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Abstract

Escalating climate impacts predicted in the past decades are now a reality almost
everywhere on the planet, and the time-critical dimension of the climate crisis means
that the coming years will be instrumental in securing a climate resilient future for
generations to come. Education is central to promoting climate action, yet the role that
climate change education plays in advancing climate awareness, action and advocacy,
and helping to enhance resiliency for young generations and the public at large is poorly
understood. Here, we provide a first-of-its kind mapping of the literature on climate
change education to better understand topic relationships and spatial distribution, and
highlight potential new avenues for research on climate education. Machine learning
methods including semantic analysis, geoparsing and topic modeling are used to support
our study. Topic modeling shows that climate change education is a very
interdisciplinary field of research well embedded in key climate change research topics
including climate change adaptation, disaster risks and education, mitigation and
sustainability, with the bulk of the literature situated in social science research, followed
by topics on agricultural and adaptation, and education topics including methodologies,
paradigm shifts, and research methods. Central to climate change education is the
methodological dimension of teaching and educating either through formal or informal
methods. Topic clustering reveals that topics including energy, renewable energy, fossil
fuel and emissions are visibly far from topics school, teacher and science. As expected,
social research lies in the middle and overlaps at the periphery with most other topic
clusters, except with topics of energy mitigation, disaster risk, and medical health.
Through geoparsing, country mentions and case studies are largely skewed towards the
English speaking countries and in particular the United States– though this is not
always the case when we look at more specific topics. This study should stimulate more
targeted research into the specific topics that have emerged. Our findings also call for a
strong incentive for governments to react on funding for further research into climate
change education, also stimulating a global exchange of ideas through support and
incentives for open science. More broadly, climate change education should be
compulsory at all levels of formal education, ensuring a comprehensive curriculum of all
relevant topics.
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Introduction 1

The climate crisis is making headlines every day [1, 2]. Escalating impacts and 2

consequences of risks predicted in the past decades are now a reality almost everywhere 3

on the planet [3]. The latest reports of the IPCC emphasize the time-critical dimension 4

of the climate crisis and that the coming years will be instrumental in securing a climate 5

resilient future for generations to come [3,4]. The already noticeable and widespread 6

impacts of climate change have led to increasing climate anxiety in young generations 7

across the globe [5]. Feelings of uncertainty, anger, helplessness, and guilt are negatively 8

affecting the daily lives of youth and call for a need to action. In the past five years, 9

young people globally have taken the climate crisis upon themselves, and to the streets, 10

they have made numerous appeals to decision makers, and are energetically driving 11

actions [6, 7]. Children and young adults are internalizing the problem, and in trying to 12

find solutions and ways to cope, are integrating different sources of information into 13

their learning perspective [8]. This critical knowledge has prompted significant action 14

and a new mindset that is empowering youth to solve the challenges of the climate 15

crisis, with prominent young climate activists voicing their views with generational 16

connection, and received as moral authority among existing climate policy actors [7]. 17

It is not fully clear however how adults and children alike access and consume 18

information to develop knowledge and understanding to be better equipped to handle 19

these challenges. Social media platforms, blogs, and a growing number of 20

communication channels have made it possible for science to have a more immediate, 21

and broader reach and influence outside of the academic sphere [7, 9, 10]. The channels 22

have however also led to the spread of misconceptions and fake news amongst the 23

general public, slowing down positive action [11–13]. Yuan et al. [14] have analyzed 24

more than 7 million tweets about climate change between 2019-2020 and found that 25

aggressive tweets (although a small proportion of total tweets) were more likely to be 26

retweeted and politicised. 27

To counteract misinformation and bolster action, interventions at the level of 28

communications and education have been deemed essential [15]. Climate change 29

education refers to the process of teaching and learning about the causes, consequences, 30

and potential solutions to climate change [4]. Climate change education aims to enhance 31

public awareness, understanding, and engagement in climate change issues, as well as 32

foster adaptive capacity and support for climate action [16,17]. Recent developments in 33

university education are moving in the direction of including modules on climate change 34

and the climate crisis as part of compulsory study programmes as a result of activism 35

and public dialogue [18–21]. There are good examples of initiatives and online platforms 36

that provide a broader scope of resources on climate or climate focused environmental 37

education. For example, the EU education and training sector focus on green education 38

1; the Office of Climate Education, under the auspices of UNESCO [23]; or initiatives 39

like the GLOBE (Global Learning and Observations to Benefit the Environment) 40

Program, supported by US governmental agencies, which gives students and the public 41

1https://education.ec.europa.eu/focus-topics/green-education [22]
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the opportunity to contribute to observations, research and analysis of global 42

environmental data [24]. Existing successful models of climate-focused project-based 43

learning have resulted in increased climate awareness and overall carbon reduction [25]. 44

For example, significant carbon reduction was measured through student-consumer 45

choices after five years of taking a university climate change course, indicating that even 46

a small amount of climate change information and awareness introduced into school 47

curricula has the potential to result in a significant effect [21]. 48

Climate change education comes in many different forms, from formal educational 49

systems, such as school curricula, universities, and vocational qualifications to informal 50

settings like media and social media platforms [20, 26]. Communication and engagement 51

strategies, such as experiential learning, climate games, and online courses have been 52

described as effective and useful methods for reaching diverse audiences and fostering 53

climate literacy [9, 27]. As a result, research is paying increasingly more attention to the 54

role that education in its different forms plays on its power to catalyse action and 55

empower citizens [28]. Some studies have found that although learning leads to 56

knowledge and skills, the type of information and learning experience can have a 57

profound effect on the outcomes of successful learning and behaviour change and 58

whether there is lasting impact; this is especially true for climate change information 59

where personal relevance to the issue or an engaged learning experience can be critical 60

to solidifying a lasting change, especially for children and young people [18,20,21,29]. 61

Along these lines, scholars have reported the considerable challenges when moving from 62

climate change education to effective climate action, therefore arguing that there is still 63

a gap and misconceptions within the teaching and student communities when it comes 64

to climate change [30]. 65

Evidence on climate change education is rich and emerging and yet there has been 66

limited synthesis and assessment on the extent to which education and climate change 67

are interrelated topics. Whereas education appears to be instrumental for climate action 68

or lack thereof, depending on the sources of information and learning, we have little 69

knowledge of the different research angles that explore or invoke a role for climate 70

change education. Furthermore, education has been so far sidelined in large 71

environmental assessments such as the recent IPCC reports. The Summary for Policy 72

Makers of the Working Group 2 on Impacts, Adaptation and Vulnerability mentions 73

”education” four times, whereas the Summary for Policy Makers of the Working Group 74

3 on Mitigation mentions it three times. These summaries are the first policy stop for 75

decision makers and therefore plays a key role in leading to policy changes, which might 76

apply to education policy. A recent study that examined how climate issues are 77

integrated into classrooms, in nearly 50 countries found that more than half make no 78

reference to climate change in their primary and secondary school educational 79

curriculums, indicating a clear need for more policy interventions in basic formal 80

education at both national and international levels [31]. 81

In this paper we provide a first-of-its kind scoping of the literature on climate change 82

education using systematic mapping of the literature. Systematic mapping is an 83

approach that seeks to give an overview of an area of research [32]. It is different from a 84

systematic review whose scope it is to synthesize evidence, identifying strengths and 85

weaknesses, usually with a very specific formulated goal [33]. We explore the main 86

research topics in climate change education to find topic associations, their spatial 87

distribution, and to highlight potential new avenues for further research on climate 88

change education, as well as to gain more insight into the role that education plays in 89

advancing climate awareness. Owing to the exponentially growing number of 90

publications on climate change, the methods for systematic mapping of the literature is 91

situated in the context of big data and big literature [34–36]. The paper is organised as 92

follows. The next section, Methods describes the methodological approach for data 93
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collection and analysis as well as the data set used in our analysis. The Results and 94

Discussion sections summarize and discuss the main findings of the paper, as well as 95

offer some insight on future directions. Finally, we end with Conclusions. 96

Methods 97

Systematic reviews and mapping have been valuable assets to synthesize various key 98

topics from the literature on climate change [37–40]. As the amount of literature on 99

climate change has increased exponentially, machine assisted assessments of the 100

literature have started complementing human efforts [34]. Machine learning has been 101

used in assessing progress on human adaptation [35], to map the literature on climate 102

change and health [41], to highlight global adaptation limits [42], for impact 103

attributions [36] and to give insights on the topology of climate change research [34]. 104

This paper adds to the mapping of climate change literature by focusing on climate 105

change education. The notebooks and data used can be found on GitHub [43]. 106

Data collection, search and screening 107

Publications on the Dimensions API 2 and the Web of Science, Core Collection 3 were 108

screened based on titles, abstracts and key words until June 30, 2022 using the string 109

searches detailed in S1 Fig. To be included, publications had to be indexed in English 110

and be of the type article or book. Dimensions search returned 12698 records and Web 111

of Science returned 9920. We excluded records that did not have an abstract or DOI 112

and removed duplicates. Finally, only papers having both a non null abstract and DOI 113

were selected. After merging the two database datasets and removing duplicates, 16438 114

records were retained for the machine learning supervised task. 115

Supervised learning is a type of machine learning algorithm where the model learns 116

to make predictions by being trained on labeled examples [44]. The algorithm is given a 117

set of input-output pairs, where the inputs are the features or attributes of the data and 118

the outputs are the corresponding labels or target values. The goal of the algorithm is 119

to learn a mapping between the inputs and outputs, so that it can make accurate 120

predictions on new, unseen data [45,46]. About 10% of the selected records (1644) was 121

randomly sampled and put aside to create the training and test set. The authors team 122

manually labelled 1636 abstracts as either relevant or non-relevant (eight records had to 123

be removed from the train-test sample due to unreadable abstracts). Papers on ”school 124

environment” or ”school climate” were labelled non-relevant because they had no 125

relation with climate change or global warming. For some papers the relevance was not 126

immediately clear. These papers were therefore labelled and reviewed separately by 127

different authors until agreement was reached on their inclusion or exclusion. The 128

proportion of papers labelled as relevant corresponds to about 40%. 129

Various supervised machine learning techniques were applied for the supervised task 130

using the Scikit-Learn pipeline [47,48]. We first employ a selection of pipelines, where 131

each pipeline performs the same set of concatenated steps but each pipeline has a 132

different classifier [44]. In the first step, a count vectorizer transforms each document in 133

a feature vector. Afterwards, term-frequency times inverse document frequency 134

(TF-IDF) transforms the document-feature matrix to scale down the impact of words 135

(or tokens) which occur very frequently in a corpus but are not very informative. 136

TF-IDF is a statistical approach for text mining and information retrieval from a large 137

corpus of documents [49]. Term Frequency (TF) measures how frequently a term (word) 138

appears in a document. It is calculated as the number of times a word appears in a 139

2https://www.dimensions.ai/
3https://www.webofscience.com/
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document divided by the total number of words in the document. Inverse Document 140

Frequency (IDF) measures how important or rare a word is across all documents in the 141

corpus. It is calculated as the logarithm of the total number of documents in the corpus 142

divided by the number of documents that contain the word. A classifier is then 143

instantiated, the training data are fed through the pipeline, and finally predictions are 144

made on the test set. Each classifier is trained on about 70% of the data and 145

performance is tested on the remaining 30%. 146

Further to this, a Generative Pre-Trained Transformer GPT-2 for climate change 147

related topics (climate-GPT-2 models) is used for the supervised task [50]. The 148

difference between the classifiers and the GPT-2 models lies in their foundational 149

methodologies. Classifiers are based on traditional machine learning algorithms and 150

require explicit feature engineering. In contrast, climate-GPT-2, a decoder transformer, 151

uses the final token of the input sequence to predict the subsequent token. In 152

climate-GPT-2 architecture the last token of the input sequence contains all the 153

necessary information for prediction tasks. We utilized this information to make a 154

prediction in a classification task rather than a generation task. In other words, instead 155

of using the first token embedding to make a prediction like we normally do in encoder 156

transformer models, we used the last token embedding to make a prediction (here in a 157

classification task). 158

The performance of each model is assessed using a confusion matrix and 159

classification report [51]. In a binary classification problem like the one here, the 160

confusion matrix is a square matrix of the type

(
TN FP
FN TP

)
where TN = True 161

Negative, TP = True Positive, FP = False Positive and FN = False Negative. The 162

classification report provides the weighted averages for precision, recall, F1-Score and 163

accuracy, where accuracy is the sum of the true predicted instances divided by the sum 164

of all instances; precision represents the positive predictive value and is given by TP 165

divided by the sum of TP and FP; recall represents the true positive rates and is given 166

by TP divided by the sum of TP and FN. F1-Score is the harmonic mean of precision 167

and recall. For a dataset like ours which is reasonably well balanced between positive 168

and negative instances, accuracy is a good predictor of the model performance. The 169

classification report is given in Table 1. Cross-validation with k-folds is also 170

implemented. In this case, classification is performed on samples of different sets of data 171

for testing and training each time (or for each fold) [47]. The k-fold increases 172

performance of each classifier by a factor between 0.02-0.04. Climate-GPT-2 173

outperforms all other classifiers in terms of accuracy, whereas the other parameters are 174

similar across all classifiers except Random Forest and Multinomial Näıve-Bayes. 175

Therefore, we select Climate-GPT-2 to make predictions on the whole data corpus. 176

Precision Recall F1-Score Accuracy

Multinomial Näıve-Bayes 0.72 0.66 0.56 0.66
Linear Support Vector Classification 0.81 0.81 0.81 0.81
Random Forest 0.79 0.79 0.79 0.79
Multi-layer Perceptron Classifier 0.80 0.80 0.80 0.80
Nonlinear Support Vector Classification 0.80 0.81 0.80 0.80
Climate-GPT-2 0.80 0.81 0.80 0.85

Table 1. This table gives a summary of the performance of each classifer model
expressed as Precision, Recall, F1-Score and Accuracy.
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Data analysis 177

The first step of our data analysis is a simple bibliographic analysis to get a sense of the 178

distribution of publications over time, the journal scope and the distribution of citations. 179

In the next step we make use of the spaCy library to lemmatize the abstracts. SpaCy is 180

an open source natural language processing library for information extraction from a 181

large volume of text [52]. The lemmatized abstracts are passed to the TF-IDF 182

instantiated model for various tasks, as for example to allow visualization of words in a 183

world cloud. 184

To map the scope of the literature we used topic modeling. Topic modeling is a type 185

of unsupervised learning method for text mining based on Bayesian probability which 186

extracts meaningful topics from short and long texts [53,54]. It requires domain 187

knowledge to make sense of the topic clustering and it has been successfully deployed 188

for topic mapping of the climate change literature [34, 36, 41]. Topic modelling allows to 189

cluster the distribution of words into representative topics [41]. There are different 190

algorithms to implement topic modelling. Here we follow an approach implemented 191

in [34] and use non-negative matrix factorisation (NMF) [53]. In a nutshell NMF takes 192

the TF-IDF vectorized text matrix and breaks it down in a feature matrix which 193

contains the topics and a weight matrix which contains the weights of those topics. 194

Based on the feature matrix, each abstract is labelled to the topic with the highest 195

weight [55]. To improve the reliability of the topic modelling results, we performed 196

several experiments with a different number of topics and aimed at convergence between 197

1) the domain knowledge of the authors refined through an analysis of the abstracts in 198

the human classification task and 2) the coherence score which measures the relative 199

distance of words within a topic [56]. The coherence score algorithm predicted 15 as the 200

best number of topics in our corpus. The second best score predicted by the algorithm 201

was 10 which also happens to give a more satisfactory clustering of topics following the 202

human classification task. T-distributed Stochastic Neighbor Embedding (t-sne) is then 203

employed as a dimensional reduction technique to visualize the topic scores in a two 204

dimensional space [34, 57, 58]. Finally, Geoparsing is implemented to collect information 205

on where in the world the studies take place and how the topics are geographically 206

distributed. Geoparsing is a technique that can determine the geolocation in 207

unstructured text and has been used previously in the context of climate change impact 208

attribution [36] and for climate health literature mapping [41]. We used the open source 209

software Geotext to extract cities and country mentions from text [59]. 210

We use Jupyter Notebook for our classification tasks and analysis. Our scripts are 211

available on GitHub [43]. 212

Results 213

After performing the supervised tasks and adding to the training-test sample with 214

relevant data, a final dataset comprising a total of 5917 papers was retained for all 215

remaining analyses. The split between relevant and irrelevant paper can be visualised in 216

Fig. S2 Fig). The data-set with the relevant papers contains the following bibliometric 217

information: article title, abstract, list of authors, publication year, journal title, DOI 218

and number of citations. 219

Bibliographic and content analysis 220

The literature on climate change education started to appear more markedly around the 221

last decade of the 20th century and the number of publications has increased two orders 222

of magnitude in the past two decades (Fig.1 and S3 Fig). The number of publications 223
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recorded in 2022 reflects only the first six months, and the trend of high publication 224

output continued in 2022 (not shown). Given the relative paucity of papers before 2005, 225

we focus our analysis on papers for the period 2006-2022 for the remainder of the study. 226

Fig 1. Publication per year. Publications per year for the period Jan 2006 - June
2022.

In order to infer the influence that specific source titles have on the overall research 227

domain we look at the number of publications per source title as well as the average 228

number of citations (Fig. 2). To assess who engages with this type of research, the top 229

twenty journals per number of citations (top panel) and number of papers (bottom 230

panel) are shown. In the climate focused research, high impact journals such as 231

Climatic Change and Nature Climate Change score very high in number of citations, as 232

well as does the topical journal Environmental Education Research. However, most of 233

these climate focused titles score relatively low in number of publications (while the 234

topical journal Environmental Education Research scores high) inferring that climate 235

change education is rather a subtopic in the broader landscape of climate and climate 236

change research. It also emerges that both proportion of publication and citation are 237

very scattered with many titles representing less than 0.5% of the total citations. 238

Fig 2. Proportion of publications and citations. Top 20 journals based on the
number of citations per title (top) and number of papers per title (bottom). For the
sake of clarity on the top 20 journals are shown

We produced a word cloud showing the first 500 most frequent words with the size 239

of the word indicating the relative weight as obtained from the TFIDF abstracts 240

lemmitized using SpaCy (Fig. 3). We see that student has the highest occurrence (the 241

largest word shown), followed by environmental, science, study and research. Other 242

words with high occurrence are also health, knowledge, teacher, development, school and 243

sustainability. It is worth noting that although school has a reasonably high occurrence, 244

student and teacher are higher (with student being by far the highest), university is also 245

less frequent, as opposed to research which scores very high. The word child or any 246

reference to K-12 or young people have comparatively low occurrence. 247

Fig 3. Most frequent single words. The word cloud shows the first 500 most
frequent words, with the size of the word indicating the relative weight of the each
words whose frequency is obtained from the TFIDF abstracts lemmitized using SpaCy.

Topics and clustering 248

During the human coding process we determined that the literature tended to fall 249

within five broad thematic areas, i.e. 1) strictly climate change education focused, or 250

education in the context of 2) climate change mitigation and sustainability, 3) climate 251

change adaptation adaptation, 4) climate impacts and disasters, and 5) climate health 252

education. Combining the knowledge gained from the coded abstracts with the results 253

of the coherence score, we defined ten topic clusters. A summary of the first 10 most 254

common words per topic is given in Table 2. 255

The proportion of the 10 different topics across our corpus of abstracts is shown in 256

Fig. 4, with Topic 1: Social Research being the highest with 20%, followed by Topic 4: 257

Adaptation Agriculture, 14%, and School Student, 13%. If we look at the ten most 258

prevalent words in Topic 1, it includes many broad and more general terms which likely 259

reflects its high score: research, social, challenge, learning, approach, community, new, 260
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Topic First ten most prevalent words

Topic 1
Social Research research, social, challenge, learning, approach, com-

munity, new, world, problem, project
Topic 2
Health Medical health, medical, nursing, public, nurse, environmental,

professional, care, impact, human
Topic 3
School Student student, use, school, study, course, learning, learn,

science, research, knowledge
Topic 4
Adaptation Agriculture adaptation, farmer, perception, knowledge, study,

information, level, impact, public, use
Topic 5
Sustainability Sustainable sustainability, sustainable, development, university,

research, esd, environmental, paper, approach, stu-
dent

Topic 6
Environment Behavior environmental, behaviour, environment, student, is-

sue, child, study, human, problem, nature
Topic 7
Energy Mitigation energy, renewable, technology, emission, use, fuel,

student, sustainable, fossil, solar
Topic 8
Physical Geography geography, physical, entry, dictionary, soil, discipline,

cover, biogeography, ocean, hydrology
Topic 9
Teacher Science science, teacher, scientific, student, school, study,

research, use, knowledge, issue
Topic 10
Disaster Risk disaster, risk, community, flood, reduction, hazard,

resilience, natural, school, management

Table 2. The table shows the topic number and name, with the corresponding ten
most common words associated with each topic.

world, problem, project. It was surprising to us that Topic 8: Physical Geography was 261

only about 1%, since we assume that many climate topics would be included in a 262

physical geography curriculum, and this would be reflected in our dataset. However, 263

since our initial search string includes ”change”, this maybe leads to many papers with 264

a physical geography focus to be excluded (although climate topics are taught, perhaps 265

climate change is less referred to). 266

Fig 4. Proportion of papers per topic. The proportion shows the argmax of the
NMF which is calculated based on the most probable topic assignment for a given
document.

To understand the relationship between the topics, we performed a topic clustering. 267

Figure 5 shows the topic clustering where each color corresponds to a distinct topic. 268

The ten topics are reasonably well separated although for some papers there are clear 269

overlaps. Topics including energy, renewable energy, fossil fuel and emissions (Topic 7: 270

Energy Mitigation) are visibly far from topics school, teacher and science (i.g. Topics 3 271
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and 9: School Student and Teacher Science, respectively). School education gravitates 272

closer to impacts and adaptation than to mitigation. Papers on system learning and 273

social research, Topic 1: Social Research, are in the centre of the diagram which 274

indicates that they are distinct from the other topics, but also relatively close to most of 275

them. Again, this is likely since Topic 1 includes more general, and less specific, terms. 276

Health and medical education are close to the topic of adaptation but relatively far from 277

all the others. Fig. S4 Fig shows the temporal evolution of the cluster of topics over a 278

five-year interval. It can be noted that more papers on sustainability, SDG and 279

university have emerged in the last five years which are closer to the school teacher and 280

science cluster (and in fact are even overlapping). However, apart from a clear increase 281

in the amount of literature in the last decade for all clusters, there are no visible shifts 282

or changes in the shape of the cluster landscape. 283

Fig 5. Topic clustering using t-sne. Each dot corresponds to a paper in a two
dimensional space. The different colors depict the ten different topics.

The heatmap in Fig. 6 confirms that indeed the topics are weakly correlated, and 284

many are weakly anticorrelated. Those showing the highest correlation, albeit a weak 285

correlation, are papers on learning, school and student with school, teacher and science. 286

Given the proximity of the words identified within the topics this is expected. However, 287

it is striking that system learning and social research topics are (weakly) anticorrelated 288

with the topic represented by the words learning, school, science and teaching. Extant 289

research has confirmed that climate change education is strongly rooted in the natural 290

sciences. This is an historic artefact, and on the other hand it highlights how the 291

interdisciplinary dimension of climate change is still underdeveloped at least when it 292

comes to education. 293

Fig 6. Topic correlation. The heat map shows the Pearson correlation amongst the
ten different topics. The heatmap is generated using seaborn and the color and
annotated number within each cell indicate the strength of the correlation [60].

Geographic distribution of studies 294

To gain better insight into which countries were more actively involved in publishing 295

literature on climate change education, we tagged country mentions in our analysis. 296

Results are shown in Fig.7, Fig. S5 Fig. Less than 40% of the abstracts however 297

specifically mention countries and/or location. Amongst those abstracts that have 298

explicit geolocations, the large majority are in the United States, followed by the United 299

Kingdom and Australia (Fig. 7 and Fig. S5 Fig). It is worth mentioning that the 300

Geotext as setup here does not recognise political unions such as the European Union or 301

EU. Therefore, if the EU is mentioned instead of the countries, it will not be tagged at 302

the level of countries. It will be only identified at the continental level. Most of the 303

countries and world regions are mentioned in at least one study, there are noticeable 304

gaps for African countries. The continental distribution shows that Asia has the highest 305

proportion of studies, with North America and Europe sharing a similar proportion and 306

South America having the least studies. It emerges that again Africa as a continent is 307

poorly represented. 308

We also take a look at the distribution of topics per country. For the sake of clarity 309

we only show the 20 most relevant countries per topic in Fig. S6 Fig. The plots confirm 310

that the majority of studies include the United States for most of the topics. However, 311

there are some noticeable exception. For example, the topic Disaster Risk is dominated 312

by studies in Indonesia, which is not surprising given that Indonesia has one of the 313
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Fig 7. Geographical distribution of studies. The left panel shows the geographical
distributions of studies based on ISO country codes; the right panel shows the
proportion of studies per continent based on ISO continent codes. AF = Africa, AQ =
Antarctica; AS =Asia; EU = Europe; NA = North America; OC = Oceania; SA =
South America.

highest rates of natural disasters in the world, with earthquakes, tsunamis, floods, 314

landslides, drought, and forest fire risks being relatively high compared to other 315

countries [61]. It is positive to see that this is reflected in the literature. If we look 316

beyond the United States in first place, we can also see that Australia and United 317

Kingdom are high for several topics including Social Research, and Health Medical (also 318

including Canada), whereas Energy Mitigation is high for Asian countries, including 319

China, Japan and India. 320

Discussion 321

There is a clear urgent need for educators and governments to strongly support the 322

immediate integration of climate change in school curricula, as well as bolstering other 323

effective ways of engaging students and lay people, and provide them with critical 324

thinking skills necessary to navigate the flood of information. Addressing these needs is 325

an essential and time-critical part of the solution to climate change [62]. The knowledge 326

generated in both the classroom and outside will help to form the next generations of 327

climate leaders, scientists and policy makers, while also having a wider reaching impact 328

and be available to everyone [63]. There is compelling evidence that people around the 329

world are listening to science and that they are doing this out of their own interest and 330

concerns [64]. On this premise, strengthening climate change education and engagement 331

has been identified as one of six social tipping dynamics to activate disruptive change 332

towards positive societal transformation [65]. Given the importance of climate change 333

education and an absence of a systematic and broad assessment of the literature to date, 334

we have embraced a mapping approach to track the field of climate change education. 335

In this analysis we have given a first of its kind assessment of the typology of 336

literature on climate change education as well as its evolution, main topics, geographical 337

distribution and relationships. From our analysis it emerges that climate change 338

education is well represented in main stream climate topics ranging from climate change 339

adaptation, energy and mitigation, health, and sustainable development. A considerable 340

share of the literature is situated in the context of social research, for example in terms 341

of climate change challenges and learning approaches (Topic 1). Climate change 342

education resonates clearly with environmental related terms, including research, 343

students and science. However, a noticeable finding in our analysis is also the diversity 344

of keywords that emerge from the textual analysis in Fig. 3. Climate education is not 345

exclusively associated with natural science terms (including physical geography) or 346

education terms, but other important terms include community, sustainable, 347

development and health. This diversity is also apparent from the results of the topic 348

modelling (see Table 2, Fig. 4 and Fig. S4 Fig). 349

Although a lot has been published on climate change education, and over many 350

different domains, as it can be inferred from Fig. 1 and Fig. 4, climate change 351

education still remains a niche when it comes to promoting new educational policies 352

which address the climate crisis [66–68]. Furthermore, there is an apparent disconnect 353

between the rich literature on the topic of climate change education that we find here 354

and the implementation of education driven solutions into adaptation and mitigation 355

strategies and plans [28,65]. 356
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Looking more closely at the results of the topic modeling, we see some overlap across 357

topics for example between the social and more methodological research on education 358

with that on environmental and behavioural science as well as with adaptation (Fig. 5). 359

This proximity confirms the central role of education in shaping environmental 360

behaviours [69,70]. Two clearly, and again unexpected, separated topics appear from 361

the topic clustering analysis, i.e. the climate health education literature (Topic 2) and 362

that of disaster risk reduction (Topic 10) Fig. 6. It can be inferred from the key word 363

analysis that Topic 2 is mainly about how to integrate climate change literacy into 364

nursing and medical schools and curriculum, rather than addressing health impacts and 365

risks which would have been positioned more closely to the risks and disasters topic. In 366

general, the evidence of harm to health from climate related disasters remains scattered 367

and often focused on weather related displacement, whereas the large majority of health 368

literature is mostly concentrated on heat health impacts and vector-borne diseases [71]. 369

Our analysis also shows that sometimes intuitively linked topics are shown to be 370

separated in the climate change literature, although these topics should (and do) fall 371

under the broader topic of climate change education more generally. On the one hand, 372

climate change has been traditionally taught within the natural sciences, and only 373

emergingly taught in other sub-disciplines (e.g. sustainability and health) and on the 374

other hand it highlights how the interdisciplinary dimension of climate change still 375

remains underdeveloped at least when it comes to education. This perhaps motivates a 376

paradigm shift in the way we might implement climate education into our portfolio of 377

strategies to mitigate or adapt to climate change – teaching these topics as a whole with 378

the introduction of a class dedicated to climate change education should be mandatory, 379

addressing all these topics in their own right, and not as tack-on topics in other core 380

curriculum courses. A global shift in the way we even think about teaching climate 381

topics has already been previously advocated and is clearly needed, and will need to be 382

remade from the bottom up [72,73]. 383

An important caveat to this study is that a lot of the primary literature or material 384

on climate change education may be classified as other literature types (governmental 385

reports, white papers, curriculum documents, and the like) rather than as peer reviewed 386

publications or books [31], as we’ve addressed here. This is naturally due to the nature 387

of climate change education and how this is written about or documented, and 388

dominated by each country’s own language (it is obviously more useful for teachers, 389

lecturers and educators to have curriculum documents in their own language). The 390

number of publications is also likely strongly related to the amount of governmental 391

funding for academics in any given country (as well as the number of academics working 392

on these topics), where countries that allocate more spending on these topics will rank 393

higher in number of publications, and will likely also have research focused on case 394

studies or other methods (e.g., US, particularly NSF funding which tops the list when 395

we look at the top funding agencies and grant amounts for our publication dataset S1 396

Table). We believe our findings here also call for a strong incentive for governments to 397

react on funding for research into climate change education more generally, as has also 398

been previously proposed [74]. If we are to have a global exchange of ideas on how best 399

to tackle climate change education into our portfolio of strategies, then we also need to 400

support and incentivize open science to this end. Policies need to be backed by strong, 401

and global, research. As we saw in our analysis, although there are a few high impact, 402

climate focused, journals that score very high in number of citations, these titles score 403

relatively low in number of publications overall, indicating that climate education is 404

rather a subtopic in the broader landscape of climate research, and this needs to change. 405

There are of course some limitations in the approach used here. First, the mapping 406

of the literature did not allow us to more deeply explore some themes that emerged in 407

the analysis, for example why certain countries are more prevalent than others. 408
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Secondly, the classification algorithm, although it performs very well, still miss-classifies 409

a small percentage of the papers. This is a recurrent limitation when doing reviews in 410

big data fashion, and a topic that has already been highlighted in previous 411

research [34–36]. We have, however, generated a data set with annotated abstracts and 412

multi-labels for each topic which will certainly serve the community and be used for 413

further analyses. Thirdly, we focused on only the abstracts from each publication, which 414

gives only a cursory summary of each paper and may have missed publications with 415

keywords mentioned only in the full text. In a further step, the whole manuscript could 416

be processed as part of the dataset. State of the art AI frameworks such as the 417

LangChain [75] which interacts with the text and enables numerous applications could 418

then be used on the bulk of the literature for downstream tasks such as question 419

answering (QA) and text summarization [76]. 420

Conclusions 421

This research provides a global mapping of climate change education literature which 422

combines supervised and unsupervised machine learning methods assisted by human 423

coding of the abstracts. We manually annotated 1636 papers from a corpus of over 424

16’000 papers obtained from Dimensions and Web of Science literature database. Using 425

supervised learning we selected more than 5000 relevant records which we then analysed 426

using various text mining tools ranging from semantic analysis to topic modeling and 427

geoparsing [34–36,41]. Our study reveals that climate change education is a very 428

interdisciplinary field of research well embedded in key climate change research topics 429

such as climate change adaptation, disaster risks and education, mitigation and 430

sustainability. The bulk of the literature is situated in the social science research with a 431

high amount of the literature exploring topics including education methodologies, 432

paradigm shifts in education, and the analysis of traditional and non traditional 433

research methods. There are however, disconnects across topics that would intuitively 434

fit together such as health and disaster risk. Furthermore, the geographical distributions 435

shows that English speaking countries produce the largest share of the research 436

literature when it comes to case studies or country mentions. This could be an 437

interesting topic to investigate further in order to guide policy, by looking more closely 438

at the share of research funds for climate change education across the globe. With this 439

study, we have provided a first annotated and large database on climate education 440

topics to better understand topic relationships and spatial distribution within the 441

literature, and highlight potential new avenues for research on climate education. We 442

expect our dataset will be useful for further disaggregation and analysis by the research 443

community, in the full spirit of open and fair research [77,78], and help to guide the first 444

step in a much needed paradigm shift in the way we might implement climate education 445

into our portfolio of strategies to mitigate or adapt to climate change. 446

Supporting information 447

S1 Fig. Search string applied to two databases. Web of Science (WOS) Core 448

Collection and Dimensions, with the total number of papers retained after exclusions. 449

We excluded records that did not have an abstract or DOI, and all duplicates. Also 450

shown is the total number of papers which were manually coded. 451

S2 Fig. Paper split. The barplot shows the split between relevant and irrelevant 452

papers from the total collection of papers. 453
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S3 Fig. Publications per year 1966-2022. Publications per year for the entire 454

period from 1966 - 2022 (June 2022). 455

S4 Fig. Five years interval t-sne clustering. t-sne clustering over a five year 456

interval starting from 2005. We start from 2005 instead of 2006 to keep the interval 457

regular until 2021 and drop 2022 given that only half year is included. The clustering 458

has not changed over time although the number of paper in each clustering has 459

increased considerably. 460

S5 Fig. Proportion of countries tagged in the abstracts. The figure shows the 461

proportion of papers mentioning a given country out of the total of the papers 462

mentioning any country. The total of the paper mentioning a country or more in its 463

abstract is 2261. 464

S6 Fig. Proportion of countries tagged in the abstracts per topic. The figure 465

shows the proportion of papers mentioning per country and per topic. 466

S1 Table The top funding agencies per country and grant amounts. The 467

table shows the top funding agencies per country with the total number of grants, and 468

aggregated funding amount for our publication dataset obtained with our search from 469

the Dimensions API 2 S1 Fig. Only funding amounts over 10 Million are shown (for the 470

top 40 organizations). 471

S1 Appendix. Codes and dataset. The code and models are available through the 472

GitHub repository [43]. The raw dataset and labelled dataset can be made available 473

upon requests. 474
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