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suggests that the neurocognitive dimensional structure, as a shared biological constraint, better 
captures cross-language commonalities, while variations result from natural and cultural 
environmental inputs to such a structure. The analysis involves three main studies: 1) Language model 
study; 2) Human rating study; and 3) fMRI study. The brain illustration (upper left) visualizes 
probabilistic peak activations associated with various high-level sensory-motor and cognitive domains, 
generated using NeuroQuery, a meta-analysis tool for mapping neural terms (Dockès et al., 2020). 
The world map (bottom) shows the geographic distribution of language samples across the three 
studies. For Studies 1 and 3, we used language geographic coordinates from Glottolog 4.6 
(Hammarström et al., 2022). For Study 2, we used averaged location coordinates reported by 
participants for each language sample. 
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Figure 2. Commonality of the neurocognitive semantic structure across languages using language 
computational analysis (Study 1a). a. Semantic construction methods in the pretrained word 
embedding data analyses. Pretrained 300-dimensional word embedding data from 53 languages from 
10 language families were included. Embedding vectors of target concepts were projected onto three 
theoretical semantic representations and compared for cross-language commonalities: 
neurocognitive, distributional (local and global), and feature-based models, each with different 
anchor words/dimensions (see Methods). b. Semantic commonality results. Left panel: Boxplots 
show the distribution of the inter-language correlations across language pairs for the four semantic 
models, with the neurocognitive structure showing higher alignment than distributional or feature-
based models. Right panel: Comparisons of mean inter-language correlations between the four 
semantic models and two random control models: random word models (randomly selecting 13 NEL 
words as anchor words 10,000 times; light gray area) and random dimension models (randomly 
selecting 100 NEL words and grouping them into 13 dimensions 10,000 times; dark gray area). The 
mean inter-language correlation of the neurocognitive model (the red line) was significantly higher 
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than those of the two control models (Ps < 0.01); those of the other models were not. c. 
Generalization of 13-dimensional neurocognitive space to larger language samples using the 
colexification network data. Left panel: Visualization of the CLICS data and network properties 
representing semantic distance in the colexification topology space. Right panel: Density plots 
comparing association patterns between semantic distances in the original 53-language embedding-
derived neurocognitive space and the colexification topological graph space. The analysis includes all 
language samples (N = 2,681) and non-Eurasian languages (N = 1,813; encompassing South America, 
North America, Africa, Papunesia, and Australia, excluding unclassified languages). The 
neurocognitive model's performance (Ps < 0.01, red line) is at the upper bound of the random model 
distributions, demonstrating robust cross-linguistic generalizability. 
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Figure 3. Environmental predictors of neurocognitive semantic variations in word embedding data 
(53 languages; Study 1b) and human rating data (253 participants, 8 languages; Study 2). a. Inter-
language correlation matrix of 53 languages based on the 13 neurocognitive dimensional structure. 
The dendrogram shows the hierarchical clustering of languages by correlation distances, with 
languages color-coded according to language family. b. Scatter plot showing the relationship between 
actual and predicted semantic alignment based on environmental RDMs (climate, linguistic history, 
geography, and culture). c. Left panel: Linear mixed regression models predicting cross-language 
semantic variations with environmental RDMs. Standardized regression coefficients for each factor 
are shown, with the factor RDM displayed below each bar. Right panel: Radar plot displaying 
standardized beta coefficients from regression models for each of the 13 neurocognitive dimensions 
across environmental variables. d. Inter-subject correlation matrix of the neurocognitive semantic 
representations, each cell representing the Pearson correlation coefficient of the ratings on the 207 
concepts and 13 dimensions (2,691 ratings) for each pair of 253 subjects. Cells in the black box are 
the intra-language correlations. e. Scatter plot showing the relationship between actual and predicted 
semantic alignment values based on environmental variables. f. Left panel: Linear mixed regression 
models predicting the inter-subject language semantic correlation distance using four environmental 
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RDMs (climate, linguistic history, geography, and culture) with a demographic RDM (the Euclidean 
distance of participants' age, gender, education level, and SES) as the control variable. Standardized 
regression coefficients for each factor are shown, with the factor RDM displayed below each bar. Right 
panel: Dimension-specific environmental effects. Radar plot displaying standardized beta coefficients 
from regression models for each of the 13 neurocognitive dimensions across environmental variables.  
Error bars represent 95% CIs. Significance levels: ***, P < 0.001; **, P < 0.01; *, P < 0.05. 
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Figure 4. Neural correlates of environmental effects on language processing (Study 3). a. 
Methodology for constructing neural RDMs from 86 subjects across 45 languages within the high-
level language processing network (Fedorenko et al., 2010). Inter-language neural RDMs were derived 
from the contrast between intact and degraded native language processing (Malik-Moraleda et al., 
2022), with data averaged for each language. b. Linear mixed regression analysis at the language level, 
using semantic relation patterns (from the 13-neurocognitive dimensional space in Study 1) to predict 
cross-language neural variations. The bar plot depicts regression coefficients across all 12 brain 
regions. The right ATL is the only region showing significant beta values after multiple corrections 
(FDR-corrected p < 0.05), indicating that this region encodes cross-language semantic alignments in 
the 13-dimensional space derived in Study 1. c. Climate effects on neural activity patterns in the right 
ATL. Environmental factor RDMs were obtained for participants’ native languages. The regression 
coefficient plot (left panel) illustrates significant climate effects in the right ATL. The commonality 
analysis (right panel) quantifies the proportion of variance explained by different components: unique 
semantic effects (6.26%, 95%CI [1%, 37.46%]), unique climate effects (55.58%, 95% CI [16.83%, 
85.80%]) and common variance shared between climate and semantic factors (38.20%, 95% CI 
[14.75%, 48.30%]). The significant common variance indicates that climate effects on neural activities 
in the right ATL partially reflect semantically related neural activation patterns. Abbreviations: ATL, 
anterior temporal lobe; IFG, inferior frontal gyrus; IFGorb, inferior orbital frontal gyrus; MFG, middle 
frontal gyrus; MTG, middle temporal gyrus; AG, angular gyrus. Error bars represent 95% CIs. 
Significance levels: * P < 0.05. 
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Figure 5. Semantic variation structures associated with different climate groups. a. Climate typology 
and distribution of 53 languages. PCA on the 19 climate variables of the geographic coordinates of 53 
languages revealed that the first two principal components captured 72.3% of climate variations, and 
they were termed “tropical vs. cold/temperature” climates and “oceanic vs. continental” climates, 
respectively, according to the loadings of climate variables on each PC. The right panel shows the 
geographic mapping of climate PCs. b. Semantic profiles associated with each climate PC. The top 
panel illustrates how we projected the semantic spaces of 53 languages (obtained in Study 1) onto 
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the Climate PC1 and PC2 axes. The middle panel shows the domain-level semantic profiles associated 
with each Climate PC (see Figure S7 for the concept-level profile). Higher values along a particular 
direction of PCs indicate that the given climate type tends to have stronger semantic relations. The 
bar plots below show the semantic association ratio of the two directions along each PC, calculated 
as the summed values in one direction divided by the total summed values in both directions. The 
bottom panel shows examples of loading patterns of specific concepts on 13 neurocognitive semantic 
dimensions obtained from the language data. 
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Table 1. Unique effects of climate on different semantic structures 
Model Type Climate Effect (β) 95% Confidential Intervals 
Model 1: Neurocognitive as DV 

  

Neurocognitive ~ Climate + Global Dist. 0.03* [0.01, 0.05] 
Neurocognitive ~ Climate + Local Dist. 0.11*** [0.09, 0.13] 

Neurocognitive ~ Climate + Feature  0.13*** [0.10, 0.14] 
Model 2: Alternative Models as DV 

  

Global Dist. ~ Climate + Neurocognitive 0.03*** [0.02, 0.06] 
Local Dist. ~ Climate + Neurocognitive -0.02 [-0.03, 0.01] 

Feature ~ Climate + Neurocognitive -0.03 [-0.04, 0.00] 
Note: *** P < 0.001, ** P < 0.01, * P < 0.05; DV, dependence variable; Global Dist., global distributed model; Local Dist., local distributed model; 
Feature, semantic feature model; All models control for random effects of language families; All variables were standardized. 
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Table 2. Standardized regression results for environmental predictors of semantic distance across four datasets 
Data Types Climate Cultural  Geographic  Linguistic History 

Word embedding data 
(wiki + CC) 

0.28 (0.20, 0.37) 
P = 1.50 × 10-9*** 

0.07 (-0.01, 0.14) 
P = 0.10 

0.05 (-0.03, 0.13) 
P = 0.24 

0.22 (0.16, 0.28) 
P = 1.29 × 10-13*** 

Word embedding data  
(wiki + Subs) 

0.44 (0.33, 0.58) 
P = 1.39 × 10-10*** 

0.22 (0.12, 0.33) 
P = 4.64 × 10-5*** 

-0.18 (-0.29, -0.06) 
P = 0.002** 

0.28 (0.20, 0.35) 
P = 7.86 × 10-12*** 

Behavioral data 0.53 (0.26, 0.80) 
P = 0.0006*** 

-0.07 (-0.36, 0.25) 
P = 0.64 

-0.22 (-0.40, -0.04) 
P = 0.02 

0.13 (-0.17, 0.39) 
P = 0.34 

Neural data  
(R-ATL) 

0.12 (0.04, 0.22) 
P = 0.01* 

0.11 (0.008, 0.21) 
P = 0.047* 

-0.07 (-0.15, 0.002) 
P = 0.06 

-0.02 (-0.08, 0.04) 
P = 0.61 

Note: Values represent standardized beta coefficients with 95% confidence intervals in parentheses. Significance levels: *** P < 0.001, ** P < 
0.01, * P < 0.05. 
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