup ratio 0.03
Max sequence length 2048
Training epochs 3
LoRA rank (r) 64
LoRA α 16
LoRA dropout 0.05
Hardware 2×A100 80GB

D BENCHMARKS BY LANGUAGE

Table 3 lists the cultural and value-alignment benchmarks used for evaluation in each language.
These benchmarks span multiple dimensions of cultural knowledge, norms, and moral reasoning.

Table 3: Cultural alignment benchmarks by category and language.

Language Cultural Knowledge Cultural Values Cultural Norms

Arabic CulturalBench (Easy, Hard) Chiu
et al. (2024), CultureAtlas Fung
et al. (2024), ArabCulture Sadal-
lah et al. (2025), EXAMs-
AR Sengupta et al. (2023)

VSM13 (Arabic) Hofstede et al.
(2013), WorldValuesBench Zhao
et al. (2024), ACVA-Arabic

CIDAR-MCQ, CIDAR-
EVAL Alyafeai et al. (2024),
AraDiCE Mousi et al.
(2024), LLM-Globe (Open,
Closed) Karinshak et al. (2024)

Japanese CulturalBench (Easy, Hard) Chiu
et al. (2024)

VSM13 Hofstede et al. (2013),
WorldValuesBench Zhao et al.
(2024)

J-Ethics Takeshita & Rzepka
(2025), LLM-Globe (Open,
Closed) Karinshak et al. (2024)

Chinese CulturalBench (Easy, Hard) Chiu
et al. (2024), CultureAt-
las Fung et al. (2024), CEval-
Exams Huang et al. (2023)

VSM13 Hofstede et al. (2013),
WorldValuesBench Zhao et al.
(2024)

CMoral Yu et al. (2024), LLM-
Globe (Open, Closed) Karinshak
et al. (2024)
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Table 4: Explained variance ratios of the top three principal components for Arabic, Japanese, and
Chinese datasets.

Language PC1 PC2 PC3

Arabic 0.52 0.17 0.15
Japanese 0.52 0.34 0.10
Chinese 0.41 0.30 0.17

(a) AR–LLaMA (b) AR–Mistral (c) AR–DeepSeek

Figure 5: Correlation between dataset PCA components (PC1–PC3) and downstream cultural
performance for Arabic across models.

E EXPLAINED VARIANCE RATIOS OF LANGUAGE-SPECIFIC PCA

Table 4 reports the explained variance ratios of the top three principal components for each language.
Across all languages, PC1 accounts for the largest share of variance (41–52

F ADDITIONAL CORRELATION HEATMAPS

This appendix presents the full correlation heatmaps between dataset PCA components (PC1–PC3)
and downstream cultural benchmark performance, reported separately for each language and model.
Each cell in Figs. 5, 6, and 7 shows the correlation coefficient between a PCA component score
(columns) and a benchmark score (rows).

G THE USE OF ARTIFICIAL INTELLIGENCE

In the development of this paper, we employed artificial intelligence (AI) tools to enhance the quality
of writing and ensure grammatical accuracy.
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(a) JP–LLaMA (b) JP–Mistral (c) JP–DeepSeek

Figure 6: Correlation between dataset PCA components (PC1–PC3) and downstream cultural
performance for Japanese across models.

(a) ZH–LLaMA (b) ZH–Mistral (c) ZH–DeepSeek

Figure 7: Correlation between dataset PCA components (PC1–PC3) and downstream cultural
performance for Chinese across models.
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