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[bookmark: _Toc15420443]Hardware requirements
The study was performed on a standard office laptop that runs on a 2 gigahertz dual core processor with 4 threads and is equipped with 8 gigabytes of random-access memory (RAM).
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[bookmark: _Toc15420445]Summary of the pre-processing procedure
For standardizing the symbolic representation of individual terms several NLP steps were applied. These steps comprised: (i) harmonizing character encoding (ii) keeping only characters from the basic Latin alphabet, and (iii) unification of the representation of acronyms and of contracted negations. As an additional step for an initial reduction of noise in the data, undesired known phrases were removed, e.g., copyright information at the end of abstracts.

The next step was setting up a part-of-speech (POS) model for discarding irrelevant word classes and lemmatization of terms. Part-of-speech (POS) tagging algorithms identify the grammatical structure of sentences. For this purpose, the TreeTagger software [1–3] was used, which is made available via the koRpus package [4]. After POS tagging the text data could be limited to the word classes carrying the most relevant information, here, noun, verb, adjective, and adverb. Furthermore, POS tagging allowed simplifying terms to their lemmata. This is an important step for unification of terms. An example of lemmatization is provided below in section “Part-of-Speech Tagging” in the last sub-section “Lemmatization”.

A collocation model was created for detecting n‑grams, i.e., multi‑word terms, to mitigate the assumption regarding the irrelevance of grammar by LDA (explanation see Section 2.4.1). Individual terms, whose co‑occurrence in the corpus was statistically more than random, were bound together as collocations. It has been shown that collocation models have reasonable performance, especially for noun compounds [5]. This study limits collocation detection to nouns and adjectives. Two common statistical metrics served for assessing the co-occurrence of terms: pointwise mutual information (PMI) [6] and log‑frequency biased mutual dependency (LFMD) [7]. The thresholds for binding terms were a minimum co-occurrence of 8 in the whole corpus, a PMI score of at least 1.959, and an LFMD score of at least -28.8. These values were found by an iterative process including manual screening of results of collocation models with different parameter settings. The goal was to find a model that detects sustainable_energy as a target collocation but to discard all potential collocations with worse PMI or LFMD score.

In the final pre-processing step, the vocabulary of the corpus was pruned by setting thresholds for document occurrence of terms and term length and by removing specific stopwords. Pruning consisted of (i) removing unigrams occurring in less than 3 documents or with less than 3 characters, (iii) removing irrelevant n-grams by manual screening, especially collocations including sequences of single characters originating from formulas or physical units, e.g., velocity_m_s, and (iii) removing standard stopwords, e.g., “the” or “and”, stopwords commonly used in abstracts, e.g., paper or methodology, and stopwords with high overall frequency but with low informative value or distinguishing meaning for the present study, e.g.,“energy” or “system”.

[bookmark: _Toc14624266][bookmark: _Toc15073918][bookmark: _Toc15407243][bookmark: _Toc15420446]Part-of-Speech Tagging
The following summary is based on [1–3, 8–10].

Part‑of‑speech (POS) tagging algorithms predict the roles of words within a sentence. This information may be used to filter out the relevant POSs, e.g., only adjectives and nouns, to reduce noise in the data with respect to the focus of analysis and, thus, to increase accuracy. Furthermore, POS tagging serves as the basis for lemmatization. Lemmatization turns inflected words into their uninflected form, i.e., their lemma. Hence, words with the same meaning are mapped to a single textual item. This increases the analytical accuracy for this specific meaning.

There is a variety of probabilistic taggers that use Markov models to solve the task of POS tagging. Given a sequence of words  that are annotated with the tags  the probability to be estimated by a POS tagger is:

	
	Eq. (A.) 



Using Bayes’ theorem recursively under the strong but practicable assumption, which makes the model a Markov Model, that the probability of a word  only depends on  and the probability of  only depends on the POSs of the  preceding words this probability may be estimated by the following model as: 

	
	Eq. (A.)



where  is the conditional probability of the occurrence of the word  conditioned on the occurrence of the tag  and  is the conditional probability of the tag  conditioned on the occurrence of the  preceding tags in the sequence . This model assumes that the words can directly be observed but the tags, i.e., the states of the words, cannot and are, thus, hidden. Therefore, the model is a Hidden Markov Model (HMM). From the available taggers the TreeTagger program [3] was applied, which is related to a trigram tagger and uses the following slightly adapted HMM with :

	
	Eq. (A.)



Finally, the best tag sequence for a given corpus has to be found. This may be referred as the “decoding procedure” [8]. The TreeTagger uses the Viterbi Algorithm [11, 12] for this purpose, which finds the sequence of tags with the highest probability for a given sequence of words. For each word, i.e., observation, various states, i.e., tags, are possible. The algorithm iteratively finds the path through the states that maximizes the overall probability of the complete path.

Before the corpus under investigation can be tagged by applying the HMM via the Viterbi algorithm, the values of the model’s probability parameters have to be estimated in a training phase. This methodological choice concerning estimation is reflected in the name of the program. The TreeTagger uses a binary decision tree to estimate the transition probabilities for the Markov Model by an adapted version of the Iterative Dichotomiser 3 algorithm (ID3) [13], a predecessor of the C4.5 algorithm [14] or the most recent version, i.e., the C5.0 algorithm [15], applied on the Penn Treebank Corpus as training data. 

As the name of the algorithm indicates, the algorithm recursively divides the training set into two sets with maximum distinctness, so that at each node a yes/no decision is made concerning questions such as “Is the first tag of the trigram an adjective?” or “Is the second tag of the trigram a determiner?”. Here, distinctness is meant with respect to the probability distribution of the third tag in the given training trigrams. Usually it is not possible to achieve an absolute answer, i.e., full disambiguation of the tag, at the terminal nodes. Therefore, the probability distribution of tags in the tagsets that have reached the terminal nodes are used to identify the most likely tag. In other words, the terminal nodes include the probability information on the third tag for a given preceding sequence of tags.

Each recursion step of the algorithm tests which division creates the maximum information gain  at each node. The division for testing is performed for each tag available in the set of all possible individual tags, i.e., the overall tagset . The information gain is the difference of information entropy between the “yes” and “no” path at a decision node. The main equation solved at each node is shown below in pseudo-code to allow a basic understanding. Readers interested in more details are kindly referred to the original papers of Schmid. In pseudo-code, the main equation during training is: 

	
	Eq. (A.)



The English parameter file for the TreeTagger was built from a set of about 2 million words from the Penn Treebank [9]. This corpus contains raw texts from various fields and sources such as News from Dow Jones, abstracts from the American Department of Energy, or the famous Brown Corpus [9]. These texts have been tagged automatically using “stochastic and rule-driven taggers” with an “error rate of 2-6%” [9]. This step is followed by a manual correction step, so that the corpus can be considered a manually tagged corpus or at least a corpus whose tags involve human judgement. Among other corpora, the latest version of the Penn Treebank is provided by the University of Pennsylvania [10].

The final lexicon used for decoding the corpus of investigation includes the Penn Treebank based tag parameters and, in addition, includes information on tag probabilities based on word endings, i.e., a “suffix lexicon” [1]. The suffix lexicon was also built from the Penn Treebank Corpus and is used if the word in focus during the analysis is not found in the primary lexicon [1]. In this case, the tag probabilities for specific word endings are used, which are again stored in a decision tree built under consideration of information gain similar to the procedure described above [1].

Lemmatization
Apart from tagging words according to their POS, an additional benefit of POS tagging is that it allows to turn words to their lemmata. The TreeTagger lexicon includes information on lemmata of words allowing to map inflected words forms to a unique uninflected form. Lemmatization is a more gentle form of simplifying terms in comparison to stemming. Stemming is a common strategy that is faster than lemmatization via POS tagging but may lead to less interpretable topics. The difference between stemming and lemmatization is exemplified by means of two phrases in Table A.1. The table shows, that stemming may remove parts of words that are relevant for the meaning. For example, the terms production and product are both reduced to the stem product, which does not allow to judge whether the term refers to a production process or a final product.

Table A.1: Comparison between stemming and lemmatization
	No.
	Phrase
	Phrase after stemming
	Phrase after lemmatization

	1
	energy consumption for production of goods
	energy consumpt for product of good
	energy consumption for production of goods

	2
	energy consumption from using products or goods
	energy consumpt from us product or good
	energy consumption use product or goods




[bookmark: _Toc14624268][bookmark: _Toc15073920][bookmark: _Toc15407245][bookmark: _Toc15420447]Collocation Model
The following summary is based on [6, 7, 16–19].

For detecting collocations, various metrics may be applied to assess whether two individual terms co-occur across the documents of a corpus to a statistically relevant degree and should be bound together as n-gram. The n in n-grams stands for the number of terms bound together. For example, in a simple bag of words, which considers a document as an unordered collection terms, the terms sustainable and development would be considered as two separate terms. If their co-occurrence is relevant according to the applied metric, these terms are bound together as a fixed n-gram and represented as sustainable_development.

The basic idea of metrics for detecting collocations is to compare the total occurrence of individual terms to the co-occurrence of terms while applying suitable transformations to these values. This kind of metrics originate from information theory. Therefore, they usually use term probabilities instead of the raw term counts. By dividing the total term count  of a given term  over the whole corpus by the total number of terms  of the corpus, the probability of a single term appearing in the corpus can be calculated as:

	
	Eq. (A.)



Analogously the probability of the total co-occurrence counts  of two terms  and  may be represented as a probability as follows: 

	
	Eq. (A.)



These probabilities may then be used in various metrics. In this study, two metrics have been used for detecting collocations. They are presented in the following.

Pointwise Mutual Information
Based on research by Fano [18] and the definition of Church and Hanks [6] pointwise mutual information for two terms may be calculated as:

	
	Eq. (A.)



It should be noted that some authors also use other bases in the logarithm. This changes the unit of measurement or scale, but not the general logic of the metric [17]. For higher numerical robustness the formula may be reformatted and a smoothing constant may be introduced to avoid building the logarithm of zero [16], so that the equation may be expressed as: 

	
	Eq. (A.)



The probability of individual terms is never zero (each term appears at least once), therefore, the smoothing constant only needs to be added to the probability of co-occurrence.

(Log Frequency Biased) Mutual Dependency - LFMD
Based on the ideas of Gallager [19], Thanopoulos et al. defined the mutual dependency (MD) metric that is the PMI minus the “self-information” contained therein [7] as follows:

	
	Eq. (A.)



By empirical investigations they showed that the log-frequency biased mutual dependency (LFMD) metric has high performance for extracting collocations. This metric is defined as follows:

	
	Eq. (A.)




[bookmark: _Toc14624270][bookmark: _Toc15073922][bookmark: _Toc15407247][bookmark: _Toc14624271][bookmark: _Toc15073923][bookmark: _Toc15407248][bookmark: _Toc15420448]Latent Dirichlet Allocation for Topic Modelling
The following summary is based on [20–25].

For describing Latent Dirichlet Allocation (LDA) [24] the notation as shown in Table A.2 is used in the following. LDA serves for probabilistic generative modelling of individual documents  of a corpus , i.e., a collection of  documents, as mixtures of  topics . The number of topics  is a key parameter of LDA that needs to be set by the modeler. The document-topic distribution  defines the mixture of topics for each document . Considering the number of  unique terms in the corpus, i.e., the vocabulary, each topic is assumed to be a mixture of these terms. The topic-term distribution  defines this mixture for each topic . LDA makes another key assumption. It uses a bag‑of‑words model of documents. This means that it does not pay attention to the order of words in a document. A document is considered as a sequence of length  with the terms  taken from the vocabulary of the corpus.

As a Bayesian model, LDA works with a prior belief about the distributions  and . LDA assumes that they follow a Dirichlet Distribution  with the hyper‑parameters  and  that have to be set by the modeler. These hyper‑parameters reflect the prior belief about the distributions, in particular, regarding the topic density or sparsity in individual documents. The distribution of topics over documents follows  and the distribution of words over topics follows . Two key characteristics of , and analogous of , are that its values  are all greater or equal to 0 and they sum up to . Expressed in formulas this translates to  and .

The key idea of LDA is that assumes the following generative process that creates individual documents of a corpus:
1. Draw a multinomial topic-word distribution 
2. Draw a multinomial document-topic distribution  
3. For each term position  in each document
a. Choose a topic 
b. Choose a term 

The modeler is finally interested in estimating the posterior distributions of topics over documents  and terms over topics . The starting point for this estimation is the likelihood of the complete corpus considering the relevant variables, which can be written as follows:

	
	Eq. (A.)



Marginalizing  this may be written concisely as:

	
	Eq. (A.)



The algorithms to approach the estimation task are either sampling-based such as the commonly used Gibbs sampling [23] or variational such as variational expectation maximization [24]. This study is based on the fast WarpLDA algorithm, which is a Metropolis-Hastings based algorithm [25].

[bookmark: _Ref1505367]Table A.2: Notation for Latent Dirichlet Allocation, the format of this table is inspired by [20]
	Notation
	Description

	
Basic notation regarding data structure
	

	
	Collection of  terms  representing a document

	
	Number of terms in a document, i.e., the length of a document

	
	document index

	
	term index within a document

	
	A corpus, i.e., a collection of documents 

	
	Number of documents in corpus , i.e., the size of the corpus

	
	Number of unique terms in the vocabulary, i.e., the size of the vocabulary

	Specific notation regarding LDA modelling

	
	Total number of topics

	
	Topic index

	
	Mixture of topics for a document, in other words, the distribution of topics over the document

	
	Mixture of terms for a topic, in other words, the distribution of terms over a topic

	
	Dirichlet prior for 

	
	Dirichlet prior for 

	
	The document-topic matrix incorporating all distributions of topics over documents 

	
	The topic-term matrix incorporating all distributions of terms over topics 

	
	

	
	The topic assignments, each taken from [1,K], for each term in a document

	
	The collection of topic assignments for each document




[bookmark: _Toc14624273][bookmark: _Toc15073925][bookmark: _Toc15407250][bookmark: _Toc15420449]Coherence of LDA models
In this study the scores of six different coherence metrics were used. The scores were based on the 10 top words per topic and a Wikipedia based reference corpus. Several coherence metrics were programmed in R for this study [16, 26], i.e., LOGRATIO also referred to as UMass [27, 28], probabilistic difference (DIF) [29, 30], pointwise mutual information (PMI) also referred to as UCI [6, 31], normalized PMI (NPMI) [17], cosine similarity of NPMI vectors (NMPI COSIM) [32], cosine similarity of NPMI vectors to the sum of the NPMI vectors (NPMI COSIM SET), originally referred to as V [28]. Regarding the type of reference corpus, the metrics LOGARTIO and DIF are so-called intrinsic metrics and use the corpus of investigation itself as reference corpus. For the other metrics, which are extrinsic, Wikipedia articles served as reference corpus. For constructing this corpus, several portal pages listing many Wikipedia sub-sites and selected individual Wikipedia articles were specified manually. A web scraping algorithm was programmed using the WikipediR package [33] for automatically downloading these articles and, in the sense of a snowball sampling, the articles linked on these pages. The final reference corpus consisted of 1737 Wikipedia articles.
In the following, details are provided for the metrics that have been used in this study. Readers interested in other metrics are kindly referred to literature. As a starting point, a review of coherence metrics is provided by Röder et al. [28]. The following summary is based on [6, 16, 27–31].

For measuring the coherence of a modelled topic, the statistical relatedness of the  top terms of this topic in a reference corpus  is evaluated based on their occurrence and co‑occurrence. For external coherence metrics, the reference corpus may be the corpus of investigation itself and, for internal metrics, it may be an external corpus, i.e., a suitable collection of secondary documents. The reference corpus is used to construct the reference term co-occurrence matrix  (technical details below). For coherence metrics, the co-occurrence of the  terms in the sliding window defined for the reference corpus is only counted once. Hence, it is only counted if the terms co-occur in the window, not how often. Depending on the metric applied, the sliding window, which runs over the individual documents of the reference corpus, is set to either the full length of the document for evaluating coherence at the document level or smaller values, e.g., 10 terms, to evaluate coherence at the sentence level. A summary of the coherence metrics and their settings for constructing the  is shown in Table A.3. 

This is a reasonable approach for assessing whether there is a general relation between the terms. The strength of the relation is of minor importance for assessing the coherence of a collection of terms. Following these considerations, e.g., the collections {energy, energy, power} and {power, power, energy} have the same coherence. The coherence of a topic may be evaluated by means of different metrics for assessing the statistical relatedness of terms in the reference corpus. The scores for the individual term pairs are aggregated to a score for the whole topic. For evaluating the coherence of a complete topic model, the scores of the individual topics are again aggregated. In this study the mean is used for aggregation. Technical details on the selected metrics in this study are provided in the following sections. Before, the construction of the  is described.

The basis for creating the  is the document term matrix of the reference corpus (). In a first step, the  is applied to the  turning all values greater than one to one in order to only count if terms co-occur at least once (Boolean co-occurrence of terms). Then, the reference  is created as the cross-product of this matrix as follows:

	
	Eq. (A.)



	
	Eq. (A.)



In its diagonal the  contains the total Boolean counts  of individual terms  in the sliding windows. The entries in the lower and upper triangles represent the co-occurrence  of term pairs  and .

By dividing the values in the  by the number of sliding windows, a probabilistic form of this matrix may be established, which provides information on the term probabilities  or co-occurrence probabilities :

	
	Eq. (A.)



It should be noted that the probabilities in this matrix are not the same as the ones used for collocations models, since they are only based on Boolean counting.

Since the values of  or  may be zero if the respective terms do not co-occur in any sliding window, a smoothing constant  is added in some of the metrics. The constant avoids dividing by zero or taking the logarithm of zero.

Table A.3: Standard settings for creating the TCMref for different coherence metrics
	Coherence Metric
	Type of reference corpus
	Size of sliding window for counting co-occurrence
	Level at which coherence is measured

	LOGRATIO
	Internal
	Length of document
	Document

	DIF
	Internal
	Length of document
	Document

	PMI
	External
	10
	Sentence

	NPMI
	External
	10
	Sentence

	NPMI COSIM
	External
	5
	Sentence

	NPMI COSIM SET
	External
	110
	Paragraph



Logratio
The logratio metric may also be referred to as the UMass metric [27], although, some adaptions have been applied in this study (see below). It is calculated here as follows:

	
	Eq. (A.)



This metric is an asymmetric metric. It uses a  that is ordered by the the values in the diagonal, i.e., the term counts . The term indices  and , need to be evaluated according to a certain order, here, a so-called preceding order. This means that given the indices , the following term index combinations would be evaluated 

In this study, the differences to the UMass metric are that a smaller smoothing constant was used and that the mean instead of the sum was used for aggregation.

Pointwise Mutual Information (PMI)
The PMI metric may also be referred to as UCI metric [6, 31], although, some adaptions have been applied in this study (see below). It is calculated analogously to the PMI for collocation models, but with the different definition of term probability that was introduced above, as:

	
	Eq. (A.)



In this study, the differences to the UMass metric are that a smaller smoothing constant was used and that the mean instead of the sum was used for aggregation.

Normalized Pointwise Mutual Information
Based on the  the normalized pointwise mutual information  as a metric for measuring coherence [17] may be calculated as follows:

	
	Eq. (A.)



Probabilistic Difference (DIF)
Using information on probability differences in metrics has been discussed, e.g., by Eells and Fitelson in a comparison of various metrics [29]. An adapted version of this metric has been implemented as a coherence metric, e.g., in the R package textmineR [30] or later in the package text2vec [16], as the probabilistic difference. It may be expressed as:

	
	Eq. (A.)



NPMI Cosine Similarity (NPMI COSIM)
The NPMI COSIM metric is a combination of the NPMI metric and the cosine similarity. First, the NPMI of all term pairs of the top topic terms in the reference corpus is calculated. The results may be represented as a symmetric matrix providing information on the NPMI for each pair. Regarding an individual term, each row of the matrix is a vector of NPMI values between a specific term and all other terms. It has the follow form:

	
	Eq. (A.)


  
The cosine similarity is an established metric of similarity which basically uses the cosine of the angle between two vectors as information on their similarity. The dot product (or scalar product) is the basis for the calculation, which is calculated for two Euclidean vectors  and  as follows:

	
	Eq. (A.)  



In an -dimensional space the cosine similarity is then calculated as:

	
	Eq. (A.)



For calculating the NPMI COSIM, the cosine similarity between each row of the  is calculated:

	
	Eq. (A.)


Finally, for calculating the coherence  of a topic, the scores in the upper triangle of the  are aggregated by calculating the mean.
NPMI COSIM SET
This metric is calculated similarly to the  metric. The difference is the way of calculating the cosine similarity. For  is not calculated between each row of the . Instead, the column sums of the  are calculated for creating a reference vector representing the aggregated values of the complete set of  terms. Then, the cosine similarity of each row  in the  to this reference vector is calculated.


[bookmark: _Toc14624275][bookmark: _Toc15073927][bookmark: _Toc15407252][bookmark: _Toc15420450]Modelling topic trends
The following summary is based on [34–42].

For evaluating the trend of a topic , linear regression models were fit for  as the response variable, i.e., the probabilities of topic  over all documents, using the time  in years  as explanatory variable. The resulting magnitude and the sign of the slope of the trend line indicate whether topic  has strong positive or negative trend in comparison to other topics. 

For visualizing topics trends, the mean values of  per year  were used, i.e., the mean topic probability per year. In addition to plotting the mean values, a smoothed trend curve was drawn using locally weighted regression (LOESS) optimized by the corrected Akaike information criterion (). The general procedure for drawing these curves is explained in the following. The smoothed curves neglect oscillations to a certain extent and, therefore, may facilitate grasping the general timely trend during visual inspection of the scatter plot. Hence, the smoothed curves fulfill a descriptive purpose here and do not have any predictive power.

Regression methods may be used to fit curves through data points, e.g., in a scatter plot. Standard regression methods seek for one fitting function, e.g., a linear or polynomial function, with the lowest error to the true data points while considering all data points at once. In contrast, a local regression uses a combination of multiple local polynomial functions. For each data point a polynomial function is sought while considering information on the neighboring data points within a specified span. Local regression methods are particularly useful for analyzing time series, since very distant points in time usually have less influence on each other than closer points in time. Therefore, local regression may perform well in resolving short term dynamics.

This study applies the locally weighted regression proposed by Cleveland [37, 38], which is implemented in R in the stats package as the function “loess” [36]. Since this is a standard procedure in statistics technical details are not repeated here. For details, readers are kindly referred readers to literature, e.g., Cleveland and Devlin [37, 38] or the R documentation [36].

A critical step in locally weighted regression is the selection of the span parameter . Varying the span parameter produces a family of loess models from which the most informative one should be selected for downstream analysis. Expressed the other way round, the approximating model with the lowest loss of information should be selected. For this purpose, a metric to compare the information content of the approximating models is needed. In this study, the corrected Akaike Information Criterion () for smoothing parameter selection was used. 

Akaike created the basic Akaike Information Criterion (AIC) [35] by combing the Kullback-Leibler-Divergence (KLD) [34], a metric for evaluating the divergence of information between two models or probability distributions, and the likelihood function , which may be used for maximum likelihood estimates based on data. The  provides information on the loss of information when modelling data. Considering a family of models that might potentially fit the data, the  allows to select the most appropriate model, i.e., the one with the lowest loss of information, by taking likelihood estimates and the complexity of the model into account [39]. The  may be used to compare the goodness of fit of different models. Comparing a family of models with regard to their , the one with the lowest  is considered as the most appropriate model. The basic  may be expressed as

	
	Eq. (A.)



 is the value of the likelihood function using the estimated parameters  for modelling the given data and  is the number of estimated parameters of the approximating model. 

For cases with smaller sample size, a corrected version of the , the , is to be used preferably. It was found that model selection based on the  may lead to overfitting, i.e., the selection of a model with too many parameters, for small sample sizes [40, 41]. The  is a first‑order estimate. For avoiding overfitting  may be used, which is a second‑order estimate. It does not only consider  but . For large values of , i.e., the sample size, it converges to the basic . For parametric linear regression, the  may be expressed as follows [39, 40, 42]:

	
	Eq. (A.)



For the specific case of smoothing parameter selection, the  takes the following form [43], which was used in this study:

	
	Eq. (A.)



 is the mean residual sum of squares, i.e., the variance, and H is the hat matrix, i.e., the projection matrix projecting the data points to the fitted values, whose trace  represents the number of parameters of the approximating model, and  is the sample size.


[bookmark: _Toc14624277][bookmark: _Toc15073929][bookmark: _Toc15407254][bookmark: _Toc15420451]Network community detection based on modularity
The following summary is based on [44–46].

The modularity metric for networks has been defined by Newman [45] and can be described using the following notation.  is the community to which vertex  belongs.  is the weight of the edge between the vertices  and . The sum of the edges connected to vertex , i.e., its degree, is . The total number of edges in the network is . On this basis, the modularity of the network is defined as:

	
	Eq. (A.)



- function  is 1 if  and 0 otherwise.

When investigating networks, an analytical step may be to identify clusters or communities in the network. This may be achieved by algorithms identifying high (potentially maximum) modularity partitions of networks. This study is based on an algorithm proposed by Blondel et. al [44] that fulfills this task. It is implemented in the R igraph package [46]. The algorithm first assigns a different community to each node and, in the following twofold iterative procedure agglomerates the vertices into communities: in the first step it maximizes modularity locally and in the second step globally on the basis of the partitions resulting from local maximization [44].


[bookmark: _Toc15420452]Extended results
[bookmark: _Toc15420453]Clustering dendrogram
The following dendrogram results from clustering the coordinates that that emerge from multi-dimensional scaling applied to the intertopic distances (see main article Section “Materials and methods - Inter topic distance and thematic fields”).


[image: ]
[bookmark: _Ref523499661]Figure 4: Dendrogram resulting from hierarchical clustering of topic (dis-)similarity based on the principal coordinates resulting multidimensional scaling using the Jensen-Shannon Divergence as distance metric; partitioning rectangles highlight 4 major clusters


[bookmark: _Toc15420454]Topics with strongest positive trend
The following Table A.4 is a copy of the Table 1 in the main article. However, Table A.4 includes additional information regarding the slopes of the linear models and the p-values for the slopes.

Table A.4: Hot topics with the strongest positive trend: topics equal to or above the 95% quantile regarding the slope of the linear models; topics are clustered according to superordinate themes; the order of themes follows the topic with the highest rank belonging to a theme; rank 1 indicates the topic with the strongest positive trend
	Topic no.
	Slope rank
	Superordinate theme
	Topic interpretation
	Top 20 topic terms
ordered by decreasing probability for each topic
	Linear slope
	p-value
slope

	57
	1
	Electrical energy storage
	Materials for electrochemical energy storage via batteries or supercapacitors
	electrode, battery, carbon, electrolyte, electrochemical, cycle, cell, cathode, energy_storage, low_cost, electrode_material, report, anode, discharge, lithium, exhibit, supercapacitor, material, redox, graphene
	7.77e-04
	2.65e-39

	13
	2
	Fuel cells
	Materials for catalysis in fuel cells
	catalyst, activity, electrochemical, graphene, active, electrocatalyst, cobalt, efficient, surface, exhibit, highly, stability, report, electrode, platinum, fuel_cell, oxidation, active_site, superior, catalytic
	6.02e-04
	3.35e-35

	63
	3
	Hydrogen production
	Photosensitive materials and photocatalysis for water splitting
	tio_two, photocatalyst, semiconductor, photocatalytic, tio, water_splitting, visible_light, photo, cds, exhibit, photocatalysis, degradation, electron, solar_energy, dye, light, photoanode, band, photocurrent, report
	4.86e-04
	1.12e-24

	154
	4
	Nanotechnology
	Synthesis of nanomaterials
	scan, characterize, synthesis, nanoparticle, prepare, sample, characterization, technique, synthesize, zno, obtain, confirm, property, morphology, precursor, material, ion, x_ray_diffraction, observe, oxide
	4.48e-04
	3.40e-33

	109
	12
	Nanotechnology
	Properties of materials
	material, structure, property, nanomaterial, molecule, bond, nano, functional, compound, shell, sulfur, molecular, formation, exhibit, surface, unique, excellent, electron, report, layer
	2.34e-04
	8.26e-18

	262
	15
	Nanotechnology
	Structure of nanomaterials
	particle, polymer, nanoparticle, nanocomposite, preparation, fabrication, powder, size, prepare, porous, spray, synthesis, matrix, agent, formation, poly, highly, silica, simple, rgo
	2.24e-04
	4.30e-19

	242
	5
	Chemical catalysis
	Chemical catalysis for various types of reactions
	reaction, catalyst, catalytic, methanol, oxidation, ligand, conversion, complex, compound, intermediate, selective, catalysis, acid, synthesis, yield, oxygen, chemical, highly, metal, molecular
	4.33e-04
	2.95e-21

	255
	6
	Digital network communication
	Wireless sensor networks and real-time data for energy applications
	algorithm, node, power, network, wireless, transmission, protocol, energy_harvesting, user, communication, technique, sensor, sensor_node, spectrum, data, scheme, channel, battery, maximize, distribute
	3.75e-04
	7.89e-20

	111
	7
	Mechanical energy harvesting
	Triboelectric nanogenerator and piezoelectric effect for small scale applications
	mechanical, power, teng, powered, harvest, device, motion, vibration, energy_harvesting, sensor, flexible, output, generate, electrical, circuit, electronics, power_source, magnetic, drive, piezoelectric
	3.51e-04
	3.94e-16

	125
	8
	Sustainable building materials
	Alternative blendings or replacement materials for cement
	concrete, cement, brick, material, aggregate, strength, fly_ash, property, durability, mortar, compressive_strength, binder, block, sand, produce, lime, replacement, clay, replace, specimen
	3.35e-04
	6.54e-13

	253
	9
	Biofuels
	Biofuel from algal biomass
	biodiesel, microalgae, algae, biodiesel_production, lipid, cultivation, algal, yield, produce, feedstock, culture, microalgal, transesterification, nutrient, biofuel, oil, fuel, potential, algal_biomass, content
	3.10e-04
	1.44e-16

	251
	10
	Biofuels
	Production of biomethanol by fermentation of biomass
	fermentation, sugar, pretreatment, glucose, enzyme, yield, obtain, cellulose, hydrolysis, produce, lignin, substrate, lignocellulosic_biomass, g_l, pulp, carbohydrate, biomass, pretreated, ethanol, acid
	3.08e-04
	5.30e-14

	172
	13
	Biofuels
	Bio-based materials from lignocellulosic feedstocks
	extraction, separation, solvent, extract, acid, lignin, recovery, cellulose, liquid, leach, water, yield, ionic_liquid, compound, chemical, surfactant, step, distillation, separate, recover
	2.27e-04
	2.00e-14

	74
	14
	Biofuels
	Biogas production from anaerobic digestion
	bioga, anaerobic_digestion, produce, methane, manure, sludge, biogas, fertilizer, substrate, bioga_production, digestate, biomethane, organic_waste, food_waste, digester, bioga_plant, anaerobic, digestion, biogas_production, compost
	2.24e-04
	7.41e-13

	90
	11
	Modeling & Optimization
	Optimization models and algorithms for power systems operation and markets
	optimal, optimization, optimize, constraint, minimize, algorithm, objective, maximize, solution, scheduling, multi_objective, optimization_model, solve, minimization, formulate, objective_function, search, simultaneously, trade, genetic_algorithm
	3.01e-04
	3.34e-23




0. [bookmark: _Toc15420455]Topics with high abundance
The following Table A.5 is a copy of the Table 2 in the main article. However, Table A.4 includes additional information regarding the cumulative sum of the probability.

Table A.5 Highly abundant topics: topics equal to or above the 95% quantile regarding the cumulative sum of topic probability (quantile is based on topics with positive slope only); rank 1 indicates the topic with the highest cumulative sum; topic marked with an asterisk also belong to the topics with the strongest positive trend
	Topic no.
	
	Abundance rank
	Superordinate theme
	Topic interpretation
	Top 20 topic terms
ordered by decreasing probability for each topic
	Cumulative sum of probability

	57*
	
	1
	Electrical energy storage
	Materials for electrochemical energy storage via batteries or supercapacitors
	electrode, battery, carbon, electrolyte, electrochemical, cycle, cell, cathode, energy_storage, low_cost, electrode_material, report, anode, discharge, lithium, exhibit, supercapacitor, material, redox, graphene
	190.9

	100
	
	2
	Urbanization
	Cities, districts, and urban planning 
	city, urban, urban_area, urban_development, urban_planning, urbanization, urban_metabolism, urban_form, urban_sustainability, neighbourhood, district, sustainable_urban, density, urban_environment, urban_design, sustainable_urban_development, residential, scale, urban_ecosystem, spatial
	169.3

	276
	
	3
	Life cycle assessment
	Environmental life cycle assessment with focus on carbon footprints
	lca, environmental_impact, impact, life_cycle_assessment_lca, life_cycle, impact_category, life_cycle_assessment, emission, environmental_performance, stage, global_warming_potential, gwp, functional_unit, assess, environmental_burden, category, environmental, impact_assessment, perform, phase
	169.2

	242*
	
	4
	Chemical catalysis
	Chemical catalysis for various types of reactions
	reaction, catalyst, catalytic, methanol, oxidation, ligand, conversion, complex, compound, intermediate, selective, catalysis, acid, synthesis, yield, oxygen, chemical, highly, metal, molecular
	166.1

	90*
	
	5
	Modeling & Optimization
	Optimization models and algorithms for power systems operation and markets
	optimal, optimization, optimize, constraint, minimize, algorithm, objective, maximize, solution, scheduling, multi_objective, optimization_model, solve, minimization, formulate, objective_function, search, simultaneously, trade, genetic_algorithm
	164.3

	30
	
	6
	Heating & Cooling
	Low temperature heating, cooling and efficiency technologies
	heat, cool, heating, heat_pump, temperature, cooling, thermal, fluid, performance, heat_exchanger, heating_system, waste_heat, heat_recovery, absorption, air, heat_transfer, operate, low_temperature, cycle, condenser
	157.5

	125*
	
	7
	Sustainable building materials
	Alternative blending or replacement materials for cement
	concrete, cement, brick, material, aggregate, strength, fly_ash, property, durability, mortar, compressive_strength, binder, block, sand, produce, lime, replacement, clay, replace, specimen
	146.4




[bookmark: _Toc15420456]Topics with the strongest negative trends
The following Table A.6 is a copy of the Table 3 in the main article. However, Table A.6 includes additional information regarding the slopes of the linear models and the p-values for the slopes.

Table A.6 Cold topics with the strongest negative trend: topics equal to or below the 5% quantile regarding the slope of the linear models; rank 300 indicates the topic with the strongest negative trend
	Topic no.
	Slope rank
	Superordinate theme
	Topic interpretation
	Top 20 topic terms
ordered by decreasing probability for each topic
	Linear slope
	p-value
slope

	254
	300
	Sustainable development
	Global developments of humanity and natural resource use
	world, earth, environment, natural_resource, human, future, global, sustainable_development, resource, energy_resource, man, population, planet, nature, humanity, today, problem, life, population_growth, future_generation
	-4.52e-04
	1.38e-79

	280
	291
	
	Development in Asia[footnoteRef:1] [1:  The top topic terms refer to Japan, however, examining the abstracts associated with the topic showed that the topic addresses the geographical context of Japan including, e.g,. China. ] 

	sustainable_development, promote, japan, environmental_protection, put, forward, comprehensive, progress, economic_development, promotion, utilization, japanese, coordination, government, national, realize, establishment, protection, country, developmental
	-3.60e-04
	9.70e-27

	51
	299
	Agriculture
	Production of food crops and the extent of using agrochemicals 
	agricultural, agriculture, crop, farmer, farm, farming, organic, input, agricultural_production, food, cultivation, pesticide, productivity, crop_production, production_system, agricultural_system, fertilizer, farming_system, intensive, agroecosystem
	-3.28e-04
	1.68e-34

	104
	298
	International cooperation
	International technology transfer and financial support mechanisms
	country, access, promote, policy, international, support, government, incentive, mechanism, priority, market, technology_transfer, clean_development_mechanism, institution, lack, domestic, finance, encourage, provision, experience
	-2.92e-04
	2.75e-40

	252
	297
	Rural areas
	Livelihood and development of rural communities
	rural, village, poor, rural_area, livelihood, people, local, traditional, income, district, settlement, poverty, region, area, rural_development, access, indigenous, situation, population, rural_community
	-2.91e-04
	1.51e-31

	225
	296
	Nuclear energy
	Potentials and risks of nuclear power
	nuclear, nuclear_power, nuclear_energy, safety, future, japan, nuclear_power_plant, korea, risk, disaster, energy_source, electricity, fossil_fuel, option, korean, plan, safeguard, today, energy_mix, century
	-2.88e-04
	2.03e-41

	10
	289
	Nuclear energy
	Nuclear energy technology
	reactor, fuel, fuel_cycle, core, fusion, uranium, fast_reactor, spend, advanced, safety, plutonium, nuclear_energy, reprocess, cycle, neutron, thorium, nuclear, nuclear_fuel, lwr, nuclear_fuel_cycle
	-2.69e-04
	1.45e-32

	207
	295
	Population
	Quality of life in the context of population growth
	population, people, live, world, life, grow, century, billion, planet, today, society, billion_people, poverty, living, quality_life, health, decade, bring, old, global
	-2.60e-04
	1.53e-37

	31
	294
	Welfare
	Welfare effects of economic growth and green growth
	economy, economic, growth, employment, economic_growth, gdp, economic_activity, job, welfare, income, economics, wealth, decoupling, country, social, industrial, labor, green_growth, natural_resource, create
	-2.31e-04
	2.19e-28

	161
	293
	Human environment systems
	Relationship between human activities and ecosystems
	human, natural, ecosystem, nature, ecological, biological, human_activity, relationship, organism, biophysical, matter, theory, natural_capital, life, resilience, human_society, biosphere, natural_environment, regenerative, environment
	-2.31e-04
	4.03e-32

	185
	292
	International economic relations
	International trade with a focus on the USA and Asia
	country, trade, domestic, export, import, international, world, global, cooperation, economic_development, asia, usa, asian, developed_country, nation, economy, foreign, commodity, international_trade, trading
	-2.25e-04
	2.18e-20

	221
	290
	Regulation
	Legislation and institutional authority
	regulation, law, regulatory, government, legal, institutional, institution, international, rule, political, act, public, legislation, policy, protection, authority, state, reform, effort, national
	-2.23e-04
	2.04e-06

	85
	288
	Turkish energy system 
	Potentials and resources of the Turkish energy system 
	turkey, renewable_energy_source, fossil_fuel, country, energy_demand, import, renewable_energy, energy_source, renewable_energy_resource, domestic, grow, world, energy_supply, energy_resource, potential, rapidly, turkish, renewable_source, renewable, supply
	-2.20e-04
	3.04e-11

	49
	287
	Energy markets
	Restructuring of electricity markets and competition
	market, industry, competition, reform, producer, sale, competitive, electricity_market, competitiveness, restructuring, create, price, sell, revenue, trading, promote, demand, enter, expansion, government
	-2.05e-04
	7.96e-22

	217
	286
	Forestry
	Forest management for biomass production
	forest, wood, forestry, timber, harvest, forest_biomass, forest_management, harvesting, management, wood_product, log, deforestation, finland, forest_resource, woody_biomass, fire, manage, forest_ecosystem, forest_product, conservation
	-2.04e-04
	3.02e-15




[bookmark: _Toc15420457]Topics with high betweenness centrality
Table A.7 lists the topics equal or above the 95% quantile regarding betweenness centrality. Reference to these topics is made in the Section “Topic network and topic communities” in the main article.

[bookmark: _Ref12554510]Table A.7: Topics with betweenness centrality score equal or above the 95% quantile
	Topic
no.
	[bookmark: _GoBack]Betw.
rank 
	Topic interpretation
	Top 20 topic terms
ordered by decreasing probability for each topic
	Betw. centrality

	8
	1
	Forecasting
	predict, prediction, forecast, correlation, error, accuracy, accurate, actual, coefficient, accurately, obtain, forecasting, estimation, equation, average, linear, validate, statistical, relationship, algorithm
	158

	134
	2
	Reducing carbon footprints
	carbon, carbon_emission, reduce, emission, carbon_footprint, offset, global, accounting, climate_change, reduction, carbon_reduction, net, atmosphere, carbon_sequestration, low_carbon, emission_reduction, sequester, emit, sink, greenhouse_gas_emission
	141

	227
	3
	Quantification & Estimation
	estimate, amount, straw, produce, equivalent, county, average, potential, ton, approximately, annually, consume, quantity, account, collect, annual, collection, availability, calculate, quantify
	134

	67
	4
	Greenhouse gas inventories
	emission, ghg_emission, reduce, ghg, greenhouse_gas_ghg_emission, reduction, emission_reduction, allocation, impact, pollutant, co_emission, inventory, emit, ghg_emission_reduction, indirect, abatement, air_pollutant, greenhouse_gas, co_two_eq, baseline
	112

	147
	5
	Reporting
	report, category, literature, specific, detailed, orientation, guide, information, benefit, shs, specifically, discussion, part, classify, recent, note, esd, list, reduction, relevant
	111

	42
	6
	Grid control
	mode, control, grid, time, frequency, dynamic, operate, characteristic, parallel, voltage, fast, dual, real_time, transient, connect, distribute, critical, driven, operation, simulation
	109

	211
	7
	Business
	barrier, business, overcome, opportunity, lack, business_model, implementation, implement, create, obstacle, company, stakeholder, smes, driver, strategy, sector, uptake, successful, institutional, prevent
	106
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