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Highlights 1

Draw me Science - multi-level and multi-scale reconstruction of knowledge dynamics with 2

phylomemies 3

David Chavalarias1,2,∗,Quentin Lobbé2,Alexandre Delanoë2 4

• we formalize the notion of level and scale of knowledge dynamics as complex systems, 5

• we propose a new class of meaning for the reconstruction of knowledge dynamics formalized by a new objective 6

function parameterized by the level of observation, 7

• we properly formalize the concept of phylomemy as distinct from the concept of phylomemetic networks, 8

• we propose a new reconstruction algorithm for phylomemetic networks reconstruction that outperforms previous 9

ones thanks to a new objective function, 10

• we show in case studies that this approach produces representations of knowledge dynamics close to the ones 11

that can be obtained by synthesizing the points of view of experts on a given domain (glyphosate literature and 12

knowledge and science mapping literature), 13

• we demonstrate with cases studies that this approach can be applied to any kind of unstructured corpora, even 14

on relatively small data sets or short texts, 15

• we propose a new temporal clustering on dynamical graphs that is naturally part of the process of multi-level 16

and multi-scale reconstruction of phylomemies, 17

• we integrate user preferences into our framework by providing an interaction model and contextualizing the 18

different elements of our reconstruction workflow in the theoretical framework of the embodied cognition, 19

• By applying our method to the state-of-the-art of this paper, we illustrate how it could be systematically applied 20

to generate such extended historical analysis which might be helpful to give more context to the scope and 21

contributions of scientific papers. 22
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29Abstract 30
31

The little prince asked Saint-Exupéry to draw him a sheep, but what if he had asked him to 32

be drawn Science? How could he have done it and what could we have learned from it? In 33

this article, we address the question of “drawing science” by taking advantage of the massive 34

digitization of scientific production, and focusing on its body of knowledge. We demonstrate how 35

we can reconstruct, from the massive digital traces of science, a reasonably precise and concise 36

approximation of its dynamical structures that can be grasped by the human mind and explored 37

interactively. For this purpose, we formalize the notion of level and scale of knowledge dynamics 38

as complex systems and we introduce a new formal definition for phylomemetic networks as 39

dynamical reconstruction of knowledge dynamics. We propose a new reconstruction algorithm 40

for phylomemetic networks that outperforms previous ones and demonstrate how this approach 41

also makes it possible to define a new temporal clustering on dynamical graphs. Finally, we 42

show in case studies that this approach produces representations of knowledge dynamics close 43

to the ones that can be obtained by synthesizing the points of view of experts on a given domain. 44

45

1 Introduction 46

1.1 The shapes of science 47

The little prince asked Saint-Exupéry to draw him a sheep, but what if he had asked him to be drawn Science? 48

How could he have done it and what could we have learned from it? 49

Producing a global representation and understanding of the knowledgemankind has produced so far has beenmulti- 50

century-old quest. In 1751, Jean le Rond d’Alembert, in his introduction of the first French Encyclopédie, stated his 51

ambitions “to make a genealogical or encyclopedic tree which will gather the various branches of knowledge together 52

under a single point of view and will serve to indicate their origin and their relationships to one another”1. Since then, 53

several disciplines have investigated this question, from history and philosophy of science [18] to the emerging field 54

of science mapping [21]. 55

Science can be defined quite generically as “1) body of knowledge, 2) method, and 3) way of knowing” [1]. This 56

body of knowledge is the result of the distributed interactions of thousands of scientists over the years; currently 57

producing about two million documents per year - journal articles alone. 58

In this article, we will address the question of “drawing science” by taking advantage of the massive digitization 59

of scientific production, and focusing on its body of knowledge. We demonstrate how we can reconstruct, from the 60

massive digital traces of science, a reasonably precise and concise approximation of its structures that can be grasped 61

by the humanmind and explored interactively (an operation called phenomenological reconstruction2 [5, 18]). Science 62

being a decentralized and dynamical process [37], complex systems methods are increasingly involved in the research 63

1“former un Arbre généalogique ou encyclopédique qui les rassemble sous un même point de vûe, & qui serve à marquer leur origine & les
liaisons qu’elles ont entre elles.”

2Phenomenological reconstruction is the process of choosing the appropriate data to be collected about phenomena and pre-structuring them
to allow for a more comprehensive understanding in subsequent analyses. Ideally, phenomenological reconstruction may provide us with candidate
concepts and relations, which, when integrated into modeling, can then serve as a basis for the human experimental work.
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domain of science of science (SoS) [75]. In this paper, we will model the semantic structures of science using phy- 64

lomemy reconstruction a method proposed by Chavalarias and Cointet [16] we are now extending to make it both more 65

accurate and naturally multi-level and multi-scale. We will then demonstrate with some case studies how this achieves 66

d’Alembert’s dream: of “[. . . ] collecting knowledge into the smallest area possible and of placing the philosopher at 67

a vantage point, so to speak, high above this vast labyrinth, whence he can [...] see at a glance the objects of their 68

speculations and the operations which can be made on these objects; he can discern the general branches of human 69

knowledge, the points that separate or unite them.”[32]. 70

Finally, since the proposed methodology requires only time-stamped textual content, it can be applied to the re- 71

construction of knowledge dynamics from any kind of corpora, which makes this approach very general and able to 72

provide knowledge on any human activity, provided it leaves a digitalized written trace (e-mails, reports, patents, news, 73

webpages, microblogs, etc.). 74

1.2 Levels and scales in complex systems 75

Complex systems display structures at all scales with a hierarchical organization reflecting the interactions between 76

the entangled processes that sustain them [14]. Their description mobilizes the notions of ‘levels’ and ‘scales’, “level 77

being generally defined as a domain higher than ‘scale”’ and ‘scale’ referring to the structural organization within a 78

level [42]. In biology for example, the choice of level of observation determines what the main entities under study 79

(individuals, organs, cells, genes, etc.) are, while the choice of a scale determines the smallest resolution adopted to 80

describe these entities. 81

The method presented in this paper makes a clear distinction between these notions of level and scale in the phe- 82

nomenological reconstruction of knowledge dynamics3, a distinction that is not made explicit by other scholars or 83

science modeling approaches. The choice of a level of observation determines the range of intrinsic complexity of the 84

dynamic entities we want to observe, the choice of a scale defines the extrinsic complexity of their description4. One 85

of the main difference between level and scale is that the concept of level is ontologically linked to the notion of time 86

since the components of a level derive their unity from some underlying dynamic process ; while the notion of scale 87

does not necessarily imply time. 88

1.3 Levels of observation of Science 89

At a given level of observation, science is composed of different research domains whose unity over time is charac- 90

terized by core questions and research objects. For example, at a very high level, one may find social sciences, biology, 91

physics, etc.; at a lower level, one will find sociology, cell biology, quantum mechanics ; and at an even lower level, 92

political sociology, proteomics or quantum cryptography. 93

Levels are sustained by socio-economic processes that guide the progress of science with more or less of a broad 94

focus (laboratories, national and international research networks, national and international funding schemes, journals, 95

etc.). Their sub-components are evolving socio-semantic macro-structures that are reflected by the specialization of 96

certain journals, conferences or the presence of sub-categories in digital archives. 97

In this article, we will propose a definition of what the components of a level of organization of Science are. We 98

will call these components branch of science. We will also detail a method to identify and represent them. 99

2 Related work 100

2.1 Mapping science and knowledge 101

Producing science maps and knowledge maps, as our in-depth analysis of 14k papers5 will show (see SI Appendix B 102

and SI Figures 13 and 12), has been addressed by two scientific approaches, each of them having known recent devel- 103

opments regarding evolution, dynamics and temporality. 104

3Note that some scholars use the term ‘resolution’, ‘zoom’ or ‘granularity’ instead of ‘scale’.
4Are we only interested in the main concepts of the fields or in a finer granularity of a myriad of terms? Do the details of the interactions

between terms matter? Does the scientific field under study evolve linearly or with ramifications? etc.
5‘Co-word analysis of 14,374 documents retrieved on 2020 04 27 from the Web of Science with the query : "mind map" OR "topical map" OR

"knowledge map" OR "science map" OR "science mapping" OR "mapping science" OR "mapping of science" OR "semantic map" OR "co-word"
OR "co-citation" OR "cocitation" OR "co-term" OR "concept map" OR "mapping research" OR "visualization of knowledge" OR "visualization of
knowledge"OR "bibliographic coupling"OR "citation analysis" OR "topicmodeling"OR "Latent Dirichlet" OR (("text-mining"OR "text-analytics")
AND (visualization OR infoviz OR "visual analytics")) and analyzed with the Gargantext (http://gargantext.org) free software.
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1. Bibliometrics is defined as the use of statistical methods to analyze digitized textual corpora. The part of this 105

domain dealing with science mapping is divided into two major components: 106

• Citation and co-citation analysis (CA) emerged in the 1970s [34] with the aim of measuring and analyzing 107

scholarly literature. Primarily focused on the assessment of scientific output, it quickly diversified with 108

the analysis of large citation landscapes through methods such as co-citation and bibliographic coupling 109

[40, 57]. Later on, following the creation of the Web, these methods were generalized as part of the study 110

of hyperlinked data [41]. Methods to describe conceptual structures of science such as research fronts, 111

hot topics and trends, etc. [72, 10] came at the forefront of this research domain. Over the last decade, 112

a growing number of contributions have proposed temporal reconstructions of the citation landscape [? 113

24, 13]. 114

• Co-word analysis (CWA) is a bottom-up approach first developed by sociologists in the 1980s [12] to 115

reconstruct the dynamics of research themes out of words co-occurrence. It has developed in the last 116

decade into a generic approach to map knowledge dynamics in unstructured corpora [16, 69, 53]. 117

Citation and co-word analysis research areas share common objectives, namely to understand the structures of 118

science. This is reflected by their proximity on the map of Figure 12. They form a toolkit that is at the core of the 119

bibliometrics approach to science of science. Their parallel development has quickly paved the way to hybrid 120

research between co-word and citation analysis [7, 6] or social and semantic networks [52]. Nowadays, science 121

maps and knowledge maps are interdisciplinary objects of research resulting from both quali-quantitative and 122

socio-technical processes [22]. Finally, the growth of scientific databases has stimulated the visualization of 123

wide citation landscapes [58] or complex atlases of sciences [8, 9]. 124

2. Information retrieval (IR) deals with the retrieval and evaluation of information from digitized document 125

repositories. It has mobilized latent semantic analysis and topic modeling in the early 2000s at the instigation of 126

a community of statisticians who introduced the latent dirichlet allocation method [3] to primarily characterize 127

collections of documents. Even though they mostly focus on document classification [71], recommendation [68] 128

or sentiment analysis [44], they have started in some of their most recent work to tackle the mapping of scientific 129

issues and their dynamics [47, 74, 39]. 130

More recently, the idea of working on latent semantic spaces has been taken up by the research field of machine 131

learningwith approaches such aswords embedding [64, 62]. It beenmostly used for the purpose of information retrieval 132

and document classification (which is the reason why it appears in the same group as LDA in the SI map Figure 13), 133

but can also be a useful tool to analyze science’s evolution, mostly at the micro-level of terms-to-terms similarities 134

[50, 64, 62]. 135

2.2 Mapping knowledge dynamics 136

Work in the field of information retrieval (IR) has primarily sought to respond to queries on large textual databases. 137

The subdomain of IR related to our work mainly aims to visualize the evolution of topics related to a specific query and 138

to proceed to a different reconstruction for each query. Moreover, this previous research has been focusing specifically 139

on the document level, the objective being to classify a set of retrieved documents according to their topics and temporal 140

relationships in order to produce streams of related papers [43, 54]. Nevertheless, some recent works in this area do 141

propose the reconstruction of knowledge dynamics at the scale of a corpus [27, 36, 74, 55]. 142

As discussed in section 3.2.3, our methodology belongs to the bibliometric branch of science of science, whose first 143

objective is the reconstruction of scientific landscapes and their dynamics. In order to highlight the advantages and dis- 144

advantages of the methods issued from these various approaches, we have identified some of their main characteristics 145

in SI section B.2. 146

We have used these characteristics in Table 1 and Table 2, to compare some key papers from each methodological 147

approach. Except for the method proposed in this paper, few previous studies meet all of them. In particular, none of 148

them really formalize the distinction between the notions of ‘level’ and ‘scale’. 149
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Table 1
Comparison between different approaches for the modeling of knowledge dynamics. The column ‘meaning’ indicates
whether the approach can distinguish between paradigmatic (P) and syntagmatic (M) relations among terms, process both
or one in particular, or cannot make this distinction at all. Symbol means that the feature is not part of the study or not
compatible with the approach. Abbreviations. Domains of origin: Science of Science (SoS), Information Retrieval (IR),
Machine Learning (ML), Visual Analytics (VA) ; Method: Complex Network Analysis (CNA), Co-Word Analysis (CWA),
Word Embedding (WE), Topic Modeling (TM), Citation Analysis (CA)

Paper Domain Focus Unit of analysis Methods Fields detection Meaning
This paper SoS corpora based text CWA COC P+S
[53] SoS corpora based text CWA COC P+S
[69] SoS corpora based text CWA COC P+S
[16] SoS corpora based text CWA COC P+S
[55] IR corpora based text CWA COC P+S

[43] IR corpora based documents CNA MGF

[62] ML corpora based codes WE P

[50] ML corpora based codes WE P
[39] IR corpora based documents TM DTM (LDA) P
[20] IR corpora based documents TM LDA P

[74] Visual analytics corpora based documents TM HLMT
[67] IR corpora based documents TM dDTM -

[27] IR corpora based documents TM HDP

[36] IR/ML corpora based documents TM PLSA

[13] SoS corpora based documents CA BC
[24] SoS corpora based documents CA BC S

[38] SoS query based documents TM + CA PLS + CA

[54] IR query based documents IR
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2.3 Phenomenological reconstruction of science with phylomemies 150

To observe and further understand through modeling a complex object O ∈ , we first select the properties to be 151

observed and measured, then reconstruct from the data collected those properties and their relations as a formal object 152

R ∈  described in a high-dimensional space. Then some dimension reduction is applied toR to get a human-readable 153

representation in a space  . The chain  ⟼  ⟼  defines what is called phenomenological reconstruction 154

[5, 18]. The quality of a phenomenological reconstruction is measured by its ability to propose, from the raw data, 155

representations in  that make sense to us and provide affordances for modeling and conceptual understanding6. 156

Phylomemy reconstruction is a general methodology for the processing of unstructured and dynamical textual 157

corpora that is part of the co-word analysis framework[11]. It can be applied to any kind of corpora, from scientific 158

papers [16, 17] to news papers [19] or political discourses [53], in order to identify the topics they cover and the 159

dynamical structures generated by the development of these topics. 160

In this paper, we will define formally a category of meanings conveyed by phylomemies [16] as phenomenological 161

reconstructions. We will then show how this definition can be made operational and allow users to naturally grasp 162

the multi-level and multi-scale structure of knowledge dynamics through the definition of 1)  ⟼ , the operator 163

that reconstructs a multi-level and multi-scale structure, and 2)  ⟼  , projector that selects a level of observation 164

and propose to explore this level in a multi-scale way. At the same time, we makes tangible the different shapes 165

generated by science, which can be visualized with an appropriate free software (cf. [45]). More discussions on the 166

relations between the phenomenological reconstruction of science with phylomemies, formal modeling and history 167

and philosophy of science can be found in [18]. 168

3 Materials and methods 169

3.1 Generic workflow of phylomemy reconstruction 170

1. Indexation
2. Similarity

measure

3. Fields detection

(clustering)
4. Inter-temporal

matching

Figure 1: Workflow of phylomemy reconstruction from raw data (digitized textual corpora) to global patterns. The output
is a set of phylomemetic branches where each node is constituted by a network of terms describing a research field. These
nodes are a proxy of scientific fields and can have different statuses: emergent, branching, merging, declining. Source:
[16]

The workflow of phylomemy reconstruction (cf. Figure 1 and [16]) takes as input a large set of documents  171

produced over a period of time  (the raw data in ), and provides as output a structure that characterizes, at a given 172

spatio-temporal resolution, the transformations of the knowledge domains covered by . An example of such output 173

can be seen in the phylomemy of glyphosate-related academic literature Figure 2 and is detailed as a case study in SI 174

section C. 175

The workflow for phylomemy reconstruction uses advanced text-mining and complex networks analysis. It can be 176

roughly decomposed into four operators Φ = 4Φ◦3Φ◦2Φ◦1Φ that correspond to four main steps (see Figure 1): 177

1Φ. Indexation. The core vocabulary of  is extracted as a list  = {ri |i ∈ }, where ri are groups of terms 178

(thereafter called roots) conveying the same meaning according to the analyst7. An ordered series  ∗ = 179

{Ti}1≤i≤K , Ti ⊂  , of sub-periods of  is defined to determine the temporal resolution of the reconstruction. 180

Co-occurrences of roots within the documents are then processed per period of time. 181

2Φ. Similarity measures. Each period-dependent, root-to-root co-occurrence matrix is transformed into a root-to- 182

root similarity matrix after the appropriate similarity measure has been chosen. This choice should be oriented 183

6Even though hypotheses about the underlying processes that have generated the data could help to find the relevant phenomenological recon-
struction method, a phenomenological reconstruction does not make such hypotheses.

7These groups could be obvious e.g. {decision-making processes, decision making process, decision making processes} or more customized to
the analyst’s point of view, e.g. {advertising, advertisement, advertisements, advertiser}.
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Figure 2: The visualization of the phylomemy glypℎosate (16,655 documents) at the level � = 0.8 between 1995 and 2020
with branches smaller than 3 filtered out. Each connected dot represents a specific field of research described by several
key-words (as displayed for example in the magnified area: {glyphosate, herbicides, antioxidative enzyme, oxidative stress,
superoxide dismutase, reactive oxygen species}). Emerging terms are highlighted in red in the description of the field and
are displayed in large fonts on this figure, close to the earliest fields that mention them. Inter-temporal matching between
fields is represented by vertical links and a group of connected fields defines a branch of science. The branch highlighted
by a dotted box starts in 2006 and deals with majors negative side-effects of glyphosate-based products. It was indeed
in the 2000s that significant discrepancies were documented regarding the decomposition and residues of glyphosate,
between laboratory experiments on glyphosate and field experiments on glyphosate-based products, raising concerns about
their effects on health and on the environment. At this level of observation, glyphosate research displays 66 branches
composed of a total of 860 fields and covering 674 roots of the original list  of 1322 roots. An interactive version of this
phylomemetic network is available at http://unpublished.iscpif.org/glyphosate. Details about this case study are
given in SI section C and an interactive version of this visualization can be downloaded from the archives [60] (data), [59]
(explorer). Full details about this method to explore phylomemetic networks are available in [45].

by the research question at stake, as described for example in [29] or [70]. Depending on the question, two 184

reconstructions using two distinct classes of similarity measures may prove complementary (see also SI. B). 185

3Φ. Fields detection and clustering. Within each period, the completion of 2Φ◦1Φ results in temporal series of net- 186

works of roots similarities. A community detection algorithm8 is then applied to identify, within these networks 187

and for each period of time Ti ⊂  , important sub-units constituting “fields of knowledge”, i.e. dense networks 188

of ‘key-words’ characterizing key research questions. Research on community detection algorithms has been 189

very prolific [33] and several algorithms with different intrinsic spatial resolution could potentially be suitable 190

at this step. The result of fields detection is a set of clusters of roots Cj computed over  ∗: ∗ = {T |T ∈  ∗} 191

where T = {Cj|j ∈ JT , } and Cj = {ri |ri ∈ , i ∈ j ⊂ }. We will note  = ⋃

T∈∗ T the set of all 192

clusters over all periods. 193

4Φ. Inter-temporal matching. Once the fields of knowledge have been identified at a given spatio-temporal resolu- 194

tion, inter-temporal matching reconstructs the lineage between these fields. The most general assumption on the 195

evolution of fields of knowledge is that some are likely to to emerge, split, merge or die ([49] for pioneer work or 196

[51] for a review about community dynamics in evolving networks). The problem can be formulated as follows: 197

find, for any cluster CT at period T , the combination of clusters from previous periods, if any, that could best 198

8Also called graph clustering algorithm.
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account for the presence of CT at T (the ‘parents’ of CT ), as well as the set of clusters from subsequent periods 199

that could be the continuation of cluster CT as a knowledge field (the children of CT ). The result of this step is 200

an evolving structure describing the evolution of large knowledge domains and it has been called a phylomemetic 201

network[16]. Inter-temporal matching of a temporal series of clusters brings time into play. Consequently, this 202

is where the notion of level arises. 203

Steps 1 to 3 are very common steps in science and knowledge mapping literature in which, at each stage, several 204

options are available to the modeler according to his/her initial research questions9. In the following sections, we will 205

focus on 4Φ and how it can convey the notions of level and scale, setting arbitrary parameters for 1Φ to 3Φ. The reader 206

interested in these particular steps can find more examples and technical details in [16, 25, 15, 28] for more examples 207

and technical details. 208

3.2 Method of reconstruction of the dynamics 209

Processing the weighted inter-temporal links between elements of a temporal series of clustering is the easy part. 210

Once ‘thresholded’, temporal networks always can be interpreted as more or less reflecting dynamic macro-structures. 211

There is however some subtlety here. 212

First, since the temporal threshold has a direct impact on the overall connectivity of the dynamic structure, and 213

consequently on the number of sub-components, the interpretation of the final result depends strongly on the procedure 214

for setting the threshold. 215

Second, since the goal is to highlight the continuities in the evolution of clusters, parents and children of a particular 216

cluster will be looked for as close in time as possible. Consequently, when allowing matching between non-consecutive 217

periods, the thresholding operation also influences the average time difference between two related fields in the recon- 218

struction. 219

As we will see, this entanglement between the granularity of the macro-structures revealed by a temporal recon- 220

struction and the timescale of inter-temporal matching is where the multi-level aspect of phylomemy comes into play. 221

3.2.1 Upstream and downstream inter-temporal matching 222

An up-stream inter-temporal matching function is based on a similarity measureΔ ∶ × ()→ [0, 1] that defines
the ‘strength of association’ between any clusters CT ∈  and any set of clusters {Cj}j ⊂ () belonging to strict
anterior periods T ′ (noted T ′ ≺≺ T ) 10. Starting from a cluster similarity function Δ, Chavalarias and Cointet [16]
proposed to find for every period T ∈  ∗, for every cluster CT computed over the period T and for every threshold
� ≥ 0 the closest satisfactory set of ‘parents’ 4Φ≺� (CT ) according to Δ with their association strength:

4Φ≺� (C
T ) = ({Cj ∈ �≺CT }, w)

Where: 223

• �≺
CT
= argmaxΔ(CT ,�)[ argmin{�(CT ,�)|�⊂T ′≺≺T ,Δ

(

CT ,�
)

≥�}
�], 224

• T ′≺≺T = {CT ′ ∈ |T ′ ≺≺ T } is the set of all clusters of  whose period is strictly anterior to T , 225

• �(CT , �) is theminimum amount of time elapsed between the period T and the periods of the clusters constituting 226

�11. 227

• w = Δ
(

CT , �≺
CT

)

∈ [0, 1] is the association strength between CT and its “parents”. 228

9For example, step 1.2 can proceed from advanced text-mining on the corpora, or be made via external ontologies or thesaurus (e.g. PubMed
Mesh).

10(X) is the set of all parts of X.
11Their approach makes it possible to have several sets of parents for a given cluster although this situation is quite rare. Also, since a given

cluster could be in the set of parents of several subsequent clusters, a cluster might have many children.
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As the definitions of parents and children of a cluster are symmetrical with respect to time, inter-temporal match- 229

ing is consequently symmetrized by considering both the up-stream 4Φ≺� (C
T ) and the symmetric down-stream inter- 230

temporal matching function 4Φ≻� (C
T ), where the association strength between any clusters CT ∈  and any set of 231

clusters {Cj}j ⊂ () belonging to strict posterior period T ′′ (noted T ′′ ≻≻ T ) is also processed (see SI D.4 for full 232

description). 233

We thus define 4Φ ∶  × [0, 1]⟼ ((), w)2 defined as: 4Φ�(C) = ((4Φ≺� (C), 4Φ≻� (C)). It is worth mentioning 234

that this function looks for the first correspondence that, from a temporal point of view, satisfies a given threshold �, 235

instead of looking for all potential correspondences for all time and taking the optimum - an approach adopted among 236

all the works referenced in Table 2 that are going beyond the simple correspondence between consecutive periods. 237

3.2.2 Phylomemies as foliation on temporal series of clustering 238

Thereafter, we will work with the following definitions: 239

Definition: Temporal series of clustering ∗. Let  ∗ be an ordered set and  = {ri |i ∈ } be a set of elements. 240

A temporal series of clustering over  is defined as ∗ = {T |T ∈  ∗} where T = {CTj |CTj ⊂ ()}j∈JT . 241

Definition: Foliation on a temporal series of clustering (cf. Figure 3). Let ∗ = {T |T ∈  ∗} be a temporal 242

series of clustering and  = ⋃

T∈∗ T , a foliation on ∗ is defined as a functionΦ ∶∶  × [0, 1]⟼ (() × [0, 1])2 243

such as: 244

1. ∀C ∈ T ,∀� ∈ [0, 1],Φ(C, �)(1, 1) ⊂ (T ′≺≺T ) (parents of T at �, associated with strength Φ(C, �)(1, 2)), 245

2. ∀C ∈ T ,∀� ∈ [0, 1],Φ(C, �)(2, 1) ⊂ (T ′≻≻T ) (children of T at �, associated with strength Φ(C, �)(2, 2)), 246

Definition: Phylomemy. A phylomemy � is a foliation on a temporal series of clustering ∗. It describes, for any 247

cluster CTj in temporal components of ∗ and any threshold �, the relevant inheritance linkages of CTj . Consequently, 248

for the study of knowledge dynamics,  is the space of all foliations on temporal series of roots clustering. 249

Definition: Weighted inheritance networks. Let ∗ = {T |T ∈  ∗} be a temporal series of clustering. A 250

weighted inheritance network ' ∶  ⟼ (() × [0, 1])2 is a function defined over the set of nodes  = ⋃

T∈∗ T 251

such as ∀CTj ∈ ;'(CTj )(1, 1) ⊂ (T ′≺≺T ) and '(CTj )(2, 1) ⊂ (T ′≻≻T )12. 252

Definition: Phylomemetic network. Let � be a phylomemy over ∗ and Π ∶  ⟼ [0, 1], a phylomemetic 253

network is defined by 'Π = {(CTj , 4Φ≺Π(CTj )(C
T
j ))|C

T
j ∈ }. It is a plaque of the phylomemy � that defines a weighted 254

inheritance networks over a temporal series of root clusters. It is thereafter possible to visualize the inheritance patterns 255

of 'Π in  in order to understand the structure of � (cf. Figure 2 and [45]). 256

 is consequently the space of all weighted inheritance networks of root clusters, and phylomemetic networks are 257

elements of  that can be defined as a plaque of a particular phylomemy. 258

3.2.3 Quality assessment of phylomemetic networks and levels of observation 259

To assess the quality of a phenomenological reconstruction, [23] make the distinction between “interpretation as 260

the facility with which an analyst makes inferences about the underlying data and trust as the actual and perceived 261

accuracy of an analyst’s inferences.” 262

Reconstructions of science dynamics, regardless of the methodology (cf. section 2), generally offer rich opportuni- 263

ties for interpretation because one naturally interprets salient events in the reconstruction (e.g. split, merge, emergence 264

and disappearance of fields/clusters) as related to the fate of scientific fields. This richness of interpretability is however 265

rarely backedwith a high level of trust. The distinction between phylomemies belonging to and phylomemetic lattices 266

that belongs to  gives more theoretical grounding to the assessment of trust of phenomenological reconstruction. 267

12We note '(CT )(1, 1) the first component of the first tuple of '(CT ) = (( , w1), ( , w2)), i.e.  , and '(CT )(2, 1) the first component of the
second tuple, i.e.  .
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Figure 3: Local structure of a foliation on a temporal series of clustering ∗ parameterized by �. Locally, above the cluster
A ∈ T ⊂ ∗ from period T , � parameterized the different sets of parents and children of A for different satisfaction
threshold in inter-temporal matching. As we raise �, the parents and children of A might change. At �0, clusters B and
C ∈ T−1 are the parents of A ; but when we raise � to �1, the pair {B,C} of parents is no longer valid for A and the
cluster F from a former period T − 2 has to be mobilized to describe the lineage of A as the child of {F}. Eventually,
some branches might split or merge due to these reconfigurations (e.g. here the segment starting from E becomes the
starting of a new branch at �2). A phylomemy is a foliation over a temporal series of clustering ∗.

In the framework of this generalization, [16] appear to have studied the specific case where the operators ⟼  268

are all uniform projectors Π = �, i.e. '� = {(CTj , 4Φ≺� (CTj ))|CTj ∈ }. The results obtained so far by [16] show that, 269

for a wide range of � values, there are robust correlations between the structural properties of fields assessed at specific 270

period T , and their dynamical properties inferred from their position in the branches of '� (i.e. emergent, declining, 271

splitting, merging, etc. see Figure 2). This observation means that we can trust the interpretation our common sense 272

associates to the fact that a field occupies some salient position in a phylomemy. 273

There is no reason to think however that a uniform projector Π� will provide the same level of description for all 274

knowledge domains. Moreover, since no objective function has been proposed to help the analyst interpret and choose 275

the value of �, there are some concerns about the actual as opposed to perceived accuracy of inferences one can make 276

when comparing branches of a phylomemy or interpreting their distribution. 277

To get around this problem, we propose a class of meanings for the operation  ⟼  that is commonly under- 278

standable. In order to do so, let’s come back to D’Alembert’s dream to “distinguish the general branches of human 279

knowledge” and let’s imagine D’Alembert asking someone (x) ∶ “draw me a branch of knowledge that deals with 280

x”, the same way we could have asked him: “give me a chapter of the Encyclopedia that deals with x”. 281

If we have at our disposal a phylomemy of science � ∈  over the temporal series of clustering ∗ of roots , for 282

all x in , we can draw inspiration from information retrieval to shape an answer to(x) and give d’Alembert a branch 283

of science that will describe some contexts of x and their evolution. 284

Let’s consider a representation ' ∈  of � made of a set of branches ' =
⋃

k Bk and let x be the set of all 285

fields that containing x in  =
⋃

T∈∗ T , x covering a set of periods x ; and Bk be the set of all the fields of the 286

branch Bk. Then, an answer to D’Alembert’s question could consist in pointing to a given phylomemetic branch Bk 287

containing some elements of x and state: “here is the dynamical description of a domain of research concerned by 288

x”. Two metrics to assess the relevance of Bk to (x) are of interest at this stage: 289

• The precision �kx =
|x∩Bk|x |

|Bk |
of Bk against x. Within periods x where x is present in �, it is the proportion of 290

clusters of Bk that mention x (probability to observe x by choosing at random a cluster in Bk among the clusters 291

from periods where x is present in �), 292
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• The recall �kx =
|x∩Bk |

|x|
of Bk against x. It is the proportion of clusters of x that are in the branch Bk 293

(probability to be in Bk when choosing a cluster about x at random in �). 294

An answer Bk to (x) will be all the more precise regarding x that its precision �kx is high. But it will provide all 295

the more information about the different historical contexts of x that its recall is high. Precision and recall are generally 296

antagonistic and consequently, the questioner has to indicate the desired ‘trade-off’ in his/her question. 297

The quality of an answer (x) can be assessed with respect to the desired level of trade-off � ∈ [0 1] between
precision and recall with the following F -score function:

F�(x, k) =
(1 + f (�)2).(�kx .�

k
x)

�kx + f (�)2.�kx

where f (�) = tan(�.�2 ). For � = 0, only the precision counts, whereas for � = 113, only the recall counts. 298

Several branches could mention x, which means that we also have to know which branch to propose first as an 299

answer. For this reason, we introduce a generic choice function Ψ (a random variable to be determined later) that tells 300

which branch among the branches containing x will be the first to be examined by D’Alembert. 301

The objective function for the evaluation of the relevance of � in answering (x) thus becomes:
F x� (') = ΣBk∈'|Bk∩x≠∅Ψx(k).F�(x, k) (1)

If we wanted to provide D’Alembert with independent answers for every x, we could search, for each question 302

(x), the phylomemetic network with the best F x� score. However, this would prevent D’Alembert from having a 303

global vision of science and of the articulation between its different branches: answers based on different queries will 304

indeed not necessarily be comparable. 305

In order to provide a global representation ' of a domain of science delineated by , we thus have to assess the 306

relevance of a particular phylomemetic network for its ability to answer any question (x) D’Alembert might ask 307

about elements of . Since some x may interest D’Alembert more than others, the optimal ' should take into account 308

the interest profile of D’Alembert for elements of . We will call Ξ the choice function over  that determines the 309

probability of D’Alembert asking for a particular x. 310

Given the choice functions Ξ and Ψ, the global F -score of a representation ' of a phylomemy can be defined as:
F�(') = Σx∈Ξ(x).F x� (') (2)

Note that Ξ is a property of the questioner whereas Ψ can be a property of either the respondent or the questioner. 311

Ξ and Ψ are both random variables on which the meaning of a given phylomemy projection ' will depend. We will 312

see in section 6 how these two functions can be determined empirically. 313

Branches with high recall for a given x will tend to be more complex to interpret because the contexts in which 314

x are very varied and provide a huge amount of information, whereas branches with high precision for a given x will 315

tend to be simpler because they target very homogeneous contexts. 316

Consequently, F� is a score of quality whose parameter � can be related to a desired level of observation. For high 317

� values, the phylomemies with the highest F� score will be the ones that include large complex branches whereas for 318

low � values, phylomemies with small homogeneous branches will score the highest. 319

The objective function F� gives meaning to the problem of choosing a projector  ⟼  : given a level of 320

observation of a phylomemy �, what is the best projector to optimize the information conveyed by the corresponding 321

phylomemetic network? The next section proposes an approach to solve this problem. 322

3.2.4 Adaptive inter-temporal matching and step phylomemetic networks 323

Let’s consider a reconstruction operator 4Φ ∶  ×[0, 1]⟼ ((), w)2 that from a partial phylomemy reconstruc- 324

tion workflow (steps 1 to 3), reconstructs the inter-temporal matching links from a set of clusters. For any desired scale 325

of observation � of �, we can evaluate any projection ' in  with F�('). 326

As mentioned in 3.2.3, pioneer work on phylomemy reconstruction have so far only taken into account uniform 327

projectors. Here, we propose to consider a new class of adaptive projectors that, as we will show, are naturally param- 328

eterized by the level of observation � defined over , adapt to the internal dynamics of each branch of science and 329

outperform uniform projectors. 330

13We consider for F�(1) the limit value of F� when f (�)→∞ which is �kx.
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Definition: Let Π ∶  ⟼  be a projector, � ∈  a phylomemy and ' = 4ΦΠ(�) =
⋃

k Bk a phylomemetic
network. Let Bk be the set of clusters of ∗ such as 4ΦΠ(Bk ) = Bk. Π is a uniform step projector for � if and only
if:

∀Bk, ∃� ∈ [0, 1],∀C ∈ Bk ,
4ΦΠ(C) = 4Φ�(C)

Definition: ' is a step phylomemetic network if and only if there is a phylomemy � and a uniform step projector 331

Π ∶  ⟼  such as ' = 4ΦΠ(�). 332

Step phylomemetic networks are projections of phylomemies of particular interest because the meaning of inter- 333

temporal matching links within each of their branches is uniform, with a minimal strength of ��Bk , a property that makes 334

it easier to interpret their morphology. Moreover, the optimization of the objective function F� makes it possible to 335

find the step phylomemetic network that fits best to the internal dynamics of each branch of science at a given level 336

of observation. The family of step phylomemetic networks extends the family of phylomemetic networks obtained by 337

mean of uniform projectors. 338

The sea-level rise algorithm described below generates, for a given phylomemy � over a temporal series of clus- 339

tering ∗, a family of step phylomemetic networks parameterized by the level of observation �. 340

Let’s start to notice that if � = 1, then only the recall counts in F�, so that the larger the branches of ', the better. 341

Except in rare cases14, this is achieved by setting � = 0 for inter-temporal matching such that in  the highest number 342

of temporal links is retained. Thus, for � = 1, the best projector is the uniform projector Π = 0 that results in the 343

phylomemy projection '0 ∈  . 344

To estimate locally, for every cluster CT and for any � ∈ [0 1], the most appropriate value of ��
CT

, we proceed 345

by recurrence. We perform an adaptive “sea-level rise” with uniform projectors Π� within each subset of Bl ⊂ ∗ 346

defined by a phylomemetic branch Bk of '0. Beforehand, we will need the following definition : 347

Definition: splitting threshold of a phylomemetic branch in  (the first time Bk splits as a result of a rise of 348

the inter-temporal matching threshold). Let ' = 4ΦΠ(�) =
⋃

k Bk be a step phylomemetic network over the temporal 349

series of clustering ∗. Let Bk and �Bk be such that 4Φ�Bk (Bk ) = Bk. The splitting threshold �(Bk) = �′Bk of Bk is 350

the smallest value �′Bk > �Bk such as 4Φ�′Bk (
Bk ) has more than one connected components15. 351

Sea-level rise algorithm over � at level � 352

The Sea-level rise algorithm operates a recurrence on the first values where branches split after raising � within each 353

branch independently, coupled to a branching process (cf. Figure 4). 354

ALGORITHM 355

Initialization : 356

The starting point of the sea-level algorithm is the phylomemetic lattice '0 =4 Φ�=0(�) composed of 357

branches {B0k}k with an internal inter-temporal threshold �B0k = 0 for all branches. The quality of the 358

initial phylomemetic network is F�('0) with the initial state described by ({(B0k, �B0k = 0)}k, F�('0)). We 359

will note B the fact that the branch B is locked. 360

Recurrence: 361

While there are unlocked branches: 362

1. Let the state be ({(Bk, �Bk )}k ∪ {(Bl, �Bl )}l, F�(')) with ' =
⋃

k Bk
⋃

l Bl. Choose the unlocked 363

branch Bu ∈ {Bk}k that has the largest set of fields Bu ⊂ ∗ and compute its splitting threshold 364

�′Bu = �(Bu). If �(Bu) does not exist, locks Bu as Bu and reiterate 1. from the state ({(Bk, �Bk )}u≠k∪ 365
(

(Bu, �Bu ) ∪ {(Bl, �Bl )}l
)

, F�(')), 366

14In practice this is almost always true. We could build synthetic phylomemies in which not only recall would count for � = 1, but these would
not be very consistent with human activities.

15�(Bk) might not exist if for example Bk is composed of a single cluster.
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2. if �(Bu) > 0, with 4Φ�(Bu)(Bu ) =
⋃

j B
j
u, let '′ = ⋃

u≠k Bk
⋃

j B
j
u
⋃

l Bl, then 367

• If F�(') ≥ F�('′) then lock the branch Bl that becomes and start again at 1) with the state 368

({(Bk, �Bk )}u≠k ∪
(

(Bu, �Bu ) ∪ {(Bl, �Bl )}l
)

, F�(')), 369

• If F�(') < F�('′) then start again at 1. from the state
(

{(Bk, �Bk )}k≠u ∪ {(B
j
u, �′Bu )}j

)

∪ 370

{(Bl, �Bl )}l, F�('
′)) with '′ = ⋃

u≠k Bk
⋃

j B
j
u
⋃

l Bl. 371

δ' 
B0 

δ 
B01 B02 

B011 B012 

B021 B022 

B0 

δ' B01 

δ' B02 

Figure 4: The elevation of similarity submerges the initial branch '0 = B0 that first splits into two branches B01∪B02 at �′B0
; and then each of them splits at different thresholds �′B01 and �

′
B02

to create the final branches of ' = B011∪B012∪B021∪B022.

The sea-level rise algorithm either locks a branch or splits a branch at each step. Since the maximum number 372

of branches is bounded by the initial number of clusters in ∗, the number of steps of the algorithm is bounded by 373

card(∗). 374

By design, the phylomemetic networks generated by this algorithm are step phylomemetic networks. 375

It is worth noticing that for a given branch Bk ∈ '�0 , raising � in 4ΦΠ� (Bk ) has for effect to disqualifies some 376

of the inter-temporal matching links in the branch Bk of '�0 and causes inter-temporal matching to be reprocessed. 377

Most of the time, this leads to the pruning of links when no other combination of parents or children satisfy the new 378

threshold, but sometimes this process can lead to the discovery of more distant links that pass the threshold and thus 379

transform simple parentage into multiple parentage - or the reverse with longer temporal range. 380

Consequently, as it can be seen in Figure 3, even if they share the same set of clusters , two observations of � 381

at different levels '� and '�′ (� ≠ �′) will not necessarily share the same set of inter-temporal links between these 382

clusters and it may not be possible to transform one into the other simply by pruning the links. Two phylomemetic 383

lattices generated at two different level of observation � and �′ might therefore convey very different information on 384

the temporal structure of �. 385

3.2.5 Phylomemetic networks and scale of observation 386

Branches of phylomemetic networks ' can have complex structures that can be rendered at different scales in  387

thanks to a synchronic merging of their clusters. This is particularly useful for visualization and numerous methods 388

exist to represent this kind of multi-scale structure. A rather straightforward method in our case would be to merge all 389

clusters that are similar enough within the same branch and the same period of time. Other methods like synchronic 390

hierarchical clustering of clusters of branches can also be used. 391

But the natural clustering method in our case would be to extend the sea-level algorithm to  and to highlight the 392

internal structures of phylomemetic branches. Raising the threshold � within a given branch without recomputing the 393

parents and children of clusters leads to the progressive pruning of links, to the disconnection of the temporal graph 394
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that forms this branch and to the formation of several connected components until all the clusters are isolated. These 395

connected components can then be used as a basis for a hierarchical synchronic clustering. 396

Definition: scales of observation in  of a phylomemetic branch. 397

Let B be a phylomemetic branch from of a step phylomemetic network with internal ‘sea-level’ �B (the weakest inter- 398

temporal link has a strength of �B). Let � ∶∶  × [�B 1] ⟼  ∶ (B, �) → B′ be the function that removes all the 399

inter-temporal links ofB that are strictly less than �16 . For � > �B , �(B, �) = {B�l }1≤l≤s� is composed of s� connected 400

components that form sub-branches of B. Moreover, s� is an increasing step function of � with discontinuities at the 401

values S(B) = {�i}1≤i≤sB such as s�1 = 1 is the number of sub-branches of B = �(B, �B) and s�sB ≤ card(B) is the 402

number of sub-branches of �(B, 1). Finally, for j > i, the sub-branches {B�jℎ }1≤ℎ≤s�j of �(B, �j) are by construction 403

nested inside the sub-branches {B�il }1≤l≤s�i of �(B, �i). 404

By construction, ∀1 ≤ i ≤ sB ,∀C ∈ T ∩ B ,∃!l ∈ {1..s�i} sucℎ tℎat C ∈ B�il . Therefore, �(B, �i) ∩ T 405

defines a non overlapping clustering over the fields of B at period T . Since {�(B, �i)}1≤i≤sB are nested sets, the family 406

of clusterings {�(B, �i) ∩ T }1≤i≤sB defines an endogenous synchronic hierarchical clustering over T ∩ B indexed 407

endogenously by the scales of description {1, .., sB}. 408

For a level � of observation '� = {B�k}k ∈  of a phylomemy �, for each phylomemetic branch B�k , we can conse- 409

quently define its endogenous scales of description {1, .., sB�k} through the endogenous synchronic clustering of fields 410

inB�k and a choice for the merging procedure of the associated inter-temporal matching links {CT !
⟷C ′T |(CT , C ′T ) ∈ 411

2}. 412

The merge of inter-temporal matching links can be formally described by the choice of an operator Ω (e.g. the
weight of a set of merged links is the min/avg/max of their weights):

�
k ∶ {1..sB�k} ×  ⟼  ∶

⎧

⎪

⎪

⎨

⎪

⎪

⎩

(s, CT ∈ B�k)⟼ H�(CT )
for, T ≺≺ T ′

{CT
w
⟷ C ′T

′
∈ 2 × [0 1]}⟼ {H�(CT )

Ω(B�k ,w)
⟷ H�(C ′T

′
) ∈ H�()2 × [0 1]}

(3)

413

An example of a branch described at several scales is given by Figure 5 where Ω is the function that keeps only 414

the strongest links during a merge. The advantage of this definition of scales for phylomemetic branches is that it 415

endogenously adapts to the internal complexity of each branch but nevertheless makes it possible to define a scale 416

of description for a full phylomemetic network: at scale 1, all branches have at most one cluster at each period cor- 417

responding to the synchronic merge of all the clusters of the branch at that period. For scale s > 1, branches start 418

branching according to their internal structure but remain in constant number. 419

3.2.6 Computing the ancestors beyond the time horizon 420

The inter-temporal matching procedure described in 3.2.4 may introduce artificial splits of phylomemetic branches 421

for at least two reasons: 422

• Horizon of observation. Generally, the oldest period T0 of a phylomemy is not the beginning of the story but 423

the horizon of our capacity to observe textual production due to incomplete database. For example, it is well 424

known that as of today, most abstracts of scientific papers are missing before 1990. This puts a limitation to the 425

identification of phylomemetic branches by the sole use of 4Φ since two branches might well have a common 426

ancestor before T0 but appear unrelated in the phylomemy just because this ancestor is not observed. The ancestor 427

is beyond our horizon of observation. 428

16In this operation, contrary to what is made in 3.2.4, inter-temporal matching is not reprocessed.
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Figure 5: Endogenous scales of a branch. The branch wheat management of the glyphosate phylomemy of Figure 2 has
six scales of description. Here we display its internal structure at scales 1, 3 and 6. Groups and links highlighted in red
are affected by changes of scale: they have either appeared, merged or divided.

• Fast emergence. When a domain emerges quickly, it might be explored at the same time in several distinct 429

directions that are so internally consistent that the closest parents are always in the same sub-branch from the 430

very beginning. In that case, inter-temporal matching alone cannot detect that they are part of the same research 431

question, regardless of the level of observation. 432

In both cases, we would like phylomemy reconstruction to be able to identify at some level of observation that two 433

branches from the same phylomemetic network and sharing some common terms from their very beginning are related. 434

Ghost ancestors. To mitigate this limitation, we have added an additional step in the reconstruction workflow that 435

takes place in  and consists in searching for common ‘ghost’ ancestors to emerging fields that have no parents (see 436

Figure 6). Given a phylomemetic network '� = {B�k}k ∈  of a phylomemy �, if a field CT ∈ T is the oldest 437

field of a branch Bk with internal ‘sea-level’ �Bk , the similarities with the other fields of T are processed. A ghost 438

ancestor between CT and C ′T is then created at the period immediately preceding T every time Δ(CT , C ′T ) ≥ �Bk . 439

This ghost ancestor is linked to both CT and C ′T with weightΔ(CT , C ′T ). This operation can cause branches to merge 440

into  through ghost ancestors. We note 4Φ ∶  × [0, 1]⟼ ((), w)2 the reconstruction operator that includes the 441

processing of the ghost ancestors. For the sake of clarity, when there is no ambiguity, we will continue to call branch 442

the set of phylomemetic branches linked to the same ghost ancestor. The quality F� will be computed on 4ΦΠ(). 443

4 Results 444

We have implemented the inter-temporal reconstruction workflow 4Φ as a module of the free software Gargantext 445

17 [28] that already implements 3Φ◦2Φ◦1Φ (see the details of the implementation in SI Appendix D). 446

We have evaluated the quality of the full workflow � =4 Φ◦3Φ◦2Φ◦1Φ from the point of view of F� compared to 447

results obtained by [17], as well as its capacity to provide an accurate description of the evolution of scientific domains 448

through qualitative evaluation. The perspectives that this new methodology offers for the interaction with large set of 449

documents through visualization are further detailed in [45]. 450

Thereafter, we will now consider for Ξ and Ψ the choices functions that seem the most consensual to us without 451

any prior knowledge: 452

17Gargantext is a text-mining software under GNU aGPL Licence written in haskell and purescript. See http://gargantext.org.
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Figure 6: Reconstruction of ghost ancestors. When a field CT ∈ Bk has no parent, the similarities with the other fields
of T are processed and a ghost ancestor is created every time this similarity is higher than �Bk . This operation can cause
branches to merge.

• Ξ(x, _) is a random variable which chooses terms in  with a uniform probability, 453

• Ψ(x, _) is a random variable which chooses a branch Bk ∈ x with a probability proportional to its number of 454

fields. 455

We will see, in section 6, how Ξ and Ψ can be empirically determined from specific uses and research questions. 456

Quality function. Given the choices of Ξ and Ψ, the objective function F�(') on ' = {Bk}k can be written with
Equation 4:

F�(') = Σx∈
1
||

.ΣBk∈xk
|Bk|

ΣBj∈xk |Bj|
.F�(x, k) (4)

where: xk = {Bk|Bk ∩ x ≠ ∅} 457

4.1 Comparison with previous work 458

Wehave compared our method to previous work on several case studies. Wewill now highlight themain parameters 459

of the workflow � =4 Φ◦3Φ◦2Φ◦1Φ that are required to interpret the phylomemetic networks of these case studies. 460

4.1.1 Workflow settings 461

Corpora and key-phrases extraction (1�). We have chosen several distinct corpora to test the robustness of our 462

results and to illustrate the wide range of applications of our method: 463

• Domain specific academic literature. 464
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– Glyphostate literature (see Appendix C for a qualitative analysis). A corpus of 16,8k documents retrieved 465

in the Web of Science (WoS) and PubMed on September 2020 with the query glyphosate OR roundup OR 466

“round-up” and merged into a single corpus with duplicates removed. The analysis of this specialized 467

corpus highlights the diversity of current research on glyphosate and the environmental and public health 468

issues induced by its uses. We have named this corpus glypℎosate. 469

– Quantum computing literature. A corpus of 29k documents retrieved from the WoS with the query 470

("quantum computer" OR "quantum computing" OR "quantum processing" OR "quantum algorithm" OR 471

"quantum communication") on July 4th 2019. The analysis of this specialized corpus highlights the birth 472

of a new scientific domain that emerged during the 1990s. We have named this corpus quantum. 473

• Interdisciplinary academic literature. We have chosen a corpus of 6000 top-maincited papers extracted from 474

the WoS on October 2020 and for which at least one of the authors is affiliated to the National Center for Sci- 475

entific Research (CNRS). CNRS being an interdisciplinary research organism, this corpus is by construction 476

highly interdisciplinary and contains a limited number of documents in each discipline, yet, the phylomemy 477

reconstruction gives it possible to have an overview of the main research streams and highlights the way they 478

combine (see [45] for a detailed description). We have named this corpus CNRS . 479

• Generic time-stamped corpora. To illustrate our method’s ability to reconstruct knowledge dynamics form any 480

kind of time-stamped corpus as well as to process very short documents, we have applied our method to the 481

descriptions of 6k arms of clinical trials related to the Covid-19 and published between 2020-02 and 2021-01. 482

These descriptions have been dated by week of deposit in the WHO database and  as been defined as the list 483

of all the treatments considered in these descriptions. The phylomemy reconstruction highlights the different 484

research paths and discoveries made around the Codiv-19 outbreak and could as such become a useful tool for 485

worldwide coordination between researchers (cf. SI C.3). We have named this corpus CT . 486

For each of these corpora, we have extracted the core vocabulary using Gargantext18. This core vocabulary has 487

been further processed to compute the set of roots for each case study and their temporal co-occurrences. The corpora 488

and the lists of terms necessary for the reproduction of this study are downloadable from archive [60]. 489

Similarity measures (2Φ). In these case studies, we have adopted the confidence similarity measure19 which belongs 490

to the class of syntagmatic similarity measures (cf. SI A). This similarity measure has proven to be a good indicator 491

of the hypernymy / hyponymy relations between terms [29]. It is also very easy to interpret for non-specialists. Phy- 492

lomemies that use such measures are reflecting actual interactions between terms and clusters in the phylomemy are 493

generally made up of the core vocabulary of some academic sub-community. 494

Community detection or clustering (3Φ). The strictest notion of cluster (or community) in a graph is the notion 495

of clique, i.e. subsets whose elements are all linked to one another. Cliques are a fundamental and impassable level 496

of granularity for clustering algorithms. Most clustering methods extend the notion of a cluster by relaxing the notion 497

of a clique. Since phylomemy reconstruction generates an endogenous hierarchical clustering over a temporal series 498

of clustering (cf. 3.2.5) we can afford to be as parsimonious as possible on the initial assumptions we make about 499

clusters’ properties and adopt cliques as the fundamental granularity of our reconstruction. But all cliques are not 500

equally relevant for the mapping of research domains, and cliques of small size (e.g. 3 or 4) or with weak internal links 501

in most cases provide but little information and introduce some noise in the reconstruction. Moreover, keeping these 502

weak cliques increases the number of cliques exponentially and therefore generally renders the algorithms intractable. 503

We consequently filter the less relevant cliques according to the parameters presented in Table 3 and Table 4. In what 504

follows, we will use both the maximal cliques and the frequent item sets (Fis) methods (see definitions and details in 505

SI D.3). 506

18Gargantext allows an interactive selection of terms assisted by machine learning
19The confidence between two terms i and j is the max of the estimation of the two probabilities of having one term given the presence of the

other in the same contextual unit.
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Table 3
Parameters for filtering cliques in each case study. Cliques of small size or with weak internal links are filtered out. The
coverage column indicates the proportion of roots from  that are in at least one clique in the corresponding filtered clique
set  .

corpus minimal clique size links threshold coverage
glypℎosate 7 0.001 84%
quantum 4 0.001 80%
CNRS 5 0.001 90%
CT 1 0 100 %

Table 4
Parameters for filtering Fis in each case study. Fis of small size or of small support are filtered out. The coverage column
indicates the proportion of roots from  that are in at least one Fis in the corresponding filtered  .

corpus minimal Fis size minimal Fis support coverage
glypℎosate 7 5 11%
quantum 4 3 52%
CNRS 5 2 49%
CT 1 1 100 %

Inter-temporal matching (4Φ). The Jaccard similarity measure is commonly used as a means to compare sets of 507

elements of the same nature, making this measure a good candidate for inter-temporal matching. However, elements 508

of clusters in phylomemies (roots) are not necessarily comparable in their usages (e.g. hyperonymes vs. hyponymes) ; 509

which is why we have introduced a variant of the Jaccard measure to weight the contributions of roots according to their 510

characteristics and to take into account this specificity of language. Starting with a simple adaptation, we’ve weighted 511

the contributions of terms according to their frequency in the corpora through a sensibility parameter � ∈ [0 1]. The 512

chosen function Δ� is a standard Jaccard similarity for � = 0, puts more weight on rare specific terms for � > 0 and 513

more weight on frequent generic terms for � < 0: 514

⎧

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎪

⎪

⎪

⎪

⎩

Δ ∶∶ [−1 1] × () × ()⟼ [0 1]
Δ�(C,C ′) = 0 if C ∩ C ′ = ∅

Δ�(C,C ′) = 1 if C = C ′

Δ�(C,C ′) =
|C ∩ C ′|
|C ∪ C ′|

if � = 0;

Δ�(C,C ′) =
Σ{pi|i∈∩(C,C′)

1
log(g(�)+pi)

Σ{pi|i∈∪(C,C′)
1

log(g(�)+pi)

if � > 0;

Δ�(C,C ′) =
Σ{pi|i∈∩(C,C′)log(g(�) + pi)
Σ{pi|i∈∪(C,C′)log(g(�) + pi)

if � < 0;

;

(5)

where g(�) = 1
tan( 2pi ∗�)

515

Phylomemies reconstructed for values of � close to 1 will therefore tend to highlight the evolution of specific sub- 516

domains in which clusters sharing hyponyms are likely to be related, while phylomemies reconstructed for values of � 517

close to -1 will tend to highlight the evolution of very generic domains where clusters sharing hyperonyms are likely 518

to be related. The quality of these reconstructions can then be compared using F�. 519

4.1.2 Quantitative evaluation 520

Wewill now compare the quality of the phylomemies obtained with the sea-level rise algorithm and the best quality 521

that can be achieved with a uniform projector taken in {��|� ∈ {0, 0.1, ..., 0.9, 1}}. We will use FIS to build series of 522

temporal clustering ∗ based on parameters taken from Table 4. 523
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Since by definition, uniform projectors are step phylomemetic projectors, the best step phylomemetic network is 524

necessarily of higher quality than the best uniform phylomemetic network. However, finding the step phylomemetic 525

network that optimizes F� is done in a rugged quality landscape and is therefore a difficult task that deserves a paper 526

in itself. The algorithm proposed in this paper can undoubtedly be improved but, as we will show, it is a good starting 527

point. 528

As can be seen on Figure 7, for the various case studies and for most levels of observation �, the sea level algorithm 529

outperforms or is at least as good as the original method. Red dots on these figures highlight the values of � for 530

which we can improve our implementation of the sea-level rise algorithm and soften the influence of the various 531

cliques’ filters20. Moreover, SI D.6 demonstrates that for an alternative objective function, the sea-level rise algorithm 532

outperforms uniform step projectors all the time. 533

These results proves that the sea-level rise algorithm succeeds in adapting locally to the internal dynamics of the 534

branches and in producing better precision and recall couples. Step phylomemetic networks obtained by this new 535

algorithm should therefore be preferred over networks obtained by uniform projectors. 536
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Figure 7: Comparison between the sea-level rise and uniform projectors for four distinct corpora.

4.2 External and qualitative validation 537

In order to assess the ability of phylomemies to fit and extend scholars expertise about knowledge dynamics of 538

their fields, we compared in details the results of its application to two case studies: glyphosate research and research 539

on science mapping and visualization. 540

4.2.1 40 years of glyphosate research 541

The field of glyphosate-related research (delimited by the corpusglypℎosate) is particularly interesting to illustrate 542

the relevance of our method. Glyphosate has been introduced as a pesticide in the mid seventies and by the 1990s had 543

become the most marketed herbicide active ingredient, a position it has more or less held ever since [61]. Literature 544

20By definition, we can always find a suitable step phylomemetic network able to include any uniform step projector (see 3.2.4). Red dots are
therefore evidences of unsatisfactory optimizations in the way we locally increment and elect � (see SI D.5)
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on glyphosate is quite recent, most of it being digitized, and the knowledge it contains is of great importance from a 545

health and economic point of view. 546

The specificity of glyphosate-related literature also lies in the fact that there is yet no consensual synthesis of the 547

knowledge it contains. Glyphosate is a controversial herbicide about which literature reviews and historical analyses 548

are regularly published, some emphasizing the advantages of glyphosate (e.g. [31]) or the absence of associated risks 549

([26, 73]), others reviewing the risks for health and environment [61, 46, 56] and issues related to the the emergence 550

of herbicide-resistant weeds [48]. 551

In such scientific context, there is a high risk of selection bias when selecting publications for literature reviews 552

and monographs, i.e. to ‘cherry-pick’ the publications that would confirm certain theoretical claims over others. In 553

such situation, as highlighted by [18], phylomemy reconstruction could be useful to give an overall picture of the field, 554

as objective as possible inasmuch as it would include as many publications on the topic as possible and process them 555

equally, solely on the basis of a definition of what constitutes a valid publication. Such phylomemy could highlight, 556

before any further considerations of what is important and what is not, the main issues addressed by the scientific 557

community and their global trends. 558

In order to identify the main issues of research on glyphosate as objectively as possible, we have made a synthesis 559

of key historical reviews written by glyphosate proponents and skeptics [31, 2, 61, 35, 46, 56]. 560

To summarize, there has been an evolution in the questions addressed by glyphosate literature, from research on its 561

effects on plants, its benefits for agriculture and its usages (1990-2005, a period called the ‘golden age’ of glyphosate) 562

to the problem of herbicide-resistant weeds management (2005 - ), the assessment of environment and health issues for 563

animals (2004 - ) and the question of its threats to humans health (2014 - ). These different research questions emerge 564

clearly from synthesizing the structure of the various literature reviews under analysis (cf. SI section C.1). 565

The analysis of the phylomemy of glyphosate research at different scales of observation (cf. Figure 2 and SI. figures 566

17 to 19) makes it possible to successfully identify these different research questions, the details of their ramifications 567

and their development. Full details of this analysis are provided in SI. C. 568

4.3 Dynamical state-of-the-art of literature related to science and knowledge mapping 569

The phylomemy of the knowledge dynamics corpus maps analyzed in the in-depth state-of-the art of this paper 570

(cf. SI B) at level of observation 0.3 is presented on Figure 8. 571

We can observe that this phylomemy correctly describes our state-of-the-art in its temporal dimension: 572

• The pioneer field of citation analysis was predominant during the 1970’s (branches no.1) before passing the 573

baton to what will become the core of bibliometry and scientometry in the early 1990’s (branches no.3). 574

• In parallel, co-word and co-occurrence analysis [63, 11] emerged in the mid 1980’s (branch 2) and enjoyed a 575

revival of interest in the middle of the 2000’s (branch 4) as a result of the ICT revolution. Our paper belongs to 576

this more recent branch. 577

• In the mid 2000’s, the field of information retrieval developed topic modeling methods (branch 6) that were 578

subsequently applied to digital libraries and text-classification (branch 7) as well as social media analysis (branch 579

8). 580

• At the same time, the long established field of concept mapping found concrete applications in the domains of 581

education and learning process (branches 5). 582

5 Discussion 583

5.1 Limits and continuous improvement 584

Phenomenological reconstruction ( ⟼  ⟼ ) can lead to a misunderstanding or a biased representation of 585

an object O ∈  for several reasons. First, some important observables for the understanding of O could have been 586

neglected or inadequately measured in the process  ⟼ . Regarding the reconstruction of knowledge dynamics, 587

this bias can be expected to diminish over time as text-mining techniques improve and as an increasing proportion of 588

knowledge production contexts produces ever more structured and accessible digitized traces. 589

Second, since by definition, dimension reduction reduces the number of variables under consideration, some im- 590

portant information for the understanding of R could be lost in  ⟼  (typically, two elements that are distant or 591

unrelated in  could appear arbitrarily close after being projected in  , see [23] for a good example). 592
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Figure 8: Phylomemetic network of the literature related to science and knowledge mapping (maps ) at level 0.3 with
branches smaller than 3 filtered out. Dashed boxes have been manually annotated. An interactive version of this phy-
lomemetic network available at http://maps.gargantext.org/phylo/knowledge_visualization/memiescape and can
be downloaded from the archive [59].

These potential limitations are important to keep in mind. In the same way as different 2D projections of a world 593

map provide complementary information about Earth’s geography (some projections conserve angles, other areas, etc.), 594

different methods for phenomenological reconstruction are undoubtedly needed to fully grasp a body of knowledge. 595

This point was already highlighted by D’Alembert [32]: 596

“Knowledge is impossible to draw as a whole in a truthful manner, but only through the choice of a 597

point of view that is both arbitrary and inevitable [...] One can create as many different systems of human 598

knowledge as there are world maps having different projections, and each one of these systems might even 599

have some particular advantage possessed by none of the others.” 600

We have adopted in this paper what we think is the most generic approach to knowledge dynamics: the mining 601

of unstructured textual data. When other meta-data become available, this approach will definitely benefit from being 602

complemented or hybridized with other approaches such as citation analysis and co-author analysis. 603

The objective function described by Equation 2 can also be applied to assess alternative phylomemy reconstruction 604

workflows, a process that will lead to a continuous improvement of the phenomenological reconstructions and can also 605

lead to local adaptations to the different contexts of knowledge production. 606

For example, we have compared in preliminary explorations the role of the inter-temporal matching function Δ via 607

a sensibility analysis on the parameter of our measure Δ� (cf. Fig.9). The variation of � from −1 to 1 reinforces the 608

weight of generic to specific kinship connections and thus influences the topology of the resulting branches21. We also 609

have explored the role of cliques detection and filtering algorithm with the comparison between maximal cliques and 610

frequent item sets algorithms22 (by using the parameters of Table 4 and Table 3). The results of Fig. 10 encourage us 611

to review in depth what the suitable conditions for using either algorithms at best would be, according to the nature of 612

corpus or the targeted level of observation. 613

Beyond their assessment with regard to the optimization of F� from a quantitative perspective, frequent item sets 614

and max cliques can also be compared from a qualitative perspective. Frequent item sets method relies on a notion of 615

support (i.e. the number of documents represented by a given cluster) and makes it possible to follow through time the 616

presence of papers mentioning a particular combination of terms. On the other hand, the max cliques technique will 617

21In Fig.9, with CNRS , the use of � = 1 increases the number of branches by 20 compared to � = −1 and thus improves the quality of the
phylomemy for low value of �, i.e, when high precision is required.

22The maximal clique algorithm [4] finds all the largest cliques in a graph ; the frequent item set algorithm find all sets C such as all elements
of C appear together in at least one document.
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Figure 9: Quality comparison by a variation of sensibility for four distinct corpora.
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Figure 10: Comparison of performance between the frequent item set and the max clique techniques for four distinct
corpora.

allow to detect cliques of terms that are not explicitly associated together in a single article, thus making it possible 618

to detect emerging domains before they are consolidated through publications. Consequently, each approach produces 619

different phylomemetic shapes that might answer different research questions. 620

Exploring different reconstruction workflows is consequently not only about improving performance. It also in- 621

volves comparing the respective contributions of each option to the characterization, at different level and scales of 622

observation, of the case studied. Going back to D’Alembert’s analogy mentioned in 1, the phylomemy reconstruction 623

can be seen as an exploration tool or as a telescope where each operator of the whole workflow is a slot designed to 624

embed specific lenses; and choosing a suitable lens remains the prerogative of the analyst. 625
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5.2 Embodied cognition and users’ preferences 626

Although it is common practice to take users’ preferences into account in information retrieval tasks (cf. [30, 54] 627

for examples), it is much less common in the literature on science and knowledge mapping (left part of SI Fig 12). One 628

reason could be that this field of science aims to provide as objective a view as possible of a whole scientific landscape, 629

with the hope that we can capture some basic truth about what that landscape is. We must not forget, moreover, that 630

part of this literature has its origins in scientometrics, one of the goals of which was to assess scientific production. 631

This evaluation should therefore not depend on the evaluator. 632

In this paper, we propose a third way between the temptation to reach an absolute ground truth and the ad-hoc 633

adaptation to a particular user’s preferences. 634

The present operation of reconstruction acknowledges that knowledge dynamics dwell in a very high-dimensional 635

space  whose which elements require to be projected in a lower-dimensional space  in order to be grasped by the 636

human mind. It also takes place at the level of a collective representation of a body of knowledge: once the perimeter 637

of the representation has been defined via a corpus and a vocabulary ( and ), the aim is to find a representation that 638

can be common to any question formulated on the basis of this vocabulary by a community of users. These constraints 639

lead us to make the distinction between two classes of adaptation to the user’s preferences23: 640

• The choices of a level and a scale allows users to agree on the intrinsic and extrinsic complexity of the represen- 641

tation they want to see, 642

• The choice of functionsΨ andΞ determines the aspects of the knowledge domain on which the collective interest 643

is focused and on which reconstruction should be the most accurate. 644

Consequently, while the level and scale should be considered as tunable parameters allowing users to interactively 645

explore an object, Ψ and Ξ should be viewed as parameters to be learned by the system in a semi-supervised way, in 646

order to maximize its relevance as a coordination tool for a collective. Ψ models the order in which users inspect the 647

branches of knowledge when several of them are relevant to answer a given question x ∈ . Ξ models the frequency 648

at which each question x is asked by a community of users. These two functions have a significant impact on the 649

reconstruction of phylomemetic networks, as documented in SI D.6, where an alternative formulation for Ξ has been 650

tested. 651

If we imagine that phylomemy reconstruction is used by a community of users to either retrieve documents or 652

collectively assess the shapes and properties of a research landscape, then Ψ and Ξ can be estimated and revised 653

according to the collective behavior of users. In this perspective, we cannot consider the representations provided by 654

the systems as external to users anymore. We rather have to see these representation as co-constructed through the 655

users’ interactions with a digital environment. 656

In this perspective, phenomenological reconstruction, as formalized in this paper by the chain  ⟼  ⟼  , is 657

envisioned as an interface with the digital world. It is a fundamental step in the elaboration of meaning. But it is itself 658

influenced by the meaning we give to things, encapsulated in the functions Ξ and Ψ. 659

We consequently have a circular dependency between the preferences of the members of a collective that uses a 660

device and the parameters of this same device. This circular dependency can be related to FranciscoVarela’s conception 661

of cognition [65], thought as the result of the sensory-motor interactions of a living being with his environment. In 662

this sense, our approach is in line with his epistemology of embodied cognition [66]. Collective cognition emerges 663

from morphogenetic and path-dependent processes in our interactions with our environment. By simplifying reality 664

by the transformations  ⟼  ⟼  , it allows us to grasp the complexity of structures of  despite our limited 665

cognitive capacities. Meaning emerges in those circular interactions, there is no meaning or “ground truth” outside 666

these processes. 667

Ultimately, we think that knowledge maps - and in particular those that take time into account -, when implemented 668

in certain interactive and adaptive digital devices, can embody a form of collective representation of the collective 669

knowledge produced by a community (e.g. the academic world). These representations can play, at the collective 670

level, a role analogous to individual mental representations in the theories of embodied action, and can become true 671

tools for the coordination of representations and actions among individuals. 672

23In principle, our entire methodology could also be applied to a single user asking for the best answer to a particular query independently of
potential other queries, but this is not where its originality lies.
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6 Conclusions and perspectives 673

In this paper, we have set a general framework for a phenomenological reconstruction of science and knowledge 674

dynamics from large digitized data sets. 675

We then have extended previous works, and in particular phylomemy reconstruction introduced by [16] in several 676

ways: 677

• we have formalized the notion of level and scale of knowledge dynamics as complex systems, 678

• we have proposed a new class of meaning for the reconstruction of knowledge dynamics formalized by a new 679

objective function parameterized by the level of observation, 680

• we have properly formalized the concept of phylomemy as distinct from the concept of phylomemetic networks, 681

• we have proposed a new reconstruction algorithm for phylomemetic networks reconstruction that outperforms 682

previous ones thanks to a new objective function, 683

• we have shown in case studies that this approach produces representations of knowledge dynamics close to the 684

ones that can be obtained by synthesizing the points of view of experts on a given domain (glyphosate literature 685

and knowledge and science mapping literature), 686

• we have demonstrated with cases studies that this approach can be applied to any kind of unstructured corpora, 687

even on relatively small data sets or short texts, 688

• we have proposed a new temporal clustering on dynamical graphs that is naturally part of the process of multi- 689

level and multi-scale reconstruction of phylomemies, 690

• we have integrated user preferences into our framework by providing an interaction model and contextualizing 691

the different elements of our reconstruction workflow in the theoretical framework of the embodied cognition, 692

• By applying our method to the state-of-the-art of this paper, we have illustrated how it could be systematically 693

applied to generate such extended historical analysis which might be helpful to give more context to the scope 694

and contributions of scientific papers. 695

The method proposed in this paper is moreover fully generic and can be applied to any kind of unstructured corpora 696

containing some form of collective knowledge, from social media posts to patents, as it has been demonstrated for 697

example on the WHO COVID-19 clinical trials database (cf. SI. C.3). 698

The diversity of our case studies demonstrates that the proposed methodology makes it possible to address with 699

the same methodology a wide variety of textual contents, from big data to small data, and from short texts to long 700

texts, where other approaches are more focused on specific types of data. This paves the way for cross-comparisons 701

between different knowledge production arenas via a unified methodology (e.g. academic literature, patents, news, 702

(micro-)blogs, etc.). 703

The clear distinction between the notion of levels and scales in phenomenological reconstruction of knowledge 704

dynamics might be generalized to other phenomenological reconstruction approaches. A dedicated interactive vi- 705

sualization allowing the user to navigate between scales and interact with knowledge dynamics at a given level of 706

observation has been developed and is presented in details in [45]. 707

Again, we are not claiming that the proposed approach should be used on an exclusive basis. The present recon- 708

struction would definitely gain to be hybridized with other phenomenological reconstruction methods to offer different 709

points of view to the analyst. 710

So, to answer the Little Prince, phylomemy reconstruction is a good start to produce an outline of science for him 711

to color as he wishes with complementary approaches. 712

Data availability and replication 713

All data and code used for this paper have been published in open access for full reproducibility : 714

• Data and supplementary material are available on the archive [60], 715
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• A dedicated software for interactive visualization is available on the archive [59] and presented in [45]. 716

• The haskell code developped for generating the phylomemetic networks has been integrated to the Gargantext 717

software and is available at https://gitlab.iscpif.fr/gargantext/haskell-gargantext in the branch dev-phylo (forth- 718

coming merge with the master branch). 719
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SUPPORTING INFORMATION FOR “DRAW ME SCIENCE - MULTI-LEVEL AND
MULTI-SCALE RECONSTRUCTION OF KNOWLEDGE DYNAMICS WITH
PHYLOMEMIES”
Authors

A Phenomenological and theoretical reconstruction
When facing complex systems, phenomenological reconstruction is an essential step in the modeling process (cf.

Figure 11). Phenomenological reconstruction provides both inspiration for new theoretical reconstructions and tests
for existing competing theoretical reconstructions. Theoretical reconstruction provides some indication of the objects
to be examined in phenomenological reconstruction and predicts some patterns that might be found in the latter.
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Figure 11: Articulation between phenomenological reconstruction and theoretical reconstruction in the case of the study
of science dynamics. Source:
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B In-depth state of the art
B.1 Research areas related to science and knowledge mapping

In order to identify the main areas concerned by the science map and knowledge map research areas we have per-
formed a co-word analysis on a corpora maps of 14,374 documents retrieved on 2020-04-27 in the Web of Science
with the query :

"mind map" OR "topical map" OR "knowledge map" OR "science map" OR "science mapping" OR "mapping science" OR "mapping of science"
OR "semantic map" OR "co-word" OR "co-citation" OR "cocitation" OR "co-term" OR "concept map" OR "mapping research" OR "visualization
of knowledge" OR "visualization of knowledge" OR "bibliographic coupling" OR "citation analysis" OR "topic modeling" OR "Latent Dirichlet" OR
(("text-mining" OR "text-analytics") AND (visualization OR infoviz OR "visual analytics")).

This analysis has been made with the text-mining software Gargantext (http://gargantext.org, free software). Its
main outputs are the first order map based on syntagmatic relations between terms (cf. Fig. 13), that highlight domains
produced by cohesive communities with homogeneous vocabulary ; and a second order map based on paradigmatic
relations between terms (cf. Fig. 12), that highlights domains that focus on similar scientific objects. Interactive
versions of these maps are available on http://maps.gargantext.org/maps/sciencemaps and a stand alone version can be
downloaded from the digital archive .

Fig. 12 reveals the three major scientific orientations that structure this literature:
• The bibliometrics approach (on the left) aims at the analysis of large corpora of publications in order to qualify

the underlying socio-semantic structures,
• The information retrieval and documents classification approach (on the right) aims at finding optimal methods

to interact with large corpora of publications,
• The education science and cognition approach (at the top) focuses on methods that enhance the capacities of

learners.
These three main approaches to automatic corpus analysis are, for some of them, divided into subfields of research

with different histories, often carried out by distinct communities :
1. Bibliometrics has two major components, clearly distinct on fig. 13:

• Citation and co-citation analysis The field of scientometrics emerged in the 1970s with the aim of mea-
suring and analyzing scholarly literature. Primarily focused on citation analysis and the assessment of
scientific output, it quickly diversified with the analysis of large scientific landscapes through methods
such as co-citation and bibliographic coupling . Later on, following the creation of the Web, these meth-
ods have been generalized to bibliometrics with the emergence of hyperlinked data . Methods to describe
the conceptual structures of science such as research fronts, hot topics and trends, etc. , sometimes stud-
ied together as socio-semantic networks , have come at the forefront of this research domain. Over the
last decade, a growing number of contributions have proposed temporal reconstructions of the citation
landscape .

• Co-word analysis is a bottom-up approach first developed by sociologists in the 1980s to reconstruct the
dynamics of research themes out of words co-occurrence, has developed to a generic approach to map
knowledge dynamics in unstructured corpora . Citation and co-word analysis share common objectives,
namely to understand the structures of science, which is reflected by their proximity on themap of Figure 12
where they form a whole that covers what is commonly called science of science studies. Their parallel
development quickly paved the way to hybrid research between co-word and citation analysis . Nowadays,
science maps and knowledge maps are interdisciplinary objects of research that result from both quali-
quantitative and socio-technical processes . The growth of scientific databases has finally stimulated the
visualization of wide citation landscapes or complex atlas of sciences .

2. Latent semantic analysis and topic modeling became a very active area of research in the early 2000s at the
instigation of a community of statisticians who proposed the latent dirichlet allocation method as a way to
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characterize collections of documents. Despite being focused on document classification , recommendation or
sentiment analysis , parts of their most recent works have started to investigate the field of mapping scientific
issues and their dynamics. The idea of working on latent semantic spaces has thereafter been taken up by the
machine learning community with approaches such as words embedding . These approaches belong to the same
class of language processing (dealing with the paradigmatic axis of language) and appear in the same cluster on
the map of SI Figure 13.

3. Concept and semantic maps. In the 1990s, both mapping techniques gained entry to the field of science of
education as a way to carry out knowledge integration . Influenced by psychology and cognition concerns, a
concept map can be defined as a graphical representation designed to highlight the relationships between ideas
or key concepts . It thus aims to clarify a given topic as well as its underlying cognitive structure by means of
ontologies, mind map, mental models, etc. Unlike co-words approaches, concept maps were initially supposed
to translate elements of knowledge built out of the top-down choices of learners and teachers. But the recent
influence of data mining methods has reversed this trend by increasing the use of bottom-up recommendation
systems or topic detection, along with the introduction of visualization tools .

Other research domains are not focused on developing knowledge representationmethodologies but borrow existing
techniques from these four sub-fields to study their own objects of research. Among these peripheral domains, the fields
of knowledge management , business intelligence and patent analysis stand out and are clearly visible in a fifth cluster
on SI Figure 13.

Overall, the main research communities interested in the question of knowledge dynamics are, on the one hand,
bibliometrics, with the distinct but sometimes hybridized approaches of co-citation analysis and co-term analysis, and,
on the other hand, the field of information retrieval. Finally, some recent research in the field of machine learning and
neural networks has also addressed the issue of document classification and knowledge representation.
B.2 Criteria for comparing methodologies

In order to highlight the advantages and disadvantages of the various methods found in literature for mapping
knowledge or science evolution, we have identified some of their main characteristics (summarized in Table 1 and
Table 2) :

• Focus. Part of the scientific literature and knowledge mapping focuses on the mapping of corpora covering one
of several domain of science, which is necessary if one wants, as d’Alembert put it, "to distinguish the general
branches of human knowledge, the points that separate or unite them"; another part, stemming from the domain
of information retrieval, focuses rather on the representation of knowledge covered by documents associated with
a specific query. These differences in initial objectives generally lead to very different reconstruction strategies.
We will call the first category ‘corpora based’ and the second category ‘query based’.

• Units of analysis. A first class of methods starts with the clustering of document to produce a documents
space and then extract semantic information from the analysis of the content or meta-data of these documents
; a second class of methods directly work on semantic space reconstruction by either working on key-words
or classifications (e.g. PACS or JEL codes) present meta-data or extracting terms directly from the content of
documents (title, abstract or document’s body) by way of text-mining. Methods of the first type generally belong
to the field of information retrieval and document classification ; methods of the second type generally belong
to the field of bibliometrics and science of science.

• Identification of fields of knowledge. Various methods for the identification of fields of knowledge, commonly
described as structured or unstructured set of keywords, have been proposed. Some of them pose some con-
straints on the type of temporal reconstruction that can be performed:

– Co-occurence clusters (COC). Fields of knowledge are defined as clusters in a graph of items (keywords,
terms, codes, authors, etc.) where the links between items represent their similarity or distance according
to a specific statistics on their co-occurrences.

– Topic modeled as words distribution (TM). Fields of knowledge are defined as a probability distribution
on terms appearance in a set of documents. This definition of topics is adopted in LDA and the general
branch of topic modeling,
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– Metagraph factorization (MGF). Fields of knowledge are identified as clusters in multipartite graphs where
the dimensions of the graph include content information, authors, citation data, etc. This approach conse-
quently needs well structured documents to be applied,

– Clusters in citation networks (CCN). Fields of knowledge are identified as clusters in a graph of documents
where links are based on citation data (direct citation, co-citation, bibliographic coupling, etc.). These
clusters are thereafter enriched with some labels extracted from the content of their documents. This
approach consequently needs well structured documents to be applied.

– Embedding and clusterisation (WE). Since pioneer work of , neural network have been increasingly used
to embed items occurring in documents in high dimensional metric spaces. When this embedding is made
time-dependent, these metric space can be reduced to 2D or 3D spaces where terms trajectories can ana-
lyzed or further clusterisation can take place that produces hierarchical dynamical maps of science .

• Advanced Text-mining ? (y/n): Some papers include advanced text-mining in their analysis (multi-gram ex-
traction, synonyms detection, n-gram grouping, etc.), other papers simply consider every single monogram as a
token to analyze knowledge dynamics. Obviously, the first type of approaches leads to much more meaningful
maps.

• Work on unstructured text(y/n): Somemethods require the presence of specificmetadata in order to be applied:
citation data, keyword data, etc. Others require only the presence of a string of characters in each document.

• Work on short texts(y/n): For some methods, the relevance of their production deteriorates sharply when
the number of terms per document falls below a certain threshold. This is particularly the case for LDA-type
methods, which use statistical characterization of documents based on word distribution. If the number of words
in the document is not high enough, this statistical characterization loses precision and the quality of the result
is diminished.

• Work on ‘small’ data.(y/n): Quantitative analysis of digitized corpora is based on the extraction of statistical
regularities in the data and therefore requires a sufficient volume of data. However, the volume of data required
to obtain a good representation varies considerably from one method to another. While co-word analysis can
provide acceptable representation on corpora of a few thousand documents, methods based on word embedding
and machine learning will require much more (> 100,000) to produce acceptable results.

• Unconstrained number of topics(y/n): Some methods, and in particular the initial formulation of LDA, require
the number of topics to be an a priori knowledge for the reconstruction. This is an important limitation for these
methods, as this parameter has a strong impact on the final results and their interpretation. Setting a fixed number
of topics without any further information is necessarily arbitrary and there is no reason why each period of time
should have the same number of scientific fields, regardless of the resolution of the observation.

• Evolving topics (y/n): Some temporal analysis methods require not only that a fixed number of topics per
period be pre-defined, but also that the description of these topics be the same for any period. This is obviously
an important limitation since the evolution of the subjects is one of the main pieces of information that temporal
phenomenological reconstruction could provide.

• Re-emerging topics (y/n): An important aspect of temporal phenomenological reconstruction is to detect re-
emerging topics, that might have disappeared for a while, by searching for distant predecessors or successors
of fields. This feature is absent from many papers whose methods consider only contiguous periods for inter-
temporal matching.

• Agnostic about the different dimensions of meaning (y/n). Saussure’s theory of language (, p123) distin-
guishes two kinds of relations between terms in a sentence that convey different classes of values and correspond
to two forms of our mental activity. “In discourse, on the one hand, words acquire relations based on the linear
nature of language because they are chained together. [...] Combinations supported by linearity are syntagms.
[...] Outside discourse, one the other hand, words acquire relations of a different kind. Those that have something
in common are associated in the memory, resulting in groups marked by diverse relations. [...] The syntagmatic
relation is in praesentia. It is based on two or more terms that occur in an effective series. Against this, the
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associative relation unites terms in absentia, in a potential mnemonic series.” The associative relation between
terms is also called the paradigmatic axis. While co-word methods can chose to adopt similarity measures that
focus on either the syntagmatic axis or the paradigmatic axis, methods that rely on word embedding focus only
on the paradigmatic axis (structural equivalence between words). As for methods from topic modeling and ci-
tation analysis, the distinction between these two axes of language is not made explicit in the methodology and
the description of the subjects mixes these two dimensions in an indeterminate manner.

• Allow split/merge events (y/n): In the evolution of science, certain disciplines regularly give rise to several and
others hybridize to form new ones (e.g. computational social sciences, bio-informatics, econopysics, etc.). These
important events should be described by splits and mergers in the phenomenological reconstruction of science.
While some methods take these events into account, others consider only linear inter-temporal matching.

• Multi-level (y/n): Some methods take into account the multi-level structure of science, as described in 1.2,
others do not even mention this concept,

• Multi-scale (y/n): Some methods allow to manage the complexity of the reconstruction by filtering information
or aggregating certain topics to simplify the representations. Although a significant proportion of the papers
do not conceptualize this as a multi-scale exploration of the phenomenological reconstruction, varying certain
parameters of the reconstruction in fact often allows to generate reconstructions at different scales of observation.

• Objective function (y/n): Some methods are based on an objective function that is optimized by tuning the
parameters of the reconstruction. The presence of such an objective function gives some interpretation keys to
the reconstruction and allows the continuous improvement of the methods with respect to this objective function
through the evaluation of alternatives for certain parts of the workflow.

• Internal/quantitative evaluation (y/n): Some papers compare their approach with previous published work or
alternative workflows. Others do not evaluate their methods up do this point.

• External/qualitative validation (y/n): Some papers make an external validation of the proposed methods by
applying their method to some domain of science and then comparing their results to some ground-truth like
the known history of a that domain, independent expert knowledge or literature reviews. Others do not evaluate
their methods up do this point.

• Integrate users’ preference (y/n): Phenomenological reconstruction makes it possible to design digital tools
that provide to an individual or a collective with an additional understanding of their interactions and actions on
their surrounding world. These tools should be adapted to their users’ preferences and goals. Some of previously
published work take into account this dimension (often by way of interactivity), others don’t.

• Visualization (y/n): Phenomenological reconstruction of science evolution can be analyzed by way of statistics
or descriptions of their parts but ad-hoc visualization is required to grasp their totality. Some papers develop
some ad-hoc visualization, other do not go up to this point.

• Software reproducibility (y/n): Reconstruction of science dynamics requires complex computer processing.
Papers differ in the level of reproducibility of the proposed method, the highest level of reproducibility being
when the method is implemented into a usable software.

• Open Source scripts (y/n): Whether implemented as a simple script or within software, the computer code of
a method must be open to ensure full reproducibility and verifiability of the proposed results.

Tables 2 and 1 compare key papers on knowledge and science dynamics reconstruction with regard to these criteria.
This paper is the one that has the highest coverage of all these issues.
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Figure 13: Map of the domain of science and knowledge mapping (maps: 13,844 publication meta-data extracted from
the Web of Science by using research equation B.1). Links are computed according to the confidence similarity metric
(first order or syntagmatic similarity measure). Generated with Gargantext and spatialized in Gephi with the Force Atlas
algorithm . An interactive version of this map is available at http://maps.gargantext.org/maps/sciencemaps and a
stand alone version can be downloaded from the Harvard Dataverse https://doi.org/10.7910/DVN/SBH3EI.
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C Glyphosate history
In order to evaluate our method in relation to an external referential, we compare in this section a phylomemy

based on the literature of a scientific field to the history of the same field as told by its protagonists. We chose for this
benchmark the literature on glyphosate that has several remarkable characteristics.

Glyphosate has been introduced as a pesticide in the mid seventies and became the most marketed herbicide active
ingredient by the nineties, and more or less holds that position ever since . The literature on glyphosate is therefore
quite recent, most of it being available in digital format, and the knowledge it contains is of great importance from a
health and economic point of view.

Moreover, glyphosate literature has the peculiarity that there is no consensual synthesis of the knowledge it con-
tains. Glyphosate is a controversial herbicide about which literature reviews and historical analyses are regularly
published, some emphasizing advantages of glyphosate (e.g. ) or the absence of associated risks (), others reviewing
the risks for health and environment and issues related the the emergence of herbicide resistant weeds . Although most
historical studies recognize weeds glyphosate resistance as a major issue , most reports about other possible glyphosate
negative effects are made controversial. For example, when in 2015 the International Agency for Research on Cancer
(IARC) published a monograph concluding that glyphosate “is probably carcinogenic to humans” , the assessment has
been followed by an immediate backlash from industry groups that has produced several papers pointing to bias in the
IARC study . “Additionally, in 2015, just a fewmonths after the IARCmonography published on glyphosate, the EFSA
(European Food Safety Authority, Parma, Italy), another WHO related organization, declared that it was “unlikely”
that the molecule could be carcinogenic to humans or that it could cause any type of risk to human health. The conflict
between the two organizations of the World Health Organization triggered many doubts, and for this reason, a series
of independent studies were launched to better understand what glyphosate’s danger to humans and the environment
really was” .

In such scientific context, there is a high risk of selection bias in the choice of the publications considered in
literature reviews and monographs, that is, there is a risk of cherry-picking the publications that confirm theoretical
claims rather than those that do not. This is precisely the criticism made by glyphosate advocates to the report of the
IARC. In fact, no-one can claim to have read all glyphosate related publications and the references mentioned in a
literature review are necessarily a selection that reflects what is judged the most important from the point of view of its
authors. In such situation, as highlighted by , phylomemy reconstruction could be useful to give an overall picture of
the field which would be as objective as possible in the sense that it would consider as many publications on the topic
as possible and process them equally, only on the basis of a definition of what constitutes a valid publication. Such
phylomemy could highlight, before any further considerations of what is important and what is not, the main issues
addressed by the scientific community and their global trends.

In this appendix, we compare a phylomemy built from an interdisciplinary corpora glypℎosate on glyphosate con-
stituted of 16,655 documents from 1990 to 202024 (cf. Figure 14) with a synthesis of key historical reviews written by
proponents and skeptics of glyphosate use .
C.1 Main research topics on glyphosate use

The main subdomains of glyphosate literature as referenced by and concern the biochemistry of glyphosate, weed
management with pre-emergent and later post-emergent application technology, the environmental fate of glyphosate
and adverse environmental effects of glyphosate. For more completeness of the external identification of glyphosate
sub-branches we summarize in table C.1 the main section titles of three major literature reviews on glyphosate from
different classes of protagonists of this domain of research. As a whole, they define the main research areas about
glyphosate.

24Timestamped titles and abstracts extracted from the Web of Science on June 2020 with the query “glyphosate OR roundup OR ‘round-up”’.
Because of the lack of abstracts in digital archives before 1990, we have decided to restrict our comparison on the period 1990-2020 to avoid artifacts
due to the database coverage.
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Table B.1. Summary of main research areas related to glyphosate from the main sections of literature reviews , and .
Singh et al. 2020 Environ Chem Lett.

• Uptake and translocation of glyphosate
in plants

• Mechanistic action of glyphosate in
plants

• The emergence of glyphosate-resistant
(GR) crops

• The mechanism involved in the evolu-
tion of GR crops

• Toxicity of glyphosate

• Effect on amphibians and fishes

• Effect on higher vertebrates

• Effect on humans

• Analytical detection and quantification
of glyphosate

• Chemical degradation of glyphosate

• Microbial degradation of glyphosate

• Complexation chemistry of glyphosate
with metal ions and humic acid

Duke 2018. Pest Manag. Sci.

• Pre glyphosate-resistant crops

• The golden age of weed manage-
ment; the first ten years of glyphosate-
resistant crops

• Detractors

• Darwinian reality spoils a good thing

• Unexpected phenomena of glyphosate

Székács & Darvas 2012 Herbicides-
Properties, Synthesis and Control of Weeds

• The discovery of glyphosate
• Mode of action
• Transition state analogue theory of en-

zyme inhibition
• Other biochemical effects of

glyphosate
• Pre-emergent application technology

of glyphosate
• Formulated glyphosate-based herbi-

cides
• Formulating agents
• Post-emergent application technol-

ogy of glyphosate
• Glyphosate-tolerant crops
• The effect of glyphosate-tolerant crops

on glyphosate residues
• The environmental fate of glyphosate
• Residue analysis of glyphosate
• Glyphosate and its decomposition

products
• Environmental monitoring of

glyphosate
• Adverse environmental effects of

glyphosate
• Glyphosate and Fusarium species
• Toxicity of glyphosate to aquatic

ecosystems and amphibians
• Teratogenic activity of glyphosate
• Genotoxicity of glyphosate
• Hormone modulant effects of

glyphosate and POEA
• Glyphosate resistance of weeds
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C.2 Exploration of glyphosate phylomemetic networks
First, let us note that from the mere observation of the absolute or relative publication volume of glyphosate 14,

it can only be said that interest for glyphosate has increased over time, with apparently two periods of acceleration
starting in the mid 1990s and in the mid 2010.

The analysis of the shape and content of the phylomemy reconstructed for a sensibility value of 0.7 at different
scales ( Figure 15 to Figure 19 for scales 0.99, 0.9, 0.85, 0.8 and 0.5 respectively) explain these two accelerations and
highlights other important phases of development of glyphosate research in the early 2000s and in the early 2010s.
It put forward a shift in glyphosate literature from research on its effects on plants, its benefits for agriculture and its
usages (1990-2005, a period called the ‘golden age’ of glyphosate, Figure 20) to the problem of herbicide resistant
weeds management (2005 - , Figure 21), the questions of risks for the environment, and health issues for animals (2004
- ) and its threats to humans health (2014 - Figure 22).

The detailed screening of the different phylomemy branches with the help of a dedicated visualization software
reveals that the phylomemy reconstruction also successfully maps the details of the different issues and areas of re-
search covered by the glyphosate literature present in table C.1. This can be verified in the interactive explorer of the
glyphosate phylomemy available at https://doi.org/10.7910/DVN/SBH3E.

Consequently, phylomemy reconstruction does not only succeeds in mapping the different issues and areas of
research covered by the glyphosate literature, but also successfully reconstructs the timeline for the development of
the issues identified by the main literature review of the domain.
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Figure 14: Evolution of the number of publications retrieved with the query “glyphosate OR ‘round-up’ OR roundup” ,
16,655 publication between 1975 and 2020. Blue: absolute numbers, red: relative proportions in the Web of Science
publications.

David Chavalarias, Quentin Lobbé, Alexandre Delanoë: Preprint submitted to Elsevier Page 10 of 22



Draw me Science - multi-level and multi-scale reconstruction of knowledge dynamics with phylomemies

Figure 15: The visualization of the phylomemy glypℎosate at the level � = 0.99 with branches smaller than 3 filtered out.
1,152 terms (from a list of 1,322 initial terms) appear in 3,110 groups of this single branch phylomemy computed over
16,655 documents.

Figure 16: The visualization of the phylomemy glypℎosate at the level � = 0.9 with branches smaller than 3 filtered out.
807 terms (from a list of 1,322 initial terms) appear in 1,333 groups of this phylomemy computed over 16,655 documents.
The list on the left of the figure display the most frequent terms from the scientific fields of the main branch, ordered by
the number of fields that mention them.
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Figure 17: The visualization of the phylomemy glypℎosate at the level � = 0.85

Figure 18: The visualization of the phylomemy glypℎosate at the level � = 0.8. An interactive version of this phylomemetic
network is available at http://unpublished.iscpif.org/glyphosate and can be downloaded from the archives (data),
(explorer).
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Figure 19: The visualization of the phylomemy glypℎosate at the level � = 0.5

Figure 20: The golden age of glyphosate. Research on benefits of glyphosate and its post-emergence applications (1990-
2010) � = 0.8. The corresponding branches are highlighted in red.
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Figure 21: Research on the emergence of glyphosate resistance and its mechanisms (� = 0.8). As can be seen on
this figure, this issue was mostly address over the period 2005-2020. Groups highlighted in red mention one or several
of terms related to the issue of glyphosate resistance : resistance / selection pressure / mutation / multiple resistance
/ herbicide resistance / epsps gene amplification / arabidopsis thaliana / lolium perenne / lolium multiflorum / eleusine
indica / conyza canadensis / amaranthus palmeri / ambrosia trifida / kochia scoparia / glyphosate-resistant horseweed /
echinochloa colona / conyza bonariensis / sorghum halepense / ryegrass / herbicide-resistant weed / resistant biotype.
Several branch deal with this issue, Link between branches highlight the reuse of concept from one branch in an other.

Figure 22: Research on the emergence of glyphosate-related health and environmental issues � = 0.8 As can been seen
on this figure, this issue intensified in the 2010s to become a major concern nowadays. Groups highlighted in red mention
one or several of those terms : health, toxicity, acute toxicity, human, animals, rats, cells, genotoxicity, dna damage,
hormesis, low doses, estogens hormerosis, aquatic organisms, contamination, toxicol, harmful effect, poisoning, risk, food
safety.

David Chavalarias, Quentin Lobbé, Alexandre Delanoë: Preprint submitted to Elsevier Page 14 of 22



Draw me Science - multi-level and multi-scale reconstruction of knowledge dynamics with phylomemies

C.3 Clinical trials
Several hundred clinical trials on COVID-19 were launched within a few weeks worldwide. Planned/ongoing/ter-

minated trials are being tracked by WHO and physicians.
The project Covid-NMA coordinated by the CRESS (CNRS-UMR1153) is collecting the WHO clinical trials

records and pre-process them in order to filter, clean and enrich the dataset. The aim of this database is to inform about
current studies and explore new therapeutic targets, avoiding similar studies. The database analyzed here has been
generated on 2021/01/20. It synthetizes more than 5994 arms of clinical trials related to COVID-19.

The provision of a synthetic view of these clinical trials is essential for the coordination of the research commu-
nity: to explore new therapeutic targets while avoiding similar studies. This can be achieved thanks to phylomemy
reconstruction, based on textual data mining of the metadata of these trials.

We have considered all the treatments mentioned in this data base as our list of roots  and applied the phylomemy
reconstruction workflow to the corpora of clinical trials without any filter on clique sizes. Two treatments are in the
same cluster of this phylomemy at a given period if they have been jointly tested for curing covid-19 patients.

The resulting phylomemetic network (cf. Figure 23) clearly and exhaustively depicts all the research path explored
so far in the hope of finding a cure to COVID-19. Among others, we can observe that clinical trials on hydrox-
ychloroquine belong to the most complex branch and that this compound has been combined with a large number
of other treatments (i.e. azithromycin, ritonavir, lopinavir, zinc, oseltamivir, interferon beta, umifenovir, darunavir,
tocilizumab, naproxen, dalargin, vitamin d3/b12, raltegravi) contrary to the vast majority of other treatments that form
linear branches that reflect an absence of research on potential treatment combination.

Figure 23: Phylomemetic network of the treatments mentionned in the WHO clinical trial database generated at a level
of observation � = 1 without any filter on the cliques. Fields highlighted in red are those mentioning hydroxychloro-
quine. As observed by biomed scientists, hydroxychloroquine has mobilized huge investigation efforts between June and
October 2021, being tested in combination with several other treatments before being discarded : azithromycin, ritonavir,
lopinavir, favipiravir, darunavir, nitazoxanide, zinc, ivermectinoseltamivir, sofosbuvir, daclatasvir, bromhexine, methylpred-
nisolone, interferon betaX, dexamethasone, sarilumab, tocilizumab, camostat mesilate, baricitinibumifenovir, cobicistat,
thalidomide, immunoglobulin, convalescent plasma, treatment ribavirin, ciclesonide, imatinib, sirolimus, ciclosporin, pred-
nisone, canakinumab, famotidine, omega-3, tofacitinib, lithium, trifluoperazine, atazanavir. An explorable version of this
phylomemetic network is available at https://doi.org/10.7910/DVN/WLI9B5.
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D Detail and implementation of the phylomemy reconstruction workflow
In what follows, we will detail the four operators of the phylomemy reconstruction processΦ = 4Φ◦3Φ◦2Φ◦1Φ by

first providing additional elements of vocabulary according to their order of appearance in the workflow. For the sake
of clarity, we will refer to the formalism and notations previously introduced in section 3.1 and illustrated by the figure
1. To that end, we will also take the example of science and of its digitized archives as a particular type of collective
knowledge, although our methodology can be applied on top of any kind of elements of knowledge, fromWeb pages to
industrial patents. Finally and for reproducibility purpose, we will review the Haskell implementation25 of the whole
workflow within the free software Gargantext.
D.1 Indexation (1Φ)

All co-word analyses start by combining a corpus and a structured list of terms (called map list). Both of them are
bound to evolve in a recursive and reflexive way during the phylomemy reconstruction process: the corpus is cleaned
and completed, terms are added, merged or suppressed, etc. The choice of a particular pair of corpus and map list,
associated with the choice of some reconstruction parameters (expressed as a Json file by the user), define uniquely a
phylomemy. With that in mind, the operator of indexation 1Φ can be summarized as follows:

• 1Φ.1 Identification a corpus that records a particular type of knowledge,
• 1Φ.2 Identification of the core vocabulary that describes this knowledge in the form of a list  = {ri |i ∈ } of

groups ri of terms (called roots) that convey the same meaning from the point of view of the researcher,
• 1Φ.3 Choice of time slicing method. This defines the temporal resolution of the final output (e.g., 3 year) and

an ordered series  ∗ = {Ti}1≤i≤K , Ti ⊂  , of sub-period of  ∗,
• 1Φ.4 Choice of the type of contextual units for computing co-occurrences within documents (e.g., full docu-

ments, paragraphs, sentences, etc.). This gives a resolution to the semantic proximity we will later compute,
• 1Φ.5Co-occurrence count of elements of vocabulary within the chosen contextual units of documents per period

of time,
Corpus (1Φ.1) A phylomemy is shaped on top of large corpora of scientific contributions extracted from academic
databases. The choice of the corpora is part of the research question of the investigator and its completion could be
one of the output of a phylomemy reconstruction that would highlight missing parts of literature. The identification
of the scope of the timestamped literature to be analyzed is consequently a reflexive process enhanced by phylomemy
reconstruction. It has however to start somewhere and is usually defined by a query in a search engine. We don’t
investigate this precise part here and assume that the researcher has chosen to investigate a particular corpora which
size is usually comprised between several thousands to few millions documents.
Core vocabulary (1Φ.2) The map list defines the vocabulary of interest for the domain under study. It can be estab-
lished by different means: from a scientific ontology like the Medline Mesh, from some domain specific dictionaries
or it could be extracted from the corpus itself by applying natural language processing. The most elementary part of a
vocabulary is an n-gram, that is, a contiguous sequence of n words from a given sample of text or speech (n ≥ 1). In a
quantitative analysis, there are many situations in which two n-grams convey exactly the same meaning. For example,
we rarely care about spelling differences between U.S. English and U.K English nor between synonyms, between plu-
rals and singular, between a n-grams an its acronym or about typos. But from a statistical point of view and in order
to make the upcoming visualization more readable, it is important to treat some of these terms as single entities. That
is why, we start by grouping some terms to set up our targeted level of analysis. To that end, we can here make use of
linguistic equivalences (like synonyms, singulars and plurals, translated expressions, etc.) or we can tune the grouping
operation by ourselves according to our own needs within Gargantext. A root is thus defined as a set of n-grams (e.g.,
{concept mapping tools, concept mapping tool, concept map tool, concept map tools}) that, from the point of view
of the investigator, convey a meaning equivalent to a given label (e.g, “concept mapping tools”). In the phylomemy
reconstruction workflow, co-word statistics are computed at the level of roots while visualizations only display the

25Full Haskell code is available at https://gitlab.iscpif.fr/gargantext/haskell-gargantext/tree/master/src/Gargantext/
Core/Viz/Phylo
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labels of a root item. The set of roots forms a list of pairs of type [n − gram, {n − gram set}] that shape the map list
noted  = {ri = [li, {xk}]|i ∈ } where li is the term used to label the root ri in visualizations and {xk} is the setof terms that are considered as equivalent to li for the investigator. In the following, we will always place ourselves atthe level of roots and we will mention interchangeably the roots or one of the terms of which they are composed if this
makes it easier to understand. The whole set of roots are called foundations of the phylomemy.
Temporal resolution (1Φ.3) As stated in the introduction, we aim for the reconstruction of knowledge evolution,
which means that we will follow the dynamics of terms interactions over several sub-periods of time. We expect
this evolution to be multi-scale with changes of various magnitudes from n-grams meanings to interactions patterns
that will depend on the length of the sub-periods. Since co-words analysis is a quantitative methodology based on
statistical effects, there must be enough documents to process over each sub-period in order for the similarity measures
to be statistically significant. The minimal time resolution has thus to be chosen according to the acceptable tolerance
over the imprecision of similarity measures. It can be measured for example through the distribution of confidence
intervals on pairwise similarity measures. Once defined a minimal temporal resolution, the investigator can chose a
specific temporal resolution for its observation of the temporal dynamics which results in a slicing of  into periods
of time  ∗ = {Ti}1≤i≤K , each Ti being larger than the minimal temporal resolution.  ∗ could be heterogeneous
depending on the nature of the corpora. For example, Rule et al. have proposed an original slicing method based
on homomorphic reduction of the transition matrix capturing change in key terms used over time. This makes it
possible to adapt temporal co-word analysis to corpora for which major changes in the vocabulary of documents occur
at irregular moment in time 26. As for Science, given the fact that the many subdomains have their own dynamics
with asynchronous changes in the pace of discoveries, when addressing a a priorimulti-disciplinary corpora it is more
appropriate to consider a regular and overlapping slicing of  . For a first overview of science dynamics, a resolution
of 3 to 5 years, that corresponds to the characteristic time for a PhD completion is a good start when the domains under
investigation are producing enough documents per year. Adopting a temporal sliding window with time intervals that
are shifted by one year makes it possible to observe the delta that each new year bring to the body of knowledge.
Contextual units and Co-occurrences (1Φ.4,1Φ.5) After having chosen the scope of our contextual units27, the
indexation 1Φ ends by processing the co-occurrences between the roots. This computation is ideallymade at the smaller
possible temporal resolution allowed by the corpus (all academic papers have a year of publication, all tweets are dated
down to the second, etc.). If, for example, the corpus is an academic archive covering a period  = [1990 − 2020],
the result of the indexation step will be a set of co-occurrence matrices  = {Mt, t ∈  } where each cell mti,j ofMtwill represent the number of contextual units mentioning both root i and root j at year t.
Implementation of 1Φ in Gargantext The operator of indexation 1Φ takes two input files: 1) the original cor-
pus of documents and 2) the maplist. Both files follow the CSV’s format of Gargantext, such as: 1) title; source;
publication_year; publication_month; publication_day; abstract; authors and 2) status; label;
forms. Shaped by the researcher, the maplist here associates lists of equivalent semantic forms to chosen labels. Here,
we first make use of Gargantext’s text mining mechanisms to tokenize and lemmatize each document. We then match
the resulting n-grams with their corresponding forms in the maplist and replace each of them with their respective
label. At this stage, the documents are reduced into timestamped lists of root terms. In the same time, we define a
sorted list of fixed periods on the basis of two parameters of time range and step (both in years). A given period might
thus partially overlay its successor, and so on. We next distribute the documents among the periods by means of their
publication year. We finally initialize a basic phylomemy as a data structure28 containing periods and n-grams, along
with useful elements of information like the raw number of documents per periods or the n-gram frequency throughout
time. Within each period, we turn the lists of n-grams into a co-occurrence matrix by counting the number of times
two terms jointly appear in a shared document.
D.2 Similarity measures (2Φ)

After having obtained the set of co-occurrence matrices , we move to the second step 2Φ of the workflow that
defines what is considered to be meaningful relation between root terms. In the fields of linguistics, scientometrics or

26They considered more than 200 years of The annual State of the Union addresseswhich tone where been impacted by major U.S politics events
27Thereafter, we will consider a document with its title and body as a contextual unit.
28See the Phylo Haskell type in https://gitlab.iscpif.fr/gargantext/haskell-gargantext/blob/master/src/Gargantext/

Core/Viz/AdaptativePhylo.hs
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computer sciences, several similarity measures have already been defined over a set of n-grams. To guide our choice of
similarity measures out of co-occurrence statistics, we adopt the framework of Saussure’s theory of language (, p123):

“Relations and differences between linguistic terms fall into two distinct groups, each of which generate a certain
class of values. [...] They correspond to two forms of our mental activity, both indispensable to the life of language. In
discourse, on the one hand, words acquire relations based on the linear nature of language because they are chained
together. [...] Combinations supported by linearity are syntagms. [...] In the syntagm a term acquires its value only
because it stands in opposition to everything that precedes of follows it, or both. Outside discourse, one the other
hand, words acquire relations of a different kind. Those that have something in common are associated in the memory,
resulting in groups marked by diverse relations. [...] The syntagmatic relation is in praesentia. It is based on two
or more terms that occur in an effective series. Against this, the associative relation unites terms in absentia, in a
potential mnemonic series.”

The review of those measures is out of the scope of this paper. But yet, we can here broadly detail two categories
of such metrics, that is 1) the first order metrics and 2) the second order metrics, also called 1) the syntagmatic axis
and 2) the paradigmatic axis in linguistics:

1. First order / syntagmatic axis. A first phenomena of interest is the direct interaction between n-grams in doc-
uments. In this case, the similarity measure P (x, y) between n-grams x and y is a function of the number of
documents that mention both of them. An example of such similarity measure if the confidence defined as the
maximum of the two probabilities of having a term knowing the presence of the other in the same contextual
unit (P (x, y) = max(p(x|y), p(y|x))). It has been demonstrated for example that confidence is one of the most
appropriate metrics to recover the generic/specific relationships between n-grams in an ontology-like way .

2. Second order / paradigmatic axis. A second interesting aspect of n-grams similarities is their structural equiva-
lence, that is the similarity of meaning between fragments of text. Most of the related works there assume the
Harris hypothesis and derive the similarity between two n-grams x and y from the similitude of their contexts
of appearance in the corpus. Each n-gram is thus represented by a vector or a matrix that describes its various
contexts of appearance . Reductions of dimensions or/and neural networks are then used to end with a similar-
ity measure between x and y that would be proportional to the similarity of their contexts of appearance in the
corpus.

It should be clearly stated that choosing a similarity measure will define a particular class of meanings on n-grams
interactions as well as as singular operators of projection (in the sense described in 2.3). In other words, different
similarity measures will produce distinct phylomemies. So once the similarity measure and the temporal slicing  ∗
are chosen, the set of timestamped similarity matrices can be processed. The output of 2Φ is thus a set of graphs
 = {GT = (V ,ET )|T ∈  ∗} where V is a set of vertices representing the roots of the phylomemy and ET is a set
of edges measuring the similarity between those roots over the period T . The matrices describing the weighted edges
are noted  = {WT , T ∈  ∗} where each cell wTx,y ofWT represents the similarity between x and y (i.e., weight of
the edge x wTx,y

⟷ y ∈ ET ).
Implementation of 2Φ in Gargantext The co-occurrence matrices  here become similarity matrices  by cal-
culating the confidence measure between the n-grams within each period.
D.3 Field detection (3Φ)

The matrices  and  synthesize one quantitative point of view on our corpora. At that stage, we can apply
methods from graph theory and complex networks analysis to detect remarkable structures inside  and  . These
methods are named clustering algorithms or community detection algorithms depending on the scientific community
that develop them. Community detection in graphs is a field of research on its own and, once again, several options
are available to us. Following , we will define thereafter scientific fields as cliques in  (also called groups in what
follows). One advantage of this approach is its parsimony. Since clusters define sets of nodes with strong interaction
patterns, a clique seems here to be the most suitable entity because it requires that all its elements have to be linked
to all the others. Beside being the most constrained definition, cliques also define the smallest cohesive units in a
graph. Since the phylomemy workflow builds higher order clusters from the initial clusters, taking into account both
the temporal dynamics and the  structures, the choice of cliques as basic clusters will allow us to obtain the finest
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possible resolution thereafter. Last, since cliques overlap, the different meanings of a given term can be represented
by its participation to different cliques. Consequently, clique detection is the most parsimonious choice that offers
the largest latitude to achieve multi-level temporal reconstruction. Clique detection generates a very high number of
clusters, some being included in others which produces a form of redundancy. Moreover, given that  is a weighted
graph, it is possible to further characterize cliques by means of indicators based on the strength of their links that
reflect the attention (in terms of number of papers produced) of the scientific community for the corresponding topics.
It has already been shown that such indicators could be correlated with the fate of a research domain in a phylomemy .
The set of all possible cliques can consequently be filtered to improve the degree of informativeness and accuracy of a
phylomemy. This filtering also helps to make the full workflow more tractable. The output of 3Φ is thus a set of roots
clusters computed over  ∗: ∗ = {T |T ∈  ∗} with T = {Cj|j ∈ JT , } where Cj = {ri |i ∈ j ⊂ }. We will
note  = ⋃

T∈∗ T the set of all clusters over all periods.
Implementation of 3Φ in Gargantext Within each period, in order to turn  and into sets of groups T = {Cj|j ∈
JT , }, we let the user choose between two clustering techniques:

1. The Frequent Item Sets (FIS). Given a minimum frequency threshold, FIS are here sets of n-grams that jointly
occur in a minimum number of documents (called support). To that end, we make use of the Haskell’s imple-
mentation29 of the Linear timeClosed itemsetMiner algorithm (LCM) . The resulting FIS are then filtered by
a minimum value of support and size (i.e., number of n-grams in a FIS). We finally remove the FIS that are
included within larger ones. If a given period eventually ends up without any FIS, we lower both the support
and the size until we succeed in repopulating it. We thus aim to avoid reconstructing hollow phylomemies.

2. The Maximal cliques (MC). In a given graph, MC are complete sub-graphs of co-occurring n-grams that cannot
be extended by adding one or more adjacent nodes. In our case, we start by filtering the conditional probability
graph either with a fixed threshold on the probability values or by selecting a maximal number of out-neighbors
per n-grams. We then make use of Gargantext’s MC detection technique . The resulting cliques are finally
filtered by size and by following an equivalent repopulation mechanism for empty periods.

As Fis have the particularity to be directly linked to a number of documents of appearance (by means of their
support), using them to build a phylomemy will produce more generic and lately established scientific fields. On the
contrary, the MC will capture early dynamics through broad associations of similar papers. Once the fields are shaped,
we include them, period by period, in our phylomemetic data structure. The phylomemy is now made of orphans
timestamped groups of n-grams.
D.4 Inter-temporal matching (4Φ)

Once the fields of knowledge have been identified for a given spatio-temporal resolution, the operator of inter-
temporal matching 4Φ reconstructs the lineage between these fields. It assigns to every field a set of parents and children
that highlights a continuity over time of the research questions or objects of study addressed by the corpus. The output
structure is a phylomemy that can be further explored, quantified and visualized. An upstream only inter-temporal
matching might miss some splitting events where one field gives birth to several others. For this reason, in the whole
workflow we will do both upstream and downstream inter-temporal matching to optimize the identification of both
merging and splitting events in a phylomemy. We consequently consider the function 4Φ≻� ∶  × [0, 1]⟼ ((), w):

4Φ≻� (C
T ) = ({Cj ∈ �≻CT }, w)

Where:
• �≻

CT
= argmaxΔ(CT ,�)[ argmin{�⊂T ′≻≻T |Δ

(

CT ,�
)

≥�}
{�(CT , �)}],

• T ′≻≻T = {CT ′ ∈ |T ′ ≻≻ T }) is the set of all clusters of  which period is strictly a posterior to T ,
• w ∈ [0, 1] is the association strength of �≻

CT
,

By combining upstream and downstream inter-temporal matching, we obtain the symmetric function 4Φ ∶  ×
[0, 1]⟼ ((), w)2 defined as: 4Φ�(C) = ((4Φ≺� (C), 4Φ≻� (C)).

29See https://lig-membres.imag.fr/termier/HLCM/hlcm.html
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Implementation of 4Φ in Gargantext The operator of inter-temporal matching 4Φ aims to weave kinship connec-
tions between the groups from one period of time to another and for a given similarity threshold � ∈ [0, 1]. We process
it from the groups of the most recent periods to the groups of the oldest ones and, for each of them, we successively
try to find both upstream (i.e., the parents) and downstream (i.e., the children) inter-temporal links able to satisfy �.
Within a given period Ti, we start by framing the ranges of upstream/downstream matching periods [Ti+1, Ti+t] and
[Ti−1, Ti−n] by taking into account a time window parameter t, t ≥ 1. We gather their corresponding groups and reduce
them as a list of possible parents/children candidates. Thus, any parent candidate Ck, k ∈ [Ti+1, Ti+t]will have to shareat least one n-gram with the current targeted group Cj , j ∈ Ti. The matching strategy now consists in finding kinship
connections between Cj and singles or pairs of candidates from Ti+1. If no singles/pairs from Ti+1 are strong enough tosatisfy �, we extend the making of the singles/pairs to the candidates from [Ti+1, Ti+2] and so on until [Ti+1, Ti+t]. In apair of candidates, at least one the two groups must come from the oldest period of the current time window. We here
make use of the inter-temporal matching function 4Φ�(C). Once one or more singles/pairs of parents/children have
satisfied the threshold �, we sort and group them by decreasing value of similarity in order to only keep the strongest
set of parents/children. We repeat this operation for all the targeted groups and add the resulting kinship connections
in our data structure as sets of weighted pointers. The branches are finally identified and named by looking for all the
newly shaped connected components of groups. A reference to their belonging branch is set up within the groups.
D.5 The sea elevation and its implementation in Gargantext

The operator 4Φ is managed by a sea levelmechanism detailed in 3.2.4. There, regarding an initial level of similarity
�0 and a fixed increment, 4Φ is recursively and locally processed within each of the branches sorted by size. An initial
inter-temporal matching task is first fulfilled at �0 to set up the sea level algorithm. The latter is next executed for
increasing value of � while the outcomes of 4Φ satisfy the overall objective function F�(') described in 3.2.3 and
parameterized by the level of observation � ∈ [0, 1]. After each elevation, we update the branches names by re-
indexing the steady ones and framing the emerging ones. Branches references within the groups are updated as well.
D.6 Alternative choice function Ξ

As described in section 5.2, the choice functionsΨ and Ξ that model the users’ preferences are key building blocks
of the quality function F�. In order to explore the effects of changing these functions, we have experimented an
alternative Ξ that weights a term x by its frequency px in .

With this new Ξ, the objective function F�(') described by Equation 2 can be written as follows (Equation 6):

F�(') = Σx∈
px

Σy∈py
.ΣBk∈xk

|Bk|
ΣBj∈xk |Bj|

.F�(x, k) (6)

Applying the same analysis as in 4.1.2 with the parameters of Table 4 we obtained the results described in Figure 24.
These new results confirm that the sea-level rise algorithm outperforms the original method.
A qualitative analysis of the phylomemies obtained by this variant led us to conclude that this alternative Ξ function

leads to qualitatively less informative phylomemies than the ones reconstructed with Equation 4 and reviewed in the
core of this article. Our hypothesis is that, from the cognitive points of view, interesting terms are not the most frequent
ones nor the least frequent ones, but those that have intermediate level of frequencies. We conjecture that the most
meaningful phylomemies for a given community of users will be reached by choosing Ξ as suggested in section 5.2,
i.e. through the analysis of the queries frequencies in a scholar database ; and that doing so, Ξ should display a bell
shape with respect to terms frequencies.
D.7 The ghost ancestors and their implementation in Gargantext

The ghost ancestors mechanism is introduced in 3.2.6 for reuniting branches heads and reducing artificial branches
splits. For a given branch Bk, the latter mechanism relies on the last level of elevation �Bk reached by the branch’s
head CT (i.e., the oldest group of Bk). In order to do this, we manage to keep on the fly a trace of the branches drifting
history within the data structure of the groups throughout the whole sea elevation process and evolution of �. After
having found ancestors, we store the resulting ghost pointers in the phylomemy and re-index the new branches names
and references if needed.
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Figure 24: Comparison between the sea-level rise and the uniform projectors for four distinct corpora with the objective
function of Equation 6.

D.8 The scales of observation and their implementation in Gargantext
In order to take into consideration the scales of observation investigated in 3.2.5, our implementation let the user

choose between two approaches. The first one relies on the sea level mechanism and consists in re-processing it until
� = 1 on the basis of a phylomemetic network ' obtained in D.5. Within each of the branches, groups connections
will thus break up once again and give us a new drifting history related to specific values of �. The latter are then
stored within the data structure of the groups and eventually used for zooming purposes in a dedicated visualization
system . The second one is based upon a synchronic clustering process. By using the matching function of ??, we here
weave new kinship connections between groups that belong to a shared period30. We end up with a synchronic graph
of similarity per period that we later prune by means of a similarity threshold parameterized by the user. We finally
compute the remaining connected components and turn them into new larger groups. This second approach leads to
branch mergers.
D.9 Post-processing and its implementation in Gargantext

The various post-processing tasks aim to prepare a given phylomemetic network' for its exportation and eventually
its visualization. For each of the branches obtained in D.5, we first place ourselves at the height of their last local �
elevation and select the corresponding groups and kinship connections. The latter will next go through four subsequent
operators:

1. The metrics. Here we enrich the groups with various dynamical information. First, we determine whether a
given n-gram is emerging (i.e., used for the first time in ') or decreasing (i.e., used for the last time in '). Next,
we compute for each ngrams their scores of genericity, specificity and inclusion as well as a measure of tf-idf
calculated within their respective branch. We also enrich the whole branches with information about their age,
date of birth and size.

30The user can here choose to process the synchronic clustering within the scope of single branches or between sibling branches (i.e., branches
that split at a shared similarity level �Bk ) or between all the branches.
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2. The labeling. Here we label the branches and the groups to give them a meaningful and human readable name.
For a given group, the label is made of its two most inclusive n-grams formerly selected among the emerging
ones if they exist. For a given branch, the label is made of the two n-grams that have the highest tf-idf score and
also formerly selected among the emerging ones.

3. The sorting. Here we sort the branches by making use of the hierarchical clustering inherited from 3.2.4. By
doing so, we bring similar branches closer and move the ones that split at a low level of � away. Closely related
siblings branches are finally sorted by ascending date of birth.

4. The filtering. Here we filter the smallest branches in order to clarify the upcoming visualization of '. We thus
let the user select a minimum number of periods and we then move away the branches that do not cover a time
window superior or equal to the this threshold.

D.10 Export and its implementation in Gargantext
The phylomemetic network ' is now ready to be exported and recorded on a file. We here choose to rely on the

spatialization features of Graphviz31 to render our phylomemy. We thus start by defining a main graph object enriched
with general information like the original number of documents, the number of exported groups, etc. We then create a
sub-graph for each of the remaining branches that we later populate with their respective groups, n-grams and kinship
connections turned into Graphviz objects. Dynamical metrics computed in D.9 are here embedded as ad hoc attributes.
We finally export our phylomemy in the form of a Graphviz Json file suitable for future visualization tasks .

31See https://www.graphviz.org/
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