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A commonly used method in epidemiology links multiple outcomes such as survival and longitudinal data in a so-called joint outcome model. This analytical approach allows the simultaneous
analysis of different types of correlated outcomes on an individual in a single model. Similarly,
biologists and ecologists are often interested in the relationship between multiple types of outcomes
such as, for example, species survival and breeding success, incorporating many types of correlations
beyond individual-level associations. The use of joint models in ecology and environmetrics has pioneered new developments of more flexible, complex and creative modeling methods. In particular,
researchers faced with different data types to be simultaneously modeled have eagerly embraced
the joint modeling framework, exploring such new approaches. Beyond accounting for potential
correlations in outcomes explicitly, advantages include the ability to quantify such correlations, as
well as potential efficiencies in analysis. The approach also allows better understanding of related
processes and how they influence each other. The aim of this special issue is to identify advantages
of using the joint modeling framework in the environmental context.
1. History of Joint Modeling
The development of joint modeling techniques had its origins in the study of the informative
dropout process in the analysis of repeated outcomes in biomedical studies. Reasons for termination
of data collection in a longitudinal process may be informative due to death or study drop-out. For
example, subjects with more serious illness, or those who feel the treatment may not be working,
may drop out early, leading to the collection of fewer longitudinal measurements. To accommodate
this, the time of dropout occurrence is modeled (as time-to-event data) simultaneously with the
repeated longitudinal outcome. By including the time-to-dropout data in a joint distributional
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analysis with the longitudinal data, we incorporate information on informative dropout and so bias
is reduced; this approach can also be used to reduce bias through interpolation of missing covariate
values and by accounting for measurement error. Very often, a medical study will collect multiple
types of data on a subject, such as repeated measurements of a longitudinal covariate like blood
pressure, and time-to-event data such as survival. Both the longitudinal covariate and the survival
outcome may be of interest, e.g. one may wish to track trends in a covariate over time while
assessing its effect on survival. Early papers on joint modeling used this framework for analyses
where the association between the longitudinal measurements and the survival time was of interest,
e.g. Faucett and Thomas (1996); Wulfsohn and Tsiatis (1997). Further advancements grew from
applications of the joint model in the area of HIV/AIDS, where survival was jointly modeled with
a longitudinal laboratory value of interest, namely CD4 counts. A comprehensive summary of the
early advancements is provided in Tsiatis and Davidian (2004). Meanwhile Furgal et al. (2019)
have provided a comprehensive review of more recent advances in joint modeling for longitudinal
and survival data, including available software.
1.1. Joint Modeling in Environmetrics. Biologists and ecologists have long recognized that
different types of data are important in assessment of outcomes in many areas of environmetrics.
The use of a joint model can be motivated by interest in the relationship between multiple types of
outcomes for a single species (e.g., species survival and breeding success), and also by the desire to
include important and relevant information from different species or from multiple environmental
processes in a model. The joint modeling framework may offer an appropriate solution to these
challenges. The application of joint models in ecology and environmetrics has pioneered new developments of the technique to allow more flexible constructions. With advances in computational
power, joint models are able to handle larger and more complex datasets such as ones often used
in environmetrics. Very commonly, a joint model may examine the same outcome across space and
time, where the spatial dependence between these outcomes is modeled through random effects.
What has not been considered broadly in environmetrics, as it has in health sciences and medical
applications, is modeling the relationship among different types of related outcomes.
One of the earlier, more well known, applications of joint modeling in environmetrics occurred
in population dynamics research, where a growing awareness of the importance of accounting for
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individual variation in the life history process led to adoption of the joint model by Wintrebert et al.
(2005) to analyze the survival and breeding probabilities in a population of seabirds, the kittiwake.
This paper highlights the difficulties of accounting for individual heterogeneity in assessments of
population dynamics using traditional approaches. The authors carry out the joint model application using a frailty effect to link the survival and the breeding probability. Breeding probability
is modeled logistically, and conditional on the common random effect, survival is modeled using a
frailty model. This 2005 paper, while widely referenced, was not initially followed by an increase in
joint modeling applications in ecological research, as was warranted by the novelty and utility of the
approaches it provided. As pointed out by Sanderlin et al. (2019), there are many cases where the
benefit gained from integrating more data into a joint model is outweighed by the cost of collecting
it, particularly in a research context where ‘additional’ data collection may not necessarily occur in
the course of answering the main objective. Miller et al. (2019) point to additional constraints such
as difficulty in specifying a set of shared parameters, as well as computational feasibility. In some
cases, preference remains for other types of flexible integrated distribution models, as summarized
within Miller et al. (2019).
However, the advantages offered by the joint modeling framework has helped drive adoption and
expansion of the methodology. Over the last decade, researchers in the field of species abundance
have enthusiastically adopted a joint modeling approach. Clark et al. (2014) address the need to
account for the fact that species are limited by competition with other species and that article
offers a detailed summary of ways in which approaches to species abundance studies can benefit
from the use of this technique. In a comprehensive 2015 paper, Warton et al. (2015) details the use
of hierarchical approaches such as multivariate generalized linear mixed models and latent variable
models in a joint modeling approach for species abundance. The authors show how models based
on the generalized linear modeling framework can be unwieldy with large unstructured variancecovariance matrices. There was also a desire to integrate data from multiple sources, for example,
from environmental interactions or the effect of one species on another in terms of abundance. A
comparison of possible approaches for joint species distribution modeling is offered by Wilkinson
et al. (2019). In movement ecology, joint modeling allows the use of data with different time scales,
thus removing the loss of information that comes with coarsening of the data, e.g. Adam et al.
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(2019). Research in species distribution modeling using a joint modeling approach has been greatly
expanded by the work of Gelfand and Shirota (2019), Clark et al. (2017), including accommodations
for zero-inflated data (Clark and Gelfand (2019)).
Researchers using spatial and spatial-temporal data have also enthusiastically embraced the joint
modeling framework. As noted in Feng and Dean (2012), the spatial structures of a collection of sites
may be correlated and this common risk surface can be leveraged in a joint model. Feng and Dean
(2012) include a review of early approaches for the joint modeling of spatial data. Spatial analysis
for species distribution comparing individual and joint models has been covered comprehensively
by Gelfand (2020). Climate science, forestry applications and wildland fire analyses are areas where
joint models are now beginning to be applied extensively. Examples can be found in disease mapping
studies such as tree growth trajectories and pine weevil infection (Nathoo (2010)), or in analyses of
the duration and spread of wildfires in Canada (Xi et al. (2020)). Feng and Dean (2014) present an
example of a joint model with zero-inflated count data for spatial outcomes, where the zero-inflated
count data are spatially correlated, in an analysis of Commandra blister rust infection of lodgepole
pine trees in British Columbia, Canada. The outcomes are the count of lesions on infected trees
and the count of host plants within a grid surrounding each tree. A zero-inflated distribution is
used for both the lesion counts and the count of host plants, linking across outcomes with a spatial
random effect in a shared frailty model. This paper also provides useful discussion on the power of
tests for a common spatial structure. This research showed that an approach using joint modeling
of two zero-inflated outcomes has several important features. First, it accounts for the dependence
across multiple outcomes, which can lead to less biased inference if not incorporated. Second, the
joint models can model the probability of belonging to the mass of true zeros in both outcomes.
The models also link the random count components in both outcomes.
Our aim in this special issue is to highlight some interesting work and motivate future applications of the joint model in environmetrics. In this issue, the applications span a wide range of
topics. In climate science, Konzen et al. (2021) provide a framework for inference on storm peak
significant wave heights at multiple locations in the North Sea. Xi et al. (2021) present an analysis
of extreme wildland fire behaviour, modeling the duration and size of fires as joint outcomes. North
et al. (2020) employ a joint statistical framework for an analysis of the minimum and maximum
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temperature cycles for the years 1996 to 2018 at almost one hundred thousand locations. Zhang
et al. (2021) utilize a joint modeling framework for analysis of very large spatial datasets with over
a million locations, illustrated by an application to a study of vegetation structure and its spatiotemporal variation. Finally, Niku et al. (2021) employ a latent variable model in an application of
a joint model for species abundance, and also provide a validation of type 1 errors for interaction
tests. Environmetrics data offer a wealth of opportunities for the application of a joint modeling
framework. The range of the articles included in this issue, considering both the research topics
and the statistical approaches, demonstrate the broad usefulness of the joint modeling framework.
The special issue also motivates and identifies significant opportunities to address important gaps
in joint modeling approaches to environmental research.
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