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Reconstructing biodiversity from indicator species

Indicator species emerged as a promising tool to monitor diversity because their presence indicates
a maximum number of conditionally co-occurring species [1]. However, species richness is often
insufficient to characterize biodiversity [2]. We aim to assess the effectiveness of indicator species
for biodiversity reconstruction based on their co-occurrence with other species.

Identification of climate spatial clusters

We specified spatial clusters to consider the impact of climate variation on the identification of
indicator species and assemblages |2]
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Co-occurrence networks

To analyze community co-occurrence, we where based on a probabilistic species co-occurrence
analysis [3]. The probability that two species co-occur at j sites, max{0, Ny + No — N} < j <

min{ Ny, Na} given in [3] simplify to a hypergeometric distribution H (NQ, Wl’ N) where N is the

total of sites, N1 and Ny are the number of sites occupied by species 1 and species 2 respectively.

Network-based metrics

We denote by ¢ the number of the potential indicator species (PIS) and by p the number of indicator
species (1 < p < ¢g). We used four network-based metrics to select the PIS:

maximum significant positive co-occurrences (Positive).
maximum significant negative co-occurrences (Negative).
maximum of the normalized betweenness centrality (Betweenness):

N

maximum closeness centrality among species having the maximum of betweenness (BC).

SDM calibration for indicator species

We calibrate the SDM of the jth indicator species of the hth combination in two steps:
Ph(X;=1]Y)
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where Y]* and X]- represent respectively the climate predictors and the occurrence of the jth IS.

Community occurrence prediction

The occurrence probability of the jth non-indicator species is given by:
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where X; represents the occurrence of the jth non-indicator species, S; is the tth sampling site
and N Is the number of sites.

Accuracy analysis

We quantify the dissimilarity between the original and the predicted binarized vectors using

Sorensen dissimilarity " "
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PP; represents the number of sites where species j is present in both vectors. PA; represents

the number of sites where species | is present in the predicted vector and absent in the observed
vector, APj Is the is the converse.

Model's accuracy threshold

We estimate the species occurrence probability threshold (n) and considered a species as a well
classiied it SD < vand OP > nor SD < v and OP > n otherwise it is misclassified. Our
approach is based on selecting n as the occurrence percentage of the species that maximizes the
order percentage of species well classified (PWC):

il = OPjy, j* = argmax PWC(j) (4)
j=1,....Ngpe
N, , .
S ((SDlh <~ OP > 77) \/ (SDlh > 7, 0P, < n))
PWC(j) = 100 x < (5)
j

where ]\_fj represents the number of species having OF; < OP;, 1 =1,..., N;.

Results
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Figure 1. Co-occurrence networks

Figure 2. Accuracy analysis
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Conclusion

= Depending on climate clusters, our approach enabled us to recover the occurrence of 86%
and 54% of species present in more than 20% of sites of northern and southern groups,
respectively.

= To exceed 0.5 of Sorensen similarity, the species must be present in more than 35% of sites.

= The higher success at the north sites could be due either to the lower species richness
observed at higher latitudes or to the higher competition in the southern sites (the
proportion of negative links was about 25% in the southern network whereas it was 13%).
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