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 A B S T R A C T

Assessing changes in community diversity is a central issue with regard to many fundamental and applied 
aspects in ecology, biogeography and conservation. However, some important features for the assessment of 
community by diversity measures still need to be considered to quantify spatio-temporal variation, notably their 
explicit variation through time while integrating network structure and species differences. Here we introduce a 
new framework based on complex network analysis and on an extension of Hill numbers. It encompasses three 
main aspects: i) the differences/distances between species (e.g., co-occurrence, function, phylogeny, taxonomy), 
ii) the topological properties of the network, and iii) the variability along the time dimension by introducing 
three measures quantifying the overall temporal dynamics of the network. To illustrate how the new framework 
reveals complementary patterns beyond those identified by traditional approaches in previous studies, we 
analyze two data sets that vary in both their temporal extent and the types of communities they represent: (i) 
Mediterranean exploited fish communities sampled during 25 years, (ii) Amazonian bat communities surveyed 
during 4 years. Our results showed that the fish communities could be classified into five different clusters 
according to their spatio-temporal behaviors, as well as environmental and fishing forcings. Bat community 
diversity has higher values in larger forest fragment areas, while habitats with small areas exhibit very high 
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changes through time mainly due to species turnover. By simultaneously incorporating essential features of 
communities, the new framework enhances identification of their spatio-temporal trends, and helps to identify 

priority zones of interest for management and conservation.
1. Introduction

Developing advanced methods able to describe the spatial and 
temporal variation of community diversity is one of the most critical 
challenges in the current context of assessing and predicting biodiver-
sity trajectories and their underlying processes, notably in response to 
global change (Sutherland et al., 2013; Socolar et al., 2016; Magurran 
and McGill, 2011; Magurran, 2013). Community diversity is widely 
quantified using measures based on species presence-absence or propor-
tions (e.g., derived from abundance, biomass or coverage), as well as 
species differences (i.e., taxonomy, phylogeny or function). A plethora 
of diversity indices and frameworks have been designed to analyze 
community diversity (Loiseau et al., 2017; Chao and Chiu, 2016; Chao 
et al., 2014; Delmas et al., 2019; Siwicka et al., 2020). Numerous 
diversity indices are available to evaluate the different facets of com-
munity diversity. For instance, species richness (S), which measures the 
number of species in a sample, is still one of the most widely used 
measures. Other indices, such as the Simpson and Shannon diversity 
indices, quantify in a single value both species richness and even-
ness (i.e., the distribution of individuals among species) with varying 
sensitivities to dominant or rare species, respectively (Peet, 1974). 
Based on these indices, the Simpson and Pielou evenness indices focus 
specifically on the evenness component (Smith and Wilson, 1996). In 
addition, complementary indices take into account species differences, 
such as taxonomic, phylogenetic, or functional differences. The latter 
are computed using various distance or dissimilarity indices based 
on a species-attribute matrix. Functional distances denote differences 
in ecological attributes or roles among species (e.g., feeding habits, 
resource utilization, or physiological features (Violle et al., 2007)). 
Taxonomic distances, in contrast, refer to the hierarchical classification 
of species based on shared morphological features, while phylogenetic 
distances represent the evolutionary relationships between species of-
ten assessed through molecular differences. One index that accounts 
for these species differences is Rao’s quadratic entropy, among others. 
This index extends the Simpson diversity index by considering species 
distances and is defined as the mean distance between two randomly 
selected individuals (or species, for presence-absence data) within a 
community (Rao, 1982; Pavoine, 2012). These indices have been used 
extensively for both terrestrial and marine ecosystems (Devictor et al., 
2010; Lefcheck et al., 2014; Mouillot et al., 2011; Stuart-Smith et al., 
2013; Granger et al., 2015). In addition, several existing approaches 
quantify temporal community dynamics from species by time matri-
ces, for example through summary measures of compositional change 
and stability, or through temporal beta diversity decomposition. The 
R packages codyn and betapart (Hallett et al., 2016; Baselga and 
Orme, 2012) provide widely used toolkits for such analyses, including 
turnover and nestedness components and a suite of community dynam-
ics measures. However, these approaches do not explicitly integrate 
network structure and species difference layers into a unified temporal 
diversity framework, for enabling the detection of temporal change in 
both composition and co-occurrence structure.

In contrast to these indices, Hill numbers provide a framework to 
characterize the diversity of an assemblage through a unified formula. 
They were first developed by Hill (1973), and later reintroduced to 
ecology by Jost (2006, 2007). Hill numbers are defined based on the 
parameter 𝑞 which determines sensitivity to the relative proportions 
of species. The Hill numbers represent the effective number of species 
(i.e. true diversity) and, depending on the q value, they mathematically 
correspond to species richness (q = 0), the exponential of Shannon’s 
entropy (q = 1), or the inverse of the Simpson (q = 2). A more detailed 
description of Hill numbers is provided in the next section. Building on 
2 
Hill numbers and a proportion component, a framework was recently 
proposed by Ohlmann et al. (2019) to enhance diversity assessments. 
Initially, the proportion was computed based on species abundance. 
Subsequently, it was also computed based on the frequency of ‘‘asso-
ciations’’ between species (e.g., co-occurrence) and the abundance of 
links (a combination of species abundance and their co-occurrence). 
This proposed framework measures diversity at three scales: locally 
(𝛼-diversity), regionally (𝛾-diversity) and among different spatial or 
temporal units (𝛽-diversity). Hill numbers are applicable across all 
three of these diversity scales. Diversity can also be measured in con-
texts beyond community diversity. For instance, Martínez-López et al. 
(2023) proposed a measure to assess the habitat diversity within pro-
tected areas (PA). The measure, termed ‘‘Terrestrial Habitat diversity 
(THD)’’, combines two components. The first is the count of terrestrial 
and marine eco-regions present in or adjacent to the PA under study, 
while the second is Shannon’s diversity index, computed using the 
proportions derived from the relative abundance of each habitat within 
a PA. Consequently, a higher THD value indicates greater habitat 
diversity in terms of eco-regions and equally represented habitats.

Over the past two decades, assemblages of species have increasingly 
been represented as networks (Tylianakis and Morris, 2017; Ohlmann 
et al., 2019; Jacoby and Freeman, 2016; Legras et al., 2019a; Interdo-
nato et al., 2017) where nodes represent species and links represent 
their ‘‘associations’’. An ‘‘association’’ simultaneously captures the co-
occurrence of species (derived from presence-absence data, abundance, 
biomass, coverage, etc.) and their taxonomic, phylogenetic, or func-
tional differences when such data are available. However, it is crucial 
to consider the network’s topology when calculating diversity metrics 
based on species presence-absence or proportions within an assem-
blage. The topology of the network refers to the arrangement of nodes 
(species) and edges (interactions), encompassing the structural patterns 
and connectivity that define the network’s overall architecture. This 
distinction is important to identify cases where two species assemblages 
share the same diversity value using one of the existing indices, but 
possess entirely different topological characteristics. As such, further 
improvements in existing diversity indices are essential to account for 
the topology of networks, thereby providing a more comprehensive and 
precise understanding of community structure and dynamics.

Moreover, the diversity of species assemblages and network topol-
ogy can change over time. Some species may increase in proportion, 
while others may appear, decline or even disappear. The diversity of 
the different timestamps of an assemblage can be assessed by using 
the framework proposed by Ohlmann et al. (2019). In this approach, 
the 𝛽-diversity is computed to compare assemblages across various 
timestamps. Nevertheless, greater emphasis could be placed on assess-
ing the overall progression of patterns of change in diversity over 
time, which would provide a more comprehensive understanding of 
temporal dynamics. To summarize, traditional diversity indices offer 
valuable insights by considering components such as species richness, 
evenness, as well as pairwise differences among species. However, they 
do not account for and capture the intricate connections and structural 
patterns within and across ecological communities, which limits our 
ability to fully grasp the dynamics of community change.

In this context, we aim to propose a new framework that integrates 
complex network analysis with traditional diversity measures, to offer a 
more comprehensive and deeper quantification of community diversity 
by taking into account both (i) the differences among the species 
(e.g., function, phylogeny, taxonomy), (ii) the topological properties 
of the network, and (iii) its variability along the time dimension. 
Incorporating these aspects for the study of community diversity al-
lows for a deeper understanding of the structural organization and 
inter-relationships among species of assemblages. By investigating the 
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topology of species networks, researchers can uncover hidden pat-
terns, identify key species and drivers, and elucidate the underlying 
mechanisms shaping community dynamics. It thus also aims to pro-
vide valuable insights for ecosystem management and conservation 
strategies in the face of global change.

To illustrate how the new framework reveals complementary pat-
terns beyond those identified by traditional approaches in previous 
studies, we analyze two data sets already investigated that vary in both 
their temporal extent and the types of communities they represent: (i) 
Mediterranean exploited fish communities sampled during 25 years, (ii) 
Amazonian bats communities surveyed during 4 years. The Mediter-
ranean Sea, recognized for its relatively high biodiversity (Coll et al., 
2010), is simultaneously one of the most threatened marine regions 
globally due to environmental changes and intensive fishing (Coll 
et al., 2012). Traditional studies using static presence-absence maps 
lacked temporal variability (Lasram et al., 2009; Coll et al., 2012), 
while investigations employing traditional diversity indices on MED-
ITS data (Spedicato et al., 2019) detected no significant temporal 
patterns, even over extended periods (18 years: 1994–2012 (Granger 
et al., 2015)). Yet, given complex interactions between environmental 
and anthropogenic drivers, some features of community diversity may 
change over time, complementing traditional indices. We also investi-
gate a bat dataset from Central Amazonia (2011–2014 (Farneda et al., 
2015)). Their work demonstrated that Amazonian bat responses to 
fragmentation vary by traits such as body size and diet, with specialists 
particularly vulnerable to habitat loss. However, the study of variation 
in bat community diversity over time, which could reveal complemen-
tary patterns to those in Farneda et al. (2015), is still lacking. By 
applying the framework to two ecologically and temporally distinct 
datasets, we also aim to demonstrate its flexibility and general appli-
cability across systems, beyond a single taxonomic group or ecological 
setting.

2. Material and methods

This section is organized to introduce the workflow before detailing 
individual indices. We first describe the stepwise scheme of the frame-
work and the construction of temporal ecological networks, then define 
strength connectivity and the two overall temporal indices, temporal 
diversity and temporal variation. Finally, we describe an optional 
module that computes pairwise community dissimilarity across time 
units, which can be used when the analysis requires direct time to time 
comparisons.

2.1. General scheme

The proposed framework consists of successive steps (Fig.  1). First, 
the network of the studied species assemblage should be constructed 
to incorporate its structure when assessing diversity. The nodes of 
the network refer to species and the links (or edges) refer to species 
co-occurrence. To this end, the co-occurrence matrix is computed us-
ing the 1-Bray Curtis index on species proportions (e.g., abundance, 
biomass, etc.) or the 1-Jaccard index on the presence-absence data 
(see Section 2.4.1). Additionally, the functional, taxonomic and phy-
logenetic matrices are defined. Subsequently, the network of species 
is constructed based on the co-occurrence matrix, with links weighted 
according to the elements from one of the species difference matri-
ces. Then, the strength connectivity measure is defined. It combines 
the strength and the centrality of each species. The strength of a 
given species can simultaneously measure its co-occurrence with its 
neighbors, and any or all of the biodiversity distances (functional, 
phylogenetic and taxonomic) with those neighbors (Scheiner, 2012; 
Vellend et al., 2011; Weiher, 2011; Villéger et al., 2008; Chao et al., 
2010). Additionally, centrality measures the structural contribution 
of the species within the network. Thus, strength connectivity incor-
porates both the species differences (function, phylogeny, taxonomy) 
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and the topological properties of the network. Next, two measures are 
defined to quantify species variability over time. The first one, tem-
poral diversity, measures the difference in species proportions across 
all timestamps. It represents the effective number of species with 
equal proportions over time. Here, proportions are computed based 
on strength connectivity. However, the strength connectivity of species 
may vary from one timestamp to another while the homogeneity of 
their assemblage remains unchanged. In such cases, temporal diversity 
will yield the same value as the classical diversity computed on each 
timestamp (refer to the fourth toy example in Section 2.4.3 for further 
details). Thus, temporal diversity does not track changes undergone 
by species across time units as long as the difference between them 
remains the same. This measure compares only species in the assem-
blage with each other throughout the timeline, without considering 
their temporal occurrences. For this reason, a second measure, temporal 
variation, is proposed to complement the first. It compares each species 
with its temporal occurrences, and it thus quantifies the homogeneity 
of their strength connectivity proportions. Thus, the goal is to deter-
mine whether species have undergone any changes over time in terms 
of their strength connectivity. Furthermore, an additional measure is 
proposed in this work. Its primary purpose is to elucidate the source of 
diversity changes over time. This measure consists of two distinct com-
ponents: the first component assesses species composition and turnover, 
while the second quantifies the differences in strength connectivity 
between the shared species of two assemblages. These three measures 
are explained in the following subsections.

The proposed framework is designed to be flexible and applicable to 
a wide variety of ecological datasets, including terrestrial, freshwater, 
and marine communities. Below, we detail a step-by-step guide for 
implementing the framework on any dataset with temporal information 
on species composition, abundance, biomass, or presence-absence:

- Step 1: Prepare the input data. Collect or organize the data into 
a matrix format where rows represent sampling units (e.g., sites 
or time points) and columns represent species. Each cell should 
contain a measure of species presence, abundance, biomass, or 
another quantitative value (e.g., density). Temporal information 
should be associated with each sampling unit to construct a 
timeline.

- Step 2: Construct the co-occurrence matrix. For each timestamp, 
compute a pairwise species co-occurrence or similarity matrix. 
For quantitative data, the 1-Bray-Curtis index is appropriate; for 
presence-absence data, the 1-Jaccard index. This matrix captures 
the degree of co-occurrence or association between species at 
each time point.

- Step 3: Integrate species differences (optional but recommended). 
If available, build matrices capturing pairwise species differences 
based on: (i) functional traits (e.g., Gower or Euclidean distances), 
(ii) phylogenetic relationships (e.g., from molecular phylogenies), 
or (iii) taxonomic classification (taxonomic rank dissimilarities).

- Step 4: Build temporal networks. For each time point, build 
a weighted network of species where nodes represent species 
and edges represent co-occurrence or association strength. Edge 
weights may be further modified by functional, phylogenetic, or 
taxonomic distances.

- Step 5: Calculate node strength and connectivity. For each species 
(node) in each temporal network: (i) compute co-occurrence 
strength as the sum of edge weights, (ii) optionally integrate 
functional/phylogenetic/taxonomic strength, (iii) compute de-
gree centrality (normalized) to capture structural position, and 
(iv) derive the strength connectivity value for each species by 
combining strength and degree (Eq.  (14)).

- Step 6: Compute assemblage strength connectivity (ASC). For 
each time point, compute the proportion of each species’ strength 
connectivity relative to the sum across all species in the assem-
blage (Eq.  (15)).
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- Step 7: Calculate temporal diversity and variation. Using the ASC 
proportions: temporal diversity (Eq.  (19)) measures the effective 
number of species maintaining consistent structural roles across 
time, while temporal variation (Eq.  (25)) assesses how much the 
role of each species changes over time.

In addition to these two temporal indices, a third measure can be 
computed to assess pairwise community dissimilarity between time 
units, which provides a direct time to time comparison of community 
states.

2.2. Graph measures

Complex networks or graphs are collections of interconnected en-
tities with a complex internal structure. They are common in both 
natural and man-made systems, and serve as a fundamental framework 
for modeling and understanding phenomena across various domains, 
including ecology (Ghalmane et al., 2020a, 2021, 2022; Al Tfaily et al., 
2025; Termos et al., 2023). Various measures provide valuable insights 
into the properties of a network. Global metrics, such as Density, 
Transitivity, and Diameter offer information about the overall network 
structure, while node-specific measures such as Degree and Between-
ness centralities, focus on the characteristics of individual nodes within 
the network. These measures are defined as follows:

2.2.1. Transitivity
The transitivity of the network is its overall probability of having ad-

jacent nodes interconnected. This can be measured using the following 
equation (Newman, 2018): 

𝑇 =
3 × number of triangles in the network

number of connected triples of nodes in the network (1)

2.2.2. Density
The density of a network is a measure of how many edges between 

nodes exist compared to how many edges are possible between the 
nodes. It is the fraction of the maximum possible number of edges 
in a network that is actually present. It can be thought of as the 
probability that a pair of nodes is connected by an edge. It is defined 
as follows Newman (2018): 

𝐷 = 2𝐸
𝑁(𝑁 − 1)

(2)

where 𝐸 is the number of edges in the network and 𝑁 is the number 
of nodes in the network.

The links connected to each node play a critical role in determining 
the node’s influence and its overall dynamics within the network. 
This is why it is essential to measure the network’s density to gain 
a comprehensive understanding of how nodes are interconnected. Its 
values range from 0 and 1; a higher value indicates that the nodes 
(species) in the network are strongly interconnected with one another.

2.2.3. Diameter
The diameter (Newman, 2018), 𝑑, is defined as the longest of all the 

shortest paths (geodesics) in the network.

2.2.4. Assortativity
Assortativity (Newman, 2018) in a network refers to the tendency of 

nodes to connect with other ‘similar’ nodes over ‘dissimilar’ nodes. To 
measure this similarity, Pearson correlation is used between two nodes.
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2.2.5. Degree centrality
It is a local, classical centrality measure that quantifies a node’s 

importance by counting the number of its neighbors within a network. 
It is one of the simplest centralities to compute. Nodes with high 
Degree centrality have numerous direct connections, highlighting their 
strong network connectivity and significant role within the network. 
The Degree centrality 𝐶𝐷 of a node 𝑖 is given by Das et al. (2018): 

𝐶𝐷(𝑖) =
𝑑𝑖

𝑛 − 1
(3)

where 𝑑𝑖 is the number of neighbors of node 𝑖 in the network and 𝑛 is 
the total number of nodes in the network.

2.2.6. Betweenness centrality
It is a global, classical centrality measure that quantifies a node’s 

importance within a network by determining how frequently it appears 
on the shortest paths between pairs of other nodes. Nodes with high 
Betweenness centrality serve as a bridges facilitating communication or 
information flow between different parts of the network. The equation 
of this centrality is expressed as follows Das et al. (2018): 

𝐶𝐵(𝑖) =
∑

𝑠≠𝑖≠𝑡∈𝑉

𝜎𝑠𝑡(𝑖)
𝜎𝑠𝑡

(4)

where 𝑉  is the set of nodes in the graph, 𝜎𝑠𝑡 is the total number of 
shortest paths from node 𝑠 to node 𝑡, and 𝜎𝑠𝑡(𝑖) is the number of shortest 
paths from 𝑠 to 𝑡 that pass through node 𝑖. Note that Salathé et al. 
showed in a previous work (Salathé and Jones, 2010) that local and 
global measures are strongly correlated when the network is densely 
connected and has a weak community structure. Hence this justifies 
the choice of a local measure over a global one.

2.3. Hill numbers

Hill numbers (also called the effective number of species) are a 
parametric class of diversity measures that incorporates both species 
richness and proportions. Consider an assemblage containing 𝑆 species 
indexed by 𝑖 = 1, 2, ..., 𝑆, and 𝑝𝑖 denotes the relative proportion of the 
𝑖th species. The Hill numbers equation is defined when 𝑞 ≠ 1 as (Hill, 
1973): 

𝐷𝑞(𝑝) =

( 𝑆
∑

𝑖=1
𝑝𝑞𝑖

)

1
1−𝑞

, 𝑞 ≥ 0, 𝑞 ≠ 1 (5)

where 𝑝𝑖 stands for the proportion of species 𝑖. The parameter 𝑞 refers to 
the sensitivity of the measure to the relative proportions, as 𝑞 increases, 
increasingly more importance is given to the most common or abundant 
species.

When 𝑞 = 0, Eq.  (5) represents simply species richness. It is 
undefined when 𝑞 = 1, but it is equal to the exponential of the popular 
Shannon entropy if 𝑞 tends to 1 (Hill, 1973): 

𝐷𝑞(𝑝) = lim
𝑞→1

𝐷𝑞(𝑝) = 𝑒𝑥𝑝

( 𝑆
∑

𝑖=1
−𝑝𝑖𝑙𝑜𝑔(𝑝𝑖)

)

(6)

By using this measure, each species is exactly represented by its rel-
ative proportion. When 𝑞 = 2, Eq.  (5) is defined as the inverse of 
Simpson (Hill, 1973): 

𝐷2 = 1
∑𝑆

𝑖=1 𝑝2𝑖
(7)

This diversity measure gives more weight to the species with higher 
proportions (i.e, more dominant species), and strongly neglects rare 
species. Generally speaking, the diversity of general order 𝐷𝑞 (for all 
the values of 𝑞) represents the effective number of species. It is the 
number of species that there would be, if all individuals were equally 
distributed among species (i.e., if they had the same proportion).

True diversity assessed by Hill numbers do not account for the 
structure of the network of species, even though it is crucial to consider 
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Fig. 1. General scheme of the proposed framework. This workflow illustrates the step-by-step implementation of the framework, from data preparation and 
network construction to the calculation of temporal diversity and variation measures. Each box represents a key computational step, with arrows indicating 
the flow of information. The framework is intended for datasets with repeated sampling over time, sufficient replication within each time unit to estimate 
co-occurrence structure, and consistent sampling design across time steps. In practice, reliable inference typically requires multiple sites or samples per time 
unit, a sufficient number of time units to characterize trajectories, and an adequate sample size to reduce spurious co-occurrence links. Detailed implementation 
guidance is provided in Section 2.1.
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Fig. 2. A toy example of two assemblages 𝐴1 and 𝐴2 with five species each. The weights on nodes represent the abundances of species, while the weights on 
links (highlighted in blue) represent the co-occurrence frequency of two species. Despite the fact that 𝐴1 and 𝐴2 have different topologies, they have the same 
species abundance-based diversity 𝐷(𝐴1) = 𝐷(𝐴2) = 4.49. They have also the same diversity computed on the probability of associations 𝐷′(𝐴1) = 𝐷′(𝐴2) = 4.76. 
This highlights the importance of considering species network structure when assessing the diversity.
its topology when computing the diversity to differentiate species 
assemblages (see introduction). For instance, let us assume that the 
abundance-based diversity of an assemblage 𝐴 is denoted 𝐷(𝐴) (the 
proportion 𝑝 of Eq.  (5) in this case represents the abundance frac-
tion of each species), while the diversity based on the probability 
of associations is denoted 𝐷′(𝐴) (the proportion 𝑝 of Eq.  (5) in this 
case represents the probability of association between species). Fig.  2 
represents a toy example where both species assemblages 𝐴1 and 𝐴2
have the same values of the diversity computed on the proportion of 
the abundance of species (𝐷(𝐴1) = 𝐷(𝐴2) = 4.49). The two assemblages 
also have the same values when the diversity of the probability of 
associations is computed (𝐷′(𝐴1) = 𝐷′(𝐴2) = 4.76). However, these 
species assemblages differ entirely in their topological properties. This 
highlights the importance of considering species network structure 
when assessing the diversity, an approach that will be introduced in 
the proposed framework presented in the next subsection.

2.4. Methodological development

Let 𝐴 be an assemblage of species varying in a timeline 𝑇 =
{𝑡1, 𝑡2,… , 𝑡𝑘,… , 𝑡𝑣}, where 𝑡 stands for a timestamp. The granularity (or 
resolution) of 𝑡 may be year, month, week, days, minutes etc. depending 
of the application. The proposed framework can be, then, applied to the 
pool of species under study in order to assess its temporal diversity. 
Its general steps are provided thereafter. All the symbols used in this 
manuscript are defined in Table  1.

2.4.1. Similarity matrix
The similarity matrix allows to represent an assemblage 𝐴 of 𝑆

species. Its elements denotes the similarity or the 1-distance between 
species, that is to say the differences between them (such as taxonomic, 
phylogenetic or functional differences). Therefore, different values and 
indices could be chosen based on the specific objectives of each study 
and the nature of the available data. For instance about functional 
diversity, the matrix may represent the functional matrix computed by 
using the Euclidean distance (for quantitative traits) or the 1-Gower 
index (mixture of trait types) based on the trait matrix (i.e, species in 
rows and functional traits in columns). The elements of the similarity 
matrix may also refer to the similarities between species according to 
their taxonomic or phylogenetic relatedness, depending on the data 
available and objectives.

Here, 𝑊𝐴(𝑡) = [𝑤𝑖𝑗 (𝑡)] represents the co-occurrence matrix or the 
Bray-Curtis matrix. 𝑤𝑖𝑗 (𝑡) is the 1-Bray-Curtis index (Legras et al., 
2019b), and represents the probability of association, computed for 
species pairwise (and not sample pairwise as traditionally used), or co-
occurrence frequency between each pair of species 𝑖 and 𝑗 at time 𝑡 ∈ 𝑇 . 
The 1-Bray-Curtis index 𝑤𝑖𝑗 is given as follows: 

𝑤𝑖𝑗 (𝑡) = 1 −

∑𝑢
𝑘=1

|

|

|

ℎ𝑖𝑘(𝑡) − ℎ𝑗𝑘(𝑡)
|

|

|

∑𝑢 ∑𝑢 (8)

𝑘=1 ℎ𝑖𝑘(𝑡) + 𝑘=1 ℎ𝑗𝑘(𝑡)
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Table 1
 Names and interpretations of the different symbols used in this manuscript.
 Symbol Name & interpretation
 𝐴 Assemblage of species  
 𝑆 Number of species in the assemblage  
 𝑇 Set of the timestamps of the assemblage or the timeline  
 𝑡𝑘 Timestamp  
 𝐴(𝑡𝑘) Assemblage of species at time 𝑡𝑘  
 ℎ𝑖𝑘 Proportion of the species 𝑖 (e.g, abundance, biomass, ..) in the 

sample of species 𝑘
 

 𝑊𝐴 Co-occurrence matrix of the assemblage 𝐴 (or Bray-Curtis matrix)  
 𝑤𝑖𝑗 Elements of the co-occurrence matrix computed based on 

1-Bray-curtis index between species 𝑖 and 𝑗
 

 𝐹𝐴 Functional/phylogenetic or taxonomic matrix  
 𝑓𝑖𝑗 Functional/phylogenetic or taxonomic 1-distance computed between 

species 𝑖 and 𝑗
 

 𝑎𝑖𝑗 It is equal to 1 when a link exists between nodes 𝑖 and 𝑗 (the 
elements of the adjacency matrix of the network)

 

 𝑚𝑖 Co-occurrence strength of species 𝑖  
 𝑒𝑖 Functional/phylogenetic or taxonomic strength of species 𝑖  
 𝑟𝑖 Strength of species 𝑖  
 𝑑𝑖 Degree of species 𝑖  
 𝑧𝑖 Strength connectivity measure of species 𝑖  
 𝜌𝑖 Assemblage Strength connectivity proportion (ASC) of species 𝑖  
 𝜑𝑖 Temporal Strength connectivity proportion (TSC) of species 𝑖  
 𝐶𝑖 Set of the Assemblage Strength connectivity for species 𝑖 computed 

on each timestamp
 

 𝐽 (𝑥𝑖) Set of the time units 𝑡𝑘 when the proportion 𝑥𝑖 is defined 
(𝜌𝑖(𝑡𝑘) = 𝑥𝑖)

 

 𝐷𝑞 (𝐴) Temporal diversity of general order of an assemblage 𝐴  
 𝛿𝑞 (𝐴) Normalized temporal diversity of general order of an assemblage 𝐴  
 𝐵𝑞 (𝐴) Temporal variation of general order of an assemblage 𝐴  
 𝜃𝑞 (𝐴) Normalized temporal variation of general order of an assemblage 𝐴  

where ℎ𝑖𝑘 represents the quantity (e.g., abundance, biomass, coverage) 
of the species 𝑖 in the sample 𝑘, and 𝑢 is the total number of samples 
in the assemblage 𝐴. In some cases, one can find two species with a 
high number of occurrences of being seen together but with very small 
quantities. This is why it is quite important to combine both the fre-
quency of co-occurence and the quantity (proportion) of species. Note 
that the co-occurrence matrix is used to weight the network of species 
(so-called the co-occurrence network), where 𝑤𝑖𝑗 (𝑡) representing the 
1-Bray-Curtis, is used as weights of its links at time 𝑡.

In this paper, we consider that the matrix 𝐹𝐴(𝑡) = [𝑓𝑖𝑗 (𝑡)] denotes 
the functional/phylogenetic or the taxonomic 1-distance between the 
species of the assemblage 𝐴 at time 𝑡.

2.4.2. Strength connectivity measure
This new measure is based on the strength and the connectivity 

of each node (species) of the assemblage. On one hand, connectivity 
in a network, computed through degree centrality in ecology, primar-
ily reflects the number of relationships each species has within the 
assemblage. On the other hand, strength represents the sum of the 
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weights of a node’s links, essentially quantifies the overall importance 
or influence of a species within an assemblage by considering the 
combined intensity of its relationships with other species. The purpose 
of this combination is to also introduce the topological structure of the 
network of species when computing the diversity. This helps prevent 
the case where two species assemblages exhibit the same diversity but 
possess a completely different topological structure (as explained before 
in the toy example given in Fig.  2).

The strength of a node is calculated as the sum of the weights of all 
its links. The co-occurrence strength of a given node 𝑖 in a network of 
species at time 𝑡 is given by: 

𝑚𝑖(𝑡) =
𝑆
∑

𝑗=1
𝑤𝑖𝑗 (𝑡) × 𝑎𝑖𝑗 (𝑡) (9)

where 𝑤𝑖𝑗 is the co-occurrence frequency of the edge between the 
species 𝑖 and 𝑗. 𝑎𝑖𝑗 is equal to 1 when a link between nodes 𝑖 and 𝑗
exists. 𝑆 is the number of species in the assemblage 𝐴.

The strength of species can also integrate some or all among-species 
differences (function, phylogeny and taxonomy). This ensures that the 
strength of a given species can simultaneously measure the probability 
of its association with its neighbors (ego network) in terms of co-
occurrences (using the Bray Curtis similarity as it is shown in Eq.  (9)), 
functional, phylogenetic, or taxonomic distances with their neighbors. 
The functional/phylogenetic or taxonomic strength of the species 𝑖 is 
defined as: 

𝑒𝑖(𝑡) =
𝑆
∑

𝑗=1
𝑓𝑖𝑗 (𝑡) × 𝑎𝑖𝑗 (𝑡) (10)

where 𝑓𝑖𝑗 is the functional/phylogenetic or taxonomic 1-distance be-
tween the species 𝑖 and 𝑗. 𝑎𝑖𝑗 is equal to 1 when a link between nodes 
𝑖 and 𝑗 exists, while 𝑆 is the number of the species in the assemblage 
𝐴. From the Eqs.  (9) and (10) defined above, the total strength of the 
species 𝑖 can be defined as follows: 

𝑟𝑖(𝑡) =
𝑚𝑖(𝑡) × 𝑒𝑖(𝑡)

max𝑖∈𝐴(𝑚𝑖(𝑡) × 𝑒𝑖(𝑡))
(11)

where 𝑚𝑖 is the co-occurrence strength, and 𝑒𝑖 is the functional/
phylogenetic or taxonomic strength of the species 𝑖. In cases where the 
functional, phylogenetic and taxonomic 1-distances are unavailable, the 
total strength is computed solely based on the co-occurrence strength: 

𝑟𝑖(𝑡) =
𝑚𝑖(𝑡)

max𝑖∈𝐴(𝑚𝑖(𝑡))
(12)

The degree of a node 𝑖 is the number of its connections. The 
normalized degree is given by: 

𝑑𝑖(𝑡) =

∑𝑆
𝑗=1 𝑎𝑖𝑗 (𝑡)

𝑆 − 1
(13)

where 𝑎𝑖𝑗 is equal to 1 when a link between nodes 𝑖 and 𝑗 exists, while 
𝑆 is the number of the species.

Finally, based on the previous measures defined in Eqs.  (11) and 
(13), the strength connectivity measure is given by: 

𝑧𝑖(𝑡) =
√

𝑟𝑖(𝑡)2 + 𝑑𝑖(𝑡)2 (14)

where 𝑟𝑖 stands for the strength of species 𝑖, and 𝑑𝑖 stands for its degree. 
The strength connectivity 𝑧 measures both the level of involvement 
and the connectivity of a node with its neighbors (local network). Note 
that the level of involvement of a node (species) is expressed by its 
strength. It is equal to the total sum of the association probabilities 
with its neighbors, while the connectivity is expressed by the number 
of its immediate connections or the neighbors (degree).

2.4.3. Temporal diversity of species
a. Definition
First, let us define the Assemblage Strength connectivity proportion 

(ASC) of each node 𝑖 ∈ 𝐴. It is equal to its strength connectivity divided 
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by the total sum of the strength connectivity of all the nodes of the 
network (assemblage) 𝐴: 

𝜌𝑖(𝑡) =
𝑧𝑖(𝑡)

∑𝑆
𝑗=1 𝑧𝑗 (𝑡)

(15)

where 𝑆 is the total number of species in the assemblage. ASC repre-
sents the degree to which a species is associated with nearby species in 
the assemblage.

Then, let us define the set of the strength connectivity proportions 
𝜌𝑖 computed at each timestamp for a given species 𝑖. It is given by: 
𝐶𝑖 = {𝜌𝑖(𝑡) ∶ 𝑡 ∈ [𝑡1, 𝑡2,… , 𝑡𝑘,… , 𝑡𝑣]} (16)

For each element 𝑥𝑖 ∈ 𝐶𝑖, the set of its time availability 𝐽 (𝑥𝑖) is 
defined as the set of timestamps 𝑡𝑘 where 𝜌𝑖(𝑡𝑘) = 𝑥𝑖. It is given by: 
𝐽 (𝑥𝑖) = {𝑡𝑘 ∶ 𝜌𝑖(𝑡𝑘) = 𝑥𝑖 and 𝑘 = 1, 2..., 𝑣} (17)

Based on the equations determined in the previous steps, the true 
temporal diversity of general order 𝑞 ≠ 1 for an assemblage 𝐴 of 𝑆
species is defined as (Hill, 1973): 

𝐷𝑞(𝐴) =

( 𝑆
∑

𝑖=1

∑

𝑥𝑖∈𝐶𝑖

|𝐽 (𝑥𝑖)|
|𝑇 |

× (𝑥𝑖)𝑞
)

1
1−𝑞

(18)

where 𝑆𝑖 is the set of the strength connectivity of the species 𝑖 defined in 
the different timestamps. |𝐽 (𝑥𝑖)| represents the number of timestamps 
where the strength connectivity of species 𝑖 is equal to 𝑥𝑖 ∈ 𝑆𝑖. |𝑇 |
represents the total number of timestamps in the timeline.

The true temporal diversity ranges between 1 and 𝑆 (the number 
of species in the assemblage, see Table  1). For a general order of 𝑞, 
the true temporal diversity is interpreted as the effective number of 
species having equal ASC proportions in all timestamps. In other terms, 
if 𝐷𝑞(𝐴) = 𝑦, then the diversity of the assemblage 𝐴 is the same as that 
of an idealized assemblage with 𝑦 species, all of equal ASC probabilities 
across all timestamps. The true temporal diversity measures the number 
of species that would have an equal influence within its community 
across all timestamps. This helps us understand how diverse the species 
are in terms of their temporal distribution.

This measure can be normalized and represented as a dissimilarity 
measure as follows: 
𝛿𝑞(𝐴) =

𝐷𝑞(𝐴) − 1
𝑆 − 1

(19)

This measure ranges between 0 and 1. It is equal to 1 if all the species of 
the assemblage have equal ASC proportions across all time units. Note 
that this measure could be applied to the simpler case where there is 
only one timestamp. In this case, the set of the strength connectivity 
proportions (Eq.  (16)) will contain only one element. It can be noticed 
that the final equation of the temporal diversity index is formulated in 
terms of individual species rather than all pairs of species. However, 
these pairwise relationships are considered by mean of the Bray-Curtis 
dissimilarity (Eq.  (8)), and especially in the equation of the Strength-
Connectivity measure (Eq.  (15)) which considers the relationship of 
each species with the other species of the assemblage.

The Eq.  (18) is undefined for 𝑞 = 1, but as 𝑞 tends to 1, its limit is 
equal to Hill (1973): 

𝐷1(𝐴) = 𝑒𝑥𝑝

( 𝑆
∑

𝑖=1

∑

𝑥𝑖∈𝐶𝑖

−
|𝐽 (𝑥𝑖)|
|𝑇 |

× 𝑥𝑖𝑙𝑜𝑔
(

𝑥𝑖
)

)

(20)

where 𝑞 is a parameter that modulates the weight given to strength 
connectivity proportion of species. If 𝑞 = 1, each species is exactly 
weighted by its proportional strength connectivity. When 𝑞 > 1, the 
weight given to species with high strength connectivity proportion is 
preponderant, and when 𝑞 < 1, more weight is given to species with low 
strength connectivity. The temporal diversity tracks the changes that 
may affect the topology of the local network of nodes across different 
timestamps. The local network of a node is formed by its neighbors 
(also referred to as the ego network).
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Fig. 3. A toy example of an assemblage 𝐴 that varies in three timestamps 𝑡1, 𝑡2 and 𝑡3. The weights on nodes (in black) represent the abundances of species 1, 2, 
3 (circle or node), while the weights on links (in black) represent the number of times they co-occure in all the samples. The values in blue (𝑤𝑖𝑗) represent the 
weights of the links computed based on the 1-Bray-Curtis index, the values in green (𝑧𝑖) represent the strength connectivity of the nodes, while those highlighted 
in red (𝜌𝑖) represent the values of their Assemblage Strength Connectivity proportions. The temporal diversity of this assemblage is equal to 𝐷𝑞(𝐴) = 3.
b. Toy example
To illustrate the definition of temporal diversity, let us consider the 

example of an assemblage 𝐴 of three species that varies across three 
timestamps (Fig.  3). In this example, the species have the same co-
occurrence frequency with each other 𝑤12(𝑡1) = 𝑤23(𝑡1) = 𝑤13(𝑡1) =
1− (10∕(20 + 20)) = 0.75, as well as the same strength 𝑚1(𝑡1) = 𝑤12(𝑡1) +
𝑤13(𝑡1) = 0.75 + 0.75 = 1.5 = 𝑚2(𝑡1) = 𝑚3(𝑡1), Then, they also have 
the same normalized strength 𝑟1(𝑡1) = 1 = 𝑟2(𝑡1) = 𝑟3(𝑡1). Additionally, 
they have the same number of connections, their normalized degree 
is 𝑑1(𝑡1) = 𝑑2(𝑡1) = 𝑑3(𝑡1) = 2∕2 = 1. Therefore, they have an equal 
strength connectivity 𝑧1(𝑡1) = 1 = 𝑧2(𝑡1) = 𝑧3(𝑡1). The ASC is then equal 
to 𝜌1(𝑡1) = 1∕3 = 𝜌2(𝑡1) = 𝜌3(𝑡1). The values of all these parameters 
do not change in the other timestamps (𝑡2 and 𝑡3). Thus, the sets of the 
strength connectivity proportions of the three nodes are 𝐶1 = 𝐶2 = 𝐶3 =
{1∕3}. Additionally, |𝐽 (1∕3)|∕|𝑇 | = 3∕3 = 1 since all the nodes have the 
same strength connectivity across timestamps.

Therefore, according to the Eqs.  (18) and (19), the temporal diver-
sity of this assemblage 𝐴 (𝐷𝑞(𝐴) = 3 and 𝛿𝑞(𝐴) = 1) is the same as 
that of an idealized assemblage with 3 species all of equal strength 
connectivity proportions (𝜌1(𝑡) = 𝜌2(𝑡) = 𝜌3(𝑡) = 1∕3). Note that more 
examples with alternate scenarios are available in the supplementary 
materials to better detail the definition of temporal diversity.

2.4.4. Temporal variation of species
a. Definition
The previous measure highlights the differences between the pro-

portions of species of the assemblage in the various timestamps. How-
ever, as shown in the toy example provided in the Appendix (Fig.  A.1, 
Table  A.1), the proportions can increase for some species between the 
first timestamp and the second one while it has decreased for some 
others. Yet, Temporal diversity has the same value as the classical 
diversity computed on both timestamps. This is because the homo-
geneity between the proportions of the species in the assemblage was 
preserved across both timestamps. Thus, Temporal diversity compares 
only species with each other without considering the comparison of 
their proportions with their respective temporal occurrences. In other 
words, it does not track their variation across timestamps. To solve this 
issue, the concept of ‘‘Temporal variation’’ is introduced in this section 
to complement Temporal diversity. This measure assesses fluctuation 
in the species’ strength connectivity over time.

To define Temporal variation, let us define at first the Temporal 
Strength Connectivity proportion (TSC). TSC 𝜑𝑖 of species 𝑖 is given as 
follows: 

𝜑𝑖(𝑡𝑘) =
𝑧𝑖(𝑡𝑘)

∑𝑣
𝑘=1 𝑧𝑗 (𝑡𝑘)

(21)

where 𝑧𝑖 is the strength connectivity of the species, and 𝑣 is the total 
number of the time units. The temporal variation of species does not 
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require comparing them with one another, but rather quantifies the 
extent to which they have changed over time in terms of strength 
connectivity. It can be defined for a species 𝑖 of the assemblage as 
follows: 

𝑏𝑞(𝑖) =

( 𝑣
∑

𝑘=1
𝜑𝑖(𝑡𝑘)𝑞

)
1

1−𝑞

(22)

where 𝑣 is the number of the time units, and 𝜑𝑖 is the TSC of species 𝑖. 
When 𝑞 = 1, the new measure is defined as: 

𝑏1(𝑖) = 𝑒𝑥𝑝

( 𝑣
∑

𝑘=1
−𝜑𝑖(𝑡𝑘) × 𝑙𝑜𝑔

(

𝜑𝑖(𝑡𝑘)
)

)

(23)

Therefore, the temporal variation for an assemblage of species 𝐴 is 
then defined as: 

𝐵𝑞(𝐴) =
𝑆
∑

𝑖=1
𝑏𝑞(𝑖) (24)

where 𝑆 is the number of species in the assemblage 𝐴. This measure 
ranges between 𝑆 and 𝑆 ∗ 𝑣. It is interpreted as the effective number 
of the temporal occurrences of all the species having equal TSC pro-
portions. It measures the amount of fluctuation each species’ Strength 
connectivity has undergone across timestamps, helping to assess com-
munity diversity over time. The normalized temporal variation measure 
𝜃 is represented as follows: 

𝜃𝑞(𝐴) = 1 −
𝐵𝑞(𝐴) − 𝑆
𝑆(𝑣 − 1)

(25)

This measure ranges between 0 and 1. It is close to 1 if there are bigger 
differences between the TSC proportions of the temporal occurrences 
of all the species. In that case, the species of the assemblage have 
undergone a huge change in terms of their Strength connectivity.
b. Toy examples

Fig.  4 illustrates a toy example (similar to the last toy example 
presented in the supplementary materials), where species have different 
strength connectivity values in two timestamps. Yet, their diversity in 
the timestamps has the same value as their temporal diversity (𝐷1(𝐴) =
𝐷1(𝐴(𝑡1)) = 𝐷1(𝐴(𝑡2))). Species 1 have different strength in the two 
timestamps 𝑚1(𝑡1) = 0.1 and 𝑚1(𝑡2) = 2.93, while its normalized strength 
is 𝑟1(𝑡1) = 0.034 and 𝑟1(𝑡2) = 1. They also have different number of 
connections 𝑑1(𝑡1) = 2∕4 = 0.5 and 𝑑1(𝑡2) = 4∕4 = 1. Therefore, the 
strength connectivity changes between the two timestamps: 𝑧1(𝑡1) = 0.5
and 𝑧1(𝑡2) = 1.41. TSC of the species 1 is 𝜑1(𝑡1) = 0.27 and 𝜑1(𝑡2) = 0.73. 
Proportions are computed in the same way for all the other species of 
the assemblage. In this case, temporal variation is 𝐵1(𝐴) = 9.41 (Eq. 
(24)), and the normalized measure is 𝜃1(𝐴) = 0.12 (Eq.  (25)).

It is observeded that the value of temporal variation differs from the 
diversity computed in each timestamp. This is because this measure 
accounts for the differences in how the same species appear across 
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Fig. 4. A toy example of an assemblage 𝐴 that varies in two timestamps 𝑡1 and 𝑡2. The values in blue (𝑤𝑖𝑗) represent the weights of the links or the co-occurrence 
frequency computed based on the 1-Bray-Curtis index, the values in green (𝑧𝑖) represent the strength connectivity of the nodes, while those highlighted in red 
(𝜑𝑖) represent the values of their Temporal Strength connectivity proportions. The normalized temporal variation of this assemblage is equal to 𝜃1(𝐴) = 0.12.
various timestamps. Additionally, the value of its normalized version 
is relatively low (𝜃1(𝐴) = 0.12). This is due to the fact that only species 
1, 2, and 3 experience important changes in terms of the strength 
connectivity proportions over time, while the proportions of other 
species have changed only slightly (𝜑1(𝑡1) = 0.27 and 𝜑1(𝑡2) = 0.73, 
𝜑2(𝑡1) = 0.73 and 𝜑2(𝑡2) = 0.27, 𝜑3(𝑡1) = 0.6 and 𝜑3(𝑡2) = 0.4, 𝜑4(𝑡1) = 0.5
and 𝜑4(𝑡2) = 0.5, 𝜑5(𝑡1) = 0.4 and 𝜑5(𝑡2) = 0.6).

2.4.5. Pairwise community dissimilarity
In this subsection, we extend the framework by introducing in-

dices that allow us to delve deeper into understanding the origin 
of these changes. Specifically, these indices help distinguish whether 
the observed temporal change stems from shifts in species composi-
tion or from alterations in how the overlapping species within these 
assemblages are interconnected. This additional layer of analysis en-
hances our understanding of the mechanisms driving temporal diversity 
changes. Previous works (Poisot et al., 2012; Poisot, 2022; CaraDonna 
et al., 2017) proposed and applied an approach to assess the differences 
among species of two networks (assemblages) based on the 𝛽𝑊𝑁  index. 
It encompassed two additive components assessed by two complemen-
tary indices. The first component (𝛽𝑆𝑇 ) quantifies the dissimilarity 
in species composition or species turnover. Indeed, through time or 
space, some species could appear or disappear (or not be sampled) 
which could cause the loss or gain of some species’ differences among 
the two assemblages. Moreover, since the species shared between two 
assemblages may be related differently, the second component (𝛽𝑂𝑆 ) 
allows for assessing the change in how the overlapping species of these 
assemblages are connected or linked (e.g. the appearance or disappear-
ance of a connection). Note that as mentioned in the introduction, the 
connection refers here to the pairwise difference between species. Thus, 
the dissimilarity between two networks is: 
𝛽𝑊𝑁 = 𝛽𝑆𝑇 + 𝛽𝑂𝑆 (26)

Poisot et al. (2012) also used the approach put forth by Koleff 
et al. (2003) to measure network dissimilarity. This method relies on a 
reformulation of the conventional dissimilarity indices, which consists 
of a partition of shared and total species. It divides the differences 
found in two assemblages 𝑋 and 𝑌  into three sets for which their 
cardinality (𝑎, 𝑏 and 𝑐) is computed. The dissimilarity index is given 
by the following formula: 

𝛽𝑊 = 𝑎 + 𝑏 + 𝑐
(2𝑎 + 𝑏 + 𝑐)∕2

− 1 (27)

where 𝑎 counts the number of shared elements (i.e., number of links) 
between the sets X and Y (i.e., 𝑎 = ‖𝑋∩𝑌 ‖), 𝑏 counts the number of links 
found only in the set 𝑋 (i.e., 𝑏 = ‖𝑋 ⧵ 𝑌 ‖), and 𝑐 counts the number of 
links found only in the set 𝑌  (i.e., 𝑐 = ‖𝑌 ⧵𝑋‖). Note that 𝛽𝑊  is used to 
compute both 𝛽𝑂𝑆 (the pairwise dissimilarity of the shared species) and 
𝛽  (the pairwise dissimilarity of the whole networks or assemblages), 
𝑊𝑁
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as illustrated below. Additionally, the value of 𝛽𝑆𝑇  is derived from Eq. 
(26).

If we consider the assemblages (networks) 𝑋 and 𝑌  illustrated in 
Fig.  A.1, we can easily compute their dissimilarity using these mea-
sures. Note that for the first example below, pairwise differences’ values 
(in blue, Fig.  A.1) are not considered, but only the link structure among 
species (i.e., topological structure). This structure represents species 
co-occurrence (based on species presence-absence data, or quantitative 
data (e.g., species abundance, biomass, or coverage)). It is noticed from 
the toy example that the two assemblages share some species, with 
similar link structure (i.e., species 1, 2, 3 and 4). However, assemblages 
𝑋 and 𝑌  differ in that 𝑋 has one more species than 𝑌  (species 5). Let 
us start by computing 𝛽𝑂𝑆 ; it is noticed that the shared species have 
exactly the same link structure. Thus, 𝛽𝑂𝑆 = 𝛽𝑊 ([𝑎 = 3, 𝑏 = 0, 𝑐 = 0]) = 0
meaning that there is no difference in link structure between the shared 
species. On the other hand, looking at the whole network, assemblage 
𝑋 has two more links than assemblage 𝑌  due to the presence of species 
5. Thus, 𝛽𝑊𝑁 = 𝛽𝑊 ([𝑎 = 3, 𝑏 = 2, 𝑐 = 0]) = 0.25. Based on Eq. 
(26), 𝛽𝑆𝑇 = 𝛽𝑊𝑁 − 𝛽𝑂𝑆 = 0.25. Therefore, the dissimilarity between 
assemblages 𝑋 and 𝑌  is explained only by the difference in species 
composition (𝛽𝑆𝑇 = 0.25 and 𝛽𝑂𝑆 = 0). Indeed, there are no link 
structure differences for the shared species, but the absence of species 
5 in network 𝑌  causes the dissimilarity between the assemblages. 
Based on this example, we can notice that the species shared between 
assemblages 𝑋 and 𝑌  have the same topological structure (𝛽𝑂𝑆 = 0).

In addition to the method proposed by Poisot et al. (2012) and 
Poisot (2022), it is possible to consider the degree of relatedness among 
species commonly used in community diversity analyses (e.g., func-
tional, phylogeny, taxonomy distances, blue values in Fig.  A.1). Indeed, 
despite the fact that species may have quite similar network structure, 
they may have totally different functional, taxonomic or phylogenetic 
differences. In other terms, species may have totally different strengths. 
This could be quantified by using the strength connectivity measure 
proposed in our framework. The latter is based on a combination 
of the degree centrality quantifying the structural position of each 
species in the assemblage, and the strength quantifying the functional, 
phylogenetic or taxonomic pairwise distances between species and their 
local neighborhood in the assemblage. Therefore, it is very important to 
use this information on species differences while computing the whole 
network dissimilarity measure 𝛽𝑊𝑁 . In this context, our proposed 
framework includes the approach proposed by Poisot et al. (2012) and 
Poisot (2022), consisting of the above two additive components (𝛽𝑂𝑆
and 𝛽𝑆𝑇 ), and extends it by using the following dissimilarity measure 
between two assemblages: 

𝛽𝑍 =
𝑒 + 𝑓 + 𝑔

(2𝑒 + 𝑓 + 𝑔)∕2
− 1 (28)

where 𝑒 counts the number of species having the same strength connec-
tivity for the shared species of the assemblages 𝑋 and 𝑌 ; 𝑓 counts the 
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number of species found in 𝑋 with a different strength connectivity 
than 𝑌 , while 𝑔 is the number of species found in 𝑌  with a different 
strength connectivity than 𝑋. Similarly to the previous measure, 𝛽𝑧 is 
used to compute 𝛽𝑂𝑆 and 𝛽𝑊𝑁  while 𝛽𝑆𝑇  could be derived according 
to Eq.  (26). Let us examine again the toy example in Fig.  A.1, this 
time by considering also the species differences (values in blue), such 
as functional (phylogenetic or taxonomic) distances between species. 
As previously mentioned, shared species between the two assemblages 
have similar local topological structure. Yet, species have different 
functional distances. Hence they also have different strength connec-
tivity (except for species 1 which has the same strength connectivity in 
both assemblages, refer to Table  A.1 for all the strength connectivity 
values). If we consider first the species shared between assemblages 
𝑋 and 𝑌 , only species 1 has the same strength connectivity in both 
assemblages (SC = 1.41, Table  A.1), thus 𝑒 = 1. In contrast, the three 
other shared species 2, 3, 4 have different values from one assemblage 
to the other (Table  A.1), thus 𝑓 = 3 and 𝑔 = 0. Thus, 𝛽𝑂𝑆 = 𝛽𝑍 ([𝑒 =
1, 𝑓 = 3, 𝑔 = 0]) = 0.6. Considering the whole two networks, i.e., not 
only shared species, species 5 is present only in assemblage 𝑋. Thus, 
𝛽𝑊𝑁 = 𝛽𝑍 ([𝑎 = 1, 𝑏 = 4, 𝑐 = 0]) = 0.7. Based on Eq.  (26), 𝛽𝑆𝑇 =
𝛽𝑊𝑁 − 𝛽𝑂𝑆 = 0.1. 𝛽𝑂𝑆 and 𝛽𝑆𝑇  are both different from 0, therefore the 
dissimilarity between the assemblages 𝑋 and 𝑌  is explained first by the 
functional difference between the shared species (𝛽𝑂𝑆 = 0.6) and to a 
lesser extent by species turnover 𝛽𝑆𝑇 = 0.1. On one hand, there are high 
functional pairwise distances between the shared species among 𝑋 and 
𝑌  (𝛽𝑂𝑆 = 0.6), explained by the fact that the three shared species have 
different strength connectivity values in both assemblages (due to their 
different functional distances with the other species belonging to their 
local neighborhood). On the other hand, the species composition also 
leads to this functional difference between the two assemblages due to 
the presence of species 5 only in assemblage 𝑋.

2.4.6. Summary
To summarize, the proposed framework comprises three diversity 

measures (Eqs.  (19), (25) and (26)). They integrate the local strength of 
a species with its neighbors (Formula (9)) and assess its local or global 
influence using centrality measures. The framework is designed to offer 
flexibility in utilizing various centrality measures depending on the 
network structure. In this context, we exclusively consider the degree 
(or connectivity) of species, defined as the number of their connections, 
since it represents a widely used metric for capturing local network 
features. Furthermore, for dense networks, such as the species networks 
utilized in this study, global measures (e.g., betweenness centrality) 
exhibit strong correlations with local measures, supporting our decision 
to focus solely on local measures. Additionally, local measures such 
as the degree are more computationally efficient compared to global 
measures.

In the proposed framework, while we emphasize the temporal dy-
namics of community diversity, it is essential to highlight the impor-
tance of spatial resolution/scale in understanding ecological patterns 
and processes. This framework ensures flexibility, allowing users to 
consider spatial information according to their specific research ques-
tions and objectives. The spatial resolution or sampling unit can vary 
depending on the study, ranging from fine-scale localized sampling to 
broader regional or global assessments.

2.5. Data sets

2.5.1. Case study 1
Species abundance data was sampled from more than 20,000 km 

of coastline by the MEDITS ‘Mediterranean international trawl survey’ 
between 1994 and 2019 according to a standardized protocol [see for 
details Bertrand et al., 2002; Spedicato et al., 2019]. This program is 
funded annually by the European Commission within the Data Col-
lection Framework (DCF), from 2003 until at least 2027 (obligatory 
in the frame of the EU Common Fisheries Policy (CFP)). The hauling 
10 
depth goes down to 800 m, and the study area ranges from 34.33◦N 
to 45.67◦N and 5.22◦W to 34.09◦E, and was divided into 18 opera-
tive Geographical Sub-Areas (GSAs) defined by the General Fisheries 
Commission for the Mediterranean Sea (Fig.  5). Overall, during the 
studied period, a total of about 18,000 hauls were sampled, and 154 
different species were collected. Eight explanatory variables were also 
considered. Seven variables are related to the environment (depth, 
temperature, chlorophyll-a concentration, salinity, phosphate, nitrate 
and phytoplankton carbon biomass ‘Pcb’) and one is related to the 
fishing pressure (see Mérigot et al. (2019) for more details regarding 
these variables). Before applying the framework, the density matrix 
(i.e., hauls × species density of each species) was computed based on 
the abundance data collected divided by the swept area of each haul. 
Then, the creation of a network for each of the seventeen GSAs and 
their characterization using graph measures presented in Section 2.2 
were first implemented. Second, the different steps of the proposed 
approach, presented above in Section 2.1, were applied to compute the 
temporal diversity as well as the temporal variation of the nine GSAs 
that were covered over the whole timeline ranging from the year 1994 
to 2019.

2.5.2. Case study 2
The proposed framework is also applied to a bat dataset collected 

in Central Amazonia, Brazil, over four years (2011, 2012, 2013 and 
2014, Farneda et al. (2015)). The study area consists of 8 fragments 
of different sizes: three 1 ha fragments, three 10 ha fragments and 
two 100 ha fragments. They were isolated from the continuous forest 
by distances of 80–650 m due to various factors such as burning of 
the surrounding forest. Bats were captured at different sites located 
100 m from one of the boundaries of each fragment. A similar sampling 
scheme was applied in the continuous forest. Overall, a total of 39 sites 
were sampled, and 41 different species were collected.

3. Results

3.1. Case study 1

First of all, the networks of the different GSAs were formed in 
order to use information regarding their topological structure while 
assessing their species diversity. Each network is composed of a set of 
nodes (species) and links (between two species collected in the same 
haul). The example of the network of GSA 1 is given in Figure S5. 
Then, the links were weighted by the elements of one of the distance 
matrices (co-occurrence, functional, phylogenetic or taxonomic). Net-
works had different sizes ranging from 39 nodes in GSA 2 (GSA with 
the lowest number of species in terms of 𝛾-diversity) to 100 nodes 
found in the network of GSA 9 (highest number of species in terms 
of 𝛾-diversity). To assess networks, density, diameter, transitivity and 
assortativity were also computed (see Section 2.2). As expected from 
co-occurrence data, networks had high density Table  2, with nodes 
tightly connected to each other. This network structure justifies our use 
of local centrality measures (degree) rather than global measures, as 
the two are strongly correlated in dense networks (Salathé and Jones, 
2010). Additionally, all networks had small diameters, high transitivity 
and negative assortativity.

The two global measures, temporal diversity 𝛿 and temporal varia-
tion 𝜃, were computed for each GSA, and a k-means method was used to 
classify them according to these two overall measures. GSAs exhibit dif-
ferent patterns, and were grouped into five clusters (Fig.  6), determined 
using the elbow method to determine the optimal number of clusters 
in k-means by plotting the within-cluster sum of squares against the 
number of clusters and identifying the ‘‘elbow’’ point where the rate 
of decrease sharply slows (Fig.  7): cluster 1: GSAs 1 and 17; cluster 2: 
GSAs 16 and 18; cluster 3: GSAs 19 and 6; cluster 4: GSAs 9 and 11; 
cluster 5: GSA 7. This result highlights that many GSAs exhibit similar 
patterns, even though they are in completely different geographical 
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Fig. 5. Studied area, northern Mediterranean sea. Each point represents a haul (i.e., sample) performed in the frame of the european MEDITS program based on 
standardized scientific surveys.
Table 2
The mean and standard deviation values of the main properties of the network for the different Geographical Sub-Areas (GSAs) computed all over the years under 
study. 𝑛 and 𝑚 are respectively the size of the network and the number of its edges. 𝑒 is the diameter. 𝜇 represents the density of the network. 𝑡 is the transitivity 
while 𝜎 is the assortativity of the network. Only the nine first GSAs having the same time coverage (1994–2019) are comparable and considered in this table.
 Network Years of study 𝑛 𝑚 𝑒 𝜇 𝑡 𝜎  
 GSA 1 1994–2019 82.65 ± 7.43 1564.81 ± 296.9 2.88 ± 0.33 0.46 ± 0.04 0.69 ± 0.02 −0.16 ± 0.03  
 GSA 6 1994–2019 82.42 ± 5.63 1588.27 ± 285.74 3 ± 0.0 0.47 ± 0.04 0.7 ± 0.03 −0.12 ± 0.04  
 GSA 7 1994–2019 51.23 ± 3.63 700.35 ± 82.75 2.69 ± 0.47 0.54 ± 0.04 0.73 ± 0.02 −0.16 ± 0.04  
 GSA 9 1994–2019 100.12 ± 3.7 2147.46 ± 137.27 2.96 ± 0.2 0.43 ± 0.03 0.67 ± 0.02 −0.15 ± 0.02  
 GSA 11 1994–2019 91.65 ± 3.3 2044.04 ± 219.05 3 ± 0.0 0.49 ± 0.03 0.71 ± 0.02 −0.09 ± 0.03  
 GSA 16 1994–2019 91.54 ± 9.8 1952.92 ± 472.88 2.92 ± 0.27 0.46 ± 0.04 0.69 ± 0.02 −0.15 ± 0.02  
 GSA 17 1994–2019 81.04 ± 6.54 1686.88 ± 315.02 2.81 ± 0.4 0.51 ± 0.05 0.72 ± 0.03 −0.18 ± 0.06  
 GSA 18 1994–2019 91.5 ± 7.38 2599.62 ± 654.76 2.31 ± 0.47 0.62 ± 0.1 0.77 ± 0.06 −0.22 ± 0.06  
 GSA 19 1994–2019 79.08 ± 7.69 1309.38 ± 238.06 3 ± 0.0 0.42 ± 0.04 0.66 ± 0.03 −0.14 ± 0.05  
 GSA 2 1994, 1999–2000, 

2005–2009, 2011–2019
39 ± 12.03 449.12 ± 179.15 2.35 ± 0.7 0.63 ± 0.19 0.83 ± 0.08 –  

 GSA 5 2001–2019 53.26 ± 10.9 579.74 ± 330.08 3.58 ± 0.69 0.39 ± 0.05 0.69 ± 0.02 −0.09 ± 0.04  
 GSA 10 1994–2016 89.87 ± 8.7 2559.43 ± 647.16 2.57 ± 0.59 0.63 ± 0.11 0.78 ± 0.06 −0.22 ± 0.04  
 GSA 15 2002–2019 80.67 ± 6.97 1534.11 ± 287.44 2.89 ± 0.32 0.47 ± 0.03 0.7 ± 0.02 −0.15 ± 0.02  
 GSA 20 1994–2001, 

2003–2006, 2008, 
2014, 2016, 2018–2019

90.18 ± 15.56 1983.12 ± 608.9 2.94 ± 0.24 0.47 ± 0.04 0.71 ± 0.02 −0.13 ± 0.03  

 GSA 22 1994–1995, 
1998–2001, 
2003–2006, 2008, 
2014, 2016, 2018–2019

68.6 ± 21.17 1250.1 ± 568.53 3 ± 0.0 0.52 ± 0.07 0.72 ± 0.04 −0.12 ± 0.05  

 GSA 23 1994, 1996, 
2004–2006, 2008, 
2014, 2016, 2018–2019

53 ± 16.32 754 ± 360.83 3 ± 0.0 0.52 ± 0.07 0.73 ± 0.03 −0.09 ± 0.06  

 GSA 25 2005–2015, 2017–2019 64.62 ± 6.1 907.46 ± 192.81 3.08 ± 0.28 0.44 ± 0.04 0.73 ± 0.02 0  
locations and vice versa. For instance, GSA 7 (Gulf of Lions) has the 
lowest temporal diversity, while GSA 9 (Ligurian, Northern Tyrrhenian 
sea) has the highest value, even though GSAs 7 and 9 are located next 
to each other.

The results also showed that the GSAs exhibit the same pattern 
after computing the temporal diversity and temporal variation while 
considering the different distances between species (function, phy-
logeny and taxonomy). This is due to the fact that the co-occurrence, 
functional, phylogenetic and taxonomic networks are quite similar. To 
state this result, two complementary analyses were conducted. The 
first analysis aimed to assess the similarity between the four networks 
in terms of their most connected nodes, defined by their weighted 
11 
Table 3
Results of the temporal diversity and the Temporal variation of species 
computed on the bat species assemblages sampled in the Amazonian forest 
in Brazil. 
 Habitat Temporal diversity Temporal variation of species 
 1 ha fragments 0.21 0.85  
 10 ha fragments 0.31 0.76  
 100 ha fragments 0.37 0.69  
 Continuous forest 0.56 0.46  
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Fig. 6. Temporal variation and temporal diversity of the various Geographical Sub-Areas (GSAs). They are clustered into 5 groups by using the k-means method.
Table 4
The mean and standard deviation values of the proportion of the overlap 
between the sets of the 20 most connected nodes according to the weighted 
degree. The nodes are selected from the co-occurrence, functional, phyloge-
netic and taxonomic networks. The proportion of the overlap is computed by 
using the jaccard index all over the years studied (1994–2019). 
 Co-occurrence 

VS. Function
Co-occurrence 
VS. Taxonomy

Co-occurrence 
VS. Phylogeny

 

 GSA 1 66.67 ± 3.03 65.67 ± 6,45 59.89 ± 5.38  
 GSA 6 71.96 ± 7.56 72.3 ± 7,12 70.48 ± 9.05  
 GSA 7 65.18 ± 6.06 66.05 ± 7.37 68.14 ± 9.58  
 GSA 9 70.46 ± 6.63 73.18 ± 8.13 72.59 ± 8.19  
 GSA 11 64.95 ± 7.37 68.23 ± 6 61.99 ± 5.46  
 GSA 16 66.97 ± 6.18 69.92 ± 8.08 57.22 ± 6.35  
 GSA 17 66.97 ± 7.41 71.78 ± 9.57 65.98 ± 8.37  
 GSA 18 72.05 ± 7.8 71.64 ± 7.75 70.55 ± 7.84  
 GSA 19 66.87 ± 5.51 62.35 ± 6.92 56.71 ± 5.79  

Table 5
Results of the comparison between the evolution of the different networks 
formed in the GSA 19. Pearson correlation is computed between their sets of 
the proportion of the overlap. The proportion of the overlap is computed by 
using the jaccard index between the sets of the highly connected nodes found 
in two consecutive years. 
 Co-occurrence Function Taxonomy Phylogeny 
 Co-occurrence 1 0.94 0.95 0.88  
 Function 0.94 1 0.96 0.92  
 Taxonomy 0.95 0.96 1 0.91  
 Phylogeny 0.88 0.92 0.91 1  

degree (Opsahl et al., 2010). Using the Jaccard index, we measured the 
overlap between the sets of top nodes (those with the highest weighted 
degree) in each network. As shown in Table  4, the Jaccard index 
values are consistently high, indicating that the same nodes tend to 
be highly connected across all four networks. Additionally, the second 
analysis examined the patterns of change in the four networks for each 
GSA. To do so, the networks formed in two consecutive years were 
compared by computing the proportion of the overlap between their 
sets of the top connected nodes (using the Jaccard index). Then, the 
sets of the proportion of the overlap are defined for the four networks 
representing their evolution. After that, Pearson correlation coefficient 
was computed between these sets (Table  5). The results showed that 
the values of the correlation coefficient are very high (close to 1). 
Therefore, all four networks had about the same pattern of change in 
the period between 1994 and 2019.
12 
Fig. 7. Graphic of the elbow method used to choose the number of clusters.

To explain the above patterns, a complementary analysis revealed 
the influence of environmental and fishing variables on temporal diver-
sity across different GSAs (Tables  6–19). Depth consistently emerged as 
a key factor shaping diversity due to its role in structuring demersal fish 
communities. Other influencing variables varied according to clusters: 
in Cluster 1, Pcb and Chlorophyll negatively impacted diversity. In 
Cluster 2, Nitrate and FPI were the most influential variables, with a 
similar negative effect on diversity, while Depth had varying impacts. 
In Cluster 3, Nitrate, Temperature, and FPI were the main drivers, 
all negatively affecting diversity. In Clusters 4 and 5, the impact 
of environmental variables was moderate, with Phosphate, Pcb, and 
Chlorophyll contributing less significantly. These findings demonstrate 
shared patterns within clusters while also highlighting variability in 
the drivers of diversity across GSAs. For visualization purposes, the 
evolution of GSA 1 throughout time is illustrated in Fig.  8. The classifi-
cation of GSA 1 as the area with the highest degree of major change in 
species strength connectivity is visually supported by this figure, which 
depicts the network structure across 1994, 2005, and 2010. The high 
Temporal Variation (𝜃) calculated by our framework is manifested in 
the figure through clear topological rewiring and structural turnover 
observed between the three time periods. This comparative visualiza-
tion highlights that the identity and connections of central ‘hub’ species 
undergo significant shifts, providing compelling visual evidence for the 
dynamic nature and instability of the GSA 1 ecological network over 
time.
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Table 6
Results of the multiple linear regression performed on the temporal diversity of the GSAs belonging to the cluster 1. The explanatory variables are sorted according 
to their influence. The variables having high impact on diversity have a coefficient significantly different from 0. 
 Impact on diversity GSA 1 GSA 17
 Env. variables Coef 𝑅2 Env. variables Coef 𝑅2  
 
High

Phosphate −0.423

0.431

Chlorophyll −0.768

0.578

 
 Chlorophyll −0.423 Pcb (highly correlated with Chlorophyll) –  
 Pcb (highly correlated with Chlorophyll) – Salinity −0.262  
 Salinity 0.173 Phosphate 0.18  
 Low Nitrate (correlated with Phosphate) Nitrate (correlated with Phosphate)  
 
No impact

Depth Depth  
 Temperature Temperature  
 FPI FPI  
Table 7
Results of the multiple linear regression performed on the temporal diversity of the GSAs belonging to the cluster 2. The explanatory variables are sorted according 
to their influence. The variables having high impact on diversity have a coefficient significantly different from 0. 
 Impact on diversity GSA 16 GSA 18
 Env. variables Coef 𝑅2 Env. variables Coef 𝑅2  
 

High

Nitrate −0.66

0.393

Nitrate −0.54

0.354

 
 FPI (highly correlated with Nitrate) – FPI (highly correlated with Nitrate) –  
 Phosphate (highly correlated with Nitrate) – Chlorophyll (correlated with Nitrate) –  
 Chlorophyll (negatively correlated with Nitrate) – Temperature (negatively correlated with Nitrate) –  
 Salinity (negatively correlated with Nitrate) – Depth 0.45  
 Depth −0.41 Salinity −0.11  
 Low Temperature (correlated with Nitrate) – Phosphate (negatively correlated with Nitrate) –  
 No impact Pcb Pcb  
Table 8
Results of the multiple linear regression performed on the temporal diversity of the GSAs belonging to the cluster 3. The explanatory variables are sorted according 
to their influence. The variables having high impact on diversity have a coefficient significantly different from 0. 
 Impact on diversity GSA 11 GSA 9
 Env. variables Coef 𝑅2 Env. variables Coef 𝑅2  
 

High

Pcb −1.01

0.5

Temperature −0.264

0.244

 
 Chlorophyll (highly correlated with Pcb) – Nitrate −0.217  
 Temperature −0.58 FPI (correlated with Nitrate) –  
 Salinity (correlated with Temperature) – Phosphate (correlated with Nitrate) –  
 FPI −0.18 Pcb 0.215  
 Nitrate (correlated with FPI) –  
 Low Phosphate −0.074 Salinity 0.09  
 No impact Depth Depth  
 Chlorophyll  
Table 9
Results of the multiple linear regression performed on the temporal diversity of the GSAs belonging to the cluster 4. The explanatory variables are sorted according 
to their influence. The variables having high impact on diversity have a coefficient significantly different from 0. 
 Impact on diversity GSA 6 GSA 19
 Env. variables Coef 𝑅2 Env. variables Coef 𝑅2  
 

High

Pcb −0.24

0.157 0.103

 
 Chlorophyll (highly correlated with Pcb) – Depth −0.22  
 Phosphate (negatively correlated with Pcb) – Phosphate −0163  
 Nitrate (negatively correlated with Pcb) –  
 Salinity 0.23  
 
Low

Temperature 0.09  
 Temperature 0.045 Pcb −0.02  
 Chlorophyll (correlated with Pcb)  
 Nitrate (negatively correlated with Pcb)  
 No impact FPI FPI  
 Depth Salinity  
13 
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Fig. 8. Spatio-temporal evolution of the species interaction network in GSA 1 (Northern Alboran Sea) for the years 1994, 2005, and 2010. Nodes represent species 
and edges indicate co-occurrences. To improve readability, edges are displayed with a lower visual weight than nodes, and only the strongest co-occurrence links 
are shown. Species identified as key nodes for a given year are highlighted using a distinct node encoding, allowing direct visual comparison of changes in key 
nodes and supporting the Temporal Variation values reported by the framework.
Table 10
Results of the multiple linear regression performed on the temporal diversity 
of the GSA 7 belonging to the cluster 5. The explanatory variables are sorted 
according to their influence. The variables having high impact on diversity 
have a coefficient significantly different from 0. 
 Impact on diversity GSA 7
 Env. variables Coef 𝑅2  
 

High

FPI −0.32

0.23

 
 Nitrate (highly correlated with 

FPI)
–  

 Phosphate 0.17  
 Depth −0.11  
 Salinity (correlated with 

depth)
–  

 
Low

Chlorophyll 0.06  
 Pcb (correlated with 

chlorophyll)
–  

 Temperature (negatively 
correlated with chlorophyll)

–  

Table 11
Results of the multiple linear regression performed on the temporal diversity 
of the GSA 2. The explanatory variables are sorted according to their influence. 
The variables having high impact on diversity have a coefficient significantly 
different from 0. 
 Impact on diversity GSA 2
 Env. variables Coef R2  
 

High

Nitrate −0.615

0.74

 
 Chlorophyll 0.34  
 Phosphate (correlated with 

Nitrate)
–  

 Temperature 0.12  
 Salinity (negatively correlated 

with Temperature)
–  

 FPI (negatively correlated 
with Temperature)

–  

 No impact Pcb
 Depth

3.2. Case study 2

The network of bat species assemblages was constructed (Figure S6), 
where nodes represent species and links indicate co-occurrence at the 
same site. Using species functional distances, we computed temporal 
diversity and temporal variation, as well as pairwise community dis-
similarity ((26) and (28)), as reported in Tables  3 and A.2, respectively. 
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Table 12
Results of the multiple linear regression performed on the temporal diversity 
of the GSA 5. The explanatory variables are sorted according to their influence. 
The variables having high impact on diversity have a coefficient significantly 
different from 0. 
 Impact on diversity GSA 5
 Env. variables Coef R2  
 
High

Depth 0.6

0.78

 
 Phosphate 0.39  
 Pcb −0.122  
 
Low

Chlorophyll (highly correlated 
with Temperature)

–  

 Nitrate (correlated with 
Phosphate)

–  

 
No impact

Temperature  
 FPI  
 Salinity  

Table 13
Results of the multiple linear regression performed on the temporal diversity 
of the GSA 8. The explanatory variables are sorted according to their influence. 
The variables having high impact on diversity have a coefficient significantly 
different from 0. 
 Impact on diversity GSA 8
 Env. variables Coef R2  
 
High

FPI −0.269

0.244

 
 Depth −0.165  
 Salinity 0.127  
 Nitrate (negatively correlated 

with salinity)
–  

 Low Temperature (negatively 
correlated with salinity)

–  

 
No impact

Phosphate  
 Pcb  
 Chlorophyll  

The results showed that smaller fragments exhibit lower temporal di-
versity, with species richness higher in larger and continuous habitats. 
Temporal variation, on the other hand, was highest in small fragments, 
revealing significant changes in species co-occurrence and functional 
distances over time, while larger fragments and continuous forests 
displayed more stable communities. Pairwise community dissimilarity 
revealed that bat communities varied over time across all habitats, with 
these changes being more pronounced in smaller fragments, mainly due 
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Table 14
Results of the multiple linear regression performed on the temporal diversity of 
the GSA 10. The explanatory variables are sorted according to their influence. 
The variables having high impact on diversity have a coefficient significantly 
different from 0. 
 Impact on diversity GSA 10
 Env. variables Coef R2  
 

High

Phosphate 0.27

0.152

 
 Chlorophyll −0.25  
 Pcb (highly correlated with 

Chlorophyll)
–  

 Temperature (negative 
correlation with phosphate)

–  

 
Low

Nitrate (highly correlated with 
phosphate)

–  

 Salinity (negatively correlated 
with phosphate)

–  

 No impact Depth  
 FPI  

Table 15
Results of the multiple linear regression performed on the temporal diversity of 
the GSA 15. The explanatory variables are sorted according to their influence. 
The variables having high impact on diversity have a coefficient significantly 
different from 0. 
 Impact on diversity GSA 15
 Env. variables Coef R2  
 

High

Temperature −0.64

0.55

 
 Salinity −0.35  
 Pcb −0.16  
 Chlorophyll (highly correlated 

with Pcb)
–  

 Nitrate (negatively correlated 
with Temperature)

–  

 
Low

Phosphate 0.057  
 Depth (correlated with 

phosphate)
–  

 No impact FPI  

Table 16
Results of the multiple linear regression performed on the temporal diversity of 
the GSA 20. The explanatory variables are sorted according to their influence. 
The variables having high impact on diversity have a coefficient significantly 
different from 0. 
 Impact on diversity GSA 20
 Env. variables Coef R2  
 High Temperature −0.65 0.75  FPI 0.27  

to species turnover (Table  A.2). In contrast, continuous forests exhib-
ited higher stability in both species turnover and pairwise differences. 
These findings aligned with the results from temporal variation, con-
firming that smaller fragments experienced more drastic changes in bat 
species assemblages. Overall, these results emphasize the importance of 
protecting large and continuous Amazonian forest habitats from fires 
and human intervention to maintain stable bat communities.

4. Discussion

It is crucial to understand how communities change over time and 
space, and how they are influenced by environmental and anthro-
pogenic conditions, in order to obtain a better assessment of ecosystems 
and to predict their trajectories. Ecological communities can be de-
scribed and analyzed using diversity measures. Many measures based 
on Hill numbers offer frameworks for assessing assemblage diversity. 
Yet, they lack some essential aspects to simultaneously account for 
15 
Table 17
Results of the multiple linear regression performed on the temporal diversity of 
the GSA 22. The explanatory variables are sorted according to their influence. 
The variables having high impact on diversity have a coefficient significantly 
different from 0. 
 Impact on diversity GSA 22
 Env. variables Coef R2  
 

High

Nitrate 0.5

0.42

 
 Depth −0.45  
 Salinity (correlated with 

Depth)
–  

 FPI (negatively correlated 
with Depth)

–  

 Temperature (negatively 
correlated with Depth)

–  

 Phosphate (correlated with 
Nitrate)

–  

 No impact Pcb
 Chlorophyll

Table 18
Results of the multiple linear regression performed on the temporal diversity of 
the GSA 23. The explanatory variables are sorted according to their influence. 
The variables having high impact on diversity have a coefficient significantly 
different from 0. 
 Impact on diversity GSA 23
 Env. variables Coef R2  
 

High

Phosphate 0.94

0.83

 
 Temperature 0.27  
 Chlorophyll −0.24  
 Pcb (highly correlated with Chlorophyll) –  
 Nitrate (correlated with Chlorophyll) –  
 FPI (correlated with Phosphate) –  
 No impact Depth
 Salinity

Table 19
Results of the multiple linear regression performed on the temporal diversity of 
the GSA 25. The explanatory variables are sorted according to their influence. 
The variables having high impact on diversity have a coefficient significantly 
different from 0. 
 Impact on diversity GSA 25
 Env. variables Coef R2  
 
High

Salinity 0.4

0.5

 
 FPI −0.37  
 Phosphate (negatively 

correlated with FPI)
–  

 Pcb 0.26  
 
No impact

Depth
 Temperature
 Chlorophyll
 Nitrate

species differences (e.g., functional, phylogenetic, or taxonomic dis-
tances), the topology of networks, and the time dimension, while 
these informations are necessary to provide a deeper and more pre-
cise understanding of community structure and dynamics. Existing 
tools for community dynamics and temporal compositional change 
provide quantitative assessment. For instance, codyn package sum-
marizes changes in community properties through time from species 
by time matrices, while betapart package quantifies temporal beta 
diversity and decomposes differences in assemblage composition into 
turnover and nestedness components (Hallett et al., 2016; Baselga 
and Orme, 2012). Our framework is not intended to replace these 
approaches, but to extend temporal analyses by explicitly incorporating 
network structure and species difference information. By combining 
time specific co-occurrence networks with inter-specific differences 
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informed Hill number extensions, it enables the assessment of tem-
poral change not only in species composition or their quantitative 
component (e.g. abundance, biomass or coverage), but also in the 
configuration and strength of species associations, thereby offering 
an additional layer of inference for temporal biodiversity monitoring 
and conservation planning. It places strong emphasis on using fea-
tures derived from the graph representation of community diversity, 
offering several advantages. Firstly, graphical representation provides 
a robust visual means of illustrating species relationships, simplifying 
the interpretation of complex biodiversity data. This visualization not 
only allows researchers to quickly identify patterns, connections, and 
trends in ecological communities, but also provides an intuitive way to 
communicate findings to a broader audience, including policymakers 
and conservationists. Additionally, graph-based models are inherently 
flexible, as they can integrate multiple types of biodiversity data into 
a unified framework. For example, they can accommodate species 
differences or relationships, genetic similarities, habitat associations, 
and spatial distributions (Dormann et al., 2009). This adaptability 
enables the integration of diverse sources of information within a uni-
fied biodiversity assessment framework. Moreover, this representation 
excels at simplifying the identification of species and distinct ecological 
communities, as each connected network can represent a cluster of 
species. Diversity measures should also take into account the structure 
of the network, providing insights into the local or global associations 
of each species with the other species of the assemblage. The proposed 
framework introduces a new measure, the so-called ‘‘strength connec-
tivity’’. It combines the strength of a species (i.e., the sum of the weights 
of its immediate connections) with a centrality measure to effectively 
quantify both the intensity of a species’ associations with its neighbors 
and its structural role within the network. On one hand, the strength of 
a species determines the degree of its association with its neighbors or 
its ego-network. On the other hand, the centrality of species (or nodes) 
reflects their structural power within the network (Ghalmane et al., 
2020b, 2019; Termos et al., 2025b,a; Al Tfaily et al., 2026). Yet, the 
proposed framework is not limited to any specific centrality measure. 
The choice depends on the type of network and the aims of the study. 
Centrality can be quantified locally using measures such as degree 
centrality, which captures the immediate influence of a species within 
its direct neighborhood, or globally using measures such as Closeness 
or Betweenness. As a perspective, the framework also has the potential 
to quantify the hierarchical position of species within the network by 
using k-core or k-truss centrality. Indeed, k-core (Kong et al., 2019) 
measures the centrality of a node based on the largest k-core it belongs 
to, where a k-core is a maximal subgraph in which all nodes have at 
least k connections within the subgraph. It highlights nodes that are 
part of densely connected regions (Seidman, 1983). K-truss centrality 
evaluates a node’s centrality by the largest k-truss it belongs to, where 
a k-truss is a maximal subgraph in which every edge is part of at 
least (k-2) triangles, emphasizing strongly cohesive substructures (see 
an application in Ghalmane et al. (2018)). Therefore, the proposed 
framework uses more information regarding the ‘association’ between 
species compared to existing measures, by incorporating their structural 
power and position within the network, and it remains adaptable 
through the inclusion of different centrality measures according to 
the aims of the study. In addition, one critical limitation of many 
existing biodiversity indices and measures is that they fail to differenti-
ate certain assemblages despite different topological structures, even 
when species proportions are similar. This limitation often obscures 
differences in community organization and the underlying ecological 
processes. By assessing diversity through graph-based measures, the 
proposed framework avoids such oversights. For example, it becomes 
possible to differentiate cases where two assemblages have the same 
diversity but totally different topological structures (see example in 
Fig.  2). Such distinctions are crucial for conservation planning, where 
preserving interaction networks may be as important as protecting 
individual species (Tylianakis et al., 2010).
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Biodiversity has a variety of components, whereas most ecological 
diversity measures summarize only information concerning the rela-
tive abundances or richness of species. Nevertheless, in practice, data 
on species abundance are sometimes unknown. Other measures rely 
solely on the co-occurrence distance between species without reflecting 
other types of distances (i.e., taxonomic, phylogenetic, or functional 
distances). The inclusion of all the different distances between species 
provides a more detailed quantification and assessment of community 
diversity. There has been much discussion about the importance of 
considering the various aspects of diversity for management deci-
sions (Chao and Chiu, 2016; Ohlmann et al., 2019). The framework 
introduced here enables these informations to be assessed either inde-
pendently or in combination, allowing for a more meaningful decision 
to be made. In this case, the network is weighted by the elements of 
one of the distance matrices. Unweighted networks also constitute a 
particular case of our framework when only presence/absence data are 
available. Here, the proposed framework allows these aspects to be 
measured separately and combined with each other while measuring 
the strength of species, thereby providing more information on the 
biodiversity of the ecosystem under study.

Additionally, a third major advantage of the framework is the intro-
duction of two global diversity indices to study the variability of species 
across time, as well as pairwise community dissimilarity indices. These 
temporal indices are particularly well-suited for studying dynamic com-
munities, as they allow for the examination of changes across multiple 
timestamps. This approach can shed light on the resilience and stability 
of communities under changing environmental conditions, such as 
habitat disturbance, climate change, invasive species, or other anthro-
pogenic forcings. For instance, temporal analysis may reveal whether 
key species maintain their central roles over time or whether shifts in 
network structure signal the onset of instability or collapse (Blonder 
et al., 2014). Temporal indices can also be used to assess species 
turnover (i.e., the replacement of one species by another in a com-
munity) and association rewiring (the formation of new associations 
or loss of existing ones). These indices are particularly valuable for 
understanding how communities respond to external pressures. For ex-
ample, in a pollination network, the extinction of certain plant species 
might prompt pollinators to form novel associations with alternative 
resources, thereby maintaining network functionality despite species 
loss (Burkle et al., 2013). In conservation biology, temporal network 
analysis could help predict future biodiversity trends by simulating 
the effects of specific environmental scenarios. Such predictions are 
essential for proactive management, allowing stakeholders to intervene 
before critical thresholds are crossed, leading to irreversible changes in 
ecosystem structure and function.

In this work, we considered toy examples with known character-
istics and differences among species to demonstrate the usefulness 
and effectiveness of our proposed framework. The consistent results 
obtained from these toy examples provide preliminary validation of 
the framework’s ability to accurately assess community diversity. We 
then applied the proposed framework to two real-world datasets with 
a temporal dimension, previously analyzed using traditional diversity 
approaches, in order to uncover novel and complementary insights. 
The temporal resolution of the data available imposed the use of a 
one-year time window to analyze community diversity dynamics for 
both the MEDITS and Amazonian datasets (i.e., yearly sampling). While 
this approach allowed for the generation of comprehensive species 
networks representative of community complexity, it introduces certain 
limitations that must be considered when interpreting the results. A 
one-year time step might mask short-term ecological dynamics, such as 
seasonal variations in species composition, migration patterns, or repro-
ductive cycles (critical components of biodiversity). For example, many 
species in both the Mediterranean Sea and Amazonian ecosystems may 
exhibit seasonal fluctuations driven by environmental changes such as 
temperature or productivity cycles (M. Milazzo, 2002). Capturing these 
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finer-scale variations would provide a more nuanced understanding of 
species associations and their temporal variability.

In addition, annual sampling may oversimplify the underlying pro-
cesses driving biodiversity changes. For instance, some abrupt events, 
such as extreme weather, habitat disturbances, or fishing peaks, may 
influence community structure within a shorter timeframe (Jentsch and 
Beierkuhnlein, 2008). These events could contribute significantly to 
biodiversity patterns but remain undetected when using yearly data. 
The ability to detect rapid responses of communities to sudden envi-
ronmental changes (e.g., marine heatwaves, deforestation, or pollution) 
is constrained by yearly sampling. Such responses often involve short-
term shifts in species interactions and abundances that could provide 
valuable insights into ecosystem resilience and vulnerability (Had-
dad et al., 2015). In addition, while annual data offer a macro-scale 
view, studies could explore multi-scale temporal approaches by in-
tegrating data at both short- and long-term scales when available. 
For instance, combining multi-annual datasets (as in this study) with 
finer-scale seasonal or event-driven datasets could reveal interactions 
between long-term trends and short-term fluctuations (Lindenmayer 
et al., 2010).

Despite the limitations of a one-year time step, our analyses on 
both case studies demonstrate the strength of the proposed framework 
in capturing meaningful temporal trends in community diversity. Re-
garding fish communities in the Mediterranean Sea, by considering 
structural properties of species networks and incorporating explanatory 
variables such as fishing pressure, depth, and temperature, the frame-
work effectively distinguishes between areas with varying biodiversity 
trends and drivers. For instance, the observed differences in temporal 
diversity between GSAs 7 and 9 highlight the framework’s capacity 
to detect regional ecological dynamics influenced by environmental 
variables, even with annual sampling. Similarly, the clustering of GSAs 
based on shared explanatory variables suggests that the framework 
provides actionable insights for biodiversity management despite tem-
poral resolution constraints. This is particularly valuable as in the 
Mediterranean Sea, to date, the most extensive spatial–temporal anal-
ysis on demersal fish assemblages, also based on MEDITS data, found 
no temporal variation in eight traditional diversity indices over two 
decades (Granger et al., 2015). These indices covered several diversity 
facets (species number, evenness, and taxonomic, phylogenetic, and 
functional diversity). All these indices did not highlight temporal differ-
ences between communities over time within and among areas (GSAs). 
Conversely, our new framework, proposing new diversity measures that 
take into account both distances between species and the structural 
properties of communities explicitly through time, highlights temporal 
trends (common in some GSAs, while different in others). In addition 
to Granger et al. (2015), our work investigated links among diversity 
patterns with eight explanatory variables (depth, temperature, water 
salinity, chlorophyll, phosphate, fishing pressure, etc.). Moreover, the 
GSAs also exhibited different values regarding temporal variation in 
species. For instance, GSA 1 (Northern Alboran Sea) had the highest 
value because it had the highest number of species that had undergone 
major changes over the years in terms of the proportion of strength 
connectivity compared to other GSAs. Clustering of GSAs based on both 
temporal indices also provided important insights from a management 
perspective. Particularly, GSA 7 (Gulf of Lions) is the only GSA that 
stands alone in a cluster, also knowing that this GSA is the only one 
having the FPI (Fishing Pressure Index) as the strongest explanatory 
variable. This GSA had indeed been heavily exploited by professional 
trawling fisheries before and during the years under study. This also 
explains why it has the lowest temporal diversity compared to the other 
GSAs belonging to other clusters. Such results could provide guidance 
for management perspectives, such as fishing regulations.

We also applied the framework to the Amazonian bats dataset to 
demonstrate its applicability to different community types, extend-
ing beyond marine ecosystems and on a smaller temporal scale (four 
years of sampling). This highlights the versatility of the framework 
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in capturing temporal diversity trends across ecosystems with varying 
ecological structures and time frames. It also enables us to evaluate how 
forest fragmentation can influence the biodiversity of bat assemblages. 
Forest fragmentation is one of the most pressing drivers of biodiver-
sity loss in tropical landscapes, and its impact on bat assemblages 
offers valuable insights into the ecological consequences of habitat 
disruption. In a previous work based on this dataset,  Farneda et al. 
(2015) identified functional traits of bat species such as mobility, body 
mass, wing morphology, and trophic level as critical determinants of 
species’ vulnerability to fragmentation. Our framework complements 
and deepens these findings by highlighting that bat species richness 
and temporal diversity decrease with decreasing fragment size. In 
addition, our results reveal that small forest fragments exhibit higher 
temporal variation in species composition compared to larger frag-
ments and continuous forest areas. This variation is primarily driven 
by species turnover, indicating that fragmented habitats experience 
shifts in community composition. Such findings align with previous 
studies showing that fragmented landscapes often experience disrupted 
ecological dynamics due to edge effects, reduced habitat connectivity, 
and altered resource availability (Laurance and Bierregaard, 1997; 
Gorresen et al., 2005). These factors likely exacerbate species turnover 
by increasing the vulnerability of certain species while favoring others, 
particularly generalists or edge-adapted species. Habitat fragmentation 
resulting from fire or human activities decreased bat temporal diversity. 
Moreover, the lowest diversity was observed more distinctly in small 
fragments. This suggests that fragmentation not only reduces species 
richness but also disrupts the stability of ecological communities over 
time. This is consistent with research showing that temporal stability 
of diversity decreases under habitat fragmentation, as ecological pro-
cesses are disrupted (Didham, 1998; Ngila et al., 2024). Overall, these 
findings reinforce the link between habitat integrity and biodiversity 
maintenance. The implications of these findings are important for 
conservation efforts. Habitat fragmentation caused by fire or human 
activities leads to a measurable decline in bat temporal diversity, 
with the most pronounced effects observed in small fragments. This 
underscores the urgency of restoring fragmented landscapes to preserve 
the biodiversity and ecological functions of bat species in the Amazon 
rainforest. Conservation strategies should prioritize increasing habitat 
connectivity, reducing edge effects, and implementing reforestation 
programs to mitigate the impacts of fragmentation (Haddad et al., 
2015). Additionally, the observed patterns in our study suggest that 
large, continuous forest areas are critical for maintaining both species 
richness and temporal stability in bat assemblages. Given that bats 
play key roles as pollinators, seed dispersers, and insect regulators in 
tropical ecosystems, preserving their diversity is essential for maintain-
ing ecosystem health and resilience. The application of our framework 
to the Amazonian bats dataset demonstrates its ability to provide 
novel insights into the temporal dynamics of biodiversity under habitat 
fragmentation. The findings emphasize the importance of integrating 
structural and temporal diversity measures into conservation planning 
to safeguard species diversity in fragmented tropical ecosystems.

Overall, through the analysis of these two case studies, we demon-
strate that the proposed framework is not limited to a specific eco-
logical system or data type. Instead, it is a flexible and generalizable 
approach that can be applied across a wide range of datasets regardless 
of their temporal extent, spatial resolution, or taxonomic scope. Its 
adaptability makes it a valuable tool for investigating biodiversity 
dynamics in aquatic, marine, and terrestrial ecosystems, and for gaining 
insights into community responses to global, regional, or local changes.

Based on the proposed framework, several perspectives for advanc-
ing biodiversity assessment could be investigated. First, when data 
are available, biodiversity can be assessed more comprehensively by 
constructing multilayer networks that represent ecological interactions 
across multiple dimensions, such as trophic (feeding), functional (roles 
within an ecosystem), and genetic (shared evolutionary traits) lay-
ers. In a multilayer network, each layer represents a distinct type 
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Fig. A.1. A toy example representing the assemblages (networks) 𝑋 and 𝑌  of two pools of species labeled from 1 to 5. The links between species represent 
species co-occurence based on species presence-absence data, or quantitative data (e.g., species abundance, biomass, or coverage). In the case of the availability 
of the pairwise distances between species, such as functional, phylogenetic or taxonomic ones, values in blue are the extent of these distances.
Table A.1
The values of the Strength connectivity (SC) of species belonging to both assemblages.
 Community Shared species All the species
 X Y X Y

 Measure Degree Strength SC Degree Strength SC Degree Strength SC Degree Strength SC  
 Species 1 1 1 1,41 1 1 1,41 1 1 1,41 1 1 1,41 
 Species 2 1 0,6 1,17 1 0,71 1,23 0,66 0,52 0,84 1 0,71 1,23 
 Species 3 0,5 0,1 0,51 0,5 0,47 0,69 0,33 0,34 0,47 0,5 0,47 0,69 
 Species 4 0,5 0,5 0,71 0,5 0,76 0,91 0,66 0,69 0,95 0,5 0,76 0,91 
 Species 5 – – – – – – 0,66 0,41 0,78 – – –  
𝑋 and 𝑌  in the toy example of Fig.  A.1. It is computed based on species pairwise distances (e.g., functional, phylogenetic or taxonomic distances between species).
Table A.2
The pairwise differences computed for each type of habitat between every two consecutive years.
 Habitat Measure 2011–2012 2012–2013 2013–2014 Average Standard deviation 
 𝛽𝑆𝑇 0,51 0,62 0,46 0,53 0,08  
 𝛽𝑂𝑆 0,31 0,16 0,38 0,28 0,11  
 
1 ha fragments

𝛽𝑊𝑁 0,82 0,78 0,84 0,81 0,03  
 𝛽𝑆𝑇 0,53 0,5 0,59 0,54 0,05  
 𝛽𝑂𝑆 0,17 0,22 0,11 0,17 0,06  
 
10 ha fragments

𝛽𝑊𝑁 0,7 0,72 0,7 0,71 0,01  
 𝛽𝑆𝑇 0,34 0,32 0,33 0,33 0,01  
 𝛽𝑂𝑆 0,21 0,32 0,17 0,23 0,08  
 
100 ha fragments

𝛽𝑊𝑁 0,55 0,64 0,5 0,56 0,07  
 𝛽𝑆𝑇 0,11 0,14 0,14 0,13 0,02  
 𝛽𝑂𝑆 0,3 0,25 0,26 0,27 0,03  
 
Continuous forest

𝛽𝑊𝑁 0,41 0,39 0,4 0,40 0,01  
 
 
 
 

 
 
 
 

 
 
 
 

 

of interaction, while interlayer connections capture how species or
nodes contribute across these dimensions. This approach provides a
holistic view of community structure and function by accounting for the
multidimensionality of ecosystems (Pilosof et al., 2017). For instance,
a multilayer network could simultaneously capture pollination, preda-
tion, and competition interactions, allowing researchers to assess the
interplay between these processes and their contributions to ecosystem
stability (Kéfi et al., 2016). Furthermore, multilayer networks help
identify species that act as keystone connectors across multiple layers,
such as generalist pollinators that maintain both pollination and seed-
dispersal functions. By focusing on interdependencies across layers,
this perspective enables the detection of vulnerabilities in ecosystems
that might not be apparent when examining only a single interaction
type. The integration of multilayer networks into biodiversity studies
also offers practical applications for conservation planning. For exam-
ple, habitat restoration efforts could prioritize species that maintain
connectivity across layers, thereby safeguarding multiple ecosystem
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functions simultaneously (Miele et al., 2019). These insights underscore 
the potential of multilayer networks (particularly when combined with 
the temporal dimension and the proposed framework) to enhance our 
understanding of ecosystem complexity and the cascading effects of 
environmental disturbances.

The proposed framework can also contribute significantly to the 
understanding and management of ecosystem functions and services; 
the benefits that humans derive from ecosystems, such as pollina-
tion, water purification, and carbon sequestration. By linking network 
structure to ecosystem functions, it becomes possible to assess how 
changes in biodiversity over time impact the stability and produc-
tivity of ecosystems (Isbell et al., 2011). For instance, species with 
high centrality or strength connectivity in ecological networks often 
play disproportionate roles in maintaining ecosystem functions. In a 
pollination network, these might include generalist pollinators that 
connect multiple plant species, ensuring stable crop production and bio-
diversity. Identifying and prioritizing the conservation of such species 
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through the framework can enhance ecosystem resilience in the face 
of environmental change (Garibaldi et al., 2013). Furthermore, this 
approach allows for a spatially explicit understanding of ecosystem 
services, as network analysis can reveal how the spatial arrangement 
of habitats affects species interactions and functional outcomes. For 
example, fragmented habitats often exhibit reduced connectivity in 
species networks, impairing critical services such as seed dispersal (Kre-
men and Merenlender, 2018). By applying network-based biodiversity 
measures, the framework provides actionable insights for management 
and ecological restoration. Finally, it is important to emphasize that the 
proposed framework is generalizable and can be applied to any ecolog-
ical dataset containing temporal information on species composition, 
whether based on abundance, biomass, presence-absence data, or other 
quantitative measures. This flexibility stems from the framework’s mod-
ular design, which allows researchers to incorporate various types 
of species differences (functional, phylogenetic, taxonomic) according 
to data availability, while the core temporal diversity and variation 
measures remain applicable regardless of the specific ecological system, 
taxonomic group, or spatial scale under study.

Furthermore, the most computationally demanding steps of the 
proposed framework are the construction of co-occurrence networks 
and the calculation of strength connectivity, which are performed sep-
arately for each time unit using the data available for that unit. These 
steps rely on species occurrence or quantitative data (e.g. abundance, 
biomass or coverage) and on fixed species difference matrices that 
are reused across time units, and therefore do not require informa-
tion from other temporal slices at this stage (Poisot et al., 2015). As 
a consequence, network construction and strength connectivity cal-
culations can be executed independently across time units and are 
well suited to parallel execution on multi core machines, high perfor-
mance computing clusters, or cloud based infrastructures (Newman, 
2018). Subsequent steps required to compute the temporal indices 
involve aggregating results across time units, which introduces logical 
dependencies but remains computationally lightweight compared to 
network construction (Newman, 2018). Overall computational demand 
increases with the number of species, samples, and temporal resolution, 
a pattern that is widely recognized in ecological network analyses 
and their methodological constraints (Dormann et al., 2017). For large 
datasets or high frequency monitoring programs, distributing computa-
tions across time units or spatial subsets substantially reduces runtime 
without altering the conceptual structure of the analyses (Newman, 
2018). Additional scalability can be achieved through temporal aggre-
gation or justified filtering of rare species, provided that these choices 
are aligned with the ecological questions addressed and with known 
limitations of co-occurrence based inference (Blanchet et al., 2020; 
Dormann et al., 2017). Consequently, the framework is not limited by 
data volume per se, but by the availability of appropriate computational 
resources and transparent reporting of analytical settings, which is 
consistent with best practices in community dynamics and related 
toolkit.

5. Conclusion

This paper provides a methodological framework to assess temporal 
change in community diversity by integrating species differences, net-
work structure, and time. The approach quantifies how communities 
evolve through two complementary indices, temporal diversity and 
temporal variation, both computed from strength connectivity within 
time specific networks. When required, an optional module also pro-
vides pairwise community dissimilarity across time units to support 
direct time to time comparisons. The proposed framework can be ap-
plied to any faunal/floristic terrestrial or aquatic/marine communities. 
It is a generalizable approach to assess and understand ecological 
and anthropogenic phenomena that may apply across the tree of life. 
Interestingly, this framework allows quantification of the diversity of 
species based on their strength connectivity instead of their proportion 
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(e.g., abundance, biomass, etc.) or probability of association. This mea-
sure accounts for the structure of the network to eliminate cases where 
assemblages have the same diversity while having different structures. 
The second strong point of this framework is its incorporation of 
all the various distances between species (i.e., functional, phyloge-
netic or taxonomic distances). Additionally, the proposed framework 
also introduces two overall measures and pairwise community dis-
similarity measures. By applying the new framework to two distinct 
datasets, we showed its capacity to capture complementary and previ-
ously overlooked patterns, enabling a deeper understanding of commu-
nity dynamics and their responses to environmental and anthropogenic 
changes. We thus believe that the proposed framework should now 
pave the way for a better assessment of the spatial and temporal bio-
diversity, and contribute to its management and conservation. Further 
improvements of the framework to achieve deeper biodiversity assess-
ments are possible. As a follow-up to this work, more sophisticated 
centrality measures could be considered to tailor various types of struc-
tures. This will involve incorporating a broader range of micro- and 
macro-information on the species networks to enhance the accuracy 
and comprehensiveness of the variation in diversity. The integration 
of these perspectives into the proposed framework emphasizes its po-
tential to address pressing ecological challenges. Notably, by adopting 
multilayer networks and ecosystem service analyses, researchers can 
gain a deeper understanding of how biodiversity, ecosystem functions 
and services interact across spatial, temporal, and functional dimen-
sions. Such a framework should not only advance theoretical ecology 
but also offer practical solutions for managing biodiversity in a rapidly 
changing world.
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Appendix A. My appendix

The Fig.  A.1 and Tables  A.1–A.2 provided in the appendix offer 
to detail a toy example using species pairwise distances (Fig.  A.1 and 
Table  A.1), as well as to provide pairwise community dissimilarity 
measures computed on the bats dataset (Table  A.2).

Appendix B. Supplementary data

Supplementary material related to this article can be found online 
at https://doi.org/10.1016/j.ecoinf.2026.103716.

Data availability

The code of the proposed framework is available online at https:
//github.com/zakariyaGH/METITS_and_bats_Studies and can be used 
to compute the three diversity indices introduced in this manuscript. 
To facilitate reproducibility, we provide the operating environment and 
minimal instructions used to generate the results. All analyses were 
performed in Python on a 64-bit system using the NetworkX library for 
network construction, manipulation, and visualization. The repository 
contains a script that reproduces the main figures based on the example 
datasets. After downloading the repository, users can run the main 
script to rebuild the networks for each time unit and compute temporal 
diversity, temporal variation, and the optional pairwise community 
dissimilarity. 
The data was collected by the MEDITS program ‘‘Mediterranean in-
ternational trawl survey": https://doi.org/10.3989/scimar.2019.83S1. 
Data are available on the EU Joint Research Center (JRC): https://data.
jrc.ec.europa.eu/dataset/f25092c4-3f0f-449f-ba60-5fbfe385defc.
The Bats data was extracted from the CESTES database, which is a 
global database for metacommunity ecology, integrating species, traits, 
environment and space. The data can be found in https://idata.idiv.de/
ddm/Data/ShowData/286.
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