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Statistics of authorship
Most contributions come from French institutions (561), although French-speaking
countries (35 papers from authors affiliated in Canada, 21 in Switzerland) and
neighbouring countries (UK: 23 contributions, Italy: 18) are well represented too (fig. 1,
left). The geographical subjects of the articles themselves show a larger diversity, as the
world is almost fully covered (fig. 1, right). However, France and neighbouring countries
such as Spain and Germany are the main focus of the majority of articles, although the
United States are the 5th most studied single country.

Furthermore, the temporal evolution shows an accelerated growth of the number of
authors, although the number of articles by 5-year period remains stable; a spread of
geographical coverage, with more articles published about emerging countries and extra-
European territories; along with a growing connexion in citation networks. There is a
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Figure 1. (Left) Countries with at least one author affiliated to an institution belonging to the
country — 1996-2015. (Right) Countries studied at least once — 1996-2015

reinforcing bias towards a French-speaking authorship, revealed by the origin of authors
as well as by the share of papers published in French.

Methodological details

Internal semantic network
The vertices (keywords) of the semantic network are described by two variables:
frequency and degree. The frequency is the number of articles using the keyword. The
degree is the total degree of the vertices in the network, that is, the number of edges
linking a given keyword to the others (there is no distinction between in- and out- degree
as the network is undirected). Both variables are distinct but correlated.

The edges are described by three variables: observed weight, expected weight and
modal weight. For two given keywords the observed weight is the number of articles
citing both keywords. The expected weight is the probability that the edge exists
considering only the vertices’ degree:

Pi→j =
wiwj

w(w − wi)
Pj→i =

wiwj
w(w − wj)

Pi↔j = Pi→j ∪ Pj→i

wei↔j =
w

2
Pi↔j

The probability of a link between i and j (Pi→j) is defined as the cross-product of
the marginal sums (wi and wj) divided by the total weight (w). This can be seen as
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a quasi-modularity measure or a quasi chi-squared distance. The only difference is the
null diagonal that creates asymmetric probabilities. The expected weight (wei↔j) is the
product of the probability and the mid-sum of weights.

Eventually the modal weight is computed as a ratio between the observed weight
and the squared-root expected weight of the edge (such as a Pearson residual in a chi-
square analysis of a contingency table). This modal weight can be used as a preferential
attachment measure.

Based on this preferential attachment measure, two kinds of visualisations are
proposed: semantic fields and communities. The semantic field shows for any given
keyword at the centre of the plot all its neighbours at a distance inversely proportional to
the modal weight.

External semantic network
Having constructed the citation neighborhood, we introduce a method to analyse its
content through text mining. More precisely, we focus on the relevant keywords of
abstracts, in a precise sense, which was introduced by Chavalarias and Cointet (2013)
to study the evolution of scientific fields, and later refined and scaled to big data on a
patent database by Bergeaud et al. (2017). Using co-occurrences of n-grams (keywords
with multiple components, obtained after a first text cleaning and filtering), the deviation
from an uniform distribution across texts using a chi-squared test gives a measure of
keyword relevance, on which a fixed number Nk = 50, 000 is filtered. The weighted co-
occurrence network between relevant keywords captures their second-order relationship
and we assume that its topology contains information on the structure of disciplines that
are present in the citation network. We proceed to a sensitivity analysis of the network
community structure to filtering parameters (minimal edge weight θw, maximal node
degree kmax). We choose parameters giving a Pareto optimal solution for modularity
and network size (see (Raimbault 2019) for more details, as we follow exactly the same
procedure).

Topics allocation
Topic classification of text documents is an intense field of research, which has developed
several algorithms. In this field, a topic is considered as a set of words frequently used
together in the same document, and a text document as a mixture of topics. Following
a long standing development in natural language processing from the weighting scheme
of words called Term frequency-inverse document frequency (tfidf ) introduced by Salton
and McGill (1986) to first generative probabilistic model of Hofmann (1999), Blei et al.
(2003) have proposed a subsequent evolution with LDA.

The LDA method considers texts in a destructured way, i.e. words proximity or words
presence in a same sentence are irrelevant. Articles thus become bags of words. To
alleviate the disadvantage of destructuring the text, different methods can be used. The
probabilistic tagging method proposed by Schmid (1994) and used in this article aims at
characterising each word by its function in the sentence, allowing us to filter only nouns,
articles and verbs. The tagging includes also the transformation from plural forms into
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singular, and from conjugated verb form into infinitive. Each word is then associated with
a frequency in a document, which can be weighted using the tfidf weights. Out of many
options, we use the form of tfidf given by

tfidf t,d,D = ft,d · log
(

N

|d ∈ D : t ∈ d|

)
where ft,d is the frequency of the term t in the document d, N is the total number of

documents in the corpus and |d ∈ D : t ∈ d| is the number of documents d in a reduced
corpus D where the term t appears. This way, after having destructured text documents,
filtered only nouns, articles and verbs, and finally weighted each word, we produce the
matrix of weights per document and word in terms of topics, using the LDA model.

LDA is a Bayesian hierarchical model (fig. 2). We give details of its structure in the
following. This model considers three levels: corpus, document and word. Each level is
defined by a set of probabilistic distributions and their parameters. Then, at the corpus
level, the model has parameters α and β. α is a vector of positive real numbers (one per
topic). β is a matrix describing the probability of each word of the dictionary (columns)
to be included in each topic (row). At the document level, the generative process begins
by drawing the number of words from a Poisson distribution with parameter ε and a
vector θ from a Dirichlet distribution with parameter α. Finally, at the word level, the
topic z of the word is drawn from a multinomial distribution with parameter θ and a
word is drawn from a multinomial distribution with parameter the vector probability line
of the topic z from the parameter matrix β. All these parameters are estimated here using
a Markov Chain Monte Carlo algorithm, called a Gibbs sampler by Geman and Geman
(1984). This algorithm generates a vast amount of draws of each parameters needed by
the generative model, and produces a distribution of the value of each parameter. The
main product is the β parameter, which is the probability of a word per topic, which is
then analysed in order to understand the topic found in the corpus.

Throughout this process, the number of topics remains a fixed parameter. In order
to select an optimal number, Blei et al. (2003) proposed a graphical method aiming to
identify the number of topics with a minimal perplexity and a maximal entropy. The
perplexity is a measurement of how well a probability model predicts the terms used in
each document of a corpus. A lower perplexity indicates a better generalization ability of
the model.

Results

Keyword networks
The Fig. 3 illustrates the visualization of keywords communities, which is available in an
interactive manner in the web application.

Topic allocation
To choose the number of topics, we estimated the LDA model with the following number
of topics: 2, 5, 10, 20, 25, 27, 29, 31, 33, 35, 50, 100 and 200. We test the robustness of
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Figure 2. Graphical model representation of the Latent Dirichlet allocation: a box symbolizes
a level of the model (corpus, document, word); a blank disk, a parameter; the grey disk, the
product of the generative model, i.e. a word drawn for a document of the whole corpus; an
arrow, a dependency, i.e. θ is drawn from a distribution with parameter α. See the section
dedicated to the method for more explanations. Source: (Blei et al. 2003).

Figure 3. Community structure of the internal semantic network (A-Territory; B-Imagery &
GIS).

results to stochasticity by iterating ten times each parameter estimation for a specific
number of topics. In figure 4 (left), the number of topics with a maximal entropy are 10
or 20. In figure 4 (right), the lowest perplexity is reached with 20 topics, which becomes
the optimal number of topics.
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Figure 4. (Left) Entropy of the LDA model per number of topics. (Right) Perplexity of the LDA
model per number of topics.

We give in table 1 the content of the 20 topics for the classification chosen, in terms of
keywords ordered by probability of appearance in each topic.

Complementarity of methods

Flow diagrams
We describe here the method used to quantify the overlap between classifications. If a
method M1 (for ex. based on citation communities) is composed of n categories and a
method M2 (for ex. based on keywords communities) is composed of m categories, we
compute for each article n ∗m products of co-occurrences and then sum these products
into flows for the whole Cybergeo corpus.
If the methods were equivalent ways of describing and clustering articles, we would
expect all the flows between communities to be 1 : 1, n : 1 or 1 : n, given that the
methods do not give the same number of clusters. If the methods were completely
orthogonal, we should find that each flow is proportional to the size of the origin cluster
and of the size of the destination clusters. The fact that we find n : n flows and that they
are not determined entirely by the size of the clusters at origin and destination means that
our three methods of semantic clustering are neither equivalent nor orthogonal (Figure
5). On the contrary, they shed different lights on the journal corpus.

Correlations between classifications
We synthesize the flow relations between classifications by looking at their covariance
structure in an aggregated way. More precisely, given the probability matrices (pki) =
(Pi) and (pkj) = (Pj) summarizing two classifications, where articles are indexed by
rows, we estimate the correlation matrix between their columns ρij = ρ̂ [Pi, Pj ] using
a standard Pearson correlation estimator. We look then at aggregated measures, namely
minimal correlation, maximal correlation and mean absolute correlation. In order to have
a reference to interpret the values of these correlations, we compare them to two null
models obtained by bootstrapping random corpuses. The estimate for the lower null
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Table 1. List of top words for each topic. The french words are translated into english. The
number indicates the probability of the word to belong to the topic, i.e. the word ”district” in
topic 1 has a probability of 8% to be drawn for a document owning this topic. We present only
words having a probability greater than 2%.

Index Words (probability) list
1 district (8), city (7), housing (5), household (3)
2 move (6), mobility (5), density (4), accessibility (3), indicator (3), simulation

(3), modeling (2), scenario (2)
3 image (8), soil (7), occupation (4), surface (4), vegetation (2), map (2),

resolution (2), pixel (2), landscape (2)
4 planning (7), governance (4), urban planning (2), sustainability (2), document

(2), participation (2)
5 risk (9), vulnerability (5), hazard (3), flood (2), city (2), water (2), disaster (2),

management (2)
6 firm (7), healthcare (3), care (2)
7 the (16), and (8), The (2), for (2), are (2)
8 index (4), agent (3), graph (2), vertex (2), mountain (2)
9 city (5)

10 water (8), exploitation (4), management (3), farmer (2), agriculture (2), parcel
(2)

11 map (10), cartography (3), journal (3), http (2), image (2), atlas (2)
12 geography (8), geographer (3), author (3), document (3), science (2)
13 island (5), student (3), geography (3), education (2), identity (2), image (2),

university (2)
14 city (23), agglomeration (4), metropolis (3), area (2), urbanization (2)
15 Border (3), China (2), State (2), States (2), Brazil (2), Asia (2)
16 vote (5), map (3), party (2)
17 village (10), Pole (3), Departement (3), Area (2), Map (2), University (2),

Student (2)
18 village (5), season (2), rain (2), resort (2), valley (2), precipitation (2), speed

(2)
19 landscape (9), heritage (2), image (2), tourist (2)
20 port (4), sea (3), wind (2), station (2), breeze (2), Tunis (2), temperature (2)

model (ρ0) is expected to minimize correlation and is obtained by shuffling all rows
of one of the two matrices, which is done successively on both to ensure symmetry. The
upper null model (ρ+) is constructed by computing correlations between one matrix and
the same where a fixed proportion of rows have been shuffled. We set this proportion
to 50%, which is a rather high level of similarity, and compute the model for both
matrices each time. Average and standard deviations are computed for null models on b =
10000 bootstrap repetitions. Table 2 summarizes the results. We find that the maximal
correlation for the Cybergeo corpus, which can be interpreted as a maximum overlap
between approaches of semantic clustering, is always significantly smaller (around 5 · σ)
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Figure 5. Overlap between semantic communities

Table 2. CORRELATIONS BETWEEN CLASSIFICATIONS

min ρ min ρ0 min ρ+ max ρ max ρ0 max ρ+ < |ρ| > < |ρ0| > < |ρ+| >

Themes -0.30 −0.12 −0.17 0.36 0.21 0.69 0.059 0.043 0.073
/Citations ±0.019 ±0.071 ±0.042 ±0.070 ±0.0021 ±0.012

Citations -0.26 −0.096 −0.20 0.30 0.13 0.64 0.070 0.034 0.092
/Keywords ±0.015 ±0.047 ±0.027 ±0.068 ±0.0026 ±0.0081

Keywords -0.20 −0.11 −0.13 0.51 0.17 0.66 0.091 0.040 0.080
/Themes ±0.013 ±0.030 ±0.032 ±0.075 ±0.0022 ±0.020

Notes: For each pair of classification and measure, we also give average and standard deviation for lower (ρ0) and upper (ρ+) null models, obtained by
bootstrapping b = 10000 random corpuses.

than for the upper null model. This confirms that our three classifications are highly
independent of one another in their main components. It is interesting to note that for
Keywords/Themes, the mean absolute correlation is within the standard error range of
the mean absolute correlation of the upper null model, suggesting that these two must
be rather close on small overlaps. They are actually closer than with Citations for all
indicators. We also confirm that Themes/Citations has the lowest mean absolute overlap.

To make these conclusions more robust, we complement the analysis with a network
modularity analysis, which is a widely applied method to evaluate the relevance of
a classification within a network. To be able to compare two classifications, since
the citation network is too sparse for any analysis as mentioned, we evaluate the
modularity of a classification within the network induced by the other. More precisely,
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Figure 6. Evaluation of the complementarity of classifications through network modularities.
The plot gives the relative modularity of the first classification in the network induced by the
second with the threshold θ (see text), for each couple of classifications (color).

given a distance threshold θ and two documents given by their probabilities within a
classification ~p(c)i , ~p

(c)
j , we consider the network with documents as nodes linked if and

only if d(~p(c)i , ~p
(c)
j ) < θ with d euclidian distance. We can then compute the multi-class

modularity of the other classification in the sense of Nicosia et al. (2009). We show
in figure 6, for different thresholds, the modularities normalized by the modularity of
the network classification within its own network. The closest the measure is to 1, the
closer are the classifications. Most of couple have low values for large ranges of θ,
confirming the previous conclusions of orthogonality. Furthermore, the different behavior
as a function of θ (increasing or decreasing) suggests different internal structures of
classification, what is consistent with the fact that they rely on different processes to
classify data.
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