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Abstract 

When people talk and write about nature, they provide a window into how their culture 
represents the natural world, whether they see it as important, worthy of concern and 
protection. Such collective beliefs may be a key driver of global environmental 
health or degradation, yet no study to date has been equipped to map 
cultural representations of nature at scale. This research aims to quantify global 
variation in linguistic representations of nature and explore implications for 
sustainable development indicators. The authors use Natural Language 
Processing (multilingual word embeddings) built from Wikipedia text for 120 
languages spoken in 189 countries, and from European parliamentary speeches for 
28 languages in 27 countries. In English, the concept of Nature is moderately 
but robustly associated with Importance (alongside other dimensions, e.g., 
Concern, Protection), and such associations increased over 200 years. Yet, 
examining other languages revealed that Niger-Congo and Austronesian languages 
(mostly spoken in Global South nations) express the strongest Nature-Importance 
associations whereas English and Indo-European languages (generally spoken 
in the Global North) express the weakest. Robustness tests within 27 European 
countries reinforced that such country-level variation of Nature representations 
are consistent across text sources, time (2015-2022), and speaker 
demographics. Most critical, the robust global variation is significantly 
correlated with Sustainable Development Goals, including protection of water and 
land biodiversity areas, even explaining variance over economic covariates. In 
addition to introducing new methods and empirical records for mapping nature 
representations worldwide, the results underscore the importance of non-English 
perspectives in guiding policy and research on environmental protection. 
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NATURE IN LANGUAGE 1 

Language Reveals Global Links Between Nature Attitudes and Sustainable Development 

Unsustainable development and environmental degradation are among the most pressing 

challenges of our time1,2. Environmental degradation not only harms natural biodiversity but also 

drives social inequality and burdens human wellbeing3,4. Work from across the social and 

environmental sciences suggests a critical role for culture-level values and representations in 

shaping anthropogenic impacts (such as biospheric values5–7, relational values and nature 

connectedness8–11, and prioritizing nature as important). Beliefs of individual people clearly 

matter for individual behaviors like environmental donations12,13, recycling or water usage14. But 

the global magnitude of environmental degradation is more likely to be the emergent property of 

culture-level collective representations—shared social beliefs and values communicated and 

constructed through language and maintained through social pressure15,16. Yet, until now, 

systematic global data on how nature and the environment are collectively represented has 

remained elusive.  

Although there are many international surveys of environmental attitudes8,17–23, most remain 

focused on Global North countries, underrepresenting the true global variation in ecosystems and 

human-environment relations. For instance, a recent audit of environmental values research 

found that 96% of papers were written in English24, which suggest a focus on English-speaking 

perspectives and its correlated focus on Western, Educated, Industrialized, Rich, Democratic 

(WEIRD) populations25. This has led to urgent calls for increasing multilingual coverage of 

environmental research to better expand to populations and emic values from other cultures26–29. 

Even the few surveys that go beyond the Global North23 remain limited either because they rely 

on proprietary data (with prohibitive costs for most researchers) and/or on self-reported survey 

measures (which can be vulnerable to self-presentation30). This project aims to overcome these 
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limitations using open-source multilingual data from 189 countries to naturalistically examine 

the cultural representations of nature.  

We do so by relying on the rapidly-growing tools of natural language processing (NLP) 

which have opened up new avenues to study cultural representations at-scale. Already, NLP 

tools—especially word embeddings31,32 which represent word meaning as quantitative vectors 

based on word-to-word co-occurrence—have been used to study representations of race, gender, 

and social class in books, Internet text, newspapers, and more33–35. Such language-based 

representations (e.g., associating women-home/men-office, or white people-good/black people-

bad) correlate robustly with measures of implicit attitudes36–38, including across countries39 and 

across history40,41. Yet, to date, no study has extended such NLP applications to identify nature-

related representations, nor to evaluate variation in representations across the globe.  

Four guiding questions of nature representations in language and culture. 

Using NLP, we are able to address four long-standing questions spanning the social and 

environmental sciences. First, how is nature represented in everyday English language? What are 

the dimensions (e.g., positivity/negativity, protection, concern, and importance) that arise as most 

strongly and consistently associated with nature in everyday text? In answering these questions, 

we can test the relative strength of many dimensions suggested (but rarely directly compared) in 

prior research.  

Second, how have the associations with such dimensions changed? Numerous theories, such 

as post-materialist values theory42 (see critiques e.g.,43) suggest that nature will gain importance 

when people feel security in their immediate needs (for food, shelter) and can therefore embrace 

more abstract values such as environmentalism. So, as populations in the English-speaking world 
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have become wealthier and more secure over the past 200 years, we might expect that language 

associations of nature with dimensions of value (i.e., importance) increased since the 1800s. 

Third, how do such associations vary across languages and cultures? Many perspectives5,6,11 

agree that cultures with different economic structures and ecologies will also have different 

values and relations to nature. For instance, some perspectives suggest that richer Global North 

countries will have stronger associations of nature with importance (whether because of post-

material values42 or other reasons44). Other perspectives suggest that greater subsistence 

relationships with nature, as seen in the Global South and poorer nations, may lead to a 

prioritization and protection of nature45,46. And yet other theories combine both ideas to argue for 

a curvilinear relationship between wealth and environmental values47,48. Evidently, examining a 

global scale of cross-cultural variation will help us understand where nature is prioritized today. 

Fourth and finally, we ask: does such cultural variations matter for environmental protections 

and health? Theoretically, attitudes are expected to translate to corresponding behaviors12,13,49; 

likewise, at a collective level, representations of nature as important should translate to collective 

behaviors and policies that protect that nature. We therefore test the link between language-based 

representations and nation-level indicators of environmental health from remotely sensed (e.g., 

tree cover from satellite data) and self-reported sources (UN Sustainable Development Goal 

reports). Moreover, if collective representations play a practically meaningful role, we expect 

that any relationships will persist over other economic covariates and self-reported surveys. 

Text sources to examine naturalistic representations of nature across languages and history 

To test these questions we draw on four complementary data sources of naturalistic text. For 

initial explorations, we examine English representations of nature in 840 billions of words of 

naturalistic contemporary Internet text50. For change over time, we examine 200 years of English 



NATURE IN LANGUAGE 4 

book texts51. For questions of cross-cultural variation and correlations, we used multilingual 

word embeddings built from Wikipedia text written in 120 languages spoken across 189 

countries (covering 98% of UN member countries). Wikipedia text is not a representative sample 

of the population: audits of the millions of volunteer Wikipedia contributors52 suggest that most 

contributors are men (~80% of contributors in 2019-2024), and more educated than the average 

population. Still, these biases in the sample actually align with an interpretation of Wikipedia 

embeddings as reflecting generally elite, dominant narratives which, in turn, aligns with our goal 

of measuring collective representations that are also created as dominant narratives.  

Wikipedia has issues, of course: norms of contribution may vary across cultures (e.g., people 

in individualist cultures are more likely to clarify and add information53) and representation may 

also vary according to Internet access (which we control for in our models). Furthermore, while 

most non-English Wikipedia pages (e.g., German) are written and edited by people with 

nationalities corresponding to those languages (e.g., Germans in Germany), there is also likely 

cross-cultural blending: German-speakers from Austria, Switzerland, or even the US may write 

and edit German Wikipedia pages. Thus, Wikipedia text—despite having the critically important 

contribution of a global scope and naturalistic contribution format—is still limited in not 

providing a clear one-to-one mapping between language and country.  

Although we attempt to address this latter concern using country-level weighting (see 

Methods), we also addressed it more directly by including a complementary fourth dataset of 

parliamentary speeches54 (2015-2022) available in 28 languages spoken in 27 European 

countries. Despite the more limited geographic coverage, these data reinforce any interpretations 

because they are directly mapped to each country (rather than inferred, as in Wikipedia). 

Additionally, the parliamentary data provides demographic data on speaker gender, age, and 
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political ideology, allowing us to examine whether country-level variation is consistent across 

demographic groupings. 

Results and discussion. 

How is nature represented in everyday Internet text? 

We first discover the representation of nature in contemporary English word embeddings 

(from 840 billion words of Internet text; pre-trained GloVe word embeddings50), and embeddings 

from the 5 most widely spoken non-English languages of French, Spanish, Arabic, Bengali, and 

Chinese (from Wikipedia text; pre-trained fastText embeddings31). We identified the top 50 

nearest neighbors (the 50 words that had the highest average cosine similarities) to a list of seed 

words representing the concept of Nature (nature, climate, environment, land; see SI Appendix 

for leave-one-out-cross-validation to show robustness across word choices).  

The results showed clear face validity. Nearest neighbors were consistently centered on 

nature-related concepts, in both English Internet text (Figure 1A) and in the 5 non-English 

languages (SI). For instance, exploratory factor analysis on the word embeddings of the top 50 

nearest neighbors showed that the Nature concept referred to face-valid latent factors (Figure 

1B), including: wilderness/ecosystems (e.g., woodlands, jungle, savanna); agriculture/farming 

(e.g., agriculture, husbandry, cultivation); and culture/human-nature interactions (e.g., society, 

culture, policy). 

Next, we identified the strength of association between these diverse nature concepts and 

five semantic dimensions central to past nature attitude research, specifically: (1) positivity and 

(2) negativity (foundational dimensions of evaluative attitudes55) (3) concern and (4) protection,

(two widely-used dimensions in sustainability attitudes56–58); and (5) importance, less examined 

in sustainability attitudes but central in attitude theory, since greater perceived importance of a 
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construct (e.g., nature) is a key predictor of attitude strength59,60. These five dimensions are just a 

starting point; the flexibility of the current methods can enable future work to test other values 

(e.g., biospheric values5,61) and constructs (e.g., nature connectedness8,10).   

As expected, the general Nature concept (and its five latent factors identified from the 

EFA) was positively associated with all five semantic dimensions (Figure 1B). However, the 

dimension of Importance was descriptively stronger and more robustly associated than other 

dimensions (comparisons in SI Appendix). Additional benchmarking comparisons showed that 

the Nature-Importance associations were meaningfully stronger than other evaluative 

associations (e.g., Flowers-Good, Insects-Bad; Caliskan et al., 2017) or social associations (e.g., 

Women-Arts, Men-Science; Charlesworth et al., 2022). We therefore focus on this Importance 

dimension to streamline all subsequent reporting (SI has all other dimensions). Notably, in 

classic attitude research, importance is a key variable that indexes the prioritization, strength, 

centrality, and consequentiality of an attitude object59,60. At a societal level, we interpret the 

collective representation of Nature-Importance as a broad evaluative signal about nature 

prioritization, determining whether environmental considerations are even addressed in public 

discourse or policy. 

How have Nature-Importance associations changed over historical English? 

Across 200 years of English books (using pre-trained word2vec embeddings from Google 

Books across 1800-199051), Nature-Importance showed the largest increases over time of any 

dimension, tripling in magnitude from essentially no association in 1800 M  = 0.04 to a small 

association of M  = 0.12 in 1990 (slope of rho = .83, p < .001; Figure 1C). Although similar 

increases appeared for Nature-Concern and -Protect, they were at slower rates (rho = .76, .77, 

respectively, ps < .001). There were no significant changes for Nature-Positive or -Negative (rho 
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= -.17, -.36, respectively, ps > .12). This aligns with perspectives that environmentalism may rise 

alongside increases in material security over the long history of 200 years42 (despite possible 

stability since ~199044).

[Figure 1] 

Figure 1. The representation of “nature” in contemporary and historical English Internet text. Panel A shows 
the top 50 words associated with the concept of Nature in contemporary English. Words are sized by the strength of 
their association, with stronger cosine similarities indicated by larger words; words are also colored by the factor 
that they uniquely loaded onto, above a factor weight of 0.4: dark green for wild habitat (e.g., habitat, vegetation, 
woodland); turquoise for culture (e.g., economic, nature, cultural); purple for more cultivated habitat (e.g., 
surroundings, fauna, countryside); dark blue for agriculture (e.g., agricultural, land); grey for elements (e.g., soil, 
ocean, earth); and black for those words that did pass a loading threshold of 0.4 (e.g., landscape, environmental). 
Panel B shows the average cosine similarity between the set of words representing the general Nature concept as 
well as 5 discovered factors (e.g., wilderness, pollution; see SI Appendix). Brighter yellow colors indicate higher 
relationships (correlations), with the highest relationships seen for the Importance dimension across the general 
concept and all subfactors. Panel C shows the increasing association of Nature-Importance (purple), as well as 
slightly slower but still increasing associations of Nature-Concern (orange) and Nature-Protect (green). 

How do Nature-Importance associations vary across languages and cultures? 

Cross-linguistic variation: Wikipedia text. We next turned to variation across 120 

languages using data from pre-trained multilingual fastText embeddings on Wikipedia text31. A 

language was included if it was (1) among the four most prevalent spoken languages in any 

country around the world and (2) had available word embeddings data in Wikipedia. For each 

language, we used automated translations from GPT4.0 for the word lists representing Nature 

and each of the five semantic dimensions. To ensure accurate translations, we also: (1) collected 

professional translations from BLEND (https://www.getblend.com/) from native speakers of 84 

languages (all those that had available professional translators from the 120 languages); and (2) 

back-translated all automated and professional translations manually in Google translate to 

identify errors. On average, the accuracy for our key word lists of Nature showed 72-85% of 

languages had identical translations word-for-word across the automated and native speaker 

translations (similarly, “important” had identical translations for 77% of languages). Translation 

“misses” were most often due to near-synonyms or to alternative spellings across languages (see 

https://www.getblend.com/
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SI). Thus, we infer that the automated translations provide reasonable accuracy for understanding 

cross-lingual representations of nature concepts. 

Averaging across all languages, we found that Nature was moderately associated with 

Importance (M = 0.27, SD = 0.22) though the strength of Nature-Importance associations varied 

across languages (Figure 2). Compared to Indo-European languages (M = 0.20), Nature-

Importance associations were significantly stronger in Niger-Congo languages (M = 0.65), b = 

0.60, p < .001, and Austronesian languages (M = 0.40), b = 0.28, p = .001 (full model in SI). 

English was particularly notable in having relatively weak Nature-Importance associations (M = 

0.16), lower than 71% of all other languages across the dataset. We ruled out concerns that 

stronger associations may emerge only because of small sample sizes, whether smaller speaker 

populations or sample sizes of text (i.e., smaller datasets in Wikipedia). The strength of Nature-

Importance associations was not correlated with either (1) the number of speakers of a language, 

rho = -.04, p = .69; or (2) sample size of Wikipedia text, rho = -.17, p = .09 (see SI Appendix).  

[Figure 2] 

Figure 2. Variation in Nature-Importance representations across language families. Y-axis reports the cosine 
similarities (roughly equivalent to correlation scores) for each language on associations of Nature-Importance. 
Languages are ordered along the x-axis by their average cosine similarity, with languages showing the smallest 
associations on the left side of the plot and the largest associations on the right side of the plot. Languages are then 
colored by their language family as indicated in the legend. Sizes are the rank-ordered size of speaker population. 
Languages spoken by smaller populations (e.g., Samoan, Romansch, Māori) are smaller circles, while larger speaker 
populations (e.g., English, Chinese, Serbo-Croatian) are plotted with larger circles. 

Robustness test with an alternative NLP approach: Topic classifications of Wikipedia 

titles. Because capturing cross-linguistic and, by extension cross-cultural, variation is a central 

contribution of this paper, we wanted to ensure robustness of our conclusions using a 

complementary NLP tool: topic classifications. Specifically, we used a dataset62 that had 

classified all Wikipedia titles (as of 1 January 2021) from all languages into 64 topics 
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(determined by Wikiprojects63), one of which was Earth and Environment.  For each language, 

we therefore compared the probability of the Earth and Environment topic compared to the 

probability of the other 63 topics (e.g., Geography: Western Europe; Culture: Biography; see SI 

Appendix). Across languages, the odds of the Earth and Environment topic was significantly 

correlated with the strength of Nature-Importance associations from word embeddings, r = .27 

[.08, .44], t(101) = 2.82, p = .006. Thus, even across very different approaches, Nature-

Importance associations from word embeddings appear to capture a robust signal of how each 

language discusses and prioritizes the environment. 

From language to cultural variation: Wikipedia text. Drawing on this robust linguistic 

variation, we estimated country-level Nature-Importance associations for 189 countries 

(countries that spoke one of the 120 languages). Specifically, we generated weighted national 

averages of Nature-Importance associations by averaging the Nature-Importance scores for the 

first four primary languages of each country, weighted by the population speaking each of these 

four languages (Methods and SI Appendix). For validation, we further ensured that these nation-

level language-based results were indeed significantly and positively correlated with 

international survey data from nearly 60,000 respondents across 63 countries64 (SI Appendix). 

The positive, significant correlations (with an average r = 0.22 across 38 belief outcomes; SI) 

established that language analyses can help expand the global map of nature representations. 

Nation-level averages (Figure 3) showed the strongest Nature-Importance associations in 

the Global South (including African countries like Niger, Nigeria, and Rwanda and some 

Oceanic countries like Samoa and Tonga). In fact, 53% of African countries in the data were in 

the top quartile of Nature-Importance associations. In contrast, only 18% of European, 15% of 
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Asian, and no North American countries were in the top quartile of Nature-Importance 

associations.  

[Figure 3] 

Figure 3. Variation in Nature-Importance representations across global countries in Wikipedia text. Weighted 
estimates of Nature-Importance associations across 189 countries inferred from the top four languages spoken in 
each country based on Wikipedia text associations for 120 languages. Darker green indicates that the country is in 
the top quartile (strongest Nature-Importance associations), darker red is the bottom quartile (weakest Nature-
Importance associations). White indicates no language data was available for that country (N = 59 countries, largely 
island nations, out of all possible countries with geographic indicators), gray indicates that language data was 
available but not for the Importance dimension (i.e., the importance synonyms were not available in the languages 
of those countries; N = 3 countries).  

Cultural variation: Tests in European parliamentary speeches. Wikipedia text is 

advantageous because it provides a large sample of languages (mapped to countries) and reflects 

relatively naturalistic contributions that could be written by any speaker. But the text is limited 

because we had to infer country-level estimates (based on languages spoken in each country) and 

we do not know the demographics of contributors to each Wikipedia language. Thus, for 

robustness, we examined a smaller set of data from the ParlaMint corpus, covering 27 European 

countries speaking 28 languages across 8 years (2015-2022), as well as four demographic 

contrasts (gender: men/women, ideology: left/center/right, age generation: baby 

boomers/genX/millennials, and government status: party-in-power/opposition). Because these 

parliamentary texts were smaller than Wikipedia (especially when divided by speaker 

demographics), we adopted a different word embedding approach—à la carte (ALC) 

embeddings65—recommended for multilingual inference from small corpora (see Methods).  

On average, we found a significant positive relationship between Nature and Importance 

in European parliamentary speeches, b = 0.02, SE = 0.003, t (27.13) = 5.97, p < .001 (note that 

the means are not directly comparable to the Wikipedia text because of the different embedding 

approach; but the relative differences of country-level variation remain informative). Critically, 

this country-level variation in Nature-Importance associations was significantly and positively 
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correlated between Wikipedia and parliamentary texts, r = .37 [.002, .66], t (26) = 2.06, p = .05. 

While this correlation is only moderate in magnitude, it is a strong and conservative test given 

the number of methodological differences, and the small sample of (only European) countries.  

Next, we explored whether demographic groups across European countries had different 

Nature-Importance associations. Nearly all demographic groups had similar and positive means 

of Nature-Importance, M range = [0.011, 0.023], and paired samples t-tests showed no 

significant differences by political ideology, age generation, or government status, all |t|s < 1.99, 

all ps > .06. Only gender differences emerged: men politicians (M  = 0.016) showed significantly 

weaker Nature-Importance associations than women politicians (M = 0.023), t(28) = -4.03, p 

<.001, d = 0.75. More critical, however, we found that the country-level variation was consistent 

regardless of demographic groups (Figure 4A). Countries that had strong Nature-Importance 

associations among men’s speeches also had strong Nature-Importance associations among 

women, r = .81 [.63, .91], t(27) = 7.22, p < .001, with similar correlations for ideology, 

generation, and government (Figure 4A), rs range [.65, .74], all ps < .001. What is reflected in 

the “culture” (e.g., through Wikipedia) is also revealed consistently within different demographic 

groups of speakers. Such cross-demographic consistency aligns with our definition of nature 

representations as collective representations15 that are shared across many people in a culture.62 

[Figure 4] 

Figure 4. Variation in Nature-Importance representations across European countries by speaker 
demographics (A) and by time (B) in Parliamentary speeches. Panel A indicates four demographic contrast by 
gender, ideology, age generation, or government) with countries ranked on the x-axis according to their average 
Nature-Importance association across all contrasts. Countries are listed first, followed by the language spoken in that 
country (note that Spain has four entries for Spanish, Basque, Catalan, and Galician). Countries listed on the left 
(e.g., Bosnia, Spain) have the weakest average associations; countries on the right (e.g., Sweden, Finland) have the 
strongest associations. Panel B indicates the average Nature-Importance associations across time by country. Darker 
green indicates stronger associations, lighter green indicates weaker associations; hashed shading indicates the 
relationship is negative. Countries are ordered from top-to-bottom from weak (and negative) associations in Bulgaria 
to the strongest positive average associations in Sweden and Norway. White in either plot indicates no data was 
available. 
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Finally, in parliamentary speeches, we examined the effect of time overall (Figure 4B) 

and in each demographic groups (SI Appendix). Using a mixed effects linear regression with 

random intercepts for countries, we found that the Nature-Importance associations remained 

stable the 8 years of data (2015-2022), b = -0.0018 [-0.09, 0.09], t (200.3) = -0.038, p = .97. 

Furthermore, in models including interactions of time and demographic groups, we found no 

significant interaction between time and group, F(9, 2000) = 1.67, p = .09, meaning that all ten 

groups have similarly remained largely stable. Taken together, the results underscore that 

country-level variation in Nature-Importance associations from Parliamentary discourse are 

generally strong, demographically-robust, and temporally-persistent. 

Do Nature-Importance associations matter? Correlations with environmental 

protections and health. We used two sources of data on environmental health. First, the 2020 

United Nations Sustainable Development Goals (SDGs), specifically focusing on indicators for 

climate-relevant goals of SDG 14 (Life Below Water) and 15 (Life on Land), as these represent 

the gold-standard for policy discussions around the environment. For parsimony, we first 

identified that indicators of SDG15.1.2 (protection of freshwater and terrestrial biodiversity 

areas) were the most centrally-connected to other indicators (top-loading indicators on the first 

factor in an EFA; see SI Appendix). All other SDG14 and 15 indicators are reported in the SI. 

Second, to complement self-reported indicators, we used a large dataset of 109 indicators from 

remote-sensing satellite data, including tree cover66 and forest biomass67 (see SI Appendix). For 

parsimony, we first identified 13 indicators that showed significant zero-order correlations with 

Nature-Importance across countries, then examined whether the relationships persisted beyond 

covariates. 
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Next, we used hierarchical regressions to examine macro-level relationships with 

environmental health (following similar approaches68) and test whether Nature-Importance 

explained variance beyond six nation-level covariates hypothesized to relate to environmental 

health: (1) Gross Domestic Product (GDP), with research suggesting possible curvilinear 

relationships with low GDP countries having environmental health as pre-extraction economies, 

but high GDP countries having environmental health because they are post-industrial and divest 

from extraction47,48,69; (2) Gini inequality70, for similar reasons as GDP; (3) Gender Inequality 

Index71, a proxy indicator for a country’s development in social issues, which may trade-off with 

environmental issues. We also included three covariates to rule out methodological confounds: 

(4) Internet use72; (5) Wikipedia data size73,74; and (6) speaker population.

Even after controlling for these six economic and linguistic covariates, we found 

persistent small-to-moderate relationships between Nature-Importance representations in 

Wikipedia text and SDG15.1.2, for the protection of freshwater biodiversity areas (Figure 5A-B), 

b = 0.24, t(137) = 2.91, p = .004, and protection of terrestrial biodiversity areas, b = 0.27, t(111) 

= 3.12, p = .002. Similarly, remotely-sensed indicators revealed persistent relationships with 

Nature-Importance, even beyond covariates (Figure 5C-D). The strongest correlation was 

observed with the estimated probability of an area experiencing a forest fire (essentially a proxy 

for more forested areas, and more human-forest interaction75), with greater Nature-Importance 

scores associated with higher probability of potential fires, b = 0.32, t(143) = 4.35, p < .001. The 

second-strongest correlation was with biomass carbon storage (essentially a generalized indicator 

of ecosystem health67), which increased with Nature-Importance scores b = 0.28, t(144) = 3.78, p 

< .001. A further 11 remote-sensed indicators also showed persistent and significant relationships 

after covariates (reported in SI Appendix and open data), with higher Nature-Importance 
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characterizing places with high forest cover, vegetation, lower silt soil content, and more stable 

temperatures. Notably, all of these were ecological features that largely characterize sub-Saharan 

Africa nations, and that also reflect generalized environmental health (e.g., biomass and forest-

human interaction are taken as broad indicators of the overall health of an ecosystem).   

Critically, the contribution of Nature-Importance suggested a meaningful as an effect 

size. Model comparisons against covariate-only models showed that Nature-Importance 

explained an additional 4-9% of country-level variance (full models in SI). The effect magnitude 

is on-par with the contribution of Gini inequality. Thus, Nature-Importance representations in 

language may be at least as critical as economic inequality for understanding global variability in 

which countries engage in biodiversity protections and have environmental health.  

[Figure 5] 

Figure 5. Correlations of language representation (Nature-Importance) and indicators of sustainable 
development. All plots have the same x-axis, indicating the Nature-Importance associations from language-
weighted estimates across countries. Panels A and B show correlations with progress towards UN SDG15.1.2, 
normalized as z-scores, with higher scores indicating more progress towards the goal (i.e., more protected freshwater 
and terrestrial Key Biodiversity Areas). Panel C reports the correlation with the International Panel on Climate 
Change (IPCC) biomass carbon stored in above and belowground vegetation/soil (z-scored). Panel D reports the 
correlation with z-scored probability of burned areas in a region (larger in places with more forest cover and more 
human-nature interaction). Further details on the remote-sensed variables scoring, interpretation, and data sources 
are provided in the SI Appendix. 

Conclusions, limitations, and future directions. 

Using a language-based approach we advanced understanding of how humans represent 

nature, not only in the Western world today (as most previous studies have done21,76), but across 

nearly the entire globe (189 countries) and even back 200 years in history. In English, the 

concept of Nature is robustly associated with Importance, alongside other dimensions more 

commonly studied in attitude and sustainability research (e.g., positivity/negativity, concern57,58), 

and these associations have increased (tracking the rise of environmental concerns and post-

materialist values broadly). Yet, comparisons across 120 languages showed that English today 
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still remains among the weakest Nature-Importance associations, especially lower than Niger-

Congo and Austronesian languages spoken in the Global South. 

Finally, such global variation in Nature-Importance representations matters. We found 

that language-based representations are correlated significantly and positively with indicators of 

national environmental health, especially protection of biodiverse land and water ecosystems, 

and more biomass-rich and forested landscapes at risk of fire. In fact, although much theorizing 

has already considered the roles of economic and social factors (e.g., GDP, Gini, gender 

inequality) in environmental health48,69, we show that collective representations of Nature-

Importance add meaningful explanatory value beyond those past variables, at least on-par with 

economic inequality. Thus, even though the raw correlations and effect sizes may be small-to-

moderate, even small relationships aggregated to a global scale across billions of people can help 

answer the “wicked problem” of environmental degradation. 

Despite its contributions, the present research faces empirical limitations to be addressed 

in future work. First, although we validated non-English translations with native speakers and 

explore bottom-up concepts across widely spoken languages (e.g., Arabic, Chinese), our choices 

of word lists and semantic dimensions may still miss emic perspectives from other cultures. 

Pairing the current high-scale approach with collaborative work with local communities and 

Non-Governmental Organizations would support culture-specific understandings of nature 

representations26,77.  

Second, we focused on Nature-Importance because it provides a broad evaluative signal 

about the centrality and prioritization of nature in a culture. But understanding why nature is seen 

as important is a critical next step and can help integrate the current findings with long-standing 

values-based perspectives5. For instance, perhaps nature is associated with importance via 
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biospheric values (nature is important for its own intrinsic value6), via nature connectedness 

(nature is important for its relevance to oneself), or even for cultural reasons (nature is important 

for preserving cultural diversity27,28). 

Finally, we relied on data that, to our knowledge, are the largest raw cross-cultural texts 

available (from Wikipedia and parliamentary speeches from ParlaMint), but these still have 

limited temporal scope. Given that we saw little evidence of change in linguistic representations 

over the 8-year span for parliamentary text, and even less change over this period in the outcome 

data (see SI Appendix), future efforts will need much longer timespans to examine cross-lagged 

or causal relationships. Such relationships are bidirectional: associating nature with importance 

may spur a country to introduce policies that protect nature, while the protection of nature may, 

itself, increase associations of nature-importance. In addition to the longer timespans of data, 

future research can also employ diagnostics to establish the strength of causal inference from 

observational data78, including looking at the roles of omitted variables or counterfactual results. 

In conclusion, using an unprecedented scale of language data, the current work shows 

that nature is associated with importance across global languages, with gradual increases over the 

last two centuries. However, the strength of Nature-Importance associations remains lowest in 

Western languages, correlating with higher levels of environmental degradation, even after 

controlling for socio-economic factors. Given the prominence of English within international 

environmental policy frameworks1, the relatively low Nature-Importance associations in English 

and languages from other WEIRD nations is perhaps alarming. Addressing global environmental 

challenges will benefit from integrating perspectives and collective representations from those 

regions where the importance of nature is already culturally embedded. 

Materials and Methods. 
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Data sources. 

Contemporary English text. We first explored how nature is represented in everyday 

English language, using GloVe word embeddings50 trained on Common Crawl text, which 

comprises 840-billion-word tokens, with a vocabulary of approximately 2.2 million unique 

words. Note that, across all analyses, we show robust conclusions not with only the GloVe 

embedding algorithm but with word2vec, fastText, and ALC algorithms.  

We relied on static embeddings (i.e., one embedding per word) because these are (a) 

computationally efficient and pre-trained (thus reducing environmental and energy costs 79), (b) 

flexible to low data settings (e.g., ParlaMint text), and (c) widely-used and validated in previous 

work on cultural representations37,41. However, we recognize that these approaches are limited 

because they do not capture nuanced contexts and polysemy of words. Although there are initial 

efforts at generalizing contextualized embeddings (BERT80) and/or generative and large language 

models (LLMs, e.g., GPT) to multilingual settings, there remain concerns about their validity and 

representativeness of other languages81. Continued development and validation of non-English 

LLMs is necessary.  

Historical English text. Pre-trained historical word embeddings were obtained from 

Histwords51, which provides word2vec embeddings trained on English Google Books data from 

1800-1990. These historical data have robust internal validity (e.g., they capture semantic shifts 

in words like gay or broadcast) and external validity, aligning with real-world events (e.g., the 

women’s movement altered gender stereotypes in the language40,41).  

Non-English Wikipedia embeddings. FastText word embeddings were pre-trained on 

over 200 different languages with available text on Wikipedia31,32. All text was scraped around 

2014, providing an international snapshot of relatively contemporary language representations. 
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We used word embeddings from a subset of 120 languages, since many of the >200 available 

languages (e.g., Aragonese, Assamese) do not have a clear geographic match (see below on the 

approach of language-country matching). 

Non-English parliamentary embeddings. À La Carte (ALC) embeddings were created 

on all machine-translated text from European parliamentary speeches obtained from the 

ParlaMint dataset54. In brief, ALC embeddings use two sources of data: the context window (+/- 

5 words) surrounding a target word (e.g., nature) to identify how a target word is discussed in a 

small corpus (e.g., in the Parliamentary speeches of Austria); and a base pre-trained embedding 

model (e.g., from English fastText). For each set of context window words, a word’s ALC 

embedding is the average of the pre-trained embedding for all context words. For example, if the 

word nature appears in the context “we are very concerned that nature is going to be eradicated” 

we would average across the pre-trained embeddings for [we, are, very, concerned, that, is, 

going, to, be, eradicated]. We do this for every context in which nature appears and take the 

average to get the raw ALC embedding. Finally, we multiply the raw ALC embedding of each 

country by a transformation matrix to remove generic directions and highlight the unique 

semantic meaning of each word, yielding the final ALC embeddings that capture the country-

specific representations.  

Environmental health indicators. The UN Sustainable Development Goals (SDGs) are 

used for international policy making but have the disadvantage of providing data that is 

normalized (i.e., not the raw results) and sometimes self-reported by the nation itself. We 

therefore supplemented the SDGs with a dataset of >100 remotely-sensed geospatial indicators 

including tree cover, forest biomass, and terrain ruggedness (SI Appendix, open data on OSF). 
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For the UN SDGs, we extracted data from the 194 UN member countries covered in the 

UN SDG 2020 report. Our focus was on environment-related SDGs, specifically SDG14 (Life 

Below Water) and SDG15 (Life On Land). All indicators are outlined in the codebook provided 

on OSF. Notably, sustainable development encompasses not only the environment, but also 

political, social, and economic outcomes as well. In exploratory analyses (SI Appendix) we also 

consider all other available UN SDG indicators, encompassing 83 indicators.  

Data preparation. 

Extracting representations of nature from language. To identify the representations of 

nature in contemporary and historical English, and non-English languages, we first created lists 

of target words related to the concept of Nature: nature, climate, environment, land, forest; SI 

Appendix reports robustness checks using other word lists. We also created word lists of five key 

semantic dimensions that have been identified as meaningful in other studies of nature-related 

attitudes: Positivity, Negativity, Concern, Importance, and Protection, each represented by a set 

of synonyms (e.g., Importance = important, importance, significant, meaningful; see SI 

Appendix for all word lists).  

For non-English analyses, these target words for Nature and the semantic dimensions 

were translated into each of the 120 languages using GPT-4.0 as an automated dictionary 

(following similar approaches validated elsewhere37). We also validated these automated 

translations with professional translations from native speakers on BLEND.com. Inconsistencies 

were flagged and then checked using back-translations in Google translate and consulting native 

speakers (see SI for further details on accuracy statistics). Results showed that, on average, the 

identical word was used by both automated translations and native speakers for 59% of 

languages. But these scores were much higher for our central concepts of Nature (words were 
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identical for 72-85% of languages), with the lower averages coming from near-synonym 

translations for valenced concepts (e.g., words like “gross” and “horrendous” had identical 

translations for only 15-17% of languages). Still, given the high accuracy for our central 

concepts we kept the automated word lists as the primary source. This choice helps ensure a 

generalizable and automated pipeline (including for researchers without resources to pay for 

professional translations) and ensures comparability across all languages (including those 

without native-speaker translations). 

Next, using these lists, we computed the mean average cosine (MAC) similarity40 

between the Nature words and the Importance words and separately also for all other 

dimensions. Cosine similarity is essentially a measure of how correlated two word-vectors are in 

the word embedding space. Higher cosine similarities indicate that Nature and Importance are 

highly semantically related and frequently used in similar contexts; low cosine similarities 

indicate that the concepts are unrelated and rarely used in similar contexts. 

Geo-locating and weighting non-English language representations. Linking languages 

to geographic locations is non-trivial: many countries have multiple official and non-official 

languages (e.g., Switzerland has four languages), and many languages are spoken across multiple 

countries (e.g., English is spoken around the world). Although there are some databases (e.g., 

Ethnologue) that provide geo-tagged language codes, these codes are limited and largely focused 

on Indigenous languages, and do not provide information on the number of speakers. Such data 

is essential because we are interested in the collective representation16 of a country, which will 

inevitably be weighted not towards rare languages but towards a country’s more commonly 

spoken languages that pervade cultural products and are constructed by elites.  
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As such, to match languages with countries, we introduce a three-step approach. First, we 

began with the list of 204 countries with available outcome data from the UN SDGs and remote-

sensed variables and created a database of the primary 1-4 languages spoken in each country as 

well as the proportion of the population speaking each language (collected through GPT4.0 and 

checked against country-level censuses). Note that the proportion of a population speaking a fifth 

or further language was usually <0.01, implying that the top 1-4 languages provide a near-

complete linguistic landscape of each country. This approach yielded 306 languages total, of 

which 134 had available pretrained word embeddings from Wikipedia text (Grave et al., 2018), 

and a final 120 languages had sufficient vocabulary (i.e., included the necessary Nature 

synonyms). Critically, these 120 languages were generally the most common languages spoken 

worldwide and usually represented the first and second languages spoken in most countries. 

Next, for each of these final 120 languages we calculated the average cosine similarity of 

Nature with Importance (and other semantic dimensions, as described above). Third, for each 

country representation, we computed a weighted mean across the primary languages spoken in 

the country, using weights from the population proportion speaking each of the primary 

languages. For example, in Switzerland, the final language representation is a weighted average 

of the Nature-Importance association from German (weighted by 0.63, reflecting that 63% of the 

population speaks German), French (0.23), Italian (0.08), and Romansch (0.01). Thus, 

Switzerland representations end up being different from those of other German-speaking 

countries (e.g., Austria, where 98% of the population speaks German, and 2% speaks Turkish). 

This weighting approach still faces limitations. For example, the estimated weighted 

language representation for Chile (99% Spanish-speaking) is very similar to the weighted 

language representation for Spain (99% Spanish-speaking), even though these countries are on 
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different continents with different dialects, histories, and climates. We underscore that this 

weighted Wikipedia-text estimation approach was nevertheless moderately and positively 

correlated with data from the European parliamentary speeches that had direct geo-tagged data 

(i.e., we knew exactly which countries the speakers were coming from). Ultimately, the proof-of-

concept results reported here can help motivate future work to conduct more granular geo-tagged 

analyses (e.g., by training newspapers, social media data) that may better approximate regional 

within-country differences.  
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