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Abstract

Since the 1990s, the Environmental Kuznets Curve (EKC) hypothesis posits
an inverted U-shaped relationship between pollutants and economic development.
The hypothesis has attracted a lot of research. We provide here a review of more
than 2000 articles that have been published on the EKC. We aim at mapping the
development of this specialized research, both in term of actors and of content, and
to trace the transformation it has undergone from its beginning to the present. To
that end, we combine traditional bibliometric analysis and semantic analysis with
a novel method, that enables us to recover the type of pollutants that are studied
and the empirical claims made on EKC (whether the hypothesis is invalidated or
not). We principally exhibit the existence of a few epistemic communities that are
related to distinct time periods, topics and, to some extent, proportion of positive
results on EKC.

Keywords: Environmental Kuznets Curve (EKC), Socio-semantic networks, Semantic
hypergraphs, Bibliometric analysis, Citation networks

The relationship between environmental impacts and economic activity is a hotly
debated topic in environmental economics since its inception in the 1960s. At that
time, harsh criticisms against economic growth were released as economic expansion
was considered the source of environmental degradation. The summit of this wave
was the Limits to growth – Meadows et al. (1972) report, which is famous for having
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made the case that economic growth was not sustainable, either because of the lack
of raw resources it constantly demands or because of the amount of pollution it un-
leashes. This call to put growth to an halt raised strong rebuttals among economists
who contented that economic progress and substitution can accommodate the econ-
omy with any resource scarcity. Fears of expanding pollution were however less easily
dismissed. Hence an already famous environmental economist like William Nordhaus
could write in 1992 that “long-run constraints upon economic growth might well exist
[...] one possibility is that the scale of human activity could overwhelm the capacity of
the globe to tolerate industrial wastes” (Nordhaus, 1992, 3-4).

Concerns about the need to combine development and environmental protection
had led in the meantime to formulating the concept of sustainable development and
making it a goal for the international community. Sustainable development means
“meeting the needs and aspirations of the present without compromising the ability
to meet those of the future”, as was stated by the Brundtland et al. (1987, chap. 1,
§49) report, which added that, “far from requiring the cessation of economic growth, it
recognizes that the problems of poverty and underdevelopment cannot be solved unless
we have a new era of growth”. How this new era of growth could be achieved without
degrading further the environment was however left unaddressed.

In 1992, the World Development Report suggested a reassuring way out of the
dilemma (World Bank, 1992). It displayed several patterns of environmental indicators
depending on country income: monotonically decreasing, monotonically increasing, or
increasing then decreasing. According to the latter pattern, the state of the environment,
after an initial period of degradation, will automatically improve. The promise was
clear: the economic development would somehow take care of its own drawbacks.
Environmental degradation would not so much be an issue contrary to accelerating
economic growth, as the latter would cure the former. As Beckerman (1992, 491) put
it, “in the longer run, the surest way to improve your environment is to become rich”.

This inverted-U relationship between economic output and environmental degrada-
tion was soon named the environmental Kuznets curve (EKC) hypothesis (Panayotou,
1993), from the Kuznets curve, an inverted U-shaped relationship between inequality
and economic development that Simon Kuznets (1955), one of the first national accoun-
tants, had observed1. According to the EKC hypothesis, environmental degradation has
an inverted U-shaped relationship with economic development. Many empirical con-
tributions immediately investigated whether such a relationship exists or not, for what
type of pollutants, while others pinpointed the problems in estimating its parameters.
A literature subfield, both theoretical and empirical, grew quickly around the “environ-
mental Kuznets curve”.

Thirty years after these seminal contributions (Grossman and Krueger, 1991; Shafik
and Bandyopadhyay, 1992; Panayotou, 1993) more than 2000 articles belong to this
subfield. To assess what this literature has finally to say on the validation or not on
the EKC hypothesis is challenging, given its size. This is a problem faced by many
social scientists: the significant growth in published articles makes it harder to identify,
analyze, and assess trends, topics or influential ideas in a given field.

The difficulty of the task motivates the research and the development of an auto-

1Ironically, this Kuznets curve is no more than a fortuitous relation, see Piketty (2014, introduction).
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mated analysis, that we present here in this special issue on “quantitative and computa-
tional methods in the social studies of economics”. We hope to foster the application of
computational techniques to a broader range of subjects and to stimulate the discussion
around their possibilities.

The purpose of this article is first to describe the evolution of the EKC literature. To
that end, we quantitatively investigate this literature with tools from social analysis and
semantic analysis, hence leading to a socio-semantic analysis. Social analysis refers to
the study of networks between actors: here we used the various bibliometric networks
that can be derived from the oriented relation that a citation creates between two arti-
cles. Semantic analysis refers to the automatic study of the meaning of sentences – in
our case by detecting linguistic patterns that we identified for this specific application
– and it will be applied to the abstracts of the collected articles.

We aim at assessing how the empirical literature of the EKC has developed and
whether it has come to a conclusion. However, such an assessment is more complicated
than it may seem. Indeed, the literature on EKC has gone in many different directions
and has undertaken significant changes since the first contributions, to the point that
validating the EKC hypothesis has no longer a univocal meaning. We therefore also
map the development of this specialized research, both in term of actors and of content,
and trace the transformation it has undergone from its beginning to the present.

The success of the EKC concept that originates within economics, its spreading
in several related disciplines and its evolution offer however broader lessons that go
beyond this particular subfield. Our study shows how a concept like the EKC has ac-
tually become a keyword on which research from various backgrounds hangs on. This
evolution could be seen as another example of economic imperialism but it is actually
more accurately described as a combination of attraction of the EKC concept on related
disciplines and outpouring of the EKC research in other disciplines. In the process, the
EKC research field has lost part of its initial cohesiveness: it has been, in a way, a vic-
tim of its own success. Our study thus provides with the EKC an interesting case in the
social studies of economics to understand the diffusion of economic concepts outside
economic literature.

Finally, our article also innovates on the methodological side by combining seman-
tic and socio-bibliometric analysis. Social network analysis has been advocated to be
used in the history of economics, for example to study collaboration and interactions in
scientific communities (Claveau and Herfeld, 2018; Herfeld and Malte, 2018). We use
a social network derived from bibliometric data and we supplement bibliometric anal-
ysis with an automatic recognition of the claims made by the article. This allows us to
recover what an article does or claims to do and thus to map the social relations among
actors with the actual content of the scientific disputes between them. The approach
developed in our study can be readily used to investigate other fields or concepts. The
case study on the EKC research allows us to reflect on the advantages and limitations
of the approach.

The article is organized as follows. Section 1 reviews the literature on the subfield
of the EKC and positions this article among the bibliometric analyses of this subfield.
Section 2 presents the methodology of semantic analysis and the first results in terms of
temporal development of the field, type of pollutants that are investigated, and type of
claims that are made. Section 3 introduces the analysis of the citation network within
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the corpus, contrasts its various blocks and the dominant individuals and journals, while
discussing its temporal features and relying on the instruments provided by the previous
section. Section 4 furthermore discusses limitations of our analysis, followed by a
summary of our findings in Section 5.

1 Early history of the Environmental Kuznets curve and
literature review

The environmental Kuznets curve hypothesis encapsulates the idea that environmen-
tal impacts increase then decrease along with economic development. The modern
formulation of this idea is the product of several studies conducted simultaneously in
the early 1990s. It can be traced back to Grossman and Krueger (1991), who studied
the environmental impacts of the free-trade agreement between the USA, Canada and
Mexico. They observed that the ambient concentrations of some pollutants (SO2 or
particulate matter) increase at low income but decrease at high income, hence suggest-
ing that trade liberalization that would foster economic development could also be good
for the environment. The same idea also inspired Shafik and Bandyopadhyay (1992)
who studied more systematically the link between economic growth and environmental
quality, considering eight indicators of environmental quality across a large number of
countries. This research was given wide outreach as it was a background article for the
World Development Report 1992 (World Bank, 1992), which incorporated some of its
finding as we have explained in the introduction.

After the publication of the World Development Report, the number of publica-
tions concerned with the inverted U-shaped relationship between the environmental
degradation (measured by several indicators of pollutants) and economic development
(measured by GDP or GDP per capita) increased quickly and used the phrase “Environ-
mental Kuznets curve” coined by Panayotou (1993) at the International Labour Office
to refer to this particular relationship. From the start, the EKC hypothesis triggered
heated debates. Empirical tests, based on cross-section of countries or panel data, gave
varying results, depending on the type of pollutants (water and local air pollution were
mostly investigated), the sample of countries or the time period. The actual significance
of the EKC was also contested: most articles were interested in the value of the turning
point, that is the income after which pollution would decrease, yet Cropper and Grif-
fiths (1994) argued that the height reached by the EKC at its peak was just as important.
The political implications of the existence or not of an EKC were no less controversial
(Panayotou, 1997). Along the lines suggested by Grossman and Krueger (1991), the
mechanisms that would explain such a relationship were also discussed, distinguishing
the effects of an expanding scale of the economy, of composition change of output, and
of the progress of technologies.

In 1997, a special issue in Environment and Development Economics attempted to
provide new insights on this growing field. Barbier (1997) in its introduction summed
up the main directions taken by the research on EKC. He synthesized the results ob-
tained for a large varieties of pollutants (classified by broad categories: air pollution,
water pollution, deforestation and others) and discuss the level of income at which the
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turning point occurs. He already pointed to features of the field that will be long lasting,
i.e. that the EKC hypothesis remains highly contested and controversial.

The potential for a proliferation of articles on EKC can already be discerned there.
Barbier (1997) indeed remarked that the EKC is a falsifiable hypothesis and thus lends
itself to be tested in various national contexts, with different methodologies, for several
pollutants, etc. Because it was formulated in a falsifiable form, yet sufficiently vague
(which pollutants? time frame? countries?), one could see in retrospect that it calls for
numerous, and possibly endless, empirical studies.

Explaining EKC also raised a theoretical challenge. Some theoretical models were
indeed proposed (Andreoni and Levinson, 2001; Brock and Taylor, 2010; Kijima et al.,
2010), but they have not been produced on the same scale as the empirical studies (see
Kijima et al. (2010) for a survey).

Surveys were necessary to keep track of the development of the research field and
they became more and more dense to address its many branches. Dinda (2004) sur-
veyed the literature, which he already found “sizeable”. He discussed the empirical
estimations and theoretical explanations, as well as the conceptual and methodological
critiques raised against the EKC. His survey was 25 pages long and included around
180 references.

The more recent survey by Shahbaz and Sinha (2019) focused on empirical articles
dealing specifically with CO2 emissions i.e., almost 200 articles published before 2017.
Although they restrict themselves to a single type of pollutant, they find the research
to be inconclusive. The results are wildly varying, which they relate, as in the early
days of the field, to the many methodologies, contexts, time frames, data sets that the
researchers can choose.

Aside surveys directly engaging with the EKC hypothesis and synthetizing results
for researchers of the field, several articles examined this field from an external perspec-
tive, using bibliometric tools. Sarkodie and Strezov (2019) has done a meta-analysis
aiming at identifying the value of the turning point found by studies validating the
EKC hypothesis (though irrespective of the type of pollutants). They also offer a sec-
tion with a bibliometric analysis of the EKC research. They mainly investigate author
contributions, citations, journals, countries, as well as topics. Their analysis is how-
ever static and cannot be used to map the evolution of the field. Bashir et al. (2021)
investigate the citation network of the EKC literature. They compute basic statistics,
like the countries or research institutes contributing most to the literature, the journals
in which the literature is published, the most cited studies. They also draw collabora-
tion networks between authors and look for trending topics within the EKC literature.
Koondhar et al. (2021) investigate the co-citation network within the EKC field with the
“CiteSpace” software. They focus on relations between authors, journals, institutions
and keywords. Anwar et al. (2022) have similarly done a bibliometric review from data
of the so-called Web of Science database. They also use the “CiteSpace” software to
identify key articles according to various provided metrics. However their results are
not interpreted: they simply list the articles found and sum them up briefly so that as
it stands their work does not allow an understanding of the development of the EKC
literature. Finally, Naveed et al. (2022) focus on the most influential journals, articles
and authors, relying on citations analysis of articles indexed in the “Scopus” database.
They also analyze and classify the content of the 100 most influential articles.
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These studies of varying depth however do not address what we want to investigate.
First, the analysis relies on keywords to discuss the content of the article, thus ignoring
its meaning, that we can catch with semantic analysis. Second, they are mainly static
and they lack an historical perspective, whereas we map the development of the field
through time. Third, they do not pay attention to the transfers that occurred across
disciplines and journals, which we highlight in our analysis.

2 Methods and descriptive results

2.1 Corpus building
We build our corpus from the Scopus database. Scopus is one of the main biblio-
graphic databases, released by the scientific publisher Elsevier.2 We query Scopus for
articles containing the exact phrase “environmental Kuznets curve” in the title, abstract
or keywords. The search was performed on June 4, 2021 delivering 2709 articles. We
collect all possible data that were furnished by Scopus. Here, the analysis will mainly
be focused on titles, authors, abstracts and citations. We screen random references to
see whether the collected articles were mis-attributed. Given that the syntagm “Envi-
ronmental Kuznets curve" is already quite narrow, we find no article that addresses a
different topic, so we do not dwell further to exclude wrongly included articles, that is
we retain the whole database as the corpus of our analysis.

Figure 1 shows the number of articles in our corpus per year of publication. It
shows a strong increasing trend, as 54% of the articles have been published in the last
four years and a half (since 2017 included), although the first articles are from 1994
(only 2% have been published before 2000 included). We find that in the last decade
the number of article grows at a 20% rate per annum, far more than the growth rate of
between 5% and 6% found by Claveau and Gingras (2016) for articles in economics.

We consider three periods of time: the last two five-year periods (2012-16 and
2017-21), and the beginning of the dataset (1995-2011) gathered in a single period for
the sake of significance (there are comparatively very few articles in these early stages,
as shown in figure 1), to strike a sensible balance between article density and temporal
resolution. As a result, the 1995-2011 period comprises 617 articles; 2012-2016, 621
articles, and 2017-2021, 1467 articles. There are 4435 unique authors in the corpus.

Scopus gives for each article of the corpus the list of references of that article.
Parsing this list of references, identifying each and finally linking it back to an article
of our corpus enables to build the citation network within our corpus. All citation
analysis will be based on this network and its derivatives. Hence, all metrics refering
to number of citations come from this and so have to be understood as internal i.e.,
most-cited articles are articles that are most cited by the articles of the corpus. These
pre-processing steps were performed using simple Python scripts that we developed for
this purpose.

2https://www.elsevier.com/solutions/scopus/how-scopus-works
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Figure 1: Corpus per year of publication

2.2 Semantic analysis and semantic hypergraphs
We develop an automatic pattern recognition approach to extract claims about the EKC
from abstracts — in a nutshell, we are able to classify the recognized claims as positive
and negative results on the EKC, and the variables they are based upon. It is especially
interesting for an analysis of the field as it allows to reach, to some extent, what an
article claims, and in turn to deepen traditional bibliometric analysis by complementing
it with semantic analysis. The same abstract may report both positive and negative
results. Since our method works at the level of individual claims, we can and do detect
such mixed cases. A limitation inherent to the corpus we use is that only abstracts are
considered, and sometimes negative results are reported only in the main text of the
article.

Our approach is based on Semantic Hypergraphs (SH), a knowledge representation
model that is intrinsically recursive and accommodates the natural hierarchical richness
of natural language. A full description of SH can be found in Menezes and Roth (2019).
SH have been recently proposed, but they have already been used for example in the
study of the credibility of research impact statements (Bonaccorsi et al., 2021).

One popular contemporary alternative would be to train a classifier with the help
of a large language model, e.g. of the BERT family. A disadvantage of this approach
is that, given its purely statistic nature, it typically require large training datsets. This
disadvantage is accentuated by the fact that this NLP task is somewhat delicate, par-
ticularly in identifying if a result is positive or negative, and understanding negation
appears to be a typical shortcoming of current deep learning models (Ettinger, 2020).
As will become clear in the subsequent paragraphs, identifying if a result refers to a
confirmation or refutation of EKC also requires some nuance. SH makes it possible
to infer a useful classifier from a small number of cases – which is not only important
because of the human effort required to annotate training datasets, but perhaps even
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crucial because our dataset is relatively small.
We give an overview of SH in Appendix A. In a nutshell, SH makes it possible to

define and extract relevant linguistic patterns in a semi-supervised manner. More pre-
cisely, focusing on a subset of 500 randomly selected sentences, we first extract from
the most frequent predicates the ones that are associated with result claims. We add
conditions to focus on results related to EKC, including rules to capture the notions
of "U-curves" and "N-curves" which, in the corpus, implicitly refer to EKC. We fi-
nally take negations into account in order to distinguish between positive and negative
results.

On the whole, we design a handful of patterns which are able to classify sentences
featuring an EKC claim, and whether it denotes a positive or a negative result. To
evaluate the performance of our semantic classifier, we randomly selected 3 sets of 50
abstracts each, to be manually annotated by the 3 authors, so that each author annotated
one of the sets. Notice that abstracts can present no results, only positive results, only
negative results, or both positive and negative results. Annotation was performed with
no knowledge of the automatic classification. Overall precision and recall 3 results are
shown in table 1.

EKC validation Precision Recall
claim type

positive result .809 .847
negative result .833 .366

Table 1: Precision and recall of EKC result classifier when compared against a
randomly-selected set of 150 manually-annotated articles.

We found both precision and recall to be satisfactory for positive claims. For nega-
tive claims, precision is satisfactory but recall is poor, which is to say that our classifier
markedly underestimates the number of negative claims. We found this to be related
to a tendency by authors to present negative results in a less explicit fashion: neg-
ative results are often expressed with more convoluted sentences, and with a lot of
qualifications. Often, negative results are also implied and thus cannot be identified
through direct claims. A telling example is Acaravci and Ozturk (2010), a largely
cited article (155 times, ranking 7th in the corpus), which is automatically classified as
claiming a positive result because the abstract indicates that “These results support that
[sic] the validity of environmental Kuznets curve (EKC) hypothesis in Denmark and
Italy”. However, the article investigates the relationship between CO2 and real GDP
per capita for 19 European countries: the abstract thus implicitly implies that a relevant
EKC relationship was not found for the remaining 17 countries, which we confirmed
by examining the article.

The much larger recall error of the algorithm for negative results leads us to correct

3Precision and recall are common measures in Machine Learning, used to evaluate a classifier’s perfor-
mance. Precision is the fraction of true positives out of all positive predictions, while recall is the fraction of
true positives out of all actual positive observations in the data.
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Figure 2: Estimated percentage of articles with a positive or with a negative result.

all values found by the algorithm by multiplying raw quantities of results by the asso-
ciated precision and dividing them by the associated recall.4 For instance, if a negative
result is detected in N articles, we consider that there are actually N ·0.833

0.366 such articles.
Notice that negative claim precision also contributes to positive claim precision: even
if negative recall is relatively weak, negative precision is still quite useful because it
prevents claims from being wrongly classified as positive claims.

In figure 2 we plot the ratio of articles with at least one positive result and the ratio
of those with at least one negative result, knowing that a small portion of articles feature
both. We see that the proportion of articles with positive results and that of articles
with negative results do not exhibit a very marked difference. Even though there has
been a modest albeit increasing lead in the number of articles with positive findings
over the recent years, there nonetheless remains a substantial proportion of articles
with negative results. From this analysis of the meaning of the abstracts collected in
our corpus, we can confirm that the literature on EKC is generally unconclusive, as
stated by several observers or actors of the field (Shahbaz and Sinha, 2019; Haberl
et al., 2020). In other words, the evidence cannot be said to be settled and there is
an on-going controversy, which may reflect different scientific practices and epistemic
communities. We will comment more on that in section 4.

2.3 Topics
The EKC is a generic concept that can be applied to the relationship between an eco-
nomic development variable (such as GDP) and various pollutants and environmental

4Precision corresponds to the proportion of correctly detected items of a certain category among those
detected as belonging to that category, while recall is the proportion correctly detected items among those
belonging to that category. Hence, precision/recall is the rate of correctly detected items per items detected
as belonging to a category (for more context on such correction factor see e.g. Schmid et al., 2020).
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Figure 3: Percentage of articles evoking a relationship on a given topic (sums over
100% as an article may address several topics, bar elements representing less than 4%
were not labeled).

pressures. We now identify which kind of environmental variables have been investi-
gated in a given article.

Once again we take advantage of SH representation. We found that the pattern “re-
lationship between X and Y” is prevalent across the corpus, and that it largely corre-
sponds to a relationship between an economic variable and an environmental variable.5

We exploited it to identify all the environmental variables present in X or Y. The most
common ones were manually grouped into eight categories: greenhouse gases (labeled
as “GHG”, which includes for a very large part CO2-related research), energy, water,
waste, environmental footprint, sulphur oxides (SOx), nitrogen oxides (NOx) and lo-
cal air pollutants (like particulate matter or carbon monoxide, this category does not
include SOx nor NOx). We treat these environmental variable categories as topics.

On the whole, 82% of articles were found to contain at least one of these environ-
mental variable categories. On figure 3 we present the ratios of articles mentioning each
category. Ratios sum to more than 100% since, although topics are non overlapping,
an article can be classified in several categories: an article can analyze the EKC both
for air and water pollutants. Energy and its various vectors (oil, coal, gas) were fre-
quently associated with income, yet it appears that articles are often both categorized
as energy and carbon. This is because the articles that investigated the link between
GHG emissions and income often add various form of energy as control variables.

This analysis yields three main results. First, the strongly increasing focus on
GHG/CO2 emissions and energy, which was also found by Sarkodie and Strezov (2019)

5The pattern can be represented in SH as: (between/B relationship/C (and/J X Y)).
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using a different method (keyword analysis). This focus contrasts with what one might
have anticipated based on the early developments in the field. Indeed, although Shafik
and Bandyopadhyay (1992) considered CO2 within their set of pollutants, the early
decade of research on EKC was not strongly concerned with CO2. Dinda (2004)’s re-
view mentions research on CO2 but focuses on local air pollution and water pollution.
One could therefore have expected that the literature would go on focusing on these
pollutants, as the EKC hypothesis was heavily debated for these ones (see for exam-
ple Stern and Common (2001) on sulfur emissions). Furthermore, as Dinda (2004,
p. 441, 449) makes clear, the literature at that time did not find the evidence of EKC
for global pollutants like CO2. On the contrary, from 2014, the articles identified as
investigating CO2 or GHG constitute more than half of our corpus, representing above
55% thereof in recent years. The trend is quite massive and shows no sign of losing
steam. Second, while seminal publications discussed various pollutants, especially air
pollutants such as nitrogen and sulfur oxides (NOx and SOx), and various environmen-
tal stressors such as waste, more recent publications do not seem to focus explicitly on
such specific pollutants: the shares of SOx, NOx, waste as well as water [pollution]
strongly decreased; only the share of the generic reference to “local air pollutants” re-
mained stable. To summarize, we witness a strong turn to energy and GHG-related
pollutants from around 2012.

This turn can be explained. First and foremost, the growing number of articles
targeting GHG emissions has to be related to the increased salience of climate change
as the environmental problem vital for human societies. This means that researchers
are more likely to focus on GHG and neglect other environmental problems, but also
that research is more easy on this topic because of the large availability of dedicated
databases (on GHG emissions) and of the ease of attracting fundings. Furthermore,
methodological changes are also involved in this turn. Ang (2007) was the first to
bring together a literature focused on the relationship between economic output and
energy, and the EKC literature, hitherto focused on the relationship between economic
output and pollutants (here specifically CO2 emissions). This promoted the integration
into the EKC literature of studies considering both energy and GHG emissions, while
transforming the EKC itself, as it became a relationship between economic output and
GHG emissions within a broader framework. We come back to this transformation in
the discussion (see section 4).

A cross analysis of positive/negative results vs. topics makes it possible to refine
the picture further. Table 2 provides the relative proportion of positive vs. negative re-
sults for each topic through time — in other words, it paints the categories of figure 3
with the categories of figure 2. We see that the literature of the last period 2017-21
features a majority of positive results (proportion > 1) for all topics. This reflects the
aggregate trend previously observed for that period, for which the share of positive re-
sults significantly increases (to reach 53% vs 38%). This trend is however not uniform:
results related to footprint, GHG, local air pollutants, NOx and, to a smaller extent,
SOx, experience the strongest increase in positive results. More interestingly, for half
of the categories (local air pollutants, footprint, water and NOx), trends are reverted
from a majority of negative results to a minority; the same could almost be said for
GHG (from half-half to strongly positive-leaning results). Waste is the only topic that
exhibits a decrease in the proportion of positive results from the first to the final period.
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Topic

GHG Energy Local air water SOx Waste Footprint NOx
Period pollutants

1995-2011 1.03 1.29 0.84 0.81 1.18 1.10 0.31 0.91
2012-2016 1.05 1.09 1.15 1.03 1.00 0.67 0.42 0.92
2017-2021 1.55 1.39 1.64 1.01 1.39 1.01 1.07 1.50
aggregate 1.35 1.31 1.32 0.95 1.19 0.94 0.88 1.14

Table 2: Evolution of the ratio of articles with positive vs. negative results, broken
down by topic, computed over the three defined time periods (figures in bold indicate
for each topic the period of maximum ratio) and for all periods (“aggregate”).

Thus, while the increase in topic-related research suggests that the field is getting more
specialized or, at least, giving more attention to specific relationships, this tendency
also comes with an evolution of the imbalance around the confirmation or refutation of
EKC that seems to affect more certain topics than others. We shall see below how this
topical specialization is distributed on the author network.

3 Citation network and blocks
To have a better sense of how the field has developed and why, we now turn to the
analysis of the author citation network.

To begin, we compute for each author the number of times their articles have been
cited. As said before, we only consider citations internal to the corpus. This means
that the citations attracted reflect the influence of the articles in the field of the EKC
research. With this, we cannot assess the impact of the articles of the corpus in the
environmental economics literature in general, nor are we able to assess to the influence
of articles outside the corpus on the corpus.

We concentrate on the most (internally) cited authors, listed in table 3, for whom
we can already distinguish several patterns. I. Öztürk and M. Shahbaz entered the fields
in the 2010s, and since then they have published a large number of articles. D.I. Stern
has been present in the field over the whole time span, with a large yet lower number of
articles per year. Soumyananda Dinda has been mainly influential through his review
of 2004 published in Ecological Economics (673 out of 879 citations).

The table is a little bit different from the one obtained by Sarkodie and Strezov
(2019). First two authors are the same, although in reverse order. Shahbaz and Dinda
are also present in the top-five most cited authors of Sarkodie and Strezov (2019). The
differences seem to stem from three facts. First Sarkodie and Strezov (2019) use the
Web of Science database to extract their corpus whereas we rely on Scopus. Second,
they use metadata citation counts that apply to the whole Web of Science database and
thus are likely to include citations outside of the EKC research field. Third, our analysis
is done three years later. As Öztürk is a prolific and active author (as we will see), this
may explain why he has overcome Stern in the mean time.
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Author #A c Activity
time span

Öztürk I. 35 1779 2010-2021
Stern D.I. 17 1622 1996-2020
Shahbaz M. 49 1524 2012-2021
Dinda S. 7 879 2000-2009
Al-Mulali U. 13 756 2015-2019

Table 3: Five most cited authors. #A is the number of articles, c number of citations.

3.1 Blocks of authors
We now look into more structural characteristics of the citation network. To do so,
we extracted the citation network between authors from the corpus from the citations
between articles. Citations are matched to articles in the corpus if both their titles
(case-insensitive) and years of publication are the same. Each citing article induces
edges of weight 1 from all its authors to each author of the cited article. This is a
directed weighted network, with each edge weight indicating the number of times the
origin cites the target. This network is very dense, so to make it tractable we adopt a
simple edge removal and graph simplification strategy.6 We consider only 3 outgoing
edges per author, pointing at the 3 most cited target authors by each actor of origin.
This means that every node has out-degree 3 and any number of incoming edges (in-
degree). Furthermore, we consider only authors that received at least 10 citations.
We have found these thresholds to be remarkably robust. For example, employing a
threshold an order of magnitude higher (top 30 most cited targets) produces very similar
block partitions. To also be able to observe the temporal evolution of the network,
we compute cumulative networks for three time periods starting in 1995 and ending,
respectively, in 2011, 2016 and 2021, the last one corresponding to the full dataset.

We then use Stochastic Block Models (SBM) (Holland et al., 1983; Peixoto, 2018)
and the open-source library graph-tool to infer the structure of the network 7. SBM is a
generative model, where each node is assigned to a given block. SBM blocks are such
that nodes of a given block connect to nodes of another block (that can be the same)

6A myriad of graph simplification methods (variously denoted as graph sampling, reduction, compres-
sion) have been proposed by the network science community over the last two decades, principally aimed at
easing structure visualization or statistical feature computation (Zhao et al., 2020). Node-centric edge sam-
pling (such as favoring high-degree nodes e.g., Ribeiro and Towsley, 2010) and network-level edge selection
(such as minimal spanning trees e.g., Van Ham and Wattenberg, 2008) are typical strategies fulfilling rela-
tively distinct goals: while the former seem to operate on local structure, the latter rather help in preserving
a sense of global connectivity (Jalali et al., 2016), even though they can do both (respectively Leskovec and
Faloutsos, 2006; Jia et al., 2008). As we are interested in blocks we rather focus on the former and adopt
a very simple approach of uniformly pruning outgoing edges in order to concentrate on the most important
targets, while preserving the structure of incoming edges i.e., received authority from peers – admittedly
a key feature of the citation networks we study. While much simpler, it is close in spirit to node-centric
sampling methods which tends to favor links to higher degree nodes and demonstrate satisfying preservation
of community structure (Maiya and Berger-Wolf, 2011; Ahmed et al., 2011; Voudigari et al., 2016).

7https://graph-tool.skewed.de
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with a constant probability. SBM jointly infers block membership and the matrix of
connection probabilities, such that the likelihood of the observed network given the
generative model is maximized. Put differently, blocks represent similar connection
patterns from the nodes of that block towards nodes from other blocks. One feature of
SBM is that maximizing this likelihood also implies a minimization of the amount of
information necessary to describe the model (description length). In other words, there
is a preference akin to Occam’s Razor for the simpler model. We performed model
selection based on description length and opted for degree-corrected SBM (Karrer and
Newman, 2011), since it achieved significantly lower description lengths in comparison
to standard SBM. Given that SBM inference is a stochastic non-deterministic process,
we performed it 10K times and selected the one that achieved lowest description length.
We arrived at a partition in 4 blocks for the full network covering the entire time period
under study, as depicted in figure 4(c).

Blocks are distinguished by significant linking behavior differences, both inwards
and outwards, which can be interpreted as an indication of their role in the network.
For example, block A contains a small number of highly cited authors. A tends to be
cited by all blocks and to not cite any other blocks, while all others tend to cite A.

Figure 4(c) shows us that two large blocks (B and C), of comparable size, account
for the majority of authors in the network. Given that the two large blocks are not
connected in figure 4(d), this could suggest the existence of two separate factions with
the similar internal dynamics of a large “following” and a smaller number of highly
influential authors. Notably, Stern belongs to block A and Öztürk to block C. While
block A is clearly influential to all the other blocks, its topological insertion suggests
its closer alignment with block B. The remaining block (D) is dominated by Chinese
authors publishing articles with a strong focus on China.

Notice that figure 4(d) is rendered with a threshold of probability of connection of
p > 0.01, and that there is some probability of connection between all pairs of blocks
that is greater than zero, and that such connections do exist. Furthermore, the formation
of such connections is affected by size effects, which is why even with low affinity
below the 0.01 threshold, blocks B and C still have a good amount of connections
between them. It is also affected by age: an older article had more time to be cited and
can only cite articles that were published before it.

In figure 4(d) we can observe another interesting topological fact: although Stern
has been overtaken by Öztürk in terms of number of citations received within the EKC
literature, the small block of authors that he belongs to appears to remain the most
central and influential. We can see that all other blocks have a strong tendency to cite
A, and that A is in fact the only block for which this is the case. Another indication
of this asymmetry is the more casual observation that Öztürk cites Stern’s articles thir-
teen times, whereas Stern does not cite Öztürk at all – this being true also for the full
citation graph, not just the simplified one with the 3 outgoing edges per author. When
interpreting this asymmetry, it is also good to keep in mind that Stern’s work is older
than Öztürk’s.

In table 4 we present a set of metrics for the blocks that are not of a topological
nature. This means that the distinctions that these metrics provide are not implied by
the network structure, and therefore help to strengthen the hypothesis that these blocks
do indeed correspond to different practices within EKC research. Blocks A and then
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Figure 4: Graphs of citations from authors to authors (or blocks of authors to blocks
of authors in the last panel), colored by blocks determined by SBM. Node radius is
proportional to in-degree. Three periods (cumulative): (a) 1995-2011 (b) 1995-2016
and (c) 1995-2022. (d) Graph of author blocks for the last period. Edge thickness is
proportional to the overall probability p of any given author from one block citing any
given author in the other block. Very low probabilities of connection (p ≤ 0.01) are
not depicted. Node radius is proportional to the total number of citations (for the entire
corpus) received by the authors in the block.
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Block #Authors Pos Neg Endogamy Year #A #A k

A 3 0.354 0.084 0.003 2007.9 9.00 0.79 5.0
B 360 0.422 0.416 0.033 2012.1 3.11 0.76 4.9
C 406 0.562 0.407 0.102 2017.9 4.47 1.24 9.2
D 57 0.492 0.441 0.085 2016.8 5.96 0.96 15.7

Table 4: Various metrics per author block, including ratios of positive and negative
EKC claims, endogamy measured as ratio of citations received from co-authors, mean
year of publication, mean number of articles per author (#A) and further normalized
per year (#A), and mean number of unique co-authors (k).

B have a lower ratio of positive results than C. The ratio of negative results is more
similar across blocks, except for A. There is also a clear difference in endogamy, with
C being the most endogamic and both A and B the least. Interestingly, block D appears
to be a middle ground between A+B and C in all metrics, as well as in its topological
insertion in the citation network. This highly regional block might be influenced by the
two main blocks.

The temporal aspect is also of interest. Considering the mean year of publication
for the articles by authors in each block, we can see that block A is the oldest, followed
by B, and then C and D are much more recent. This invites the hypothesis of a shift
in practices having taken place during some period in time. In fact, the three steps of
the longitudinal study, corresponding to the panels (a), (b) and (c) of figure 4, reveal
a complexification of the citation network from uni- to bi-polarity. Blocks in the two
first networks were colored according to the block in the final network with which they
have the highest Jaccard similarity. It is clear that the field was dominated by Stern
and Dinda in the first period, then assigned to block B. Öztürk and Shahbaz appear
in the second period along with block C, with the bipolarity already fully developed,
and Stern still appearing as the most influential member of block B. In the final period,
Stern and two other influential and seminal authors detach into block A and block D is
formed.

Finally, the breakdown of the presence of each topic for each block, shown in ta-
ble 5, also paints a quite heterogeneous picture. It indicates a certain level of focus and
specialization proper to some blocks: for instance, A on SOx, C on GHG and energy
and D on local air pollutants.

3.2 Focusing on the two leaders
David I. Stern, the second most cited author, has been active in the field for 25 years.
He began his career8 with a PhD in Geography from Boston University. From 1996,
he was a Research Fellow at the Centre for Resource and Environmental Studies in
Australia. He is currently Professor at the Crawford School of Public Policy, Australia.

8Information available at http://sterndavidi.com
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Block GHG Energy Local air Water SOx Waste Footprint NOx
pollutants

A .333 .074 .222 .000 .333 .000 .000 .000
B .345 .257 .344 .123 .109 .084 .020 .042
C .664 .618 .310 .062 .039 .043 .085 .023
D .436 .392 .537 .128 .084 .106 .018 .040

Table 5: Percentage of articles mentioning each topic for each author block. Bold
figures indicate the block where a topic has the highest presence.

He was associate editor of Ecological Economics (which appears in Table 6) from 2002
to 2018 and belongs to its editorial board since then. His most cited article is “Is There
an Environmental Kuznets Curve for Sulfur?” (Stern and Common, 2001) which uses
panel data to investigate the EKC for sulfur emissions and essentially shows that earlier
findings of an EKC can be explained by a sample restricted to high-income countries:
an EKC could not be found using the global sample.

Ilhan Öztürk, the first most cited author according to our investigation, is a newer
scholar who completed his PhD in Economics in 2009 from Çukurova University in
Turkey and began publishing on EKC in 2010.9 He has been working at Çağ University
since 2000, where he became a professor in 2017. Öztürk is editor-in-chief of the
International Journal of Energy Economics and Policy (which appears in Table 6),
founded in 2011 and edited by EconJournals, a platform run by Ilhan Öztürk. This
publisher has two other journals: Ilhan Öztürk is also editor-in-chief of the first and co-
editor of the second. On EKC, his most cited article is “Investigating the environmental
Kuznets curve hypothesis in Vietnam” (Al-Mulali et al., 2015). It uses time-series
of carbon emissions, GDP, and several controls (imports, exports, various forms of
energy) to test for the EKC and finally rejects it.

Öztürk and Stern are the two most cited authors but, given the numbers available in
table 3, they seem to be inserted differently in scientific networks. As said before, Stern
has published less than Öztürk in our corpus, 17 articles against 35, but within 25 years
of activity compared to 12, which corresponds respectively to 0.68 articles on EKC per
year vs. 3.2. This difference is also visible in the number of unique co-authors: only
10 for Stern vs. 83 for Öztürk. These different practices extend to citations, whereby
the 1808 citations of Öztürk are more concentrated than the 1644 citations of Stern,
in terms of both citing authors and citing articles: 1551 distinct authors cite Öztürk
vs. 1992 for Stern (hence 1.17 cites per author compared with 0.83), and 794 distinct
articles for Öztürk vs. 1042 for Stern (2.28 cites per citing article vs. 1.58). We can
also note that 11% of articles citing Öztürk are from him and co-authors, whereas only
0.6% for Stern. One finds similar patterns when extending the analysis to the most
cited authors: Shahbaz (2.28 cites per citing article, 1.18 cites per citing author) is very
close to Öztürk, whereas Dinda is close to Stern (1.13 cites per citing article, 0.56 cites
per citing author).

9Information available at https://www.cag.edu.tr/en/academic-staff/104/about
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All this points to distinct practices in scientific writing and publishing. Statistics of
table 4 confirm this trend on a broader scale. Block A presents the highest number of
articles per author, while B and C have lower similar values at close to half that of A.
Yet, blocks A and B correspond to authors with a longer activity span and who started
publishing earlier in the field. The average number of yearly articles shows that, on
one side, blocks A and B (around Stern) are close to twice less prolific than block C (D
representing again a middle ground). Just as we observed on Stern vs. Öztürk, blocks
A and B have a lower number of unique co-authors than block C and, noticeably, D. In
a nutshell, the block around Öztürk exhibits distinct publication behaviors: its authors
arrived later, yet they publish more often, which contributes to inflating the number of
articles, and with more distinct people.

3.3 A shift in journals
We observe a similar divergence when looking at publication outlets. Overall, we
found 733 unique outlets in our corpus, with a mean of 3.7 articles per outlet. As is
common, we have a large dispersion and a long tail of 642 outlets with no more than
4 articles, representing 35% of the corpus. On the contrary, there are 18 outlets that
have published at least 20 articles on the EKC, and these 18 journals represent together
42% of our corpus. We list these journals in table 6, along with their temporal profiles
which describe for each journal the proportion of EKC articles that fall in each of the
three time periods.

These temporal profiles deliver an interesting picture. The debate on EKC has orig-
inated within studies of development as evidenced by the early importance of a journal
such as Environment and Development economics. It has further taken roots in envi-
ronmental or energy economics with journals including Environment and Resources
Economics, Ecological Economics or Energy Policy. If these journals still publish ar-
ticles on EKC, the literature from the 2010s is more and more published in journals
that are engineering or natural sciences oriented, such as Environmental Science and
Pollution Research or Science of the Total Environment.

These temporal profiles signal a shift in journals. The move away from Ecological
economics is especially clear: 80% of this journal’s articles on EKC are published in
the first period, before 2011, whereas the field has experienced a tremendous growth
afterwards. This is also surprising given the fact that the EKC was identified by a cita-
tion analysis of Ma and Stern (2006) as a prominent topic of ecological economics (as
represented by the journal Ecological economics), as opposed to environmental eco-
nomics (as represented by the Journal of Environmental Economics and Management).
In the period 2006-2010, 46 articles of our corpus were indeed published in Ecolog-
ical economics, but the flow of publications strongly diminishes afterwards, and the
output of EKC research was directed to other journals, and actually outside the sphere
of economic research. We can see that move if we classify journals in Table 6 as eco-
nomic journals, when the matter classification of the journal in Scopus contains the
word “economics”, and non-economic journals otherwise10. For the articles published

10For the journals of Table 6, the journals classified as economic are these with ’economic*’ in the title,
except for Environ. Dev. Sustainability, which is also classified as economic.
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Journal #A Temporal % Articles citing
r

profile Stern Öztürk

1989 Ecol. Econ. 118 0.63 0.02 0.97

1991 Environ. Resour. Econ. 38 0.50 0.03 0.95

1996 Environ. Dev. Econ. 36 0.56 0.03 0.95

2001 Int. J. Global Environ. Iss. 24 0.42 0.04 0.91

1984 Economic Modelling 20 0.50 0.05 0.91

1973 Energy Policy 75 0.64 0.28 0.70

1979 Energy Economics 52 0.50 0.31 0.62

1999 Environ. Dev. Sustainability 28 0.54 0.39 0.58

1970 J. Environmental Management 20 0.40 0.30 0.57

1997 Renew. Sustainable Energy Rev 61 0.61 0.56 0.52

2009 Sustainability 78 0.35 0.40 0.47

1976 Energy 30 0.40 0.50 0.44

2001 Ecological Indicators 49 0.41 0.57 0.42

2008 Energies 23 0.35 0.52 0.40

1993 J. Cleaner Production 102 0.30 0.49 0.38

2011 Int. J. Energy Econ. Policy 57 0.39 0.77 0.33

1994 Environ. Sci. Pollution Res. 286 0.30 0.72 0.30

1972 Sci. Total Environment 52 0.17 0.50 0.26

Table 6: Journals publishing at least 20 articles, preceded by year of foundation (first
volume). #A indicates the total number of articles in the corpus. The proportion of
articles citing respectively Stern and Okturk is shown, as well as the ratio r of Stern
to Stern + Öztürk citations, which is used to rank the table. Temporal profiles are bar
charts of the number of articles published over the three periods (1995-2011, 2012-16,
2017-21). All profiles are scaled to their maximum value.

in journals of Table 6, 72% were published in economic journals over the first period
1995-2011, 26% over the period 2012-2016 and only 11% over the last period 2017-
2021. The move towards non-economic journal is even more pronounced when one
zooms in the first period: 96% of the articles published in journals of Table 6 were
in economic journals over the period 1996-2000, 84% over the period 2001-2005, and
63% over the period 2006-2010. The EKC research thus changes significantly over the
whole period and was found more and more relevant for fields other than economics.
The growth of EKC articles that we have observed is actually attributable to journals
classified as non-economic. The field has actually expanded outside economics.
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Figure 5: Relative number of articles within Stern’s and Öztürk’s worlds of references.
The chart starts in 1999 as there are very few articles before that year and they are all
published in Stern’s world.

To get a better sense of this evolution, we go back to Stern and Öztürk. Table 6
indicates the proportion of articles citing either Stern and Öztürk for each journal, as
well as the ratio r ∈ [0, 1] between Stern and Stern+Öztürk proportions — a ratio close
to 1 indicates a dominance of articles citing Stern. The table is actually ordered by
descending value of r. Articles in journals on top, mostly environmental economics
journals, cite far more Stern than Öztürk, whereas articles on the bottom cite far more
Öztürk. The shape of temporal profiles exhibits a strong correlation with r in the sense
that higher r ratios visibly correspond to earlier periods of EKC publications.

Furthermore, we define the world of references of Stern and of Öztürk: If Stern cites
an article that is published in journal J, then J is in the world of references of Stern,
and similarly for Öztürk. This aims at grasping the journals that an author is aware
of and that he considers worth citing. Simply examining the sets gives interesting
results because for example some journals like J. Cleaner Production or Renewable
Sustainable Energy Rev are absent from Stern’s world of references. The temporal
count in figure 5 is even more striking. We compute the yearly distribution of the
ratio of articles published in each world of references relative to the total number of
articles published that year in our corpus. We can map the sliding of the field as more
and more articles are published in Öztürk’s world of references and less and less in
Stern’s one. This reflects the growing contribution in the last time period of journals
such as Environ. Sci. Pollution Res. or Sustainability (from the controversial publisher
MDPI) that are principally active in the last period yet are also not in Stern’s world
of references. Finally, this imbalance does not concern only the two authors under
scrutiny but also extends to journal publication patterns observed in the broader blocks.
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Block “Stern journals” “Öztürk journals”

A .571 .111
B .161 .164
C .007 .564
D .022 .436

Table 7: Ratio of articles published in Öztürk and Stern “world of references” journals
for each block.

Table 7 shows the share of articles that are published by authors of each block in the
respective Öztürk vs. Stern world of references journals: blocks C and D almost do not
publish in Stern journals, and do publish massively in Öztürk journals, whereas block
A principally publishes in Stern journals and block B, interestingly, exhibits a balanced
diet of publication between Stern and Öztürk journals.

4 Discussion
Our results hint at the coexistence of two main epistemic practices with relatively dis-
tinct citation and, accordingly, co-authorship networks, also centered around two dis-
tinct periods of time, while a shift exists not only in terms of publication venues but
also topics, while the relatively balanced share of positive vs. negative results indi-
cates ongoing debate on the empirical validation of the EKC. This further hints at the
co-existence of distinct epistemic communities, which we understand here as a com-
munity of actors who share a goal of knowledge creation within a common set of topics,
beliefs, rules, and, in fine, practices. This notion of epistemic community builds upon
two main strands: in political science, where the concept has been introduced (Ruggie,
1975; Haas, 1992) and in social epistemology (Schmitt, 1995; Giere, 2002), whereby
an epistemic community corresponds to a group of scientists who acknowledge a spe-
cific collection of conceptual tools and representations, within a “paradigm”, may col-
laborate on specialized tasks, possibly working in a decentralized manner. The joint
notion of a shared subset of knowledge issues and procedural authority that character-
izes epistemic communities (Cowan et al., 2000) is particularly relevant in our context,
where we focus on a main issue (the EKC), various subtopics, and diverse blocks of
actors defined by shared citation or reference patterns (Cohendet et al., 2001).

We would like to offer several discussion points that also relate to some limitations
of our approach. For one, we see here that the algorithm tends to under-report negative
results. Despite the correction that we apply, this sheds light on a broader issue. In
effect, articles questioning the rationale behind the EKC and the methods used to find
it are not classified as negative results, even though they could be regarded so as they
express reservations on the possibility of existence of the object under investigation.

Some further caution is warranted to interpret the number of positive vs. negative
results. The following remarks do not address the link between the sentences in the
abstract and what is found by the algorithm, but rather the various links between the
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research and the sentences of abstracts.
First, there is a general tendency in research to over-publish significant results vs.

null results (e.g., Sterling, 1959; Sterling et al., 1995; Ferraro and Shukla, 2020). Null
results here would mean the absence of any meaningful relationship between, say, GDP
and a pollutant. In the EKC context, however, the publication bias for positive results
does not seem relevant: given how the very existence of an EKC for various pollutants
has been framed from the very beginning, null results are likely to be conceived as
results that invalidate the EKC hypothesis and, thus, published.

Second, there is a reporting bias in the text itself, namely a potential discrepancy
between what is found by the authors in the article and what is reported in the abstract.
The abstract may report positive results whereas the article actually finds mixed results.
A somehow different example of reporting bias is found in Apergis and Ozturk (2015)
(cited 187 times, 9th most cited article). The abstract reports “empirical support to
the presence of an Environmental Kuznets Curve hypothesis”. However, the article
investigates the EKC thanks to a regression involving up to the third power of GDP.
The coefficient of the first power is positive and coefficient of the second power is
negative, hence the claim that “the estimates have the expected signs” for an EKC.
However, the coefficient of the third power is positive, which shows the presence of an
N-shape, usually considered a refutation of an EKC. The article offers no explanations
of why the third power has been overlooked.

It is also interesting to contrast the methodology followed and the results it deliv-
ers with an assessment from an expert in the field. Given his activity time span and
dominance in citations patterns coming from all blocks, as the analysis has shown,
David I. Stern may be considered the leading expert. As stated in his recent review,
Stern (2017) is quite critical of the EKC hypothesis. He shows raw data on emissions
of CO2 per capita and GDP per capita and concludes “there is little sign of an EKC
effect” (Stern, 2017, 18). Following the argument already developed in Stern (2010),
he estimates that “the relationship between the levels of [...] CO2 emissions and in-
come per capita is monotonic when the effect of the passage of time is controlled for”
(Stern, 2017, 15). A decreasing trend is thus attributed to a time-effect. This skep-
ticism towards EKC reflects a long-standing position. Indeed, the first article (Stern
et al., 1996, which was not concerned by CO2) already emphasizes the mixed results of
the empirical investigation of the EKC hypothesis, as well as the estimation problems.

In this regard, the longest-lasting leading expert in the field would appear to support
a view that goes against numerous positive results from the recent literature. There
could be several explanations to explain this discrepancy. One would be that the expert
holds a minority position in the field, but another one would be that there are, in fact,
two fields. As we have seen in the previous section, there have been changes in the
recent literature. The increase in articles on EKC in the last decade comes from a
different breed of journals, with a topical focus that appears to be somewhat distinct
from the earlier wave of journals.

Furthermore, our query on Scopus makes the implicit assumption that the term
“environmental Kuznets curve” is well-defined in the literature, so that all articles em-
ploying it actually speak of the same object. The term seems to be quite narrow, so
that we can have at first sight the impression that the assumption is truly warranted.
However, a more detailed analysis shows that this is actually questionable. At the very
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beginning, the EKC was envisioned as a bivariate relationship between GDP and envi-
ronmental pressure (depending on pollutant). This is what is reflected in most of the
definitions, as the one we provided, that insist on the relationship between GDP on
the one hand and environmental degradation on the other. It is also this framing that
has been adopted constantly by Stern (Stern et al., 1996; Stern, 2004), more recently
see the definition in Stern (2017, p. 8) and the standard EKC regression model (Stern,
2017, p. 13).

Notwithstanding, there have been considerable changes over the three decades that
span the scientific existence of the subject. An examination of the articles that found an
EKC for CO2 shows that they rarely consider a bivariate relationship between CO2 and
GDP. A large number of articles are more generally concerned with what they called
the emissions / energy and growth nexus. That is, they considered the multivariate rela-
tionship between energy, emissions and GDP at least. For example Apergis and Payne
(2009) consider the causal relationship between CO2 emissions, energy consumption,
and output. Within this relationship, the relationship between carbon dioxide and GDP,
with energy consumption controlled for, is still called an EKC when it is of an inverted
U shape. The validity of the EKC is thus tested within a setting different from the one
framed by Stern, and the meaning of the EKC has changed.

More generally, further control variables have been introduced, economic or polit-
ical (institutions), which singularly complicates the meaning and the interpretation of
the EKC. New statistical methods, new datasets, new control variables, new environ-
mental stressors, all have stretched the object EKC in different directions, to the point
of strongly diminishing its consistency.

The multiple methods available to assess the existence of the EKC also add to the
confusion. For example, for the already discussed study on EKC for CO2 in Vietnam,
Al-Mulali et al. (2015) did not confirm the EKC hypothesis, because the elasticity
of CO2 emission with respect to GDP is positive both the short and long run. They
rely on the framework set out by Narayan and Narayan (2010) who have however
a different understanding of what constitutes a validation of the EKC. For them, the
EKC is validated as long as the long-run elasticity is lower than the short-run elasticity.
One can easily fall into traps when interpreting this kind of results.

In this regard, the blocks and waves that we exhibited hint at the possibility that
what we called the field of the EKC research may actually be subdivided into subfields
that share the use of the term “EKC” and references to seminal articles, yet may diverge
in what is meant by it. Thus, our findings on the position occupied by Stern put his
assessment into perspective.

Conversely, Stern’s assessment of the field and the justifications he put forward
points to some limitations of the methods employed here. When counting positive and
negative results, we implicitly accept that the underlying articles have used a sound and
meaningful method to reach their results, that is that the positive or negative claims
made in the abstract are actually genuine results. David I. Stern has however con-
stantly emphasized econometric problems in estimating the EKC. Stern and Common
(2001) find that results of regressions are likely spurious and that mispecifications are
pervasive. In 2004, he concluded that “the EKC results have a very flimsy statistical
foundation” (Stern, 2004). According to him, the field is still plagued with “the naïve
econometric approaches used in much of the literature” (Stern, 2017, p. 24). This view
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is not unique to David I. Stern and can also be found, for example, in Carson (2010)
the unique article on the EKC that was published in the Review of Environmental Eco-
nomics and Policy, an official journal of the American and European associations of
resource and environmental economics.

This reminds that our semantical analysis detects claims, and that claims and results
cannot be equated without a critical evaluation of the methodology that substantiates
these claims, an evaluation that can usually only be provided by field experts. Indeed,
the critical assessment by Stern goes beyond the impression we can get as external
observers that some results may not be reliable – for instance by employing flawed
econometric tools as was pointed by Wagner (2008, 2015). An external assessment has
to factor in this reliability, albeit this is very difficult to do without being an expert of
the techniques employed in the literature. In our perspective, it is outside of the scope
of this article to develop systematic rules to appraise the methodological aspects of
articles on an automated basis.

In a way, the evolution that we observed on Figure 2 essentially comes down to a
quantitative confirmation that there is still an active debate between positive and nega-
tive claims around phenomena that are said, by authors, to be connected to the concept
of the environmental Kuznets curve. We leave to further research the possibility of
characterizing in more detail the approaches and techniques that are typically in use
in each of the research streams that we identified, and the related semantic shifts on
“EKC”.

5 Conclusion
Our analysis of the field structured around the use of “environmental Kuznets curve”
combines two very recent computational methods in an integrated fashion: semantic
and network analyses. For the former, the use of semantic hypergraphs enables us
to go beyond lexicometric patterns and to extract both positive and negative claims
about the validity of the EKC hypothesis from abstracts. For the latter, using degree-
corrected stochastic block-modeling reveals the structure of the author citation network
as a compact meta-graph made of a few blocks and easily-interpretable connections
between them (i.e., meta-graph nodes are blocks of authors and meta-graph edges are
sets of citations between members of blocks).

The combination of topological and semantic features, and a variety of other met-
rics, both temporal and structural, converges on a characterization of the field that
reveals, in essence, the existence of two epistemic communities: one roughly centered
around Stern, a long-lasting expert of the field, and one around Öztürk, a more recent
expert that also currently dominates the field in terms of citation counts. There also
appears to be a remarkable temporal and, to a lesser extent, topical discontinuity be-
tween these communities. The first wave and epistemic community, centered around
the Stern block, is on the whole less positive on EKC, publishes less often and is less
endogamic and is more focused on SOx and NOx. The second wave and epistemic
community, consisting of the Öztürk block, publishes more positive results and more
results overall, is more focused on GHG and energy and is more endogamic. There
is also a smaller epistemic community dominated by Chinese authors and focused on
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China, that appears to be a middle ground between the two waves according to the
various metrics. The divergence of the two communities is also apparent in publication
venues — what we call “worlds of references” that are quite distinct and whose activity
closely follows the two temporal waves.

We can risk an explanation of the drift between two communities and the shift
in main journals we have observed. The research on the EKC that originates in the
development and environmental economics community was very intense in the first
years, with lively debates about the existence of the EKC and its policy implications.
However, after more than fifteen years of research, part of the economic community
became suspicious about the EKC, as evidenced for example by the article published
by Carson (2010) in the official journal of the American and European associations
of resource and environmental economics, that precisely aims at synthetizing lessons
for policy-making learned from research of this community. In those circles, EKC re-
search was no longer fashionable as it had been. Newcomers that were attracted by
this research, with a different focus on energy and GHG emissions, appear to have
somewhat migrated to more engineering-oriented journals, at the crossroads of envi-
ronmental sciences and energy research. This is the place where the literature currently
experiences a massive increase. Whether this increase will continue at the outskirts of
economics or whether it foretells a triumphal comeback of the EKC into economics is
an open question. The case of the EKC research tells us that research topics have a
life of their own, across disciplinary boundaries, that they can survive and even thrive,
even when the passions that animated the original players of the field have faded away
for scientific reasons.

If we now focus on claims about the EKC, we observe on the whole that the share
of positive claims as reported in abstracts has consistently increased over the years, yet
remains of the same order of magnitude as negative claims — the debate is not closed.
Furthermore, our appraisal of positive vs. negative claims is based on authors’ reporting
in abstracts: casual examination of article contents reveals that some positive abstracts
correspond to more nuanced results in the article itself, whereby negative findings are
intertwined with positive ones, as well as nuances of what counts as an EKC and which
variables should be considered (for instance in terms of economic development, pol-
lutants, and sets of countries). Beyond distinct publication and citation practices, this
might more broadly suggest that the discontinuity and difference in results may be re-
lated to different understandings of the EKC, and the scientific areas, methodologies
and topics that are relevant to its appraisal and validation.
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A Semantic hypergraphs
We provide here a brief theoretical and practical overview of SH, especially in the
context of this article. Interested readers may find further details in (Menezes and
Roth, 2019).

First, SH are made of (semantic) hyperedges, representing utterances as relations
consisting of a predicate (annotated with /P) followed by an arbitrary number of par-
ticipants (concepts are annotated with /C). The building blocks of SH are atoms, which
mostly correspond to words annotated with types (a few additional atoms are defined,
for example to define connectors for compound nouns). The sentence “Mary plays
chess.” translates to:
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(plays/P mary/C chess/C)

Relations can be nested, for example in “John says Mary plays chess.”:

(says/P john/C (plays/P mary/C chess/C))

Relations can be combined with conjunctions (annotated with /J), for example in “John
reads and Mary plays chess.”:

(and/J (reads/P john/C) (plays/P mary/C chess/C))

Relations connect concepts, but concepts themselves can be recursively constructed
with other concepts with the help of builders (/B), such as in “Mayor of Berlin”:

(of/B mayor/C berlin/C)

Finally, concepts, predicates and other hyperedges can be made more specific with
modifiers (/M):

(first/M (of/B mayor/C berlin/C))

The above recursivity is an essential property of SHs in that they mirror the recur-
sive scaffolding of natural language sentences:

(plays/P (the/M (last/M (of/B mayor/C berlin/C))) (chess/C))

Defining hypergraphic rules to detect EKC-related results. We used Graphbrain11,
an open source library that implements a variety of functions related to SH, to convert
all the sentences in article abstracts to hyperedges. Then, we took advantage of the
structure and regularity imposed on natural language by the SH representation to de-
fine rules that detect the reporting of results either confirming or refuting EKCs.

We focus on relations with predicates that are likely to be related with reporting
results, e.g.: “found”.

H = (p s a a’ ...) (1)

where p is of type predicate (/P), and the (optional) arguments are denoted as s for the
potential subject of the relation, and a, a’, etc. for non-subject arguments. Graphbrain
is particularly efficient at determining the semantic roles fulfilled by the sequence of
arguments of a relation hyperedge (we refer the interested reader to Menezes and Roth,
2019, for more details).

We then iteratively refined a small set of rules to extract hyperedges denoting results
related to the empirical confirmation or refutation of EKC. To this end, we used a subset
of the corpus made of 500 randomly selected sentences, out of 23042 (2.17%), akin to
a training set in conventional machine learning. The main steps were as follows:

• We looked for the most commonly used predicates and extracted the ones usually
associated with results: we explored 100 top predicates using the Graphbrain
tool, which offers this functionality, and found 20 of them (shown in table 8) to
more frequently correspond to claims about results.

The first main rule is that p contains an atom belonging to this set of so-called
claim predicates, either positive (P+) or negative (P−).

11https://graphbrain.net
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Set Atoms

Claim predicates
positive (P+)

show/P, indicate/P, confirm/P, support/P,
suggest/P, reveal/P, provide/P, validate/P, exist/P,
demonstrate/P, verify/P, imply/P, illustrate/P,
find/P, point/P, exhibit/P, establish/P, obtain/P,
hold/P, follow/P

negative (P−) reject/P, challenge/P, fail/P

EKC concepts kuznets/C, ekc/C, turning/C
Curve concepts curve/C, shape/C, shaped/C
Negative modifiers not/M, n’t/M, no/M, little/M, poor/M
Result concepts (R) result/C, finding/C, test/C, evidence/C, support/C

Table 8: The various atom sets used in claim detection and classification rules.

• Many results are not directly about EKC, so we limited the rules to explicit ref-
erences to EKC. We also included rules to capture the notions of “U-curves” and
“N-curves” which, in the corpus, generally refer implicitly to EKC.

In practice, we thus defined a helper rule E as follows: E(H) true if ∃a ∈ H
such that,

– either a ∈ {kuznets/C, ekc/C, turning/C}
– or ∃c ∈ {curve/C, shape/C, shaped/C},

such that a = (u/C c) or a = (n/C c)

• However, if the reference to EKC is in the subject, it is not a result (“EKCs
reveal (...)” vs. “We reveal the presence of EKC”), and we include a rule where
E(s) must be false.

The following expression formalizes the above rules for identifying a result claim
about EKCs, as a logical expression (whereby ‘∧’ and ‘¬’ denote respectively the
‘AND’ and ‘NOT’ logical operators):

C(H) =
(
p ∩ (P+ ∪ P−) ̸= ∅

)
∧ (E(H) ∧ ¬E((s))) (2)

Positive vs. negative results. To determine if a result claim is positive, negative or
unknown in regard to EKC validity, we further take advantage of SH structure. We add
a helper rule N to detect negative claims i.e., cases where the predicate is negated (e.g.:
“Could not find evidence of...”), or the concept referring to the result is negated (e.g.:
“We found no evidence of...”) , or the concept referring to EKC is negated (e.g.: “No
EKC was found...”). Formally, N (H) is true if H contains:

• either, both:

– a negation in its predicate p:
p ∩ {not/M, n′t/M, no/M, little/M, poor/M} ≠ ∅
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– and a claim predicate or a result concept in one of its arguments:
∃a ∈ H, a ∩ (P ∪R) ̸= ∅ or E(a)
which further relies on a set R of atoms of so-called “result concepts”:

R = {result/C, finding/C, test/C, evidence/C, support/C}

This set has been constructed by examining the most frequent atoms di-
rectly connected to negations (among the top 100 such atoms), similarly to
how P has been built.

• or, recursively, an element of H (possibly a hyperedge itself) for which N is
true: ∃h ∈ H,N (h) is true.

Finally, table 9 shows how a result claim is classified. Notice that we consider a
positive finding of an N-curve (i.e., ∃a ∈ H, a = (n/C c)), as a refutation of EKC.
We do not consider double negations, as we found them to increase complexity while
having no impact on accuracy.

predicate p N (H)
H contains EKC validation

based on an N-curve claim type

P+
True True X

False negative result

False True negative result
False positive result

P−
True X

False True X
False negative result

Table 9: Classification of a claim H as a positive or negative result, or unknown (X)
based on the elements of H .
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