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Abstract 9 

Joint species distribution models (JSDMs) have emerged as a key biogeographic tool 10 

for incorporating multispecies co-occurrence data into species distribution modeling, 11 

yet a comprehensive synthesis of their applications is still lacking. Here, we present a 12 

systematic review of peer-reviewed JSDM applications, encompassing 246 articles 13 

describing 314 distinct JSMs. Growth in JSDM publications outpaced that of classical 14 

SDMs by nearly sevenfold, with research efforts concentrated in Europe (Finland alone 15 

accounting for 12% of all studies), United States, and southeastern Australia. Extra-16 

tropical, terrestrial, and island systems were overrepresented relative to their global 17 

surface area, whereas tropical, marine, and continental systems were comparatively 18 

overlooked. Plants, birds, fishes, mammals, and amphibians were studied 19 

disproportionately to their described diversity, while arthropods and molluscs remained 20 

underrepresented. Among plant-focused JSDMs, naturalized alien species were 21 

incorporated in roughly half of all cases, and competition emerged as the most 22 

frequently discussed interaction type, followed at a distance by facilitation and seed 23 

dispersal. Presence-absence datasets collected at a single point in time were more 24 

widely used than abundance and longitudinal data, although the latter appeared more 25 
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often than would be expected given the scarcity of long-term monitoring programmes. 26 

Notably, studies relying on abundance data were more likely to interpret JSDM 27 

residuals as evidence of species interactions than those based on presence-absence 28 

data. These findings expose persistent geographic, taxonomic, and methodological 29 

biases in JSDM research, and highlight clear opportunities for extending applications 30 

toward tropical, marine, and invertebrate systems while harnessing quantitative and 31 

longitudinal datasets to better capture biotic interactions.  32 
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Highlights 33 

- Species distribution modeling is gradually shifting from single-species to 34 

community-level frameworks, reflecting researchers’ interest in estimating 35 

species associations  36 

- JSDM studies exhibit typical geographical and taxonomic gaps in biodiversity 37 

research, except for overrepresented islands and plants 38 

- JSDM datasets characteristics tend to mirror general inventory availability, 39 

though longitudinal data (repeated censuses through time) are more used than 40 

expected given their overall scarcity 41 

- JSDMs were more often interpreted as reflecting species interactions for native 42 

communities and abundance datasets 43 

- Moving beyond presence-absence datasets taken at one point in time and 44 

closing blind spots in tropical, marine, arthropod and alien species will be key to 45 

unbiasing global JSDM research 46 

 47 

Keywords 48 

Biotic interaction, community ecology, co-occurrence dataset, geographical gap, 49 

methodological gap, research bias.   50 
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Introduction 51 

Understanding global change impacts on species distributions is a central research 52 

objective in biogeography (Cox et al. 2016). The increasing influence of anthropogenic 53 

pressures on the environment is accompanied by profound changes in species 54 

interactions (Blois et al. 2013, Pena Rodrigues and Lira 2019). Perhaps the most 55 

significant manifestations of these changes are the disruption of coevolved species 56 

interactions following extinction, sometimes leading to cascades of coextinctions 57 

(Colwell et al. 2012, Strona and Bradshaw 2022), and the emergence of entirely novel 58 

interactions with alien (i.e., non-native or exotic) species that alter the structure and 59 

functions of native communities (Kueffer 2017). Accounting for species interactions is 60 

therefore key to precise predictions of species distributions in a changing environment 61 

(Araújo and Luoto 2007, Van der Putten et al. 2010, Paniw et al. 2023). 62 

 63 

Species distribution models (SDMs) have become an essential predictive tool for 64 

biogeographers and other scientists (Franklin 2023). SDMs aim at coupling species 65 

occurrences with corresponding environmental variables within a modeling framework, 66 

then extrapolating habitat suitability to new sites or future environments (Elith and 67 

Leathwick 2009). The method has been widely used to forecast the effects of climate 68 

change on biodiversity, predict invasion risk from alien species and support 69 

conservation decision making (Araújo et al. 2019). However, SDMs remain limited 70 

when it comes to address the effect of biotic interactions on species distributions, which 71 

for instance typically prevail in biological invasions (Gallien et al. 2010, Barbet-Massin 72 

et al. 2018), as the reliable detection of interactions from observational data remains a 73 

challenging task (Dormann et al. 2018). 74 
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About ten years ago, joint species distribution models (JSDMs) evolved from SDMs as 75 

a novel analytical framework based on community assembly (Warton et al. 2015). A 76 

major advantage of JSDMs was their capacity to incorporate multispecies co-77 

occurrence data (Ovaskainen et al. 2016). Many of such datasets come from 78 

vegetation plots but also from point count surveys and passive acoustic monitoring, 79 

camera traps, environmental DNA or sediment cores (Hartig et al. 2024). Theoretically, 80 

JSDMs decompose co-occurrence patterns into residual components after accounting 81 

for that of the environment, giving the probability of species pairs to be encountered 82 

more or less frequently than what would be expected on the basis of their shared 83 

environmental preferences (Pollock et al. 2014). The incorporation of species co-84 

occurrences through JSDMs has shown to improve the estimation of species 85 

distributions compared to single-species SDMs, as it allows explicitly accounting for 86 

shifts in species co-occurrences across environmental gradients (Ovaskainen et al. 87 

2017, Norberg et al. 2019, Kang et al. 2026). As such, JSDMs provide a key innovation 88 

compared to conventional static approaches studying species co-occurrence patterns 89 

and comparing observed occurrences with null models to detect non-random patterns 90 

(Gotelli and Ulrich 2010, Veech 2013). 91 

 92 

The possibility to infer biotic interactions from JSDMs is still debated, even after 93 

adjustment for species environmental niche, because the residual component often 94 

reflects species correlations arising from various unobserved factors (Zurell et al. 2018, 95 

Poggiato et al. 2021). However, the nature of input multispecies datasets could be of 96 

relevance in this respect, with quantitative (abundance) and longitudinal data (collected 97 

through time) being likely to carry more information about interactions than qualitative 98 

(presence−absence or presence-only) and “transversal” data (hereafter, we use this 99 
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term to refer to data collected at a single point in time, in contrast to “longitudinal” data) 100 

(Ulrich and Gotelli 2013, Blanchet et al. 2020). Nevertheless, JSDMs can certainly be 101 

helpful as a hypothesis-generating tool concerning species associations worthy of 102 

further investigation (e.g., using experimental approaches) (Rodríguez et al. 2021).  103 

 104 

JSDMs have been applied to address a wide range of biogeographical questions. 105 

However, a state-of-the-art of these applications is still lacking. This study provides a 106 

synthesis of the current state of research on JSDMs. We particularly aim at identifying 107 

research patterns concerning publication trends, study objects, focal biotic interactions 108 

and employed community data. The results demonstrate the existence of bias and 109 

gaps in the field that can guide future research directions. 110 

 111 

Methods 112 

We conducted a literature survey of JSDM applications by searching on the Web of 113 

Science every peer-reviewed article including in its title, keywords and abstract the 114 

strings "JSDM*" or "joint species distribution model*" (up to April 2024). We 115 

hypothesized that English-language articles from Web of Science reflect trends in other 116 

language or database resources such as Scopus or Google Scholar. Purely 117 

methodological studies, i.e., not using data, were not considered as we were interested 118 

in applications. 119 

 120 

Within the studies based on data, we retrieved information about i) the publication date; 121 

ii) the region considered at the Biodiversity Information Standards TDWG4 resolution; 122 
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iii) the environment studied: latitude (extra-tropical or tropical), insularity (island, 123 

continent, or both) and realm (terrestrial, marine or freshwater); iv) the taxonomic 124 

groups (amphibians, arthropods, birds, fishes, fungi, mammals, molluscs, plants or 125 

reptiles); and v) the input multispecies datasets: their occurrence type (either 126 

presence-absence or abundance, or both), their temporal depth (either longitudinal or 127 

at one point in time), and their origin (either secondary, i.e., derived from biodiversity 128 

databases, atlases, publications or other sources, or primary, i.e., produced by the 129 

authors, or both). 130 

 131 

We first examined the temporal and regional distributions of existing JSDM 132 

applications. To account for the ever-increasing number of publications in all fields of 133 

research and establish a meaningful baseline, the temporal trend of JSDM studies was 134 

compared with that of SDM studies. They were compiled by searching the strings 135 

"SDM*" or "species distribution model*" following the same method as for JSDMs (the 136 

former were therefore included in the latter). 137 

 138 

Since a single study sometimes implemented multiple JSDMs, either built from the 139 

same multispecies dataset or from distinct ones, we used the individual JSDM rather 140 

than the article as our unit in the subsequent analyses. Identical JSDMs appearing 141 

across different studies were not duplicated. To determine whether the different 142 

environments were over or underrepresented in JSDMs, we compared their relative 143 

frequency to the proportion of the global surface area represented by each 144 

environment. 145 
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 146 

We also analysed the distribution of JSDMs within the different taxonomic groups, and 147 

compared this distribution to the proportion of described species in the global IUCN 148 

Red List of Threatened Species (IUCN 2024) within each taxonomic group. 149 

Microorganisms including bacteria, unicellular eukaryotes and viruses were excluded 150 

from this analysis due to large uncertainties in reference numbers. For applications 151 

focusing on plants alone (P-P), we studied the prevalence of alien species in JSDMs 152 

by extracting species lists from the articles (depending on their availability), and 153 

crossing these lists with the Global Naturalized Alien Flora database (version 1.2 ; (van 154 

Kleunen et al. 2019). This database represents a data compendium on the occurrence 155 

and identity of ~14,000 alien vascular plant taxa considered to be naturalized (i.e., 156 

establishing self-sustaining populations in the wild) around the globe. To ensure 157 

alignment of species names, they were standardized with the R package 158 

U.Taxonstand (Zhang and Qian 2023). 159 

 160 

Then, considering JSDMs focused on plants, this time either alone or together with 161 

other taxonomic groups (P-X), we investigated the nature of biotic interactions 162 

considered by the authors. To this end, we performed a keyword analysis by searching 163 

throughout the full articles the number of instances of the following strings: 164 

"commensal*" (for commensalism and other derived words), "compet*", "facilit*", 165 

"herbivor*", "predat*", "pollina*", and "seed dispers*".  166 

 167 
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Finally, to identify trends in data characteristics across JSDMs, we described the 168 

proportion of JSDMs among all articles (i.e., those focused on plants along with other 169 

taxonomic groups; X-X) using each type of input data. They were manually extracted 170 

by reading and interpreting the materials and methods section of each article. To 171 

investigate whether the type of input multispecies datasets influenced the interpretation 172 

of JSDM residuals made by the authors, we introduced an interaction focus index (IFI). 173 

This metric was calculated for each article as the ratio between the number of 174 

occurrences of the string "interact*" and the sum of the occurrences of the strings 175 

“associat*”, “co-occur*” and "interact*". A value of one indicated an exclusive use of 176 

the term “interaction” or derived words while a value of zero indicated a preference for 177 

the more neutral terms “association” and “co-occurrence” or derived words. We then 178 

compared this metric across JSDMs by distinguishing between those using qualitative, 179 

abundance and both types of multispecies datasets (three categories), longitudinal and 180 

transversal datasets (two categories), and primary, secondary and both types of 181 

datasets (three categories). As the data did not fit the assumptions for a parametric 182 

test, pairwise Wilcoxon-Mann-Whitney tests were performed, with a Holm-Bonferroni 183 

post-hoc correction when three dataset categories were compared. Additionally, to test 184 

whether the proportion of naturalized alien species was associated with different 185 

interpretations of JSDM residuals, we analyzed its correlation with the IFI across plant-186 

only JSDMs (P-P) with a non-parametric Spearman rank test. 187 

 188 

Results 189 

From our initial literature search, we retrieved a total of 300 unique articles. Among 190 

them, five articles could not be accessed, 26 did not develop or apply JSDMs, 22 were 191 
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purely methodological and one was fully redundant with other entries in our database 192 

and were thus excluded. The remaining 246 data-based studies met all inclusion 193 

criteria and were thoroughly reviewed and analyzed. 194 

 195 

Temporal and regional trends 196 

The number of articles increased over the last decade starting from two articles in 2014 197 

to 53 in 2023 (Fig. 1). This trend represents an increase in the number of articles using 198 

JSDMs of 72% per year on average, which was almost seven times higher than for 199 

SDMs (+11% per year). In 2023, JSDM studies accounted for 2.5% of SDM studies. 200 

This relative representation continued to climb in 2024, reaching 1.5% in just four 201 

months (Fig. 1). A total of 314 JSDMs were developed in the 246 relevant articles 202 

identified, representing an average of 1.28 JSDMs per article.   203 
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 204 

Figure 1. Temporal trend in the number of articles using joint species 205 
distribution models (JSDMs). This trend (blue bars) was compared with that of 206 
classical species distribution models (SDMs, grey bars) using the same search 207 
strategy on the Web of Science. The number of articles was log-transformed for clarity.  208 

 209 

Most studies using JSDMs originated from Western countries including Western 210 

Europe, with a remarkable hotspot in Finland where 38 studies come from, as well as 211 

the United States and South-East Australia (Fig. 2). In contrast, there was a very limited 212 

number of studies in Africa, South and South-East Asia and the Southern Cone of 213 

South America. 214 
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 215 

Figure 2. Number of studies using joint species distribution models across 216 
TDWG4 regions. Small island regions are indicated with circles. Regions without 217 
studies using joint species distribution models are represented in white. 218 

 219 

Environmental coverage of JSDM studies  220 

A majority of JSDMs developed in these studies were centred on extra-tropical 221 

(temperate and boreal), continental (mainland) and terrestrial environments (Fig. 3). 222 

Extra-tropical, insular, freshwater and terrestrial environments were overrepresented 223 

given their global surface area while tropical, continental and marine environments 224 

were underrepresented. A small share of JSDMs covered both tropical and extra-225 

tropical ecosystems (3%) and both continental and island regions (1%). 226 
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 227 

Figure 3. Environmental and taxonomic distributions of joint species distribution 228 
models found in the literature. Observed distributions (green triangles) were 229 
compared with expected distributions (blue circles) based on the surface area 230 
represented by each environment (for the environmental distribution) or on the number 231 
of species described in the global IUCN Red List of Threatened Species (for the 232 
taxonomic distribution).  233 

 234 

Taxonomic representation in JSDM studies 235 

A majority of articles (90%) used datasets composed of species within the same 236 

taxonomic group in their JSDMs, and about 10% integrated several taxonomic groups 237 

in the same JSDM, e.g., frugivores including mammals and birds along with animal-238 

dispersed trees in (Marjakangas et al. 2018). All groups of macro-organisms were 239 

represented in JSDMs (Fig. 3). Plants were the most studied organisms followed by 240 

arthropods and birds. Amphibians, birds, fishes, mammals and plants were 241 

overrepresented with regard to their recorded global diversity, fungi and reptiles were 242 
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well represented whereas arthropods and, to a lesser extent, molluscs were 243 

underrepresented. 244 

 245 

Species origin and biotic interactions in plant-focused JSDMs 246 

We obtained a total of 37 species lists from 32 different articles focused exclusively on 247 

plant communities (P-P). Although some of these lists were not fully accessible, we 248 

retrieved 3,775 species-region combinations (including duplicates between JSDMs), 249 

representing 2,734 unique species. Although the species identities were not specified 250 

in (Kim and Nishihiro 2020), we kept this dataset because the authors explicitly stated 251 

that all species were native. Most JSDMs were focused on communities restricted to a 252 

single region (n = 32), whereas five JSDMs considered areas spanning four to 34 253 

TDWG4 regions. Naturalized alien species were found in half (51%) of the 37 plant-254 

focused JSDMs, with naturalized alien species richness per JSDM ranging from one 255 

to 228 (median of 4), representing <1% to 83% of the species total (median of 8%). 256 

Biotic interactions were mentioned 800 times in the 53 JSDM articles studying plants 257 

(P-X), i.e., 15.1 occurrences per article on average. The most discussed interactions 258 

were competition (7.5 occurrences per article on average, i.e., half of the occurrences), 259 

followed distantly by facilitation (3.0) and seed dispersal (2.5). Other interactions such 260 

as mutualism (0.6), predation (0.6), pollination (0.5), herbivory (0.3) and 261 

commensalism (0.1) were referred to much less often.  262 

  263 



 

15 
 

Input datasets characteristics: occurrence data type, temporal depth and origin 264 

The proportion of all JSDMs (X-X) based on primary and secondary datasets were well 265 

balanced and represented almost half of JSDMs, while a modest remaining portion 266 

also combined both primary and secondary datasets (Fig. 4). Transversal datasets, 267 

collected at a single point in time, were slightly more frequently used than longitudinal 268 

datasets. Over half of JSDMs were built from presence-absence datasets, a third from 269 

abundance datasets and less than a tenth from both types of datasets together. 270 

 271 

Figure 4. Characteristics of multispecies datasets used in joint species 272 
distribution models. We considered their origin, temporal depth and type of 273 
data. "P/A" denotes presence−absence or presence-only data. 274 

 275 

Interpretations of JSDM species correlations as biotic interactions 276 

The Interaction Focus Index (IFI) we defined earlier had a median value of 0.33 among 277 

all JSDM articles, indicating that the term "interact*" was used one out of three times, 278 

so less often than the combination of terms “associat*” and “co-occur*”. Five articles 279 
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only used the term "interact*", 59 times in (Sandal et al. 2022), 24 times in (Wright et 280 

al. 2023) and once in (Burner et al. 2021, 2022) and (Chen et al. 2024), giving an IFI 281 

of 1.00, while 16 articles never used the term “interact*”. The IFI was higher in articles 282 

based on abundance datasets than in those based either on presence−absence 283 

datasets only or on a combination of abundance and presence−absence data (P < 284 

0.05, Fig. 5B). The IFI was also higher for longitudinal data than for transversal data, 285 

although this difference was not significant. The IFI was similar between those using 286 

secondary datasets, primary datasets and both. Among plant-only JSDMs (P-P), we 287 

observed a significant negative correlation between the IFI and the proportion of 288 

naturalized alien species in the plant communities (Spearman’s ρ = -0.34, P = 0.037), 289 

indicating that the IFI score decreased as the proportion of naturalized alien species in 290 

the communities increased. 291 

 292 

 293 

Figure 5. Comparison of the interaction focus index between different categories 294 
of input data. The interaction focus index (IFI) is expressed as the ratio between the 295 
number of occurrences of the term "interact*" and that of the terms “associat*”, “co-296 
occur*” and "interact*". "P/A" denotes presence−absence or presence-only data. 297 
Statistical significance was assessed using pairwise Wilcoxon-Mann-Whitney tests 298 
with Holm-Bonferroni post-hoc corrections for multiple comparisons. 299 
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Discussion 300 

Our results demonstrated that JSDMs are of growing importance in the field of species 301 

distribution modeling. Studies using JSDMs exhibited significant geographical and 302 

taxonomical gaps that are usual in biodiversity research, with the notable exception of 303 

island regions and plant organisms being overrepresented. We also showed that, 304 

despite potential limitations, many JSDMs focusing on plants include naturalized alien 305 

species and that particular interest was paid to competitive interactions among plant 306 

species. The input multispecies datasets used to build JSDMs likely mirror the 307 

availability of community inventories aside from longitudinal datasets that seem to be 308 

used particularly often given the relative scarcity of long-term community data. We also 309 

revealed that JSDMs were less frequently used to estimate species interactions when 310 

based on abundance rather than presence-absence multispecies datasets, and as the 311 

proportion of naturalized alien species increased in plant communities. 312 

 313 

Overall, the global distribution of JSDM applications overlaps with the global 314 

distribution of ecological studies (Martin et al. 2012), and that of available biodiversity 315 

data such as those from the Global Biodiversity Information Facility (Meyer et al. 2015, 316 

2016, García-Roselló et al. 2023). One of the most obvious geographical gaps in 317 

biodiversity data is in tropical countries. Indeed, they often face obstacles associated 318 

with insufficient funding opportunities, lack of suitable infrastructure and expertise for 319 

data collection, inaccessibility of research sites due to political instability, and 320 

difficulties in publishing or disseminating data (Collen et al. 2008).  321 

 322 
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Of special interest in the global distribution of JSDM studies was the case of Finland, 323 

which alone represented 12% of analyzed papers on JSDMs. This is where Nerea 324 

Abrego and Otso Ovaskainen, two of the precursors of JSDMs and authors of the 325 

dedicated R package Hmsc (Tikhonov et al. 2020), are based. With about 250 326 

published articles in 2023 (i.e., 2.5% of SDM articles) and almost 1% of the global 327 

vascular flora already modeled with JSDMs, the method now holds a significant place 328 

in biogeographical research. However, the prominence of a single research team 329 

suggests that JSDMs are still at a relatively early stage of democratization.  330 

 331 

In addition, we found that marine environments and non-vertebrate animal taxa were 332 

overlooked in JSDMs. This pattern is also consistent with gaps reported in international 333 

biodiversity conservation research. Plants are usually less studied than vertebrates 334 

(Donaldson et al. 2016, Caldwell et al. 2024). For instance, in the current IUCN Red 335 

List of Threatened Species, only 18% of described plant species were evaluated 336 

against 84% for vertebrate species (IUCN 2024), which are considered more 337 

charismatic. A possible explanation for the predominance of plants in JSDMs is that 338 

communities of plants, as immobile organisms, are easier to inventory than 339 

communities of moving animals, especially when monitoring communities over the long 340 

term. From such a perspective, it seems that there is a bias in JSDM studies in favour 341 

of the most commonly available multispecies datasets. This is also supported by the 342 

relatively high frequency of secondary and presence−absence datasets in JSDMs, 343 

which are more readily available and less resource intensive to collect (King 1973, 344 

Araújo et al. 2019). However, abundance data are generally more informative than 345 

presence−absence data since they are more sensitive to subtle changes in population 346 

size (e.g., that precede competitive exclusion; (Ulrich and Gotelli 2013), and carry more 347 
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information that could be used to make inferences about species interactions (Blanchet 348 

et al. 2020). 349 

 350 

The overrepresentation of islands in JSDMs was surprising as they are poorly 351 

represented in the pertinent plot networks such as the International Long-Term 352 

Ecological Research (ILTER) sites compared to continents (Borges et al. 2018), 353 

although recent research efforts are trying to fill this gap (e.g., (Borges et al. 2025). 354 

Island regions were twice as represented in JSDMs as expected on the basis of their 355 

surface area. One of the original characteristics of island species is their weak species 356 

interactions compared to continental species (Carlquist 1974). For instance, it is 357 

thought that competitive ability is lowered when species migrate to islands due to their 358 

impoverished, unsaturated and disharmonic communities. Yet we showed that 359 

competition was the type of interaction that attracted most interest in JSDM 360 

applications, at least for plant-focused JSDMs. In this respect, it would appear that the 361 

communities studied with JSDM tend, purposely or not, to be relatively simple. 362 

 363 

Theoretically, JSDMs can be useful to investigate the nature and strength of novel 364 

biotic interactions with alien species, e.g., if supplemented with experimental 365 

manipulation (O’Reilly-Nugent et al. 2020). We showed that half of plant-focused 366 

JSDMs included naturalized alien species, even if sometimes not explicitly. Yet, our 367 

findings reveal that authors tend to interpret JSDM residuals as genuine biotic 368 

interactions more frequently when the studied communities are composed of more 369 

native species, at least for plants. If causal, this “reluctance” to infer interactions in 370 

hybrid communities represents a significant missed opportunity for invasion ecology. 371 
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This probably reflects methodological caution, as species expanding their distributional 372 

range may typically violate the assumption behind SDMs (including JSDMs) that 373 

species are in equilibrium with their environment (Gallien et al. 2010, Barbet-Massin et 374 

al. 2018), leading some authors to exclude alien species from their analyses (e.g., (Kim 375 

and Nishihiro 2020). However, such caution does not mean full exclusion: valuable 376 

data could be retained by restricting analyses to the most widespread species or at 377 

least to those with long residence time (that have been introduced long ago), which 378 

are more likely to have approached equilibrium (Hui 2023). Similarly, in a significant 379 

number of papers, the authors circumvented the problems associated with the small 380 

number of occurrences of rare species, which limits the ability to model their 381 

environmental associations, by excluding those species from JSDMs. However, 382 

contrary to classical SDMs, which show difficulties in fitting the distribution of narrow-383 

range species, incorporating species co-occurrences into predictions theoretically 384 

makes JSDMs more robust because they rely on information about some species to 385 

predict others (Clark et al. 2014, Ovaskainen et al. 2017, Norberg et al. 2019). 386 

 387 

Longitudinal multispecies datasets were used in almost half of JSDMs. This was also 388 

not expected because of a severe lack of long-term ecological monitoring globally 389 

(Kuebbing et al. 2018, Lindenmayer 2018). Such data can inform changes in species 390 

abundance and, ultimately, colonization or extirpation (local extinction) events, within 391 

communities, which are of great value to estimate biotic interactions. In contrast, 392 

transversal data rely on a space-for-time substitution, which assumes that spatial and 393 

temporal variation are equivalent (Pickett 1989). Yet, in practice, this can be 394 

problematic when the history or the environment that controls community assembly 395 

varies from one site to another (Damgaard 2019). 396 
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 397 

In summary, current JSDM applications largely reflect bias and gaps in data availability 398 

but also a certain tropism for long-term multispecies datasets, which may be more 399 

appropriate than transversal datasets to approximate biotic interactions. For this 400 

reason, plants appear to be key model organisms in JSDMs. We also identified a 401 

particular appeal in the least complex model systems such as islands, which have long 402 

been considered as “natural laboratories” for developing and testing fundamental 403 

theories and methods in biogeography. This comes as no surprise insofar as JSDMs 404 

are still emerging and developing tools. However, not confronting JSDMs to a range of 405 

real-word complexities might also not allow correct assessment of the method and 406 

hinder the exploitation of its full possibilities, in particular as compared to SDMs. 407 

Tropical forest and marine biologists, entomologists as well as invasion scientists are 408 

therefore encouraged to seize the numerous opportunities offered by JSDMs to better 409 

understand and predict community-level responses to global change. 410 

The rise of JSDMs thus reflects the conceptual opportunities this framework offers to 411 

community ecology. JSDMs provide an integrative approach to estimate species 412 

associations across numerous communities, sites and environmental gradients. 413 

JSDMs move beyond traditional factorial approaches by establishing a model-based 414 

framework to directly estimate multispecies associations (e.g., (Warton et al. 2015, Hui 415 

2023). Theoretically, they can partition environmental filtering from residual co-416 

occurrence patterns, allowing to disentangle abiotic drivers from potential biotic 417 

interactions (Ovaskainen et al. 2017). Furthermore, by jointly modeling co-occurring 418 

species, JSDMs borrow statistical strength across taxa, thereby improving predictive 419 

robustness for rare or data-deficient species (Clark et al. 2014, Norberg et al. 2019). 420 

While longitudinal and abundance data remain preferable for inferring biotic 421 
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interactions, these unique strengths explain why JSDMs have become such a 422 

promising tool for community-level predictions. 423 

 424 
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