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Abstract

Species distribution models (SDMs) are widely used in ecology to assess the distribution of species pop-
ulations across space and time. Correlative SDMs, in particular, are used to infer relationships between
species records and environmental variables. A classical approach for implementing this type of SDMs is
to employ generalized linear mixed models (GLMMs) as a parametric regression method. However, due
to the complexity of species-environment relationships, species distributions may depend on unobserved
or unmeasurable covariates. In this article, we first recall certain mathematical results showing that such
“omitted covariates” typically introduce statistical issues that can bias the inference of observed covariate
effects or yield improper confidence intervals. So far, these results have received little attention in ecology.
We then present a comprehensive simulation-based investigation of the statistical impact of unobserved
covariates on the inference performance of GL(M)Ms for continuous, count, and binary data. We as-
sessed various regression methods, including both frequentist and Bayesian SDMs, and so-called joint
species distribution models (JSDMs) used to account for interspecific covariations in presence—absence
data. Our work demonstrates that JSDMs provide a robust statistical approach that mitigates inferential
issues arising in SDMs due to missing covariates and enables reliable estimates of environmental effects.
We further complemented these simulation results by applying JSDMs and SDMs to several ecological
datasets, revealing discrepancies between SDM and JSDM estimation of environmental effects and a
better predictive capacity for JSDMs than for SDMs. As a general recommendation, we encourage ecolo-
gists and practitioners to consider fitting JSDMs when dealing with community data to be able to evaluate
whether any information can be extracted from between-species residuals. Ultimately, our results remain
broadly applicable to GL(M)Ms in which important variables are suspected of being omitted, in which
case generalized linear latent variable models (GLLVMs) could properly correct inference when different

entities might share the same omitted important covariate.
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Significance

This work addresses a critical, yet insufficiently acknowledged, statistical challenge in ecological statist-
ics: the impact of unobserved environmental predictors on species distribution estimates. Mathematical
and simulation results indicate strong bias in estimated environmental effects for presence—absence data
when a covariate is omitted. We propose a mitigation strategy based on joint species distribution model-
ling, which performs very well when the omitted variable is shared across several species. Applications
to real ecological datasets demonstrated the widespread prevalence of differences in environmental ef-
fects estimation between joint species distribution models and separate species distribution models. Our
results extend to generalized linear models and generalized linear latent variable models, which can be

applicable across a range of disciplines.



1. Introduction

Species distribution models (SDMs) are a major modeling tool, widely used in ecology and conser-
vation to study the distribution of species populations over space and time (ELITH & LEATHWICK,
2009). They have found several applications in conservation biology (JUNG et al., 2021), biodiversity
management (FOIS et al., 2018), and in assessing the effects of climate change (SANTINI et al., 2021).
Due to their relative ease of implementation, correlative SDMs have been widely employed to infer
relationships between species records and environmental variables when assessing habitat suitabil-
ity and species distributions (e.g., CLARK et al., 2017; GUISAN et al., 2017). Numerous regression
approaches have been developed to analyze abundance or presence—absence, through frequentist,
Bayesian, or machine learning methods. Among them, parametric models, such as generalized linear
mixed models (GLMMs), and semiparametric models, such as generalized additive mixed models
(GAMMs), are classically used (MCCULLAGH & NELDER, 2019; RAUDENBUSH & BRYK, 2002;
STROUP et al., 2024).

Nonetheless, SDMs have important conceptual limitations stemming from their underlying as-
sumptions (e.g., M. AUSTIN, 2007; LEE-YAW et al., 2022; WEBER et al., 2017). In practice, an SDM
explains a species’ distribution by relating it to measured environmental predictors, predominantly
corresponding to abiotic conditions. They thus, as such, omit biotic interactions (e.g., competition,
facilitation, mutualism, predation, host—parasite dynamics), which yet contribute to shaping species
distributions (WI1sz et al., 2013). An SDM is built for a single species, effectively assuming in-
dependence of the species from the rest of the community; therefore, interspecific interactions are
treated as unmeasured noise. Covariate effects inferred from SDMs inevitably capture some of the
biotic constraints, thus recovering the realized niche — i.e., the observed distribution in the Hutchin-
sonian sense (HUTCHINSON, 1957) — rather than the underlying fundamental niche (ARAUJO &
GUISAN, 2006). This conflation has practical implications: coefficient estimates become harder to
interpret causally, and predictions may transfer poorly across space or time when community com-
position changes. Thus, although SDMs remain valuable for describing current patterns, they are
intrinsically limited in their ability to estimate the realized niche and cannot delimit the fundamental
niche (SOBERON & NAKAMURA, 2009).

Other limitations stem from the fact that species distributions may also depend on sources of het-
erogeneity other than biotic interactions, including unmeasured environmental predictors (WISZ et
al., 2013), population dynamics (MIELKE et al., 2020), or spatial dispersion (SHURIN et al., 2009).
Specifically, it is often impossible to have all the variables affecting species distributions at one’s

disposal, due to, for example, ecological complexity or practical sampling limitations. Consequently,
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SDMs are instantiated with the observed covariates only, although other unobserved covariates may
also have an effect on the species distribution. This results in a misspecification of the mean model
(WEISBERG, 2014), which can have potential impacts on the reliability of inference outcomes. In
particular, it involves the so-called omitted-variable bias (OVB), i.e., the bias affecting the estimates
of the fixed effects of observed covariates due to missing covariates. This phenomenon is well known
in applied statistics, econometrics, and medicine (e.g., CLARKE, 2005; REHM et al., 1992; WILMS
et al., 2021; WOOLDRIDGE, 2009). However, we have noticed that this topic remains poorly ac-
knowledged in the context of ecological modeling, despite the important consequences it may have
on conclusions drawn (BYRNES & DEE, 2025; KISSLING et al., 2012; RINELLA et al., 2020). Vary-
ing denominations have been employed to mention this phenomenon: omitted, unmeasured, hidden,
unobserved, or missing covariates.

Previous mathematical results have established that a missing covariate will affect estimates
of the other regression parameters. In Tab. 1, some essential results concerning the inferential
consequences of an unobserved variable in a GLM are reviewed. We consider a response vari-
able Y depending on two environmental covariates X; and X, through the ecological process
Y; ~ Normal(z;,6%) or Poisson(z;) or Bernoulli(z;) with f(z;) = &+ B X; ; + X, at any site i, where
zi = E[Y; | X1,,X>,] and f is a link function. Supposing that covariate X, is not observed, the re-
gression model, which has been deliberately misspecified, therefore assumes f(Z;) = & + 3 X1,; with
Zi =E[Y; | Xj ;]. One thus wants to know how estimates of & and ﬁ would differ from the true values
of a and B. With continuous data following a Normal distribution, neither the intercept nor the re-
gression coefficient of X suffers from bias. With a Poisson distribution for count data, a bias appears
on the intercept, but the effect of X| remains unbiased even in the absence of X,. However, in a binary
dataset, both parameters become biased, leading to an attenuation (a bias toward zero). Therefore,
when analyzing presence—absence data, an underestimation of covariate effects will occur if an im-
portant covariate is missing. Notice that these mathematical results hold only if both covariates X
and X, are independent of each other; otherwise, confounding may occur. We provide, in the Supple-
mentary Material, mathematical proofs of the results claimed in Tab. | regarding bias of the optimal

estimators (see Sect. A in the SM).
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distribution link function Bias[@] Bias[f] reference(s)
GAIL et al. (1984)
Normal identity =0 =0 CANNER (1991)

ISHII et al. (2022)

GAIL et al. (1984)
Poisson log #0 =0 PETERSEN & DEDDENS (2000)
IsHII et al. (2022)

GAIL et al. (1984)
ROBINSON & JEWELL (1991)

Bernoulli logit #£0 #£0 MooD (2010)
CRAMER (2005)
Bernoulli probit #0 #0 YATCHEW & GRILICHES (1985)

Table 1: Synthesis of some mathematical results on the omitted-variable bias. The true simulation model
is Y; | {X1.;,X2,} ~ Normal(z;,62) or Poisson(z;) or Bernoulli(z;) with f(z;) = &+ B X1+ Y X2, while
the misspecified regression model is ¥; | X1; ~ Normal(Z;, 62) or Poisson(Z;) or Bernoulli(Z;) with
f@) =0+ [§X1,i, where f is a link function. The covariates X; and X, are assumed to be independent of
each other.

Because ecological datasets often lack important covariates that participate in shaping species dis-
tributions, efficient statistical methods to accommodate this limitation are essential for reliable statist-
ical analyses. One popular mitigation strategy has relied on including a site-level random effect inten-
ded to capture unmeasured covariates (BOLKER et al., 2009; HARRISON et al., 2018; SCHIELZETH
& NAKAGAWA, 2013). Yet, including such a random effect exhibiting a large-range spatial auto-
correlation may unintentionally amplify the bias in the estimated effects of the covariates, thereby
questioning the usefulness of this solution (REICH et al., 2006). Therefore, the impossibility of clas-
sical SDMs to incorporate ecological processes beyond those measured is an important limitation for
studies in community ecology (M. P. AUSTIN & VAN NIEL, 2011; WISz et al., 2013).

Over the past fifteen years, community ecology has benefited from advances in statistical methods
for species distribution modeling (e.g., GIMENEZ et al., 2014). In particular, joint species distribution
models (JSDMs) have emerged as a powerful approach to address among-species residual correlations
in a multivariate multi-species community (e.g., OVASKAINEN & ABREGO, 2020; VANHATALO et
al., 2020; WARTON et al., 2015). Whereas early formulations explicitly estimated the full interspe-
cific covariance matrix, the latent factor approach has reduced the dimensionality of the problem by
introducing latent variables that serve as additional predictors, accompanied by their own coefficients
called factor loadings (OVASKAINEN & ABREGO, 2020; WARTON et al., 2015). Moreover, JSDMs
were viewed at first as a promising tool for disentangling biotic and abiotic drivers, since they make

it possible to infer residual interspecific correlations not explained by the observed environmental co-
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variates (POLLOCK et al., 2014; WARTON et al., 2015). However, this claim has been widely debated
and even criticized in the literature, primarily because JSDMs are theoretically unable to distinguish
true biotic interactions from mere co-occurrences (e.g., BLANCHET et al., 2020; CLARK et al., 2014).
More recently, POGGIATO et al. (2021) even stated that JSDMs do not improve estimation of abiotic
environmental effects over classical SDMs, thus questioning their interest for estimating the species’
realized niches.

Our aim in this article is twofold: (i) to highlight an underappreciated hazard in parametric species
distribution modeling arising from important unobserved predictors, and (ii) to clarify some aspects
of the ongoing debate on JSDMs concerning their potential to provide more reliable estimates of
environmental relationships. We emphasize that JSDMs with a latent factor approach are a suitable
tool for handling incomplete datasets, and can even “reconstruct” a missing predictor from residual
between-species covariations. In particular, we show that JSDMs reduce inferential issues in estim-
ates of observed environmental effects, especially when it comes to dealing with presence—absence
data. In contrast to HUI et al. (2024), we only considered non-spatial JSDMs, in which the latent
factors are assumed to be independent across sites, in order to study the effect of covariate omission
per se. Our results extend the preliminary observations of WARTON et al. (2015) and WILKINSON
et al. (2019), and highlight the robustness of JSDMs when facing unobserved predictors. We also
argue, contrary to the conclusions of POGGIATO et al. (2021), that JSDMs can yield parameter es-
timates that significantly differ from those of classical SDMs for presence—absence data. Indeed, we
show that JSDMs yield much less biased estimators than SDMs in the presence of important omitted
covariates, thus underscoring their interest in community ecology. Globally, our work is intended as
a methodological contribution to a better understanding of the ability of JSDMs to estimate species—
environment relationships and their robustness to misspecification in species distribution modeling in
ecology. Our results remain relevant for binary generalized linear latent variable models (GLLVMs)

employed in other scientific disciplines.

2. Results

The steps in this paper are threefold: (1) we use simulated datasets to assess the inferential impact of
important missing covariates on single-species SDMs; (2) we apply JSDMs as a statistical mitigation
strategy to efficiently handle an unobserved covariate; (3) we illustrate the previous simulated results

by applying our strategy to several real ecological datasets.
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2.1 Inferential impact assessment with SDMs

First of all, we assessed the statistical behavior of single-species SDMs with an important omitted
covariate. Within a predefined simulation framework, we generated multiple synthetic datasets across
five distinct scenarios, defined by the type of response data and the link function employed: (1) con-
tinuous data (identity link), (2) abundance data (log link), and (3-5) presence—absence data (logit,
probit, and complementary log-log links). For each scenario, 1000 datasets were simulated, each
comprising two independent covariates (X; and X>) and the corresponding ecological response (Y).
In the data-generating processes (DGPs), the response followed a probability distribution (Normal,
Poisson, or Bernoulli) whose mean parameter was determined by a linear predictor combining the
two covariates through the appropriate link function. All the synthetic datasets were then analyzed
with an SDM structurally similar to the DGP, with one key difference — only X; was observed while
X, remained unobserved, thereby generating a misspecified SDM. Thus, only two parameters were
systematically estimated: the intercept (&) and the regression coefficient associated with X; (B). We
investigated several SDM implementations: (i) generalized linear models (GLM); (ii) generalized lin-
ear mixed models with a site-level random effect (GLMM); (ii1) robust GLMs (GLM-R); (iv) general-
ized additive mixed models (GAMM); and (v) quasi-likelihood GLMs (GLM-QL). These regression
methods were selected within both frequentist and Bayesian frameworks (Tab. 2).

The results obtained regarding the effect of an independent unobserved covariate on SDMs were
generally consistent with theoretical predictions (Fig. 1). Complete plots for all investigated SDMs
are provided in the Supplementary Material (see Sect. D in the SM, specifically Fig. S5 and Fig. S6).
The Gaussian SDMs produced unbiased estimates of both the intercept & and the regression coeffi-
cient B, with median bias values centered on zero across all methods. In contrast, the Poisson SDMs
exhibited a significant positive shift in the intercept & when no site-level random effect (SLRE) was
included, although the regression coefficient ﬁ remained unbiased across all formulations. Introdu-
cing an SLRE effectively eliminated the bias in &, bringing estimate biases back to zero. For Bernoulli
SDMs, both & and [3 were biased, with 3 and & exhibiting negative bias (attenuation) across most
methods. The bias amplitude depended on the link function, increasing from logit to probit to comple-
mentary log-log. In these cases of binary data, introducing an SLRE produced differing effects. The
SLRE did not alter the results for most of the frequentist methods (Fig. 1), except for SDM.4, under
which & and ﬁ became unbiased; however, this improvement came with very large root mean squared
random errors (RMSRESs) and coverage rates much higher than expected (Tab. S3). By contrast, the
Bayesian methods incorporating an SLRE showed heterogeneous behavior. For example, SDM.6 re-

mained biased even with the SLRE, while SDM.8 produced less biased estimates (Fig. 1), though the
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remaining bias was still significant and accompanied by very large RMSREs and substantial coverage
rate issues (Tab. S3). Notably, neither quasi-likelihood nor robust regression methods were able to 145
prevent the bias; indeed, they consistently exhibited significant bias across all scenarios, even in the

Gaussian case, where other methods performed well.
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Figure 1: Violin- and box-plots of the estimates of the intercept & (upper subplots) and the regression
coefficient ﬁ (lower subplots), minus their respective true values. Only the results for SDM.1 and SDM8
(without or with an SLRE) are herein plotted (see Sect. D in the SM for complete results). Each subplot
column displays the results for the five data-generation processes (Gaussian, Poisson, and Bernoulli with
three different link functions). Colors indicate the type of inference of the SDMs employed (blue for the
frequentist method and orange for the Bayesian method). The red dotted line marks zero bias.

2.2 Mitigation strategy with JSDMs

To address and mitigate the inferential consequences of unobserved covariates on fixed effects in the
case of presence—absence data, we tested an alternative strategy that leverages shared information 150
among between-species residuals within a community using JSDMs. A simulation framework was
again employed, this time involving a community of ten species. We generated 1000 synthetic data-
sets of presence—absence records through a DGP akin to a Bernoulli GLM with a probit link. As in
the SDM simulations, two independent covariates (X and X,) were considered in the data generation.
Regarding the true parameter values of the intercept and slopes, six scenarios (labeled S.1 to S.6) were 155
designed, each defining a different context for species prevalence (see the Methods section). Simu-

lated data were then statistically analyzed using JSDMs, all belonging to a specific class: those that
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incorporate latent variables. Six different JSDM formulations were evaluated (Tab. 3), varying in their
inference framework (frequentist or Bayesian) and constraints on the latent structure. We investigated
three configurations (labeled C.1, C.2, and C.3) in terms of model misspecification. Under C.1, X»
was treated as missing (only X; was provided to the model), and a single latent variable was included
in the JSDM. Under C.2, X, was likewise treated as missing, but no latent variable was included.
Under C.3, both X; and X, were observed, and a single latent variable was included. Consequently,
for each species, under C.1 and C.2, the model estimated intercept (&) and effect of X (3 ), whereas
under C.3, the effect of X, (}) was additionally estimated.

According to configuration C.1’s results, using a JSDM to mitigate the impact of a missing pre-
dictor led to a successful global reduction in bias, even completely canceling it in some cases (Fig. 2).
The six JSDM formulations investigated overall visually recovered, for all scenarios, the true values
of both the intercept and the regression coefficient associated with Xj, as they provided an average
absolute median bias of 0.016 (Fig. S11, S18, S25, S32, S39, and S46 in the SM). Nevertheless,
the statistical significance of the bias depended on the scenario: greater true values of X,’slope ()
correlated with a larger proportion of significant biases for the intercept (&), and low or high spe-
cies prevalence similarly led to more significant biases for the intercept (¢&). Scenarios leading to the
most nonsignificant biases for X;’s slope (3) were these assuming a zero intercept in data generation
(namely, S.2 and S.5, hence corresponding to average 50% species prevalence). Coverage rates were
particularly close to the expected value for almost all models (Fig. S12, S19, S26, S33, S40, S47
in the SM). Performance metrics of Bayesian JSDMs were equivalent across scenarios — RMSEs
and RMSREs always remained under 0.25. However, for the only frequentist JSDM (JSDM.1), we
observed significantly higher RMSEs and RMSREs, especially for scenarios S.3 to S.6. In particular,
JSDM.1 still exhibited minor inferential issues with scenario S.3. In general, JSDM.2, JSDM.3, and
JSDM .4 yielded the best results for bias and other inferential performance metrics. Regarding the
factor loadings A), they mainly captured the true value of the missing covariate’s coefficient (),
with still some exceptions stemming from formulation-specific JSDM constraints (Fig. S8, S13, S20,
S27, S34, S41, S48 in the SM).

Since assumption C.2’s results did not incorporate a latent structure, the resulting JSDMs stat-
istically corresponded to stacked single-species SDMs, except for JSDM.3 and JSDM.4, which then
defined multi-species distribution models (MSDMs) in the sense of POGGIATO et al. (2021). An
MSDM differs from both single-species SDMs and full JSDMs because regression coefficients share
information across species through a hierarchical random-effects structure, whereas the model in-
cludes no latent structure to capture residual between-species covariance (see Sect. B in the SM for

details about MSDMs). Including this specification subsequently allowed us to verify that a latent
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variable was necessary to capture the residual correlation arising from the missing covariate. Non-
etheless, configuration C.2’s results showed similar inferential issues to those of the single-species
SDMs, i.e., the expected bias in intercepts and regression coefficients induced by the missing covari-
ate (Fig. S9, S14, S21, S28, S35, S42, S49 in the SM). The other metrics confirmed poor inferential
performance in this case: coverage rate issues and inflated RMSEs and RMSRE:s (Fig. S15, S22, S29,
S36, S43, S50 in the SM). Finally, configuration C.3’s results demonstrated that incorporating a lat-
ent variable, even if all covariates are measured, did not impact the correct inference of the intercept
and both covariate effects. Biases were visually very reduced or zero (Fig. S10, S16, S23, S30, S37,
S44, S51 in the SM), while associated coverage rates were very close to the expected value, along
with RMSEs and RMSREs consistently lower than 0.15. No major differences among the JSDM
formulations were observed (Fig. S17, S24, S31, S38, S45, S52 in the SM).

S1 S2 S3 S4 S5 S6
‘ ‘ ‘ ry T . o
JSDM.1 ;" q}: | ? co0? i’ o
; o ‘e o o®
JSDM.2 a'\‘ :... %: o LN ig ° ?,:
: i i e @ i o °
JSDM.3 A e 4 ¥ § o™
: : : : : : A
° ! o Py ' ° ° e O
JSDM.4 N 3 fg,: 31-‘. '} $ .“, .
: o RO : o, :
JSDM.5 é‘ % 1ty ¢ %, 4 ¢ *y
o 5 . o
JSDM.6 P k¥ o S § g
| S o 2o | | ° |
JSDM.1 3 'o.' ° 1.0 ° ﬁ ' ,o ! '; NS
1 e ‘ o |l 1
Jsom2| <%0 | A } t : o | &o
[ ) i o Je oq 3 ° !
ssoma| o€ AL § )} LY S .
oy | o [} " i ° ° o B
JSDM.4 ".- 3 g‘r 'ﬁ "q, 3 i% T.f
| s, Le e ; 3 i F3 3 °
JSDM.5 Poe % e® 0o Lo 1\' <, ! <,
: o e o 3‘ . o :’
JSDM.6 be e le® @ | % I 4 o2 | £,
/ng /QQ% S & 5 QQ@QQ@QQ@QQ@ /QQ@ & @ o° ,09%,096,0&,0&0@0&0& I FE PO /ng S &
median bias
species ® sp.1 ® sp.2 ® sp.3 ® sp.4 ® sp.5 ® sp.6 ® sp.7 sp. 8 sp. 9 sp. 10
Figure 2: Median bias of the estimates of the intercept & (upper panel) and the egression coefficient 3
(lower panel) across scenarios S.1 to S.6 (subplots from left to right) and under configuration C. 1. Within
each subplot, rows correspond to the six JSDM formulations (from JSDM.1 to JSDM.6, see Tab. 3), and
each row displays estimates for the 10 species (distinguished by a 10-color scale). The red dotted line
marks zero bias.

Furthermore, we evaluated how the number of species strongly related to the missing covariate

influences the inference performance of the JSDMs. To this end, we simulated synthetic datasets ana-
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covariate X». Among the 10 species, only the last m species was/were assumed to respond to X»,
while the first 10 — m species did not. We repeated the simulations for m € {1,...,10} to assess how
well the estimates & and B recovered the true value of the intercept o and the regression coefficient
B for species that actually depended on X;. This investigation highlighted differences among the five
JSDM formulations. Here we present the results from JSDM.1 (Fig. 3) while the results from the
remaining JSDMs are shown in the Supplementary Material (see Sect. E.3 in the SM).

When only the last species responded to the unobserved covariate, the estimates of & and B’ for
this species exhibited bias due to the unobserved covariate for all JSDM formulations. However, when
two species responded to the unobserved covariate, differences emerged between JSDM formulations.
The Bayesian models (JSDM.2 to JSDM.5) provided unbiased estimates for & and B (Fig. S55, S56,
S57, S58), whereas the frequentist model (JSDM.1) exhibited significant bias for the first two species
(Fig. 3), though the bias was smaller than when only a single species depended on the unobserved
covariate. When more than two species responded to the unobserved covariate, the Bayesian methods
yielded unbiased estimates overall. In contrast, the frequentist method (JSDM.1) retained apparent
bias until at least four species responded to the missing covariate. This JSDM notably produced the
most expected pattern: the bias caused by the missing covariate decreased progressively in amplitude

as the number of responding species increased (Fig. 3).
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Figure 3: Heatmaps of the median bias of the estimated intercept & (left subplot) and the estimated
regression coefficient ﬁ (right subplot) with JSDM.1. In both subplots, each column represents a scenario
where an increasing number of species (from only 1 to all 10 species) respond to the unobserved covariate

X», while all species respond to the covariate X;. Each row corresponds to one of the 10 species in the
community. Cell colors indicate the magnitude of the median bias (blue = negative bias, red = positive
bias), with values displayed numerically.
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2.3 Application to real ecological datasets

To complement our simulation results, we analyzed six real ecological datasets. Each dataset com-
prised presence—absence records for multiple taxa along with environmental covariates measured at
sampled sites. We fitted two models: an SDM and a JSDM with a single latent variable. As a con-
sequence, we hypothesized that a single latent variable could account for residual between-species
covariances, and we also hypothesized that could correspond to an important missing covariate. We
thus interpreted the corresponding factor loadings as the species-specific regression coefficients for
this hypothetical missing covariate. We obtained results that were overall consistent with what was
predicted from a missing covariate. In the case reported herein (Fig. 4), we clearly see a shift of
several estimates from SDM to JSDM (some differences are very strong and very significant). These
differences align with the mathematical expectations regarding the impact of an unobserved covariate.
Specifically, in Fig. 4, when the color of a point matches the background, the difference between SDM
and JSDM estimates is consistent with the bias that is mathematically expected from a missing covari-
ate (the so-called OVB) based on the expectation of the associated loading coefficient for that species.
We obtained similar results for the five other datasets (see Sect. I in the SM), enabling explain-
ing the shifts between JSDM and SDM estimates with the missing covariate framework. However,
we also found shifts that cannot be explained by an unobserved covariate — points falling outside
the background-colored areas. We therefore conducted additional analyses to evaluate the potential
causes of these differences, but we were unable to obtain satisfactory elucidation. In terms of predict-
ive performance, JSDMs consistently outperformed SDMs, with notably stronger gains over datasets
exhibiting significant shifts in coefficient estimates, whereas the improvement was more modest, yet

still present, over datasets with shifts that were less/not significant.
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Figure 4: Comparison of SDM and JSDM estimates of the intercept and regression coefficients for dataset.5.
Each subplot corresponds to the intercept or to one of the retained principal components (PCs). In each subplot, the
horizontal axis shows the SDM estimates and the vertical axis the JSDM estimates, with each point representing a
species. Black line segments indicate 95% confidence intervals for the SDM (horizontal) and JSDM (vertical)
estimates. Dot colors indicate the estimated loadings of the single latent variable for the corresponding species.
Background colors indicate the mathematical OVB, with the same color scale as for the dots. When the color of a
point matches the background, the difference between the SDM and JSDM estimates is consistent with the bias
expected from a missing covariate.

3. Discussion

In this study, we first investigated the impact of an unobserved predictor on statistical parametric
species distribution models (SDMs), combining mathematical and simulation-based results with stat-
istical analyses of real datasets. A missing covariate in an SDM may arise either because it is er-
roneously assumed to have no effect on species distribution, or because it is considered relevant but

cannot be measured in practice (TIKHONOV et al., 2025). Although mathematical results for the
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bias caused by the omission of an important covariate in GLMs are already well-established (see
Sect. A in the SM), to the best of our knowledge, these results are not acknowledged in ecology in
the context of SDMs. Therefore, one primary aim of this article is to raise ecologists’ and practition-
ers’ awareness of the potential inferential effects of such an unobserved covariate, which could lead
to misleading conclusions (OVASKAINEN et al., 2016). Especially in the case of presence—absence
data — and even in the absence of spatial structure — omitting an important covariate can alter the
estimates for the remaining environmental effects in terms of bias, accuracy, and coverage rate. As a
mitigation strategy for multi-species presence—absence data, we found that random effects were not
fully efficient, whereas joint species distribution models (JSDMs) exhibited a remarkable ability to
capture unacknowledged predictors through among-species residuals when the omitted covariate had
an effect on multiple species.

With respect to inferential problems in SDMs, when a species responds to a covariate that is un-
observed in presence—absence models, the estimated intercept and the environmental effects become
biasedly attenuated, as confirmed by both mathematical and simulation results. Conversely, in count
data SDMs, the bias issue is manifest only in the intercept. Although introducing a site-level ran-
dom effect (SLRE) in a Poisson model corrected all the inferential issues overall, this was not the
case for Bernoulli presence—absence SDMs. Even in cases where bias was reduced, other inference
performance metrics such as coverage rate and root mean squared random error (RMSRE) deterior-
ated markedly in our simulations. Consequently, adding SLRE cannot be relied upon to resolve all
inferential problems for presence—absence data, although this option is often employed in ecology
(e.g., HARRISON et al., 2018). This important finding directly challenges classical parametric SDM
approaches, which are often applied to presence—absence records, emphasizing the need to explore
alternative strategies that avoid such estimation issues.

Regarding the performance of JSDMs, we obtained, on the whole, substantially less bias with
JSDMs than with the corresponding SDMs. Most performance metrics were comparable across our
different JSDM formulations, which was somewhat expected as the JSDMs were based on the same
overall assumption: they all included a single latent variable used to model between-species residual
covariances not accounted for by environmental effects. However, when scrutinizing bias signific-
ance, we noticed that JSDM formulations without positivity or nullity constraints on some of the
loadings (JSDM.2 and JSDM.3) yielded overall unbiased estimates of the intercept and regression
coefficient. In contrast, the other formulations continued to yield estimators with significant — though
visually small — bias (JSDM.1, JSDM.4, JSDM.5). These results are in accordance with the state-
ments of WARTON et al. (2015) and the results of WILKINSON et al. (2019) (Appendix S5), who

found that a presence—absence JSDM with a non-spatial latent factor caused no apparent bias for
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environmental effects. We complemented their findings by systematically demonstrating that the lat-
ent factor can resolve inference issues arising from unobserved covariates in the presence—absence
SDMs. The ability of JSDMs to mitigate OVB by leveraging shared information across species de-
pended primarily on the number of species and on the statistical inference method (frequentist or
Bayesian). Additionally, testing MSDMs (i.e., JSDMs with no latent variable) clearly demonstrated
the necessity of accounting for residual interspecific covariance via a latent variable to successfully
reduce bias in environmental effects, since mere information sharing between species within a hier-
archical formulation is insufficient.

We also observed in our simulations that the latent factor closely matched the omitted covariate
and that the associated loadings were consistent with the omitted regression parameter, as expected.
Since the omitted parameter drives the bias magnitude in SDMs, as revealed by mathematical and
simulation results, if one interprets the factor loadings as the missing regression parameters for each
species, particular attention must be paid to the absolute value of these loadings for better estimation
of the regression coefficients of the environmental covariates. We therefore caution against inter-
preting the results of the latent structure of JSDMs solely in “relative” terms of residual correlations
between species — as is often practiced in ecology — because the “absolute” information carried by
the associated variances is lost. We further warn against restricting the range of values that loadings
can take: an example of such restrictions occurs in the model used by TOBLER et al. (2019) (loadings
were restricted to the interval [—1,1]). Our simulations show that such restrictions incur important
persistent bias in the estimation of the JSDM parameters for the remaining explanatory variables (see
Sect. E.2 in the SM, especially Fig. S53).

When analyzing real presence—absence datasets, we observed substantial differences between es-
timates from single-species SDMs and those from the associated JSDM. These shifts were generally
consistent with the expected bias expected from a missing predictor in parametric SDMs, based on
the species loading interpreted as the coefficient of the omitted covariate. When using datasets with
a small number of sites (fewer than 500), these differences were accompanied by wide 95% cred-
ibility intervals (Cls), which often made them non-significant. However, larger datasets produced
more pronounced and significant shifts. Interestingly, for species showing important discrepancies
between SDM and JSDM estimates, the JSDM tended to yield wider Cls for the covariate effects.
Yet, when no such discrepancies were present, the JSDM produced narrower Cls than the corres-
ponding single-species SDMs. This latter finding appears somewhat intuitive, as JSDMs can exploit
shared information across species. Our conclusions, therefore, contradict those of POGGIATO et al.
(2021), who argued that JSDMs, compared to SDMs, usually do not improve estimates.

Our results were consistent with those of NORBERG et al. (2019) — although using different
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metrics — who reported superior predictive performance of JSDMs on presence—absence records
compared to nonparametric and parametric SDMs, and aligned with the joint predictive performance
reported in WILKINSON et al. (2023). More specifically, we found that JSDMs performed slightly
better than SDMs for communities whose coefficient estimates across species were close between
the two approaches, and markedly outperformed SDMs for communities whose environmental effect
estimates across species diverged significantly between the two approaches (according to our missing
covariate interpretative framework). These results are consistent with our hypothesis that the ability
of JSDMs to account for such a missing covariate would not only correct inferential problems in
parametric SDMs (see the previous paragraph) but would also improve the predictive capacity of
JSDMs relative to both nonparametric and parametric SDMs.

Nonetheless, the present study has several limitations, and challenges remain for future work.
First, in the SDM literature, many models employed are nonparametric, such as machine learning or
deep learning frameworks (e.g., ELITH et al., 2006), whereas our work primarily used parametric stat-
istical models. Still, our restricted focus on parametric methods is justified by the emphasis on model
inference properties and statistical inference, which is not possible with nonparametric approaches.
Second, we consistently assumed that the missing covariate was spatially unstructured and independ-
ent of the other observed environmental covariates. This assumption can be somewhat debatable, as
covariates are actually often (spatially auto)correlated. Yet, the issues of spatial or community con-
founding in JSDMs have been explored, highlighting the potential inferential risks these phenomena
may pose (e.g., HUT et al., 2024; VAN EE et al., 2022). As statistical complications may arise in real
data beyond our ideal case of independent missing predictors, a follow-up simulation study account-
ing for correlations between observed and unobserved covariates and explicitly acknowledging spatial
structures would be welcomed to check whether our results can extend to more spatially-realistic set-
tings. Third, our conclusions might, to some degree, depend on the specific simulation framework
used, although we assessed different scenarios of species prevalence and dependence on the unob-
served predictor. Specifically, for fewer sites and/or rarer species and/or communities with species
richness greater than 10, it might be necessary to include more species sharing the missing covariate
to remove the bias in environmental effect estimates. Fourth, throughout the study, we focused ex-
clusively on missing environmental predictors, although JSDMs are also known to capture symmetric
biotic interactions (POGGIATO et al., 2021; ZURELL et al., 2018). It is unclear to us whether sym-
metric biotic interactions would generate similar inferential problems in SDMs, which JSDMs would
allow us to correct, as found with an omitted covariate.

In conclusion, this study demonstrates the existence of bias in parametric presence—absence SDMs

when (at least) one important covariate remains unmeasured. When we have presence—absence re-
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cords for all species of the community, and provided that several species within the community share
this missing covariate and that the covariate is independent of the other environmental predictors,
JSDMs are then able to resolve the inferential issues faced by SDMs. In light of our inferential
findings, together with our results on real data indicating better predictive capacity of JSDMs, we
recommend that ecologists and practitioners targeting species distribution estimations systematically
fit JSDMs as they allow to correctly estimate the observed environmental effects when an important
missing covariate is shared by several species. Ecologists interested in detecting situations where
important covariates are missing could also fit corresponding single-species SDMs and then com-
pare the resulting environmental effects with those of the JSDM. Discrepancies in the environmental
effects would suggest the existence of unacknowledged environmental predictors or perhaps spe-
cific kinds of biotic interactions (KISSLING et al., 2012). Hence, we emphasize the primary role of
JSDMs in improving the inference of species—environment relationships over their potential ability
to capture biotic interactions. Our investigations indeed offered valuable insights into the statistical
interest of JSDMs, which we encourage researchers to use more frequently when studying ecological
community presence—absence data. Ultimately, our results remain valid in other scientific disciplines
where important covariates are suspected to be omitted in binary GL(L)Ms, in which case generalized
linear latent variable models (GLLVMs) could properly correct inference in situations where different

entities might share the same omitted important covariate.

4. Methods

All computations were carried out on the R software version 4.5.1 (R CORE TEAM, 2025). References

to the R packages employed are given throughout the text.

4.1 Species distribution models

To assess the impact of a missing covariate on SDMs and illustrate the corresponding mathematical
results for the OVB, we used a simulation framework that enabled us to control the true parameter
values used to generate the data. We considered three types of data: continuous (responses in R),
count (responses in N), and binary (responses in {0,1}). All three cases are common in ecological
datasets: plant surface coverage measurements are continuous data, the number of animals at a site is
count data, and presence—absence records of a species at a location are binary data. The simulation
included 1000 replicates (i.e., different synthetic datasets) to approximate asymptotic behavior as

closely as possible.
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We focused on a set of n = 1000 distinct sites labeled i = 1,...,n. The sites were sampled only
once. Let Y denote the response variable and Y; denote its value at site i. We considered two environ-
mental covariates X; and X», whose values at site i were respectively denoted X ; and X, ;. The two 385

covariates were assumed to be independent of each other, verifying
Vie{l,...,n}, Xj i ~ Normal(0, G)%l) and  Xp;~ NormaI(0,0')%z) (1)

where G)%l and G)%z are fixed variances (WILKINSON et al., 2019). In our simulation, the response

variable was then drawn from a distribution depending on its type (continuous, count, binary), as

follows,
.
Yl' | {X17l‘,X27,‘} ~ Normal(zi, 62) .
for continuous data,
Zi=a+BXi+7X0;
Y; | {X1i,X2;} ~ Poisson (z;
Vie{l,...,n}, XX} (@) for count data, 2)

log(zi) = o+ B X1 i +7Xa,

Y; | {X1,,X2i} ~ Bernoulli(z;)
f(zi) = a+BX1;i+7yXa,

for binary data,

\

where z; = E[Y; | {X1:, X2}, o2 is the variance of the Normal distribution, and f is either the probit, 390

the logit, or the complementary-log-log (cloglog) function,

probit(p) = @~ (p)
Wpelo.1l,  { logit(p) = log (ﬁ) 3

cloglog(p) = log(—1log(1— p))

with @ the cumulative distribution function of the standard Normal distribution (i.e., Normal(0, 1)).
For parameter values, we chose o« = 3 =y =1 and G}%l = G)%z = 1, along with 62 = 1 for the variance
of the Normal distribution. The chosen parameter values for the coefficients corresponded to inter-
mediate realistic covariate effects. At each replicate, the covariates and the response variable were 395
resampled from a distinct seed.

We then statistically analyzed the simulated data under a misspecified scenario in which only
the response Y and the covariate X; were observed at each sampled site, while X, was unobserved

(without presuming the reason for its unobservedness). We evaluated five SDM implementations:

18



(i) GLMs; (i1)) GLMMs featuring a site-level (spatially unstructured) random effect (SRLE); (iii) a
robust GLM (denoted GLM-R); (iv) a generalized additive mixed model (GAMM); and (v) a quasi-
likelihood GLM (denoted GLM-QL). Specifically, the misspecified models for implementations (i)

and (i1) are expressed as follows:

(1) GLM:

Y; | Xi; ~ Normal Z‘,Gz or Poisson(Z;) or Bernoulli(Z;
VlG{l,,n}, l‘ 1, R (l ) (l) (l) (4)
f@)=0ba+BX;

where Z; = E[Y; | X1 ], f denotes the link function (among identity, log, probit, logit, cloglog),

and o2 is the variance of the Normal distribution,

(i) GLMM with a site-level random effect (SRLE):

Y; | X1,; ~ Poisson(Z;) or Bernoulli(Z;)
Vie{l,...,n}, fE)=a+pXi+& (5)

& 1S Normal (0,62)

where z; = E[Y; | X, f denotes the link function (among log, probit, logit, cloglog), and 62 is
the variance of the SLRE.

We therefore estimated the intercept & and the single regression coefficient 3 associated with the
observed covariate X;. We assessed the behavior of eleven regression methods, across various R
packages, as listed in Tab. 2 (SDM.1 to SDM.11). Models SDM.7 and SDM.8 cannot make use
of any built-in function for fitting a Bayesian GL(M)M, and thus require a customized definition

of regression models. To run models based on NIMBLE or JAGS, we employed the R package

400

405

410

runMCMCbtadjust; this enabled us to monitor and control MCMC convergence and the number of 415

effective values (MCMC iteration autocorrelation) (GOSSELIN, 2024).
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List of regression methods from R packages employed for fitting SDMs.
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4.2 Joint species distribution models

We investigated joint species distribution models (JSDMs) as a strategy to address the inferential
consequences of unobserved covariates on fixed-effect estimates for presence—absence data. JSDMs
are multivariate statistical models that allow inference of interspecific residual covariations not ex-
plained by observed environmental predictors, typically driven by biotic interactions or unmeasured
covariates influencing species’ distributions. To this end, we conducted a simulation study compris-
ing six data-generating scenarios. Each scenario involved 1000 replicates, yielding 1000 datasets
of presence—absence records for a community of S = 10 species. At each replicate, the data were

simulated independently from the same Bernoulli GLMM with a probit link, as follows,

YiM | {X1,i,X2,} ~ Bernoulli <zl[S]>

Vse{l,...,S}, Vie{l,...,n},
e~ (z,w) = all+ Bllx + v,

(6)

[s]

where z;° = ]E[Yim | X1, Xzﬂ denotes the conditional expectation of the response, ol is the intercept
for species s, and 8 Is) and }/M are the regression coefficients of species s associated with covariates X
and X», respectively.

The six data generating scenarios (labeled S.1 to S.6), mimicking different ecological contexts
of species prevalence over space: S.1, a community where all species have common, while respond-
ing uniformly and strongly to both covariates (Bp = B; = B2 = 1); S.2, a community of moderately
prevalent species (50%) with weaker responses to both covariates (fy = 0, B; = B, = 0.5); S.3, a
community dominated by rare species, with the same moderate covariate effects as S.2 (fy = —1.5,
B1 = B> = 0.5); S.4, a heterogeneous community in which species range from rare to common (in-
tercepts evenly spaced from —1.5 to 1.5), which reflects a gradient of habitat specialization, while
sharing moderate environmental responses; S.5, a community at intermediate prevalence where cov-
ariate X| exerts a strong effect and covariate X, a weak effect (f; = 1.5, B, = 0.2), representing an
asymmetry where a dominant gradient overshadows a secondary one; and S.6, a community spanning
rare to common species that respond positively to one covariate but negatively to another (; = 1,
B, = —0.5), capturing opposing environmental trade-offs. Parameter values for simulation are given
in Tab. S2. We did not include any additional interspecific residual correlations in the simulated
responses.

For the data statistical analysis, the covariate X; was assumed to be always measured and included

in the statistical model. Concerning the covariate X, we focused on three distinct configurations:

C.1 assumed that X, was unobserved and the JSDM implemented with a single latent variable; C.2
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assumed that X, was measured and the JSDM implemented with a single latent variable; C.3 assumed
that X» was unobserved and the JSDM implemented without a latent variable. We employed the latent
factor approach to implement JSDMs with a single latent variable (see Sect. B in the SM for a more
detailed description). Therefore, for a given species s and at a given site 7, the JSDM was formulated

as follows,

v X1 ~ Bernoulli (21")

vse{l,...,8}, Vie{l,...,n}, X o
o1 (27) =l 4 Blix, A1,

(7

where 7; = E [Yim ] Xl,i] , &b is the intercept of species s, BM is the regression coefficient of species
s with respect to the covariate X;, and Al is the factor loading of species s with respect to the
latent variable W. We emphasize that the latent variable W and its species-species factor loadings
are also inferred by the model, with implementation-specific constraints. Fitting a JSDM without a
latent factor reduced to imposing Al =0 for all species. We considered five JSDM implementations
(Tab. 3), whose technical details are provided in the Supplementary Material (Sect. C in the SM). The
first implementation (JSDM.1) uses the R package gllvm, leveraging the R package TMB. The second
implementation is based on the R package jSDVM, while the third (JSDM.3) employs the widely used R
package Hmsc, both in a Bayesian framework. The other three Bayesian implementations (JSDM.3,
JSDM.4, and JSDM.5) were customized using NIMBLE or JAGS, interfaced through the R packages
nimble and runjags, respectively, along with the R package runMCMCbtad just used to monitor and
control MCMC convergence and the number of effective values (MCMC iteration autocorrelation)
(GOSSELIN, 2024).

Note that setting the number of latent factor to zero in a JSDM yielded independent single-species
SDMs fitted together, except for JSDM.2 as it was the only implementation that uses a hierarch-
ical structure for the regression coefficients. Thereby, JSDM.2 without latent variable consisted of
a multi-species distribution model (MSDM). Specifically, this model did not account for residual
between-species covariances through a latent structure, but assumed a hierarchical structure in which
the regression coefficients were treated as random effects with estimated mean vector and variance-
covariance matrix. See POGGIATO et al. (2021) and Sect. B in the Supplementary Material for preci-

sion about MSDMs.
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List of regression methods from R packages employed for fitting JSDMs.
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Additionally, to evaluate how the number of species responding to the missing covariate would
influence the performance of the JSDMs, we simulated synthetic datasets analogous to the previous
setting, except that we varied species’ dependence on the unobserved covariate X>. Specifically,
among the § = 10 species, only the last m species were assumed to respond to X>, while the remaining
10 — m species did not. We repeated the simulations for m € {1,...,10} to assess how well the
estimates & and [3’ recovered the true value of the intercept o and the regression coefficient 3 for

species that actually did depend on X>. That is, presence—absence data were generated as follows,

Yim | {X1.i,X2,i} ~ Bernoulli (CID (am +B[1]X1,i))

Yi[&m] | {X1,i,X2,} ~ Bernoulli <CI> <a[5*m} +[3[Sf’"}X17,~>>

Vie{l,...,n},
Yi[s_mH] | X1,i ~ Bernoulli (CID (OC[S_er” + ﬁ[s_mH]Xl,i + ?’[S_mH]XZJ))
\ YZ.[S] | X ; ~ Bernoulli <CI> (a[s} —l—ﬁ[S}X],i + ?’[S]Xz,i))
()
where atll] = ... = oSl = Bl = ... = BISI — pfS—m+1] — ... — fS] — | and ] = ... = yIS—7] — 0,

Statistical analyses were also systematically performed on the five JSDM formulations from Tab. 3.

4.3 Metrics for post-inference analysis

Post-inference analyses were performed on all the results obtained from the statistical models (both

SDMs and JSDMs). We systematically calculated:
* the median bias: Bias [é} = median{0;,...,0y} — 6

N
* the coverage rate (CR): CR [é] = ]lVZ 1 {9 € [éi — 1.96SE [éi] . 6,+1.96SE [éi} } },
i—1

1

N
* the root mean square error (RMSE): RMSE [é} = \/11\7 Z (é, - 9)2,
N

A 1 A —~ A
* the root mean square random error: RMSRE [9} = \/]V Z ((9,' — 9)2 +SE [9,-} 2) ,
i=1
where 01,...,0y are the estimates of any parameter whose true value is 6, and 1{-} is an indicator

function. Bias significance was assessed with a p-value computed with the function 1mRob from
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R package robust (WANG et al., 2006) from a robust linear model and is indicated with *** if 90

p <0.001, **if 0.001 < p < 0.01, *if 0.01 < p < 0.05, and no symbol if p > 0.05.
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4.4 Study of real ecological datasets

The six real multivariate ecological datasets come from previously published works (ABREGO et al.,
2025; CHOLER, 2005; HARRIS, 2015; NABE-NIELSEN et al., 2025; OVASKAINEN et al., 2016; POL-
LOCK et al., 2014). Each dataset encompasses presence—absence records for several taxa, along with
environmental covariates measured at the sampled sites. Additional methods and results are provided
in the Supplementary Material (see Sect. F in the SM). For each dataset, a principal component ana-
lysis (PCA) was performed on the environmental covariates (NORBERG et al., 2019). When fewer
than five covariates were available, all the corresponding principal components were retained; when
more than five were available, only the five leading principal components (i.e., those with the largest
eigenvalues) were retained. This procedure yielded an orthogonal set of independent environmental
predictors and effectively mitigated multicollinearity among the covariates. Furthermore, species oc-
curring at more than 95% of sites or fewer than 5% of sites were systematically excluded from the
datasets. We systematically fitted SDM.8 (Tab. 2) and JSDM.6 (Tab. 3). Assessment and compar-
ison of predictive capacity was performed according to NORBERG et al. (2019)’s splitting procedures
between training and validation subsets, and by computing per-site log-likelihoods. Specifically, for
each splitting procedure, after having inferred regression parameters on the training datasets, we
computed each model’s per-site log-likelihood on the validation datasets. Details about splitting pro-

cedures and likelihood computation are given in the Supplementary Material (see Sect. F in the SM).

Supplementary Material

Supplementary Material is provided to this article.

Data Availability

The R codes that support the investigations in this article are available in the following GitHub re-
pository: https://github/arthur-f-rossignol/article-004. The real datasets are all already

publicly available (see the corresponding references in the Supplementary Material).
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