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Goals


Develop an automated pipeline to describe the 
socio-semantic evolution of a field


Rich text processing to extract claims validating 
or invalidating a target hypothesis


Stochastic block-modeling of the citation network


Focus on Environmental Kuznets Curve (EKC)


Posits an inverted U-shaped relationship between 
economic development and environmental 
indicators: first degradation, then improvement


Heated debate over the last two decades, 
Scopus-based corpus of 2709 papers on EKC

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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Semantic hypergraph classifier


Identify positive or negative claims


Abstracts parsed into a semantic hypergraph (SH) 


Training set: 500 sentences (out of 23k i.e ~2%)


Manual iterative refinement of a handful of simple 
patterns/rules to extract claims (e.g., 20 
predicates associated with results among the top 
100), positive or negative (considering negations), 
or topics through relationships ("between X and Y", 
where X or Y is environmental or economic)

Article abstracts

Rule design

Result detection

Rule testing

“Our results do not support the EKC hypothesis.”

( (do/M (not/M support/P.so) ) (our/M results/C)
    (the/M (+/B.am ekc/C hypothesis/C) ) )

Frequent atoms

Identify predicates associated with claims
Positive: show/P, indicate/P, confirm/P, support/P, …
Negative: reject/P, challenge/P, fail/P

Is the claim about EKC?

Frequent predicates, concepts and modifiers. 

EKC concepts: kuznets/C, ekc/C, turning/C
Curve concepts: curve/C, shape/C, shaped/C

Parse negations

Result concepts: result/C, finding/C, test/C, evidence/C, …
Negative modifiers: not/M, n’t/M, no/M, little/M, poor/M

( (do/M (not/M support/P.so) ) (our/M results/C)
    (the/M (+/B.am ekc/C hypothesis/C) ) )

Hypergraph
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Figure 2: Estimated percentage of articles with a positive or with a negative result.

pollutants, water, sulphur oxides (SOx), waste, footprint and nitrogen oxides (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 there is overlap between the cate-
gories: a paper can analyze the EKC both for air and water pollutants. Energy and its
various vectors (oil, coal, gas) were frequently associated with income, yet it appears
that there is a large overlap between energy and carbon. This is because the papers 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)
using a different method (keyword analysis). This is surprising, given the early devel-
opments of 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 review mentions research on CO2 but focuses on
local air pollution and water pollution. One could therefore have expected that the lit-
erature would go on focusing on these pollutants, as the EKC hypothesis was heavily
debated for these ones (see for example Stern and Common (2001) on sulfur emis-
sions). 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 con-
trary, from 2014, the papers 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 local air pollutants such as nitrogen and sulfur
oxides (NOx and SOx), and various environmental stressors such as waste, more recent
publications do not seem to focus explicitly on such specific pollutants: the shares of
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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).

SOx, NOx, waste as well as water [pollution] strongly decreased; only the share of the
generic reference to “local air pollutants” remained 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 papers
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 5).

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-
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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
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 Recallclaim 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: negative
results are often expressed with more convoluted sentences, and with a lot of qualifi-
cations. Often also, negative results are implied and cannot be found by direct claim

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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Topic

GHG energy local air water SOx waste footprint NOxPeriod 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 papers 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”).

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.
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.

4 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 papers 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 papers in the field of the EKC research.
With this, we cannot assess the impact of the papers of the corpus in the environmental
economics literature in general, nor are we able to assess to the influence of papers
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 papers. D.I. Stern
has been present in the field over the whole time span, with a large yet lower num-
ber of papers per year. 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
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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.

4.2 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.
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 paper 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 paper 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 papers against 35, but within 25 years
of activity compared to 12, which corresponds respectively to 0.68 papers 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 papers: 1551 distinct authors cite Öztürk
vs. 1992 for Stern (hence 1.17 cites per author compared with 0.83), and 794 distinct

8Information available at http://sterndavidi.com
9Information available at https://www.cag.edu.tr/en/academic-staff/104/about

17

Top. Evolution of the ratio of papers with positive vs. negative results, broken down by topic (bold 
indicates for each topic the period of maximum ratio). Below. Percentage of articles mentioning each 
topic for each author block. Boldindicates the block where a topic has the highest presence.

Stochastic block modeling


Identify author citation blocks


Using degree-corrected stochastic blockmodels


Reveals two main epistemic waves and blocks

An older one centered on Stern, long-lasting expert of the 
field, less positive on EKC, publishing less, focused on 
oxides of sulfur and nitrogen, more economics venues


A more recent one around Öztürk, 
more positive on EKC, more 
focused on greenhouse gases and 
engineering venues

Journal #A temporal % articles citing
rprofile 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.

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
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

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.

19

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).

times, whereas Stern does not cite Öztürk at all.
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
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.
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Metrics per author block, including ratios of EKC claims, endogamy 
measured as ratio of citations received from co-authors, mean 
publication year, mean articles per author (#A, raw or normalized 
per year), and mean unique co-authors (k)

Journals publishing at least 20 articles, preceded by year of 
foundation. #A indicates the total number of articles in the 
corpus, r is the proportion of Stern to Stern+Öztürk, also 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), scaled to the maximum value. 
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