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ABSTRACT 

Integrated spatio-temporal models, which enable the sharing of information across 

locations, time and data sources, are gaining traction for their potential to generate more 

precise and more accurate estimations compared to models fitted to single data sources. 

Standard integrated spatio-temporal models combine multiple data sources via a catchability 

factor. Recently, spatially varying catchability (SVC) integrated spatio-temporal models were 

developed to implement data integration via the estimation of an SVC term for the least 

reliable data sources. Expanded-domain integrated spatio-temporal models are models 

integrating data from different spatial areas. Spatio-temporal models can combine standard or 

SVC integrated modelling with expanded-domain integrated modelling. The above-mentioned 

types of data integration have never been evaluated through a comparative analysis. Here, we 

investigate the impacts of these different types of data integration on the predictions of spatio-

temporal models, via an application to the southern hake (Merluccius australis) HAK4 stock, 

where the bottom trawl data collected within the New Zealand observer programme are 

integrated with the data from five different bottom trawl research surveys, and a simulation 

experiment. In total, six models were compared in the present study, where the three last 

models constitute expanded-domain integrated models: (Model 1) a model fitted to observer-

only data for HAK4; (Model 2) a standard integrated model fitted to both observer and survey 

data for HAK4; (Model 3) an SVC integrated model fitted to both observer and survey data 

for HAK4; (Model 4) a model fitted to observer-only data for HAK4 and the other New 

Zealand hake stocks (HAK1 and HAK7); (Model 5) a standard integrated model fitted to both 

observer and survey data for HAK4, HAK1 and HAK7; and (Model 6) an SVC integrated 

model fitted to both observer and survey data for HAK4, HAK1 and HAK7. For the 

simulation experiment, we produced simulated data from Model 5, fitted the six models to the 

simulated data, and evaluated the performance of the models by comparing their estimations 
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65 to the simulated data.  Overall,  the indices obtained with the  different  types of integrated 

models outperformed the indices obtained with models using observer-only  data: indices from  

the integrated models were more precise, better matched  the traditional stratified random 

index  and had less bias and a smaller root-mean-squared-error,  yet characterised uncertainty  

less well. Moreover, expanded-domain integrated  models outperformed other models  

regarding habitat assessments: (1) they provided  insights into spatial density patterns  for  

much larger  regions  and  predicted these patterns  more precisely  for the area common to all  

models; and (2) models combining  expanded-domain integrated modelling  with  standard or  

SVC integrated  modelling  predicted patterns of distribution shifts and range  

expansion/contraction  more precisely than the expanded-domain  integrated model employing  

observer-only data. Finally, expanded-domain i ntegrated models did not outperform other  

integrated models regarding  supporting  stock assessments. The indices obtained with 

expanded-domain integrated  models were more precise and had less bias and  a smaller root-

mean-squared-error, but agreed less with the traditional stratified random  index  and 

characterised uncertainty less well. This result suggests that standard or SVC integrated  

models should be preferred to produce indices for  local areas.  

66 

67 

68 

69 

70 

71 

72 

73 

74 

75 

76 

77 

78 

79 

80 

81 

3 



 
 

  

  

    

  

     

   

    

     

  

        

     

     

      

    

         

   

     

     

    

   

    

  

  

    

  

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

1. Introduction 

Resource models, including population, stock assessment and species distribution 

models, are central tools to support decision-making in marine and terrestrial systems, 

including fisheries management (Robinson et al., 2020; Schaub et al., 2024). Population and 

stock assessment models assist conservation efforts by evaluating species’ conservation status 

and extinction risk in response to population dynamics drivers and management actions 

(Ellner and Fieberg, 2003; Saunders et al., 2018), and harvest management by determining 

sustainable levels of removals (Hilborn and Walters, 1992). Species distribution models 

estimate relationships between species’ probability of encounter or abundance and covariates 

such as abiotic environmental variables; these relationships can then be used to inform 

resource management about spatial patterns of species’ probability of encounter or abundance 

in the past or the future (Elith and Leathwick, 2009; Sofaer et al., 2019). For example, species 

distribution models can provide insights into the potential impacts of climate change on living 

resources and fisheries (e.g., Brodie et al., 2022; Liu et al., 2023) and contribute information 

to marine spatial planning (e.g., Grüss et al., 2019a; Paradinas et al., 2022). 

Resource models should be fitted to the best available data to support resource 

management. Therefore, structured data, i.e., data collected using well-designed sampling 

protocols such as the data derived from well-designed research surveys, are a preferred choice 

for resource modelling (Isaac et al., 2020). However, obtaining structured data across the 

entire spatial habitat of a population is generally cost prohibitive; the collection of structured 

data tends to be restricted to particular locations and times of the year (Whittaker et al., 2005; 

Bourdaud et al., 2017; Webster et al., 2020; Rufener et al., 2021). Consequently, resource 

models relying solely on a given source of structured data (e.g., the data collected by a given 

well-designed research survey) often provide statistical inferences that are too limited to be 

useful to resource management (Schaub and Abadi, 2011; Robinson et al., 2020). 
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Unstructured data (e.g., data collected by observers placed on commercial fishing boats) are 

usually obtained at much larger spatial and temporal scales and in larger quantity, but are of 

lesser quality because they are associated with less formal or no sampling design and 

protocols (Fithian et al., 2015; Isaac et al., 2020; Grüss et al., 2023d). 

Instead of choosing between individual data sources and addressing trade-offs between 

data quality and data quantity, multiple data sources can be leveraged in the same resource 

model. Employing multiple data sources in the same population, stock assessment or species 

distribution model is referred to as “data integration”, “data fusion” or “integrated analysis” 

(Pacifici et al., 2017; Miller et al., 2019; Isaac et al., 2020; Dovers et al., 2024). In recent 

decades, we have seen the increasing development of integrated population models (IPMs), 

integrated stock assessment models (ISAMs) and integrated species distribution models 

(ISDMs), which implement the model-based integration of multiple different datasets where 

each dataset provides some information about the population of interest.  

IPMs and ISAMs, which have been employed in numerous studies to estimate 

population abundance and demographic rates, are very similar approaches, with the former 

typically applied in terrestrial studies and the latter usually used in fisheries research (Schaub 

et al., 2024). IPMs consist of the joint analysis of population count data and demographic 

data, with the goal of evaluating the demographic drivers of change in a population and trends 

in demographic rates and population abundance (Schaub and Abadi, 2011; Schaub and Kéry, 

2022). ISAMs result from the complexity of modern stock assessments, which require a 

diversity of data types collected via different sampling techniques that contain information 

about absolute stock abundance and fishing mortality (Maunder and Punt, 2013; Punt et al., 

2013). Nowadays, fisheries scientists very often employ ISAMs to conduct stock assessments, 

where a population dynamics model is fitted to catch data, age or length composition data 

from fisheries and/or research surveys, and indices of relative abundance, among, potentially, 
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other datasets (Methot, 2009; Methot and Wetzel, 2013; Doonan et al., 2016; Punt et al., 

2020). Inferences with IPMs and ISAMs are based on the multiplication of the likelihoods 

from the different sources of information, i.e., the joint likelihood (or the sum of the negative 

log-likelihoods from the different sources of information, i.e., the joint negative log-

likelihood) (Maunder, 2004; Schaub and Abadi, 2011). The calculation of the joint likelihood 

is possible when several components of that likelihood have one or several parameters in 

common and when two key assumptions are met: (1) the individuals from the different data 

sources have the same demography; and (2) the different data sources are independent (unless 

analysts explicitly model dependency among data sources) (Schaub and Kéry, 2022; Schaub 

et al., 2024). IPMs and ISAMs can provide numerous benefits. They can deliver a larger 

number of demographic quantities and more precise estimates for the demographic quantities 

delivered (e.g., Besbeas et al., 2002; Brooks et al., 2004; Abadi et al., 2010, 2012). Moreover, 

according to simulation experiments, they can estimate population abundance and 

demographic rates more accurately (Dorazio, 2014; Zipkin et al., 2017). 

ISDMs consist of the integration of multiple different monitoring data sources 

including, typically, research surveys, programmes placing observers onboard fishing vessels 

(observer programmes), and/or datasets gathering miscellaneous occurrence observations 

(presence-only data) (Fithian et al., 2015; Grüss et al., 2017, 2023a; Dovers et al., 2024). 

Other sources of data such as predators’ stomach contents (“predators as samplers”) can also 

be integrated (e.g., Grüss et al., 2023d). In some applications, the different data sources 

integrated in the same species distribution model also correspond to different data types, e.g., 

encounters/non-encounters, counts and biomass-sampling data in Grüss and Thorson (2019). 

Like IPMs and ISAMs, ISDMs rely on the joint likelihood for inferences and must meet the 

assumptions that the individuals from the different datasets have the same demographic 

characteristics and that there is independence between the different data sources (Fithian et 
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al., 2015; Pacifici et al., 2017; Grüss and Thorson, 2019; Miller et al., 2019; Grüss et al., 

2023d). Like IPMs and ISAMs, ISDMs come with many potential advantages, including: (1) 

reduced uncertainty in model estimates (Grüss and Thorson, 2019; Thompson et al., 2022; 

Dovers et al., 2024); (2) more accurate model estimates, according to cross-validation 

procedures and simulation experiments (Fithian et al., 2015; Fletcher et al., 2019; Grüss and 

Thorson, 2019; Robinson et al., 2020; Thompson et al., 2022); (3) a better coverage of 

different environmental conditions allowing for enhanced predictions of species’ whole 

ranges and population dynamics across space and time, which is central to efficient 

conservation efforts (Guisan et al., 2013; Pagel et al., 2014; Jetz et al., 2019; Pinto et al., 

2019; Mäkinen et al., 2024); (4) the production of less uncertain indices of relative abundance 

for a longer time period, which is highly beneficial to stock assessments and fisheries 

management (O’Leary et al., 2020; Monnahan et al., 2021; Rufener et al., 2021; Grüss et al., 

2023d); and (5) enhanced spatial biodiversity and species richness predictions to assist 

conservation planning and ecosystem-based management, particularly for under-sampled taxa 

and regions (Isaac et al., 2020; Mäkinen et al., 2024). 

Many of the ISDMs used in fisheries science are spatio-temporal models, which 

estimate unmeasured (latent) spatial variation that is constant over time (henceforth “spatial 

variation”) and unmeasured spatial variation that changes over time (henceforth “spatio-

temporal variation”) (e.g., Monnahan et al., 2021; Grüss and Thorson, 2019; Gonzalez et al., 

2021; Rufener et al., 2021; Thompson et al., 2022; Grüss et al., 2023a, 2023d; Nephin et al., 

2023). Spatio-temporal models, even when they do not integrate multiple data sources, allow 

for the sharing of information across locations and time periods, thereby usually generating 

less uncertain (Shelton et al., 2014; Thorson et al., 2015; Thorson and Haltuch, 2019; 

Hodgdon et al., 2020) and more accurate estimates (Grüss et al., 2019b; Zhou et al., 2019; 

Brodie et al., 2020; Hsu et al., 2022) compared to models that do not account for spatial or 
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spatio-temporal variation (i.e., non-geostatistical models). While integrated analysis with 

spatio-temporal models can be implemented in different ways, a terminology of integrated 

spatio-temporal models is lacking. In the present study, we provide such a terminology. 

There are three types and five sub-types (categories) of integrated spatio-temporal 

models (Table 1). The three types of integrated spatio-temporal models include standard 

integrated models, spatially varying catchability (SVC) models, and expanded-domain 

models. Standard and SVC integrated spatio-temporal models combine multiple data sources 

via, respectively, a non-spatially varying catchability term and an SVC term for the least 

reliable data sources, while expanded-domain integrated spatio-temporal models are models 

that integrate data sources for different spatial areas. Because spatio-temporal models can 

combine standard or SVC integrated modelling with expanded-domain integrated modelling, 

we can then distinguish between five sub-types (categories) of integrated spatio-temporal 

models: (1) standard models that integrate data from different sources but from the same 

spatial area, via a non-spatially varying catchability term; (2) SVC models that integrate data 

from different sources but from the same spatial area, via an SVC term; (3) expanded-domain 

models that integrate data from the same source but from different spatial areas (e.g., from 

different quota management areas (QMAs)); (4) expanded-domain models that integrate data 

from different sources and from different spatial areas, via a non-spatially varying catchability 

term; and (5) expanded-domain models that integrate data from different sources and from 

different spatial areas, via an SVC term (Table 1). 

Standard integrated spatio-temporal models are the most common type of integrated 

spatio-temporal models. Compared to spatio-temporal models fitted to one single data source, 

standard integrated spatio-temporal models include a catchability factor accounting for the 

fact that catchability differs among the different data sources that are being integrated. This 

catchability factor, which is modelled either as a random effect (e.g., Grüss et al., 2018a, 
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2018b, 2020; Thompson et al., 2022; Nephin et al., 2023) or as a fixed effect (e.g., Grüss and 

Thorson, 2019; Gonzalez et al., 2021; Rufener et al., 2021; Alglave et al., 2022; Grüss et al., 

2023a), enables the estimation of fishing-power ratio of each data source relative to a 

reference data source (deemed to be the most reliable data source) (Grüss and Thorson, 2019; 

Monnahan et al., 2021). The estimation of the fishing-power ratio of each data source relative 

to the reference data source ensures that predictions are intercalibrated to be in the units of the 

reference data source (Grüss et al., 2023a). Treating the catchability factor as a fixed effect 

rather than as a random effect may be preferable to avoid implicitly assuming that the fishing-

power ratio follows some shared distribution; treating the catchability factor as a random 

effect leads to implicitly assuming that the different data sources have similar fishing power 

on average (Grüss and Thorson, 2019; Grüss et al., 2023a). 

SVC integrated spatio-temporal models are a very recent development in the field of 

spatio-temporal modelling (Bolser et al., 2023; Grüss et al., 2023d; Olmos et al., 2023; 

Thorson et al., 2023). SVC integrated spatio-temporal models consist of substituting the 

catchability factor employed in standard integrated spatio-temporal models with spatially 

varying coefficients representing SVC for the non-reference data sources (Grüss et al., 

2023d). In this setting, the reference dataset is assumed to have constant catchability (like in 

most analyses involving a single data source; Thorson et al., 2013), and an SVC is estimated 

for each non-reference data source which has the effect of substantially downweighting the 

influence of the non-reference data sources on model predictions (see Figures 4 and 8 in 

Grüss et al. (2023d)). SVC spatio-temporals models enable catchability coefficients for the 

non-reference data sources to vary over space, i.e., allow the response curve for the 

catchability of the non-reference data sources to change smoothly across the modelled region 

(Thorson et al., 2023). By expressing the fishing-power ratio of non-reference data sources as 

a function of unmeasured (latent) spatial variables and processes, SVCs enable spatio-
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temporal models to attribute some of the residual variance of the spatio-temporal models to 

these latent spatial variables and processes; consequently, SVCs can enhance the fit of spatio-

temporal models to data and strengthen statistical inferences (Finley, 2011; Rollinson et al., 

2021; Thorson et al., 2023). We can then posit that SVC integrated spatio-temporal models 

have a better predictive performance than standard integrated spatio-temporal models, 

although this assumption has never been evaluated. Among existing SVC integrated spatio-

temporal models, that of Olmos et al. (2023), which uses SVC to integrate monitoring data 

collected in different seasons, is worth highlighting. Olmos et al. (2023) used SVC to 

represent seasonality, thus addressing the problem posed by the spatial imbalance of many 

monitoring and fisheries datasets across seasons to successfully estimate a seasonal spatio-

temporal model (Thorson et al., 2020a).  

Expanded-domain integrated spatio-temporal models constitute the third type of 

integrated spatio-temporal models. These models involve the integration of datasets for 

different areas, which is particularly useful for tracking spatio-temporal shifts in marine 

species across countries’ exclusive economic zones or across management areas within the 

waters of a given country (Ono et al., 2018; Maureaud et al., 2021; O’Leary et al., 2022). 

Existing expanded-domain integrated spatio-temporal models have achieved data integration 

through the estimation of a non-spatial catchability term for the non-reference data sources 

(e.g., a catchability factor treated as a random effect in Maureaud et al. (2021)). However, it is 

also feasible to carry out data integration in an expanded-domain integrated spatio-temporal 

model by estimating an SVC for the non-reference data sources. Hence, as mentioned earlier, 

we can distinguish between three different sub-types (categories) of expanded-domain 

integrated spatio-temporal models: (1) a first category where the data that are integrated come 

from the same source but were collected within different areas; (2) a second category 

consisting of the combination of expanded-domain integrated spatio-temporal modelling 
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(because data come from multiple areas) and standard integrated spatio-temporal modelling 

(because data integration is achieved through the estimation of a non-spatial catchability term 

for the non-reference data sources), like in Maureaud et al. (2021); and (3) a third category 

consisting of the combination of expanded-domain integrated spatio-temporal modelling and 

SVC integrated spatio-temporal modelling, i.e., like what was achieved in Maureaud et al. 

(2021) but with the non-spatial catchability term for the non-reference data sources 

substituted with an SVC term (Table 1).  

While integrated spatio-temporal modelling is increasingly being considered and 

employed worldwide, the above-mentioned types of data integration, i.e., standard, SVC and 

expended-domain integrated modelling, have never been evaluated through a comparative 

analysis. Here, we address this research gap through an investigation of the impacts of these 

different types of data integration on the predictions of spatio-temporal models, via: (1) an 

application to the southern hake (Merluccius australis) HAK4 stock, where the bottom trawl 

data collected within the New Zealand observer programme are integrated with the data from 

five different bottom trawl research surveys; and (2) a simulation experiment. Our modelling 

work involves six alternative spatio-temporal models, including a non-integrated model and 

the five sub-types of integrated models described earlier and in Table 1: (1) a spatio-temporal 

model fitted to one single data source (observer-only data in our case); (2) a standard 

integrated spatio-temporal model; (3) an SVC integrated spatio-temporal model; and (4) the 

three categories of expanded-domain integrated spatio-temporal models, including (i) an 

expanded-domain integrated spatio-temporal model fitted to data from the same source 

(bottom trawl data collated within the New Zealand observer programme in our case) but 

collected within different areas, (ii) a spatio-temporal model combining expanded-domain and 

standard integrated modelling, and (iii) a spatio-temporal model combining expanded-domain 

and SVC integrated modelling. 
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283 2. Material and  methods  

2.1. Spatio-temporal modelling  

 In fisheries  science, spatio-temporal models tend to be fitted to catch  rate data, with  

the primary  goal of producing indices  of relative  abundance to support stock assessments  

(Hodgdon et al., 2020; O’Leary  et al., 2020; Thorson et al., 2020b; Adams et al., 2021).  When 

spatio-temporal models  are fitted  to data coming from one single data source, they typically 

express catch  rate 𝑑𝑑  at each  site  s  and in each  time period  t  (assumed to be  a given year  

henceforth)  in the link space  as follows  (Thorson, 2022)1:   

𝑛𝑛𝑘𝑘 (1)  
𝑔𝑔�𝑑𝑑(𝑠𝑠𝑖𝑖, 𝑡𝑡𝑖𝑖)� = 𝛽𝛽(𝑡𝑡𝑖𝑖) + 𝜔𝜔(𝑠𝑠𝑖𝑖) + 𝜀𝜀(𝑠𝑠𝑖𝑖, 𝑡𝑡𝑖𝑖) + � 𝜆𝜆(𝑘𝑘)𝑄𝑄(𝑖𝑖, 𝑘𝑘)  

𝑘𝑘=1 

where i indexes samples;  𝑠𝑠𝑖𝑖  is the  site  where sample  i was collected;  𝑡𝑡𝑖𝑖  is the year  in which 

sample  i was collected; g()  is a link function;  𝛽𝛽(𝑡𝑡𝑖𝑖)  is the intercept in  year  𝑡𝑡𝑖𝑖;  𝜔𝜔(𝑠𝑠𝑖𝑖)  is spatial 

variation at site  𝑠𝑠𝑖𝑖;  𝜀𝜀(𝑠𝑠𝑖𝑖, 𝑡𝑡𝑖𝑖)  is spatio-temporal variation at site  𝑠𝑠𝑖𝑖  in year  𝑡𝑡𝑖𝑖; k indexes  

catchability covariates, i.e., covariates  affecting the process of obtaining measurements; 

𝑄𝑄(𝑖𝑖, 𝑘𝑘)  is an element of the matrix  𝐐𝐐  composed of  𝑛𝑛𝑘𝑘  covariates  explaining variation in  

catchability; and 𝜆𝜆(𝑘𝑘)  is the  estimated impact of  catchability  covariate k. T his formulation 

does not include any density  covariates (e.g., environmental covariates influencing  density  

such as sea surface temperature or bottom depth); however,  future implementations of our  

spatio-temporal models  could make use of  density covariates  (see Section 4).  The year  

intercepts  𝛽𝛽  tend to be  treated as fixed effects  in spatio-temporal models  (Thorson, 2019), 

which is  what we also assume here, whereas  the spatial variation term 𝜔𝜔  and the spatio-

temporal variation term 𝜀𝜀  are both treated as  random effects.  

284 

285 

286 

287 

288 

289 

290 

291 

292 

293 

294 

295 

296 

297 

298 

299 

300 

301 

302 
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Edwards  and Auger‐Méthé  (2019)) and is typically adopted in peer-reviewed publications  that report VAST  
modelling results.   
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  The spatial and spatio-temporal variation  terms  are the core terms of spatio-temporal 

models. These terms account for, respectively, multiple latent  static variables and multiple  

latent dynamic variables that have an influence on densities (Shelton et al., 2014; Thorson et  

al., 2015; Grüss et al., 2023a; Dovers et  al., 2024).  Both the  spatial variation term 𝜔𝜔  and the 

spatio-temporal variation term 𝜀𝜀  are modelled as Gaussian Markov random  fields following a  

multivariate normal (MVN) distribution.  In addition, because  the spatial distribution of  

sampling can  change substantially across  years, the spatio-temporal variation term 𝜀𝜀  is often  

modelled as a first-order  autoregressive (AR1) process  in spatio-temporal models  (e.g., 

Charsley  et al., 2023; Grüss et al., 2023a, 2023c, 2024; Kawauchi  et al., 2023):  

𝛚𝛚~𝑀𝑀𝑀𝑀𝑀𝑀�𝟎𝟎, 𝜎𝜎2𝜔𝜔𝐑𝐑(𝜅𝜅)�  (2)  

𝑀𝑀𝑀𝑀𝑀𝑀�𝟎𝟎, 𝜎𝜎2𝜀𝜀 𝐑𝐑(𝜅𝜅)�  𝑖𝑖𝑖𝑖  𝑡𝑡 = 𝑡𝑡
𝛆𝛆(𝑡𝑡)~ � 𝑚𝑚𝑖𝑖𝑛𝑛  

𝑀𝑀𝑀𝑀𝑀𝑀�𝜌𝜌  − 1), 𝜎𝜎2𝜀𝜀𝛆𝛆(𝑡𝑡 𝜀𝜀 𝐑𝐑(𝜅𝜅)�  𝑖𝑖𝑖𝑖  𝑡𝑡 > 𝑡𝑡𝑚𝑚𝑖𝑖𝑛𝑛 

where  𝛚𝛚  and 𝛆𝛆(𝑡𝑡)  are vectors of length  𝑛𝑛𝑠𝑠, where 𝑛𝑛𝑠𝑠  is the number of locations;  𝐑𝐑(𝜅𝜅)  is  the 

correlation among locations given  an estimated decorrelation distance  𝜅𝜅  (Thorson et al., 

2015);  𝜌𝜌𝜀𝜀  is first-order temporal autocorrelation, which analysts  can  set to 0 if  it is not 

warranted to  model an AR1 process; 𝜎𝜎2 
𝜔𝜔 is the estimated pointwise variance of spatial 

variation; 𝜎𝜎2 
𝜀𝜀  is the estimated pointwise variance of spatio-temporal variation;  and 𝑡𝑡𝑚𝑚𝑖𝑖𝑛𝑛  is the  

first year in the time series.  

 Catchability covariates (also called “detectability  covariates”)  are particularly  relevant  

to include in spatio-temporal models when working with fisheries-dependent monitoring data  

such as observer data (Wilberg et al., 2010; Grüss  et al., 2019b, 2023b; Ducharme-Barth et 

al., 2022).  However, the catchability of  fisheries-dependent monitoring programs  tends  to be  

the result of numerous  complex, a nd often interacting,  causes, because fisheries-dependent  

monitoring programs  rely on  the strategies of  fishing  boats,  which target specific places, times  

and species (Maunder and Punt, 2004; Ye and Dennis, 2009) and because fishers regularly  
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330

335

340

345

adapt  their behaviours and gears  to management changes, technological developments, and 

other constraints  (Hilborn and Walters, 1992; Quinn and Deriso, 1999).  We  encapsulate 

catchability effects  in a vessel effect term, 𝜂𝜂(𝑣𝑣𝑖𝑖), where  𝑣𝑣𝑖𝑖  is the vessel with which sample i  

was collected. This vessel effect term  represents  multiple  latent catchability  variables not 

explicitly modelled  (Thorson and Ward, 2014). Because differences in  catchability among  

fishing  boats are various, c omplex and typically poorly understood,  many spatio-temporal 

modelling studies  have employed  the  vessel effect term  𝜂𝜂(𝑣𝑣𝑖𝑖)  in lieu of several explicit 

catchability covariates  (e.g., Xu et al., 2019; Rufener et al., 2021; Grüss  et al., 2023b, 2023c, 

2023d). Under this premise, Equation 1 becomes:   

𝑔𝑔�𝑑𝑑(𝑠𝑠𝑖𝑖, 𝑡𝑡𝑖𝑖)� = 𝛽𝛽(𝑡𝑡𝑖𝑖) + 𝜔𝜔(𝑠𝑠𝑖𝑖) + 𝜀𝜀(𝑠𝑠𝑖𝑖, 𝑡𝑡𝑖𝑖) + 𝜂𝜂(𝑣𝑣𝑖𝑖)  (3)  

where vessel effects  are modelled as random effects  following  a normal distribution with a  

mean of zero and a standard  deviation  estimated  in the model (Bell et al., 2021; Ducharme-

Barth et al., 2022; Grüss  et al., 2023b).   

The above  assumed the use of one single data source.  Let us now imagine that the 

analysts  wish to employ  two or more data sources  in the same spatio-temporal model, e.g., 

both observer  and research survey datasets. In this situation, relying on Equation 3 to produce  

statistical inferences  would result in “data pooling” rather than data integration, where 

observations from different sources are used in the same model without any acknowledgment  

of the data sources (Fletcher et al., 2019; Isaac  et al., 2020). In the present study, we  do not  

consider  the data pooling approach, although one sub-type (category)  of expanded-domain  

integrated spatio-temporal models described in the following c ould also  be considered  as a 

form of data pooling as it does not involve the estimation of data source  impacts  (the first 

category of  expanded-domain integrated models; see below). We distinguish between  three 

types of integrated analysis in the present study: (1) standard integrated spatio-temporal 
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348 modelling; (2) SVC integrated spatio-temporal modelling; and (3)  expanded-domain  

integrated spatio-temporal modelling.   

 The first and most common type of integrated spatio-temporal models are standard  

integrated spatio-temporal models  (e.g., Grüss  et al., 2018a, 2018b, 2020b; Grüss and 

Thorson, 2019; Gonzalez et al., 2021; Rufener  et al., 2021; Alglave  et al., 2022; Thompson et  

al., 2022; Nephin et al., 2023), which account for the differing  catchabilities of the different 

data sources as follows:   

𝑛𝑛𝑚𝑚 (4)  
𝑔𝑔�𝑑𝑑(𝑠𝑠𝑖𝑖, 𝑡𝑡𝑖𝑖)� = 𝛽𝛽(𝑡𝑡𝑖𝑖) + 𝜔𝜔(𝑠𝑠𝑖𝑖) + 𝜀𝜀(𝑠𝑠𝑖𝑖, 𝑡𝑡𝑖𝑖) + 𝜂𝜂(𝑣𝑣𝑖𝑖) + � 𝛿𝛿(𝑚𝑚)𝑀𝑀(𝑖𝑖, 𝑚𝑚)  

𝑚𝑚=1 

where m indexes data sources;  𝑛𝑛𝑚𝑚  is the number of data sources considered in the model;  

∑𝑛𝑛 𝑚𝑚 
𝑚𝑚=1 𝛿𝛿(𝑚𝑚)𝑀𝑀(𝑖𝑖, 𝑚𝑚)  is the effect of data sources on expected catch rates; the design matrix  

𝑀𝑀(𝑖𝑖, 𝑚𝑚)  is 1 for the data source associated with sample i and 0 otherwise; and the data source  

impact  𝛿𝛿(𝑚𝑚)  is set up so that  𝛿𝛿(𝑚𝑚) = 0  for the reference data source, which is a  necessary  

constraint  for the identifiability of the  year intercepts  (Grüss and Thorson, 2019). W hen the  

data sources employed by  the  analyst include one  single research survey, that research survey  

is identified  as the reference data source. On the other hand, when the spatio-temporal model 

integrates several research surveys (among, potentially, other data sources), the research  

survey  with the largest sample size  is designated  as the reference data  source, unless the 

sampling design and/or protocols  of that particularly survey have  changed  markedly  over time  

compared to  the other surveys  available  (Grüss et  al., 2023a).   

 With standard integrated spatio-temporal models, a non-spatial catchability  term  𝛿𝛿(𝑚𝑚)  

is estimated for each non-reference data source but not for the reference data source,  while the 

vessel effect term  𝜂𝜂(𝑣𝑣𝑖𝑖)  serves as an additional catchability term encompassing numerous  

latent variables  not explicitly modelled  that have  an influence on catchability  (Grüss  et al., 

2023a). As the reference data source impact  is set  to zero, the  specified  impact of data sources  
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371 allows for the  estimation  of fishing-power  ratios relative to  the reference data source  for the  

non-reference data sources (Monnahan et al., 2021).  As  indicated earlier, the data source 

catchability  factor in Equation 4 can be treated  as  a fixed or a random effect, but we assume a 

fixed effect  to avoid the shrinking of model predictions towards a mean (this shrinking  

towards a mean is what is done  with the  the  vessel effect term  𝜂𝜂(𝑣𝑣𝑖𝑖); Grüss et al., 2023a).  In  

doing so, we do not  implicitly assume that the different data sources have similar fishing  

power on average.  

The second type of integrated spatio-temporal models are SVC integrated  spatio-

temporal models (e.g., Bolser et al., 2023; Grüss et al., 2023d; Olmos et al., 2023), which can 

be roughly described as the model presented in Equation 4 where the non-spatial data source 

catchability  term for  each non-reference data source is replaced  with  a spatially varying  

catchability  (SVC) term.  Thus, with SVC integrated spatio-temporal models, Equation 4 

becomes (Grüss et al., 2023d):  

𝑛𝑛𝑚𝑚 (5)  
𝑔𝑔�𝑑𝑑(𝑠𝑠𝑖𝑖, 𝑡𝑡𝑖𝑖)� = 𝛽𝛽(𝑡𝑡𝑖𝑖) + 𝜔𝜔(𝑠𝑠𝑖𝑖) + 𝜀𝜀(𝑠𝑠𝑖𝑖, 𝑡𝑡𝑖𝑖) + 𝜂𝜂(𝑣𝑣𝑖𝑖) + � 𝜉𝜉(𝑠𝑠𝑖𝑖, 𝑚𝑚)𝑀𝑀(𝑖𝑖, 𝑚𝑚)  

𝑚𝑚=1 

where 𝜉𝜉(𝑠𝑠𝑖𝑖, 𝑚𝑚) is the additive, zero-centred, spatially  varying impact of data source  𝑚𝑚  at  

location 𝑠𝑠𝑖𝑖, which  is set to 0 for the reference data source and is  estimated for the non-

reference sources. The  𝜉𝜉(𝑠𝑠𝑖𝑖, 𝑚𝑚)  term for the non-reference data sources is estimated  as a 

random effect following a n MVN distribution:  

𝝃𝝃(𝑚𝑚)~𝑀𝑀𝑀𝑀𝑀𝑀 �𝟎𝟎, 𝜎𝜎2𝜉𝜉 (𝑚𝑚)𝐑𝐑(𝜅𝜅)�  (6) 

where 𝜎𝜎2𝜉𝜉 (𝑚𝑚)  is the estimated pointwise variance of the spatially varying  response to  non-

reference data s ource  𝑚𝑚. Comparing Equations  6 and 2, we can see that the specification of  

the random  spatially varying impacts  of individual non-reference data sources is similar to the  

specification of  the random  spatial variation term. This specification results  in the estimation  

of  totally  separate spatially varying impacts for each non-reference data source, thereby  
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avoiding the shrinking of model predictions towards a mean common to all non-reference data 

sources. 

The third and last type of integrated spatio-temporal models are expanded-domain 

integrated spatio-temporal models (e.g., Ono et al., 2018; Maureaud et al., 2021; O’Leary et 

al., 2022). Their specificity is that they enable the integrated analysis of datasets collected 

within spatially distinct areas, either within distinct management areas in a country’s 

exclusive economic zone (e.g., the eastern Bering Sea, Aleutian Islands and Gulf of Alaska in 

Ono et al. (2018)) or within the waters of different countries (e.g., the northern and eastern 

Bering Sea off Alaska and the Russian Pacific in O’Leary et al. (2022)). Data integration in 

expanded-domain integrated spatio-temporal models can involve the estimation of a non-

spatial catchability term (Equation 4) or an SVC term (Equation 5) for the non-reference data 

sources. In these situations, spatio-temporal models combine, respectively, expanded-domain 

and standard integrated modelling and expanded-domain and SVC integrated modelling. In a 

third situation, data integration in expanded-domain integrated spatio-temporal models 

resembles data pooling. In this third situation, the datasets that are being integrated can be 

considered to be similar as they come from the same monitoring programme but from 

spatially distinct areas (e.g., observer data collected within the same programme but within 

distinct management areas of a country’s economic exclusive zone). 

In the present study, we provide the first-ever comparison of three above-mentioned 

types of integrated spatio-temporal models, i.e., standard, SVC and expanded-domain 

integrated spatio-temporal models. Our comparison involves an application to the southern 

hake HAK4 stock (described in Subsection 2.2) and a simulation experiment (described in 

Subsection 2.3). 

2.2. Fishery application 
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2.2.1. Southern hake and the HAK4 stock 

Southern hake (HAK) are large fish that are commonly encountered in deep waters of 

New Zealand, almost entirely south of 40°S (Fig. 1; Anderson et al., 1998; O’Driscoll et al., 

2003). They support economically important commercial trawl fisheries and are caught both 

as target species and as valuable bycatch by vessels targeting hoki (Macruronus 

novaezelandiae), southern blue whiting (Micromesistius australis) and other species; hake are 

virtually all caught by trawlers, approximately equally by mid-water trawl and bottom trawl 

(Devine, 2009; Ballara, 2013, 2015, 2018). 

Hake undertake ontogenetic habitat shifts (Horn, 2015). Hake young-of-the-years 

inhabit inshore areas (<250-m depth) primarily off the central and northwest coasts of South 

Island, while juvenile hake (1-2 years old) can be found at considerably deeper depths (up to 

1000-m depth) generally north of 45°S (Horn, 2015; McGregor, 2021). Immature and adult 

hake (2-7 years old) occur at depths greater than 250-350 m and less than 1400 m, but are 

abundant at 800 m; compared to juvenile hake, immature and adult hake extend into deeper 

waters and south into the waters south of 46°S (i.e., into the Sub-Antarctic), but also 

(although in very small numbers) along the North Island southeast coast (Hurst et al., 2000; 

Horn, 2015). 

Since the introduction of the quota management system in New Zealand on 1st October 

1986 (Lock and Leslie, 2007), hake has been managed through total allowable catches 

allocated to four QMAs: (1) the HAK4 QMA, which covers the Chatham Rise and the East 

Coast South Island (ECSI); (2) the HAK7 QMA, which encompasses the Challenger Plateau 

and the fraction of the West Coast South Island (WCSI) located north of 46°S; (3) the HAK10 

QMA, in the Kermadec area, where hake has never been recorded in catches and which will 

be disregarded henceforth; and (4) the HAK1 QMA, which includes all of New Zealand’s 

exclusive economic zone not covered by the three other hake QMAs (Fig. 1a; Horn, 2015; 
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Dunn et al., 2021). The hake QMAs do not correspond with speculated hake biological stock 

boundaries (Horn, 2015). The degree of mixing between the HAK4, HAK1 and HAK7 stocks, 

as well as seasonal migration patterns in hake, are very poorly understood (Horn, 2015) and 

cannot inform the present study.  

In the present study, we focus on the HAK4 stock. However, our study region is wider 

than the HAK4 QMA and covers the HAK4 and HAK7 QMAs and the fraction of the HAK1 

QMA located south of 42.17°S, i.e., only the Sub-Antarctic part of the HAK1 QMA (Fig. 1b). 

We consider this wider region, because some of the spatio-temporal models that we 

developed for hake are expanded-domain integrated models fitted to data for the HAK4 QMA 

combined with data for the HAK7 and HAK1 QMAs (see Subsection 2.2.3). Our study region 

includes only the Sub-Antarctic part of the HAK1 QMA, as was the case in other hake 

modelling studies (e.g., Dunn et al., 2021), because, within the HAK1 QMA, hake has rarely 

been encountered outside of the Sub-Antarctic (Anderson et al., 1998; O’Driscoll et al., 

2003). 

2.2.2. Data for hake 

In the present study, we relied on bottom trawl biomass catch rate data for hake 

(HAK) for the period 1991–2022, coming from: (1) the Fisheries New Zealand (FNZ) 

database cod, which contains data collected by observers placed onboard commercial trawlers 

(Sanders and Fisher, 2020); and (2) the FNZ database trawl, which compiles the data collated 

within the research surveys taking place in New Zealand’s exclusive economic zone (Mackay, 

2020). We used only the cod data collected onboard bottom trawlers, hereafter referred to as 

“COD BT data,” in modelling analyses. Regarding research surveys, we employed data 

collected within the following five bottom trawl surveys: (1) the Chatham Rise middle depth 

trawl survey (CHAT MD survey); (2) the Sub-Antarctic summer middle depth trawl survey 
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(SUBA SUM survey); (3) the Sub-Antarctic autumn middle depth trawl survey (SUBA AUT 

survey); (4) the Southland middle depth survey (SOUTH MD survey); and (5) the WCSI 

Tangaroa middle depth survey (WCSI MD survey) (Table 1 and Fig. 1a). Three inshore 

research surveys are also conducted in our study region, namely the inshore trawl survey of 

the WCSI and Tasman/Golden Bays (WCSI TBGB survey) and the ECSI summer and winter 

inshore trawl surveys (ECSI SUM and ECSI WIN surveys). However, we disregarded the 

WCSI TBGB, ECSI SUM and ECSI WIN surveys in the present study, because they do not 

sample older hakes (2+ year-old individuals) and mainly catch 0-1 year old individuals (Horn, 

2015). By contrast, the five above-mentioned middle depth surveys sample older hake like the 

COD BT monitoring programme (yet the five middle depth surveys seem to miss some of the 

younger ages, namely 3-5 year-old individuals, which may be found deeper) (Horn, 2015). 

Excluding the WCSI TBGB, ECSI SUM and ECSI WIN surveys from the present study was 

done to meet the assumption that the individuals from the different datasets integrated in a 

single model have the same demographic characteristics (Fithian et al., 2015; Pacifici et al., 

2017; Grüss and Thorson, 2019; Miller et al., 2019; Grüss et al., 2023d). 

The trawl database gathers data collated using various protocols and designs and in 

different areas of New Zealand, sometimes for very distinct purposes (Mackay, 2020). 

Moreover, not all the observations compiled in the trawl database are valid for biomass 

estimation, because, for example, of poor gear performance. Therefore, it is necessary to 

carefully select the data from the trawl database that go into modelling analyses. To address 

this issue, we employed the enhanced version of the trawl database presented in Grüss et al. 

(2023a). We extracted the biomass catch rate data (kg ⋅ km-2) collected in five above-

mentioned surveys (the CHAT MD, SUBA SUM, SUBA AUT, SOUTH MD and WCSI MD 

surveys), which we cleaned via procedures that are standard in New Zealand (Morrison et al., 

2013; Grüss et al., 2023a, 2023d; Ballara and O’Driscoll, 2024). For the period 1991–2022, 
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our cleaned survey dataset for the HAK4 QMA (including only CHAT MD survey data) 

counted a total of 3117 records, while our cleaned survey dataset for HAK encompassing the 

HAK4, HAK7 and HAK1 QMAs (including CHAT MD, SUBA SUM, SUBA AUT, SOUTH 

MD and WCSI MD survey data) counted a total of 6052 records (Fig. A1). The high-quality 

CHAT MD survey was the survey with the largest sample size and was, therefore, nominated 

as the reference data source in all the integrated spatio-temporal models that we developed for 

hake.  

The cod database consists of data that have been collected onboard commercial 

trawlers by observers since 1986 (Sanders and Fisher, 2020). Although the cod database also 

contains age, length and biological information obtained by observers, we used only the catch 

and effort (confidential) data collated onboard bottom trawlers that are compiled in the cod 

database. We cleaned the data that we extracted from the cod database through procedures 

that are standard in New Zealand (Edwards and Mormede, 2023; Grüss et al., 2023a, 2023d). 

We calculated an area swept (km2) as the product of doorspread (km) and distance trawled 

(km) and, then, biomass catch rate (kg ⋅ km-2) by dividing the catch (kg) by the area swept. 

For the period 1991–2022, our cleaned observer dataset for the HAK4 QMA counted a total 

of 53 783 records, whereas our cleaned observer dataset for HAK encompassing the HAK4, 

HAK7 and HAK1 QMAs counted a total of 134 177 records (Fig. A1). 

2.2.3. Spatio-temporal modelling for hake 

Prior to fitting spatio-temporal models, we constructed a prediction grid, following the 

methodology of Grüss et al. (2018c, 2023a). First, we produced a 10 km × 10 km spatial grid 

for New Zealand’s exclusive economic zone. Then, using all the encounter data for hake 

(HAK) from the original, larger trawl and cod databases (data collected with a bottom trawl 

or other gears), we computed hake longitudinal, latitudinal and depth ranges. The depth data 
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for this step came from Mitchell et al. (2012). Finally, based on the computed longitudinal, 

latitudinal and depth ranges of hake, we subsetted the 10 km × 10 km spatial grid for New 

Zealand’s exclusive economic zone, to come up with a 10 km × 10 km prediction grid for the 

present study (Fig. 1b). The prediction grid was employed to determine the spatial distribution 

of “knots” in the spatio-temporal models and generate spatial log-density maps from the 

model outputs, and it was further subsetted to construct indices for the HAK4 stock (see 

below). 

We developed six different spatio-temporal models and compared the predictions of 

the six models. Fisheries-dependent data are the major source of information for the great 

majority of stocks in New Zealand including hake stocks (Dunn et al., 2021; Grüss et al., 

2023b; Ballara and O’Driscoll, 2024) and our primary interest was to understand whether and 

how the integration of fisheries-dependent data with survey data could benefit New Zealand 

stock and habitat assessments, using HAK4 as a case study. As such, the first of the six 

models that we estimated was a spatio-temporal model fitted to observer-only data for the 

HAK4 QMA (Model 1). After the observer-only data model for HAK4 was fitted, we 

developed five other spatio-temporal models, including: (Model 2) a standard integrated 

model fitted to both observer and survey data for HAK4 (where the survey data came only 

from the CHAT MD survey); (Model 3) an SVC integrated model fitted to both observer and 

survey data for HAK4 (where, again, the survey data came only from the CHAT MD survey); 

and (Models 4–6) three different expanded-domain integrated models fitted to data for HAK, 

i.e., data collected within not only the HAK4 QMA but also within the HAK7 and HAK1 

QMAs (where the survey data came from the CHAT MD, SUBA SUM, SUBA AUT, 

SOUTH MD and WCSI MD surveys). The first of the three expanded-domain integrated 

models (Model 4) was fitted only to observer data, but these observer data were not only for 

the HAK4 QMA but also for the HAK7 and HAK1 QMAs. The two other expanded-domain 
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integrated spatio-temporal models consisted of fitting a standard integrated model (Model 5) 

or an SVC integrated model (Model 6) to both observer and survey data that were not only for 

the HAK4 QMA but also for the HAK7 and HAK1 QMAs. In summary, we developed: (1) 

three models for HAK4, including an observer-only data model (Model 1), a standard 

integrated model (Model 2), and an SVC integrated model (Model 3); and (2) three expanded-

domain integrated models for the HAK population (i.e., encompassing the HAK4, HAK7 and 

HAK1 stocks), including an observer-only data model (Model 4), a standard integrated model 

(Model 5), and an SVC integrated model (Model 6).   

We implemented the six spatio-temporal models with version 3.10.0 of the vector 

autoregressive spatio-temporal (VAST) modelling platform (Thorson, 2019), whose R code 

and documentation are available publicly at https://github.com/James-Thorson-NOAA/VAST. 

Given that all the datasets fed into the models included many zeros, all six models were two-

stage delta models combining together the probabilities of encounter estimated by a first 

linear predictor and the positive catch rates estimated by a second linear predictor (Lo et al., 

1992; Stefánsson, 1996). Specifically, all six models were “Poisson-link delta models” as 

described in detail in Thorson (2018) and Grüss et al. (2023a). In all standard and SVC 

models, the catchability factor (Equation 4) or the SVC term (Equation 5) was included only 

in the first linear predictor (Grüss and Thorson, 2019; Grüss et al., 2023a, 2023d). In the 

models fitted to both observer and survey data, the vessel effect 𝜂𝜂 was not modelled (i.e., was 

“turned off”) for the survey data. In the six models, we modelled spatio-temporal variation as 

an AR1 process and utilised the SPDE-Barrier model described in Grüss et al. (2023a) to 

estimate covariances among sites, because of the presence of convoluted coastlines and 

islands in our study region. Moreover, in all models, we distributed 𝑛𝑛𝑥𝑥 = 200 knots 

uniformly over the 10 km × 10 km prediction grid, and densities were predicted across 2000 

grid cells covering the prediction grid (Grüss et al., 2020a). We confirmed that the parameter 
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estimates and predictions of the model were qualitatively similar when we specified more 

than 200 knots. After the different spatio-temporal models were fitted, we ascertained that 

they had successfully converged by checking that the gradient of the marginal log-likelihood 

was less than 0.0001 for all fixed effects and that the Hessian matrix of secondary derivatives 

of the negative-likelihood was positive definite. Then, we evaluated the models by employing 

a procedure relying on R package DHARMa (Hartig, 2020) which is standard for spatio-

temporal models implemented with the VAST modelling platform. More precisely, we 

considered simulation-based probability-integral-transform (PIT) residuals (Smith, 1985; 

Warton et al., 2017) via Q-Q plots; we utilised R package DHARMa to simulate datasets from 

the predictive distribution of the data conditioned on estimated fixed and random effects, and 

we then calculated the PIT residuals from the observed and simulated values to create 

diagnostic objects for the simulation-based quantile residuals from a delta model. We 

confirmed that all models passed the evaluation tests (Appendix A2). 

We compared the capabilities of the six spatio-temporal models to support habitat and 

stock assessments. Regarding habitat assessments, we first analysed the following outputs of 

the six models: (1) mean spatial patterns of log-density for hake; and (2) the coefficients of 

variation (CVs) of mean spatial log-densities, which were computed from the standard errors 

(SEs) associated with the mean spatial patterns of log-density. To obtain SEs, we: (1) drew 

1000 samples from the predictive distributions by sampling from the joint precision of the 

fixed and random effects of the spatio-temporal models; and (2) calculated SEs for log-

density estimates from the 1000 samples (Goodman et al., 2022; Grüss et al., 2023c). For the 

three expanded-domain integrated models, we also examined: (1) predicted annual eastward 

and northward centres of gravity (COGs) for the HAK population (encompassing the HAK4, 

HAK1 and HAK7 stocks), which shed light on density shift patterns (Thorson et al., 2016a, 

2016b); (2) the CVs of predicted eastward and northward COGs; (3) the annual effective 
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593 areas  occupied  estimated for  the HAK4 stock and its adjacent HAK1 stock by the three  

expanded-domain i ntegrated models, where estimated changes in effective area occupied are 

informative about patterns of range  expansion/contraction in populations (Thorson et al., 

2016a; Han et al., 2021);  and (4)  the CVs of these effective areas occupied. We applied the 

Mann-Kendall test for trend (Mann, 1945; Kendall, 1975; Gilbert, 1987)  to the eastward and 

northward COG  and effective area occupied estimates, and checked  whether the p-value 

associated with the Mann-Kendall test was  statistically significant at the α  = 0.05  level.  

To  compare the capabilities of the six  spatio-temporal models to support stock 

assessments, we  looked at: (1) the indices of relative biomass (henceforth simply  “indices”)  

estimated for  the area  encompassed by the CHAT MD survey, i.e., the Chatham Rise middle  

depth area; (2) the CVs of these indices; and (3) the interannual variability  of these indices. 

We configured the spatio-temporal models in VAST  so as to be able to  retrieve index values  

for each site s  in each  year  t and  their associated SEs  (Thorson, 2022).  To obtain the indices  

for the Chatham Rise middle depth area, we subsetted the prediction grid to retain only the  

index values and their associated SEs that corresponded  to the  Chatham Rise middle depth 

area  (Grüss  et al., 2023a). To calculate the SEs around indices (and  around COGs and  

effective areas occupied), we relied on the generalised delta method (Kass  and Steffey, 1989) 

implemented in the Template Model Builder  (TMB; Kristensen et al., 2016) that is  leveraged  

by the VAST modelling  platform  (see Appendix A2). The interannual variability of  the index, 

𝑀𝑀(𝑡𝑡), was calculated  as:  

𝑛𝑛𝑡𝑡−1 (7)  1 
𝑀𝑀(𝑡𝑡) = � �𝐼𝐼(𝑡𝑡 + 1) − 𝐼𝐼(𝑡𝑡)� (𝑛𝑛𝑡𝑡 − 1) 

𝑡𝑡 

where  𝑛𝑛𝑡𝑡  is the number of  years  in the study period (32); and 𝐼𝐼(𝑡𝑡)  is the  estimated  index  in  

year  𝑡𝑡.  
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We compared the indices estimated by the six spatio-temporal models fitted in the  

present study to the  traditional stratified random  index  computed from the CHAT MD survey  

data with the  SurvCalc  software, henceforth referred to as the “SurvCalc index” (Francis,  

2009).  The SurvCalc index that we employed in the present study came from  Stevens et al.  

(2023). The CHAT MD survey sampling  design changed in 2010 and then again in 2016, with  

deeper 800-1300 m strata  added to the sampling design. For this reason, we used SurvCalc  

index  for the core 200-800 m strata, as these s trata  have  been  surveyed consistently in  all 

years  of our study period (1991–2022)  (Stevens et al., 2023). Comparing the indices  estimated  

by catch rate standardisation models  to the  SurvCalc indices  is standard practice in New  

Zealand (Grüss et al., 2023a, 2023d).  The SurvCalc  index for the  CHAT MD survey  for the  

core 200-800 m strata  is considered to be  a  good index to gauge the indices estimated by the  

spatio-temporal models,  because this SurvCalc index is produced from fisheries-independent-

only  data collected  by well-designed  and consistent research  monitoring within  the core 200-

800 m strata  (Grüss et  al., 2023d).  
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2.3. Simulation experiment  

In addition to the application for hake, we conducted a simulation experiment  where 

the operating model (OM) was  the standard integrated spatio-temporal model for  the HAK  

population  (encompassing the HAK4, HAK1 and HAK7 stocks), i.e., the spatio-temporal 

model combining standard and  expanded-domain  integration. The  goal of the simulation 

experiment was to  further assess  the capability of  the  six forms of spatio-temporal modelling  

described in Subsection 2.2.3 to support stock assessments. The simulation experiment 

consisted of: (1)  utilising  a simulator, which produces new values of random effects  

conditional on the maximum likelihood estimates (MLEs) for  the fixed effects estimated by  

the OM and then generates  simulated data conditional upon fixed and random effect values;  
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(2) considering that the indices derived from simulated data represent “true indices;” (3) 

fitting alternative estimation models (EMs) to the simulated data, resulting in alternative 

estimated indices; and (4) comparing the estimated indices (obtained from the EMs) to the 

true indices (obtained from the simulated data) using performance metrics to evaluate the 

bias, error and confidence interval coverage of the indices estimated by the alternative EMs. 

The alternative EMs were the six spatio-temporal models from Subsection 2.2.3, namely: 

(Model 1) the model fitted to observer-only data for HAK4; (Model 2) the standard integrated 

model fitted to both observer and survey data for HAK4; (Model 3) the SVC integrated model 

fitted to both observer and survey data for HAK4; (Model 4) the expanded-domain integrated 

model fitted to observer-only data for HAK (encompassing the HAK4, HAK1 and HAK7 

stocks); (Model 5) the standard integrated model fitted to both observer and survey data for 

HAK, i.e., the model combining expanded-domain and standard integrated modelling; and 

(Model 6) the SVC integrated model fitted to both observer and survey data for HAK, i.e., the 

model combining expanded-domain and SVC integrated modelling. 

We carried out the simulation experiment by employing the “self-test simulator” that 

is included in R package VAST (Thorson, 2019), which involved six alternative scenarios 

corresponding to the six spatio-temporal models described in the previous paragraph and 100 

simulations for each of the six scenarios. The estimated indices (obtained from the EMs) were 

for the HAK4 stock (i.e., corresponded to the HAK4 QMA) and were compared to the true 

indices (obtained from the OM) for that stock. Because of the high computation costs of our 

simulation experiment, we implemented it using the New Zealand eScience Infrastructure 

(NeSI) high-performance computing facilities (http://www.nesi.org.nz/). 

The following metrics (detailed, e.g., in the appendices of Grüss and Thorson (2019)) 

were computed to gauge the performance of the six alternative EMs relative to one another: 

(1) a bias metric that indicates if changes in the true index are estimated accurately (the closer 
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665 to 1 the better; Thorson et al., 2015);  (2) root mean squared error  (the lower the better;  Stow 

et al., 2009; Norberg e t al., 2019); and (3)  coverage for a 50% confidence interval (henceforth  

usually “coverage”;  Agresti and Coull, 1998;  Newcombe, 1998; Brown et al., 2001).  

Coverage is defined as the percentage of  time periods (years  in our  case)  that the 50%  

confidence interval of  an index  estimated by  a model  contains the “true” index; if the  

coverage values  are s maller  (greater) than 50%, then  confidence intervals are too  narrow  (too  

wide) (Bolker, 2008; Johnson et al., 2019).  The bias metric we considered  was the coefficient  

𝑏𝑏  of the following linear  model  (Thorson et al., 2015):   

𝐼𝐼(𝑡𝑡) = 𝑎𝑎 + 𝑏𝑏 × 𝐼𝐼(𝑡𝑡)  (8)  
𝐸𝐸(𝑡𝑡)~𝑀𝑀𝑁𝑁𝑁𝑁𝑚𝑚𝑎𝑎𝑁𝑁(0, 𝜎𝜎2𝐸𝐸)  

where 𝑎𝑎  is an intercept;  𝐼𝐼(𝑡𝑡)  is the “true” index in  year  t; 𝐸𝐸(𝑡𝑡)  is the “estimation error” in  

𝐼𝐼(𝑡𝑡); and 𝜎𝜎2 
𝐸𝐸  is the variance of  𝐸𝐸. A 𝑏𝑏  of 1 is indicative that  changes in the true index are 

reflected accurately by the estimated index, while a 𝑏𝑏  greater than 1 (lower than 1) indicates  

that  the estimated  index  𝐼𝐼(𝑡𝑡)  underestimates (overestimates) changes in the true index  𝐼𝐼(𝑡𝑡)  

(Wilberg et  al., 2010; Thorson et al., 2015).  
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679 3. Results  

The six spatio-temporal models  (Models 1–6) that we estimated for hake predicted  

similar density patterns in the HAK4 QMA, particularly higher densities on the northern 

Chatham Rise  (Fig. 2). The expanded-domain integration models  (Models  4–6) also  allowed  

for insights into the spatial density patterns of hake beyond the HAK4 QMA, i.e., in the  

HAK1 and HAK7 QMAs as well. All  expanded-domain  integration models predicted that the 

highest hake densities are located off  the WCSI, primarily  between 42°S and 43°S (Fig. 2).     

 Looking at the CVs associated with  estimated  spatial density patterns suggests  that: (1)  

the  integrated models  (Models 2–6) predicted more precise densities  in the  HAK4 QMA  

compared to the model  fitted to observer-only data for the HAK4 QMA only  (Model 1);  (2) 
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the SVC integrated models (Models 3 and 6) predicted more precise densities in the HAK4 

QMA than the standard integrated models (Models 2 and 5); and (3) the expanded-domain 

integrated models (Models 4–6) predicted more precise densities in the HAK4 QMA 

compared to the other models (Models 1–3) (Fig. 3a). These results become clearer when 

comparing the mean CV of density in the HAK4 QMA across all years for the six different 

models (Fig. 3b). We note that the CVs of estimated densities are highest in the southernmost 

areas of the HAK4 QMA (Fig. 3a), because there are limited monitoring data for hake south 

of 45°S and east of 172°E (Figs. 1a and b); therefore, densities are inferred for these areas 

primarily through interpolation and/or extrapolation. 

All expanded-domain integrated models (Models 4–6) provided similar insights into 

annual changes in eastward and northward COGs, i.e., similar insights into density shifts for 

hake (Fig. 4). Specifically, all expanded-domain integrated models predicted a statistically 

significant northwestern shift in the COG of the HAK population over time. Looking at the 

95% confidence intervals of the annual COG estimates suggests that: (1) the standard and 

SVC integrated models (Models 5 and 6, which were fitted to both observer and survey data) 

yielded more precise insights into patterns of density shifts than the model fitted to observer-

only data (Model 4); and (2) the predicted changes in eastward COGs were less uncertain with 

the standard integrated model (Model 5) than with the SVC integrated model (Model 6), while 

the opposite was true for the predicted changes in northward COGs (Fig. 4). These results 

become clearer when comparing the mean CVs of the eastward and northward COGs across 

all years for three different expanded-domain integrated models (Figs. 5a and b). 

All expanded-domain integrated models (Models 4–6) provided similar insights into 

changes in effective area occupied for HAK4 and HAK1, i.e., similar insights into patterns of 

range expansion/contraction for the two stocks (Fig. 6). Specifically, all expanded-domain 

integrated models predicted virtually no changes in the effective area occupied of HAK4 
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between 1991 and 2022, but a statistically significant decrease in the effective area occupied 

of HAK1 over time (Fig. 6). Looking at the 95% confidence intervals of the annual effective 

area occupied estimates suggests that: (1) the standard and SVC integrated spatio-temporal 

models (Models 5 and 6, which are fitted to both observer and survey data) yielded more 

precise insights into patterns of range expansion/contraction than the model fitted to observer-

only data (Model 4); and (2) the predicted changes in the effective area occupied of the HAK4 

stock were less uncertain with the standard integrated model (Model 5) than with the SVC 

integrated model (Model 6), while the opposite was true for the predicted changes in the 

effective area occupied of the HAK1 stock (Fig. 6). These results become clearer when 

comparing the mean CVs of the effective area occupied estimates across all years for three 

different expanded-domain integrated models (Figs. 5c and d). 

All six models predicted similar trends in relative biomass, with an overall decrease in 

the index between 1992 and 2020 and increase in 2021–2022 (Figs. 7 and 8). Results 

indicated that: (1) the indices obtained with integrated models (Models 2–6) were more 

precise than the index obtained with the model fitted to observer-only data from the HAK4 

QMA (Model 1); (2) the indices estimated by the standard integrated models (Models 2 and 5) 

and the SVC integrated models (Models 3 and 6) had the same level of uncertainty; and (3) 

the indices obtained with the expanded-domain integrated models (Models 4–6) were more 

precise than those obtained with the models fitted to data from the HAK4 QMA only (Models 

1–3) (Figs. 7 and 9a). In terms of interannual variability in relative biomass: (1) the index 

estimated by the model fitted to data for the HAK population (encompassing the HAK4, 

HAK7 and HAK1 stocks; Model 4) had, by far, the largest interannual variability; (2) the 

SVC integrated models (Models 3 and 6) produced indices with less interannual variability 

than the standard integrated models (Models 2 and 5); and (3) the indices obtained with the 

expanded-domain integrated models (Models 4–6) exhibited more interannual variability than 
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the indices obtained with the models fitted to data from the HAK4 QMA only (Models 1–3) 

(Figs. 7 and 9b). 

We also compared the indices estimated by the six models with the SurvCalc index, 

which revealed that: (1) the indices obtained with the six models were all strongly (Pearson’s 

correlation coefficients: 0.5–0.7) to very strongly correlated (Pearson’s correlation 

coefficients: ≥0.7) with the SurvCalc index; (2) the indices produced by the SVC integrated 

models (Models 3 and 6) were more strongly correlated with the SurvCalc index than the 

indices produced by the standard integrated models (Models 2 and 5); and (3) the correlation 

with the SurvCalc index was stronger for the models fitted to data from the HAK4 QMA only 

(Models 1–3) than for the expanded-domain integrated models (Models 4–6) (Fig. 8). 

The simulation experiment revealed that: (1) the integrated models (Models 2–6) had 

less bias and less error than the model fitted to observer-only data from the HAK4 QMA 

(Model 1), but smaller coverage (i.e., worse coverage); (2) the standard integrated models 

(Models 2 and 5) and the SVC integrated models (Models 3 and 6) had similar performance in 

terms of bias, error and coverage; and (3) expanded-domain integrated models (Models 4–6) 

had less error and less bias, but smaller coverage (i.e., worse coverage) than the models fitted 

to data from the HAK4 QMA only (Models 1–3) (Fig. 10). 

4. Discussion 

Integrated modelling, using IPMs, ISAMs and ISDMs, is gaining increasing traction 

worldwide (Grüss et al., 2023a; Schaub et al., 2024; Punt et al., 2020). In this context, we 

provided in the present study a terminology of spatio-temporal ISDMs and the first-ever 

comparison of standard, SVC and expanded-domain integrated models implemented with the 

widely employed VAST modelling platform (used in around 130 refereed publications as of 

April 2024; https://github.com/James-Thorson-NOAA/VAST). 
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764 Our results indicated that  standard, SVC and expanded-domain integrated  spatio-

temporal models outperformed a model fitted to one single data source  in pretty much  all 

respects, consistent with previous research (e.g., P agel et al., 2014;  Fithian et al., 2015; Grüss 

and Thorson, 2019; O’Leary et al., 2020; Pinto et al., 2019; Robinson et al., 2020; Monnahan 

et al., 2021; Rufener  et al., 2021; Thompson et al., 2022; Grüss et al., 2023d; Dovers et al., 

2024; Mäkinen et al., 2024).  Specifically,  compared to the observer-only data model, our  

integrated models  that combined observer  and survey data delivered: (1) more precise spatial 

density predictions; (2) more precise insights into patterns of  density shifts and range  

expansion/contraction; and (3) indices that were more precise, better matched  the traditional 

stratified  random  index, and had less bias and less error. However, our integrated models  

characterised uncertainty  around the estimated indices  less well  than the observer-only data 

model. Similarly,  Grüss  et al. (2023a)  found that their standard integrated spatio-temporal 

models had worse  coverage for a 50% confidence interval  than models  fitted to  survey-only  

data.  These  findings highlight that  integrated models are not without potential issues and 

should, therefore, be compared to models fitted to single data sources in individual  

applications (Isaac et al., 2020; Simmonds et al., 2020).     

Our findings also  suggested  that, overall, SVC integrated spatio-temporal models  

performed  better than standard integrated spatio-temporal models in support  of  habitat and 

stock  assessments. First, our results indicated that  SVC  spatio-temporal models  predicted  

more precise spatial densities  than standard integrated spatio-temporal models. Second, we 

found that the indices obtained with SVC  spatio-temporal models were more strongly  

correlated  with  the traditional stratified  random  index.  Otherwise, the SVC and standard 

integrated spatio-temporal models had similar performance  in terms of uncertainty in 

predicted patterns  of density shifts and range expansion/contraction a nd uncertainty  around 

the estimated indices, as  well as in terms of  bias, error and coverage. By expressing the 
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789 fishing-power ratio of non-reference data  sources  as a function of multiple  latent spatial 

variables  and processes, spatially varying  catchabilities  enable spatio-temporal models  to 

attribute some of the residual variance to these latent  spatial variables and  processes, thereby  

potentially  improving  model predictive performance (Finley, 2011; Rollinson et al., 2021).  

The present study confirmed  that  modelling  spatially varying  catchabilities  do result in 

enhanced spatio-temporal modelling  predictive performance  so that  SVC integrated spatio-

temporal models  outperform standard integrated spatio-temporal models  in several  respects.  

 Whether  expanded-domain integrated m odels  should be  chosen  among the different  

types of integrated spatio-temporal models  appeared to depend on w hether  model outputs aim  

to  support habitat or stock assessments. Our findings suggested that  spatio-temporal models  

combining standard and expanded-domain integrated m odelling or  SVC  and  expanded-

domain integrated  modelling  should be preferred to assist  habitat assessments, because: (1) 

expanded-domain integrated m odels  provided insights into spatial density patterns for much 

larger regions and predicted these patterns more precisely for the area common to all  the 

models  fitted in the present study; and (2) spatio-temporal models combining standard and 

expanded-domain integrated m odelling or  SVC  and  expanded-domain integrated m odelling  

predicted patterns of distribution shifts and range  expansion/contraction more precisely than 

the expanded-domain integrated m odel  fitted  to observer-only data. The latter finding e choes  

the results reported in Mäkinen et  al.  (2024)  that models  better predicted species’ whole 

ranges  when employing  data  from multiple sources rather than  from  one single source. 

Expanded-domain integrated  spatio-temporal models  predict  spatial density  patterns more 

precisely  because they rely on more data, coming f rom adjacent regions that are not  

considered in standard or SVC integrated spatio-temporal models. Therefore, expanded-

domain integrated  spatio-temporal models  leverage more data  when performing interpolations  

and/or extrapolations in spatial areas where limited or no data are available.   
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By contrast, we found that expanded-domain integrated models did not outperform the 

other types of integrated models when the goal of the modelling analysis is to support stock 

assessments. Compared to the other types of integrated models, expanded-domain integrated 

models generated indices for a local area that were more precise and had less bias and less 

error, but that agreed less with the traditional stratified random index and characterised 

uncertainty less well (had a worse coverage for a 50% confidence interval). The lesser 

agreement with the traditional stratified random index is due to the fact that expanded-domain 

integrated models use data for the region of interest but also other regions to estimate indices, 

while the traditional stratified random index and the indices from the other types of integrated 

models are produced from data for the region of interest only. These results lead us to 

recommend indices for local areas be produced with spatio-temporal models using standard or 

SVC integrated modelling without combining it with expanded-domain integrated modelling. 

Moreover, we suspect that, in some applications, indices for local areas may be biased if data 

are borrowed from adjacent regions where rates of population change over time are very 

different. Therefore, we encourage future research to compare expanded-domain integrated 

modelling to standard and SVC integrated modelling under different scenarios, to determine 

the situations where standard and SVC integrated modelling should be strictly utilised to 

generate indices for local areas (as opposed to being merely preferred over expanded-domain 

integrated modelling). 

Important to ISDM studies are the two assumptions that are worth repeating that: (1) 

the individuals from the different datasets have the same demographic characteristics; and (2) 

there is independence between the different data sources (Fithian et al., 2015; Pacifici et al., 

2017; Grüss and Thorson, 2019; Miller et al., 2019; Grüss et al., 2023d). In our hake 

application, the exclusion of inshore survey datasets from the integrated models ensured that 

the first assumption was met. The second assumption was also met in the hake application as 
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all data sources (the observer programme and the five middle depth bottom trawl surveys) 

were independent from one another, being associated with distinct sites and/or times of the 

year. Regardless, it is interesting to note that Dovers et al. (2024) argued that, because  

Gaussian random fields in species distribution models (such as the ones representing spatial 

and spatio-temporal variation in our models) can be seen as capturing unmodelled covariates, 

they can also be seen as capturing dependence across the data sources caused by unmodelled 

covariates. 

Because the focus of the present study was on different types of data integration, the 

spatio-temporal models developed here did not include any density covariates or any 

catchability covariates beyond the monitoring programme effects. Future studies could 

examine how the different types of spatio-temporal models perform when variables affecting 

density or catchability are also considered. It would be particularly valuable to explore how 

the inclusion of environmental covariates affecting density may benefit the different types of 

spatio-temporal models by improving their predictive performance outside of the areas 

sampled by any monitoring programme (Brodie et al., 2022; Nephin et al., 2023). In addition, 

given the increasing calls for investigations of climate change impacts on fishes and fisheries 

worldwide including in New Zealand (Mace, 2014; The Aotearoa Circle, 2020; Gerrard, 

2021), developing integrated spatio-temporal models factoring in the effects of measured 

environmental variables is certainly a key avenue for future research. By explaining more of 

the variability in the data in the past through the sharing of information among sites, time and 

data sources, integrated spatio-temporal models may likely project the potential impacts of 

climate change with more certainty and more accuracy. 

An obvious next step of integrated species distribution modelling research would be 

the comparison of different types of integrated spatio-temporal joint species distribution 

models (JSDMs). Spatio-temporal JSDMs are powerful tools that estimate spatial and spatio-
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temporal variation but also associations among multiple species (Thorson et al., 2016a; 

Thorson and Barnett, 2017; Gao et al., 2020; Guan et al., 2020; Arimitsu et al., 2023). By 

sharing information across sites, time and data sources, but also among species, integrated 

spatio-temporal JSDMs may result in even more precise and more accurate estimates and, 

possibly, in a better characterisation of uncertainty around these estimates as well. We, 

therefore, encourage, future studies to produce a comparative analysis similar to the one 

reported in the present study but using spatio-temporal JSDMs in lieu of single-species 

integrated spatio-temporal models.  

The spatio-temporal models reported in the present study did not account for 

preferential sampling, an issue often associated with unstructured data such as observer data 

(Pennino et al., 2019; Rufener et al., 2021; Alglave et al., 2022). Preferential sampling is the 

likely correlation between sampling locations and the response variable of species distribution 

models (Diggle et al., 2010; Conn et al., 2017). However, in preliminary analyses for the 

HAK7, we developed bivariate spatio-temporal models which analysed jointly catch rate data 

with gridded fishing intensity, where the correlation between hake density and fishing 

intensity was estimated, specifically the log-log effect of an increase of fishing intensity on an 

increased prediction of hake density (unpublished results). The estimated correlation between 

hake density and fishing intensity was very weak, which was expected because analyses of the 

data themselves suggested an absence of relationship between fishing intensity and hake catch 

rate (unpublished results). Consequently, we did not consider the issue of preferential 

sampling in the present study, but this issue was out of scope regardless. All this being said, it 

will be good for future spatio-temporal modelling studies using unstructured data potentially 

affected by sampling bias to carry out preliminary analyses to check for the existence of 

absence of a relationship between sampling intensity and catch rate (Olmos et al., 2023). We 
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also note that preferential sampling can be caused by factors other than fish density such as 

distance to shore. 

Although the intent of the present study was not to generate or verify knowledge for 

New Zealand hake, our density maps and indices were in accordance with the results of 

previous studies of the HAK population or the HAK4 stock. Thus, we found that, in New 

Zealand, hake densities are highest on the WCSI, particularly between 42°S and 43°S, which 

is in agreement with the spatial density patterns reported in Horn (2015). Moreover, our 

predicted indices for the HAK4 stock matched the traditional stratified random index 

produced from the CHAT MD survey data very well (Fig. 8; Stevens et al., 2023), as well as 

the standardised catch-per-unit-effort indices for the period 1991–2019 from McGregor 

(2021) and the biomass trends in 1991–2020 estimated in the latest HAK4 stock assessment 

(Holmes, 2021). We encourage future studies to leverage and expand the spatio-temporal 

models developed in the present study to re-evaluate hake biological stock boundaries and, 

potentially recommend changes in the delineation of hake QMAs. It is unclear whether we 

can consider that there is more than one hake stock in New Zealand waters, as analyses of 

data on enzyme polymorphism and morphometric data were inconclusive (Smith et al., 1979; 

J.A. Colman, NIWA, unpublished data), while some other analyses indicated there are either 

three distinct biological stocks (analyses of age/length frequencies and year class strengths; 

Horn, 1998, 1997, 2015; Dunn et al., 2021) or one stock (analyses of growth rates and ages at 

maturity; Horn, 2015). To re-examine hake stock structure, not only spatio-temporal models 

fitted to catch rate data will be needed, but spatio-temporal models fitted to catch-rate-at age 

and/or catch-rate-at length data and length or weight data will be desirable as well (Lindegren 

et al., 2022; Grüss et al., 2023b).   

In conclusion, the present study concurs with previous research that all types of 

integrated spatio-temporal models (standard, SVC and expanded-domain integrated models) 
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outperform models fitted to one single data source in pretty much all respects. The present 

study also suggests that expanded-domain integrated spatio-temporal models outperform 

standard and SVC integrated spatio-temporal models if the goal of modelling efforts is to 

support habitat assessments, but not if the goal is to assist stock assessments. We recommend 

standard or SVC integrated spatio-temporal models be preferred over other models to produce 

indices for local areas. The spatio-temporal modelling efforts reported in the present study 

could be continued to compare the performance of the different types of integrated spatio-

temporal models when the goal of modelling efforts is to support climate-vulnerability 

assessments (Brodie et al., 2022; Liu et al., 2023), risk assessments (Grüss et al., 2024), or 

assessments of alternative sampling designs for particular monitoring programmes (Oyafuso 

et al., 2021, 2023). 
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Figure legends 

Fig. 1. (a) Spatial distribution of the bottom trawl data collected within the New Zealand 

observer programme (COD BT data) used in the present study, where each dot corresponds 

to an individual observer record made between 1991 and 2022. (b) Spatial distribution of the 

bottom trawl data collected within five New Zealand research surveys (Table 2) used in the 

present study, where each dot corresponds to an individual survey record made between 1991 

and 2022. (c) Bottom depth (m) in the 10 km × 10 km prediction grid constructed for southern 

hake (HAK; Merluccius australis) in the present study. Also displayed in all panels are the 

New Zealand exclusive economic zone (delineated by the outer black polygon) and the 

HAK4, HAK1 and HAK7 quota management areas (QMAs). In the first panel, the following 

features are labelled: NI = North Island; SI = South Island; CR = Chatham Rise; SA = Sub-

Antarctic; and CP = Challenger Plateau. 

Fig. 2. Mean spatial patterns of log-density over the period 1991–2022 (log- kg ⋅ km-2) 

predicted by the vector autoregressive spatio-temporal (VAST) models for the southern hake 

HAK4 stock (top panels) and the VAST models for the New Zealand HAK population 

(HAK4 + HAK1 + HAK7 stocks) (bottom panels).  

Fig. 3. (a) Spatial patterns of the mean coefficient of variation (CV) of density over the period 

1991–2022 predicted by the VAST models for the southern hake HAK4 stock (Models 1–3; 

top panels) and the VAST models for the New Zealand HAK population (HAK4 + HAK1 + 

HAK7 stocks) (Models 4–6; bottom panels). (b) Mean CV of density in the HAK4 quota 

management area (across all years and locations) for Models 1-6, expressed relative to Model 

1. 
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1459 Fig. 4. Changes in eastward and northward centres of gravity (COGs) predicted by the three  

VAST models for the New Zealand HAK population (HAK4 +  HAK1 +  HAK7 stocks): a  

model fitted to observer-only data  (expanded-domain integrated  modelling; left panels); a  

standard integrated model (standard +  expanded-domain integrated  modelling; middle  

panels); and a  spatially varying  catchability (SVC) integrated model (SVC  +  expanded-

domain integrated  modelling; right panels).  In all panels, the shaded areas represent 95%  

confidence intervals around VAST  model  predictions.   

 

Fig. 5. Uncertainty in  the  habitat assessment  for the three VAST models for the New  Zealand  

HAK population (HAK4 + HAK1 +  HAK7 stocks): a model fitted to observer-only data  

(“Obs-only”;  expanded-domain integrated  modelling);  a standard integrated model (“Std Int”;  

standard + expanded-domain integrated  modelling); and  a spatially varying catchability  

(SVC) integrated model (“SVC Int”; SVC + expanded-domain integrated  modelling).  (a)  

Mean coefficient of variation of  eastward  COG  (across all  years) relative to the Obs-only  

model; (b)  Mean coefficient of variation of  northward  COG (across  all  years) relative to  the 

Obs-only model. (c)  Mean coefficient of variation of log-effective area occupied (across all  

years) in the  HAK4  quota  management  area relative to the Obs-only model; (d)  Mean  

coefficient of variation of log-effective area occupied (across all  years) in the HAK1 quot a  

management  area relative to the Obs-only model.  

 

Fig. 6. Changes in  log-effective area occupied  (log- km-2) in the HAK4 and HAK1  quota  

management  areas predicted  by the three VAST models for the New  Zealand HAK population 

(HAK4 +  HAK1 +  HAK7 stocks): a model fitted to observer-only data (expanded-domain 

integrated  modelling; left panels); a standard integrated model (standard +  expanded-domain 

integrated  modelling; middle panels); and  a spatially varying catchability (SVC) integrated  
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1505

1484 model (SVC + expanded-domain integrated  modelling; right panels).  In all panels, the shaded 

areas  represent 95%  confidence intervals around  VAST  model  predictions.  

 

Fig. 7. Indices of relative biomass for the  Chatham Rise middle depth area  predicted by the 

VAST models for the southern hake HAK4 stock (Models 1–3; top panels) and the VAST  

models for the New  Zealand HAK population (HAK4 + HAK1 + HAK7 stocks) (Models 4-6;  

bottom panels). In all panels, the shaded areas  represent 95% confidence intervals around 

VAST  model  predictions.  

 

Fig. 8.  As  Fig. 7 but  also displaying  the stratified random (SurvCalc) index  of relative 

biomass  for the Chatham Rise middle depth area obtained from survey data  (for  years in 

which surveys were  carried out)  and the 95%  confidence intervals of these  SurvCalc index  

(vertical bars). Also shown are t he Pearson’s  correlation coefficients between the VAST  and  

the SurvCalc index  and their  p-values.   

 

Fig. 9.  Uncertainty and interannual variability in the index  of relative biomass for the  

Chatham Rise middle depth area estimated by the  VAST models for the southern hake HAK4 

stock (Models 1–3) and the VAST models for the  New  Zealand HAK population (HAK4 +  

HAK1 + HAK7 stocks) (Models 4–6). (a)  Mean  coefficient of variation  of  the index (across  

all years)  relative to Model 1. (b)  Mean  interannual variability in the index (across all years)  

relative to Model 1.  

 

Fig. 10.  Bias (the  closer to 1 the better), root mean squared error  (the lower  the better), and 

coverage (in %; the  closer to 50% the better) of the indices of relative biomass  for the  
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1508 Chatham Rise middle depth area  estimated within the simulation experiment, by the  VAST  

models for the southern hake HAK4 stock (Models 1–3) and the VAST models for the New  

Zealand HAK population (HAK4 +  HAK1 +  HAK7 stocks) (Models 4–6).   
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1511 Tables  

1512 Table 1. Types and sub-types  (categories)  of integrated spatio-temporal models.  

1513 

54 

 Type   Sub-type (category) Comments  
Standard integrated spatio-  

 temporal model 
  ● Accounting for differences in 

 catchability among data sources 
 via a non-spatially varying 

 catchability term for each non-
reference data source  

  Spatially varying catchability  
 (SVC) spatio-temporal model 

  ● Accounting for differences in 
 catchability among data sources 

 via an SVC term for each non-
reference data source  

 Expanded-domain integrated 
 spatio-temporal model 

 

 Expanded-domain data integr  ation 
 only 

● Integrating data from the same 
  source but collected within 

  different areas  
 Combining expanded-domain and  

standard data integration  
 ● Integrating data from different  

  sources and collected within 
  different areas 

 

 ●   Accounting for differences in 
 catchability among data sources 

via a non-spatially varying 
 catchability term for each non-

reference data source  
 Combining expanded-domain and  

SVC data integration  
 ● Integrating data from different  

  sources and collected within 
  different areas 

 ●   Accounting for differences in 
 catchability among data sources 

 via an SVC term for each non-
reference data source  



 
 

 1514 Table 2.  New Zealand bottom trawl monitoring programmes  considered in the present  study.  
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Monitoring 
programme short  

 Monitoring programme long name  

name  
 COD BT   Fisheries New Zealand’s observer programme – Bottom trawl component  

CHAT MD      Chatham Rise middle depth trawl survey 
SUBA SUM    Sub-Antarctic summer middle depth trawl survey  

 SUBA AUT   Sub-Antarctic autumn middle depth trawl survey 
 SOUTH MD  Southland middle depth survey  

 WCSI MD  West Coast South Island Tangaroa middle depth survey 



 
 

 

  

  

  

 

Appendix A. Supplementary data 

Fig. A1. Spatial distribution of the survey and observer encounter/non-encounter data for southern hake (Merluccius australis) over the period 

1991–2022: (a) encounter (dark blue) and non-encounter (light blue) survey data; and (b) encounter (dark red) and non-encounter (light red) 

observer data. 
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Appendix A2. Estimation and evaluation of the spatio-temporal models.  

Estimation of the spatio-temporal models 

The fixed effects of the vector autoregressive spatio-temporal (VAST) models were 

estimated by identifying parameter values that maximised the marginal log-likelihood of 

parameters. The VAST modelling platform uses the Laplace approximation implemented by 

Template Model Builder (TMB) (Kristensen et al., 2016) to calculate the marginal likelihood 

of parameters by approximating the integration across all random effects during model fitting. 

TMB computes the model Hessian (employed by the Laplace approximation) in an efficient 

manner, as well as the gradient of the log-likelihood included in the Laplace approximation 

(which is employed during fixed effect maximisation). All the random effects are predicted by 

TMB by maximising the marginal log-likelihood of parameters given the maximum 

likelihood estimates of fixed effects. We used the bias-correction estimator from Thorson and 

Kristensen (2016) to correct for “retransformation bias” when predicting any derived quantity 

involving a non-linear transformation of random effects. Moreover, we relied on the 

generalised delta method implemented in TMB to calculate the standard errors of all fixed and 

random effects, as well as the standard errors of derived quantities (Kass and Steffey, 1989). 

Evaluation of the spatio-temporal models 

After model fitting, we confirmed model convergence by checking that the gradient of 

the marginal log-likelihood was less than 0.0001 for all fixed effects and that the Hessian (i.e., 

the matrix of second-order derivatives describing the curvature of the log-likelihood) was 

positive definite (the matrix-equivalent of scalar positiveness).  
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Next, we evaluated model fits using simulation-based probability-integral-transform 

(PIT) residuals (Smith, 1985; Warton et al., 2017). From the predictive distribution of the 

biomass catch rate data conditioned on the estimated fixed and random effects, we simulated 

datasets and then calculated PIT residuals from the observed and simulated values, using R 

package DHARMa (Hartig, 2020). Under the assumptions that the regression model is correct 

and true parameter values are known, PIT residuals represent exactly an iid sample from the 

standard uniform distribution. As such, PIT residuals are employed as diagnostic tools, where 

a PIT residual of 0 indicates that all simulated values were greater than the observed value, 

whereas a PIT residual of 0.5 indicates that half of the simulated values are greater than the 

observed value. Thus, spatio-temporal models that display an even spread of PIT residuals 

between zero and one are considered to have a good fit to the data (Hartig, 2020). We 

examined histograms and QQ-plots of PIT residuals to be able to gauge how the residuals 

distribute between 0 and 1. We also examined standardized DHARMa residuals versus model 

predictions. 

Results of the evaluation of the models 

The six spatio-temporal models fitted in the present study passed the convergence and 

evaluation tests (Figs. A2.1 and A2.2). For the six models, the histogram of DHARMa 

residuals showed a relatively even distribution of DHARMa residuals between 0 and 1, and 

the Q-Q plot of DHARMa residuals also had DHARMa residuals along the one-to-one line 

(Figs. A2.1 and A2.2). The QQ-plots of DHARMa residuals illustrated that DHARMa 

residuals approximately followed the expected distribution and the plots of standardized 

DHARMa residuals versus model predictions suggested that there was no evidence for 
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underdispersion or overdispersion, indicating that there were roughly as many residuals as 

expected in the tails of the distributions from the fitted models (Figs. A2.3 to A2.8). 
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Figures of Appendix A2 

Figure A2.1. Histogram of DHARMa residuals (left panels) and QQ-plot of DHARMa 

residuals (right panels) for three of the spatio-temporal models developed in the present study: 

(Model 1) the model fitted to observer-only data for HAK4; (Model 2) the standard integrated 

model fitted to both observer and survey data for HAK4; and (Model 3) the spatially varying 

catchability (SVC) integrated model fitted to both observer and survey data for HAK4. In the 

left panels, the red bar at one shows the frequency of DHARMa residuals with a value of one. 
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Figure A2.2. Histogram of DHARMa residuals (left panels) and QQ-plot of DHARMa 

residuals (right panels) for three of the spatio-temporal models developed in the present study: 

(Model 4) the expanded-domain integrated model fitted to observer-only data for the HAK 

population (encompassing the HAK4, HAK1 and HAK7 stocks); (Model 5) the standard 

integrated model fitted to both observer and survey data for HAK, i.e., the model combining 

expanded-domain and standard integrated modelling; and (Model 6) the spatially varying 

catchability (SVC) integrated model fitted to both observer and survey data for HAK, i.e., the 

model combining expanded-domain and SVC integrated modelling. In the left panels, the red 

bar at one shows the frequency of DHARMa residuals with a value of one. 
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Figure A2.3. Q-Q plot of DHARMa residuals and standardized DHARMa residuals versus 

model predictions for the model fitted to observer-only data for HAK4 (Model 1). 
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Figure A2.4. Q-Q plot of DHARMa residuals and standardized DHARMa residuals versus 

model predictions for the standard integrated model fitted to both observer and survey data for 

HAK4 (Model 2). 
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Figure A2.5. Q-Q plot of DHARMa residuals and standardized DHARMa residuals versus 

model predictions for the spatially varying catchability (SVC) integrated model fitted to both 

observer and survey data for HAK4 (Model 3). 
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Figure A2.6. Q-Q plot of DHARMa residuals and standardized DHARMa residuals versus 

model predictions for the expanded-domain integrated model fitted to observer-only data for 

the HAK population (encompassing the HAK4, HAK1 and HAK7 stocks) (Model 4). 
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Figure A2.7. Q-Q plot of DHARMa residuals and standardized DHARMa residuals versus 

model predictions for the standard integrated model fitted to both observer and survey data for 

the HAK population (encompassing the HAK4, HAK1 and HAK7 stocks), i.e., the model 

combining expanded-domain and standard integrated modelling (Model 5). 
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Figure A2.8. Q-Q plot of DHARMa residuals and standardized DHARMa residuals versus 

model predictions for the spatially varying catchability (SVC) integrated model fitted to both 

observer and survey data for the HAK population (encompassing the HAK4, HAK1 and 

HAK7 stocks), i.e., the model combining expanded-domain and SVC integrated modelling 

(Model 6). 

67 


	Impacts of different types of data integration on the predictions of spatio-temporal models: a fishery application and simulation experiment
	ABSTRACT
	1. Introduction
	2. Material and methods
	3. Results
	4. Discussion
	Acknowledgments
	DATA ACCESSIBILITY
	Appendix A. Supplementary data
	References
	Figure legends
	Tables
	Appendix A. Supplementary data



