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ABSTRACT

Population growth models are essential tools for natural resources management and conservation since they provide understand-
ing on factors affecting renewal of natural animal populations. However, we still do not properly understand how the processes
underlying reproduction of natural animal populations are affected by the environment at the spatial scale at which reproduction
actually happens. A particular challenge for analyzing these processes is that observations from different life cycle stages are often
collected at different spatial scales, and there is a lack of statistical methods to link local and spatially aggregated information.
We address this challenge by developing spatially explicit population growth models for annually reproducing fish. Our approach
integrates mechanistic Ricker and Beverton-Holt population growth models with a zero-inflated species distribution model and
utilizes the hierarchical Bayesian approach to estimate the model parameters from data with varying spatial support: local scale
count data on offspring and environment, and areal data from commercial fisheries informing about a spawning stock size. We
show, both theoretically and empirically, that our models are identifiable and have good inferential performance. As a proof of
concept application, we used the proposed models to analyze the drivers of whitefish Coregonus laveratus (L.) s.1.) reproduction
along the Finnish coast of the Gulf of Bothnia in the Baltic Sea. The results show that the proposed model provides novel under-
standing beyond what would be attainable with earlier methods. The distributions of the reproduction areas, spawner density, and
maximum proliferation rate were strongly dependent on local environmental conditions, but the effects and the relative impor-
tance of the covariates varied between these processes. The proposed models can be extended to other systems and organisms and
enable ecologists to extract a better understanding of processes driving animal reproduction.

1 | Introduction is essential information for the management of wild animal

populations since it aids implementation of sustainable exploita-
Population growth models predict the rate of recruitment of new  tjon rates for living natural resources, such as fish and game, and
individuals to a population at a given population size (Quinn conservation actions for rare species. Furthermore, in the era of
and Deriso 1999; Munch, Giron Nava, and Sugihara 2018). This  rapidly progressing global change, knowledge of the effects of the
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environment on population growth is mandatory for proactive
and efficient adaptation to these changes (Pértner and Peck 2010;
Crozier and Hutchings 2014). For example, reproductive suc-
cess of many fish species is sensitive to environmental conditions
on their spawning sites so that environmental change in these
sites may have a direct effect on the renewal of fish populations
(Heikinheimo, Pekcan-Hekim, and Raitaniemi 2014; Kallasvuo,
Vanhatalo, and Veneranta 2017; Kraufvelin et al. 2018; Macura
et al. 2019).

Traditionally, population growth models, such as the Ricker
and the Beverton-Holt models, are derived for a population
as a whole and parameterized with population census, such as
mark-recapture or catch and effort data (Quinn and Deriso 1999;
Myers 2001; Pulkkinen and Mantyniemi 2013). This implies that
the estimated population growth parameters, such as the prolifer-
ation rate, are estimated without acknowledging the spatial vari-
ation in population distribution (i.e., species’ local abundance)
and the environmental conditions, nor the ways these variations
influence the reproduction potential over the entire distribution
area of a population. While environmental covariates have been
demonstrated to have an effect on population growth parame-
ters (see e.g. Rahikainen et al. 2017; Weigel et al. 2021), previous
studies have shown this without accounting for spatial hetero-
geneity in environmental conditions or population distribution.
Since environmental conditions, the predicted changes in them,
and the distribution of individuals may vary strongly in space,
compressing the inherently spatially structured environmental
information to a population-level value may not provide com-
prehensive understanding on the effects of the environment on
population reproduction capability.

On the other hand, effects of the environment on local abun-
dance of a species are commonly studied with species distri-
bution models (SDMs; Elith and Leathwick 2009), which relate
local species observations to environmental covariates from the
observation sites. SDMs are based on the theory of species envi-
ronmental niches (Peterson et al. 2011), which states that a
species exists in a given landscape if its population growth rate
in those conditions is positive (Hutchinson 1978). They are rou-
tinely used for natural resources management and conservation
since they can provide valuable information on essential habitats
of species (Kallasvuo, Vanhatalo, and Veneranta 2017; Kraufvelin
et al. 2018; Franklin 2023). SDMs do not model the processes that
underlie the realized population growth rate, such as prolifera-
tion rate or density-dependent survival, explicitly, but are mere
statistical descriptions of the relationship between environment
and species occurrence or abundance. For this reason, their util-
ity for analyzing population viability in the face of environmental
change is limited.

Currently, there is a lack of rigorous statistical methods to analyze
how the processes underlying reproduction of natural animal
populations are affected by the environment at the spatial scale at
which reproduction actually happens. In this work, we address
this challenge by integrating mechanistic population growth
models with a zero-inflated SDM to generate a spatially explicit
reproduction model for annually spawning fish. Furthermore,
we propose a hierarchical Bayesian approach to estimate the
parameters of this model from data with varying spatial support:

(1) local-scale count data on offspring, and (2) areal catch-effort
data on a spawning stock.

As aresult, we arrive at a model where the number of fish larvae
at a given location is proportional to the size of the local repro-
ductive population (spawners), maximum fecundity of spawners,
and the survival of offspring from birth to recruitment at a given
location (Brannstrom and Sumpter 2005). We further divide the
survival of offspring into density-dependent and -independent
survival, so that population growth levels off at high spawner den-
sities. The parameters of the reproductive model vary spatially
as functions of local environmental covariates and species traits
(size and fecundity), allowing inference on the effects of the envi-
ronment on different components of the reproduction process at
a local scale.

Since our approach provides a spatially explicit description of
the mechanisms of the reproduction process, it provides novel
ecological insight on the distribution of fish reproduction areas
beyond what is possible with the current methods based on
species distribution modeling, such as estimates of the distri-
bution of spawners and local scale variation in egg and larvae
survival. To demonstrate these, we apply our model to the
whitefish (Coregonus laveratus) population along the Finnish
coastal area of the Gulf of Bothnia, located at the northern
Baltic Sea (Figure 1A). We use extensive data on whitefish larvae
abundance, maps of environmental covariates, and commercial
fisheries data to parameterize our spatially explicit annual pop-
ulation growth model. We then demonstrate how our model can
be used to analyze the environmental drivers of whitefish repro-
duction and to predict population level effects of the environment
as an integral of the local scale effects over the distribution area
of a species. We also discuss and provide examples of future
application areas beyond our case study.

2 | Motivating Case Study

2.1 | Gulfof Bothnia Whitefish

Our case study area comprises the Finnish coast of the Gulf
of Bothnia, a brackish water basin in the northern Baltic Sea
(Figure 1A). Gulf of Bothnia is inhabited by two ecotypes of
whitefish: migratory anadromous ecotype, and the sea-spawning
ecotype (Coregonus laveratus (L.) s.l.; Lehtonen 1981; Himberg,
Vasemdgi, et al. 2015). Both whitefish ecotypes are important
for fishery and have high economic and social impact (Verliin
et al. 2011; Kallio-Nyberg et al. 2019; OSF 2020). In this work,
we study the sea-spawning ecotype and refer to it shortly as
whitefish. Whitefish spawn in the littoral zone in October and
November, and the size of the spawning whitefish increases
towards the south (Figure 1D). Whitefish larvae hatch from eggs
soon after ice break up in April and May (Figure 1D; Veneranta
et al. 2013). Because whitefish eggs develop and overwinter in
the nearshore bottom, their survival and growth are presumably
significantly affected by the environmental conditions, such
as the amount of fast ice, eutrophication, and sedimentation,
in the reproduction area (Freeberg, Taylor, and Brown 1990;
Miiller 1992; Veneranta Hudd, and Vanhatalo, 2013; Veneranta
et al.2013; Peltonen and Weigel 2022).

20f16

Environmetrics, 2025

35UBD1 7 SUOWILLIOD AIIES.ID 3|qeal|dde sy Aq pausenob ae Sopile YO ‘9sn JO Sa|n oy AriqiT auljuQ A3|1AA UO (SUOIIPUOD-PLR-SWLRIW0D"AB 1M AReIq 1 pul|UO//SANY) SUORIPUOD PUe SWB | 33 88S *[5202/20/LT] U0 Al auluo 481 ‘SnysaxefeAuoulon ] AQ 1682 AUS/Z00T OT/I0P/L0d’ A3 | 1M Ale.q 1 jul|uo//Sdny WOl papeojumod ‘2 ‘S202 ‘XS60660T



Effort Larvae/ T
A B Catch (Tons) (net*days/1000) C sites with larvae D Spawners' weight (kg)

024681 051015223 0 10 100 1000 00 02 04

0 25 50km
-

~

w

»

-

~

-1
T H]l] 4]] ﬂlﬂ] IHH

DUDDD@DDDDDDDDmgmzé

i
16 E 16
E—
[ 19
n = 2
b4 " 2
% o] 5
7 i
28 i 28
Bothnian 2 b %
Sea N year year
0-013 o0 i ‘ = 2008 @ 2009 ¥
0.13-0.24 1 \ @ = 2009 = @ 2010 P
0.24-036 4 @ 2010 ; m 2011
B 036-05 J i ‘ o
N 05-17 N s K M
Dist. to sand River influence Dist. to deep Exposure Chlorophyll-a Winter ice Salinity
Yo 'Q
o
45
100 ~ B0 _— - o~ 20 6.0
50 40000 | e 3s 19 55
" 16
60 30000 Sasti 30 . 50
40 ® 20000 4e.04 ;Z 12 o
20 10000 26404 . 10 49
o o 8 3.
FIGURE1 | (A)Thestudyarea, Gulfof Bothnia, with information on whitefish larvae sampling sites and 18 statistical rectangles of the International

Council for the Exploration of the Seas (ICES). The sampling sites’ colors indicate presence (yellow) or absence (red) of larvae at the site. The ICES
rectangles’ colors represent the average sea-spawning whitefish catch per unit effort (CPUE) over the years 2008-2010. The zoom into rectangles 23 and
24 provides an example of the roughness of the shoreline and on the spatial distribution of the sampling locations therein. (B) summary of the spawning
time whitefish fisheries catch and effort statistics over the statistical rectangles. (C) The average number of whitefish larvae in those sampling sites that
contained larvae. (D) Whitefish spawners average weight (in kg) in each statistical rectang. (E) The maps of the environmental covariates used in the
analyses (see Table 1 for their explanation).

2.2 | Whitefish Larvae Data mean larval counts at sites with larval presence varied consider-
ably from south to north (Figure 1C).
In 2009-2011, whitefish larvae abundance data were collected at
328 sampling sites over the Finnish coast of the Gulf of Both- . . .
. pong . . 2.3 | Whitefish Fisheries Data
nia (see Figure 1A). Sampling sites were randomized over the
area using a stratified sampling scheme, and each site was vis- Finnish commercial, coastal fisheries target whitefish using gill-

ited approximately one week affer ice break-up, when larvae had nets in the vicinity of the spawning sites during their spawning

hatched (Veneranta, Hudd, and Vanhatalo 2013). Each larval o1 in October—November (Kallio-Nyberg et al. 2019), thus
observation contained the information on the number of larvae producing information on spawning stock size. We extracted
caught with a beach seine and the volume of a sample (on average  ata from these fisheries over the study area from the fisheries
14m?). Approximately 50% of all whitefish larvae observations  monitoring database of the Natural Resources Institute Fin-
were zero (Figure 1A) and the counts were heavily right-skewed land (OSF 2020). These data comprise fishing effort (net-days;
with a median at zero, 75% of data below 8, and the maximum  the cumulative sum of days nets have been in the water) and
of 3000 (Figure A.2 in the Supporting Information). The mean whitefish catch (kilograms) from 18 statistical rectangles of the
of all larval counts was 42, and the variance was 35,000 and the International Council for the Exploration of the Seas (ICES) for
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years 2008-2010 (Figure 1B). Each rectangle is approximately of
size 50 km x 50 km but varies in water area (see Figure 1A for a
zoomed in example). Moreover, samples collected as a part of EU
Data Collection Framework (DCF) from caught fish also provide
data on the size (kg; Figure 1E) of the spawning whitefish and
the egg production of spawners (Section 1 in the Supporting
Information). Since the sea-spawning whitefish remain smaller
at maturity than the anadromous ecotype (Kallio-Nyberg
et al. 2019), we used only data from gillnets of mesh sizes under
36 mm, which have been shown to filter out possible anadromous
ecotypes from the catch data (Kallio-Nyberg et al. 2019).

2.4 | Environmental Covariates

The geological, climatic, and eutrophication conditions in the
Gulf of Bothnia vary considerably following south-north and
open water-coastline gradients (Hékansson, Alenius, and Bryd-
sten, 1996; Lundberg, Jakobsson, and Bonsdorff 2009; Leppédranta
and Myrberg 2009, see also Figure 1E). Numerous islands, bays,
and peninsulas cause fine-scale variation in exposure to wind
and wave action, water depth, the influence of freshwater dis-
charge from rivers, and bottom type throughout the area. Pre-
sumably, sandy bottom types are the most important areas for
whitefish spawning and average water temperature, salinity,
and winter ice cover, which change considerably from south to
north (Veneranta, Vanhatalo, and Urho 2016; Haapala and Lep-
pdranta 1997; Leppidranta 2022), can affect whitefish reproduc-
tion success as well (Veneranta, Hudd, and Vanhatalo 2013). Ice
covers the coastal areas of the Gulf of Bothnia typically from
October—November to April-May with 1-3 month difference
in the length of the annual ice cover period between south and
north. Here we used the last ice cover date in spring as a proxy
for the length of the ice cover period. Salinity ranges from limnic
waters (< 1 psu) in the innermost reaches in the north, and in the
estuaries to 6-7 psu in the south (Voipio 1981; Hakansson, Ale-
nius, and Brydsten, 1996; Helsinki Commission 2002; Kankaan-
pad et al. 2022). The south and inner coastal regions of the
Gulf of Bothnia are also more heavily impacted by eutrophica-
tion than the north and open water areas (Veneranta, Hudd,
and Vanhatalo 2013). We summarized the environmental con-
ditions with seven covariates (Figure 1E, and Table 1) collected
from several raster maps of 300 m resolution spanning the whole
coastal region of the Gulf of Bothnia. We grouped the covariates

into three classes: Climatic covariates, including length of winter
ice cover period and sea surface salinity; Geological covariates,
including distance to sandy bottom, river influence (river dis-
charge scaled by the distance to river mouth), distance to deep
(> 10m) water, and exposure to wind and wave (see Veneranta,
Hudd, and Vanhatalo 2013); and Eutrophication covariate, con-
sisting of the chlorophyll-a concentration based on HELCOM
assessments (see Andersen et al. 2011).

3 | Spatially Explicit Annual Population
Growth Models

To build our model, we first discretized the study area according
to the 300 m resolution lattice grid formed by the environmen-
tal covariates (see Section 2.4). We then formalized the distribu-
tion of the spawners at the grid cell locations as a two-step pro-
cess: a process explaining whether a site is suitable for spawning
or not (Figure 2A) and a process explaining the distribution of
spawners between the suitable sites (Figure 2B). Third, we built
mechanistic reproduction models for the number of fish larvae
(Figure 2E) at the grid cell locations conditional on the spawner
density, maximum proliferation rate (egg production multiplied
by density-independent survival of eggs to larvae; (Figure 2C))
and density-dependent processes affecting the mortality of eggs
from spawning to larvae (e.g., competition for spawning sites,
density-dependent predation of eggs and larvae, and resource
competition between larvae; Figure 2D) at them. For last, we built
the observation models for the larvae data (Figure 2F) and the
fisheries data (Figure 2G).

3.1 | Sites Suitability for Spawning

We denote by x;, € R? the environmental covariates and by s; €
R? the spatial coordinates of the ith grid cell at year t. A Bernoulli
process z,, sets grid cells either suitable (z;, = 1) or not suitable
(z;, = 0) for spawning with probability

6, =logit" '@+ 5 x,,) (1)

Here, @ and § are the intercept and weight parameters of the
logit-linear model.

TABLE1 | Environmental covariates used in the study, available as thematic raster maps.
Covariate Description
Geological Distance to sand An index value of distance to the nearest sandy shore
covariates distance along water multiplied by the surface area of
each individual shallow (< 1 m) sandy shore
Exposure Average wind/wave exposure over all directions
River influence River outflow weighted average distance to river mouths (m)
Distance to deep Distance (m) to 20 m deep water
Eutrophication Chlorophyll-a Chlorophyll-a concentration as a proxy of phytoplankton biomass
covariate
Climatic Salinity Mean salinity (psu) in May-June 2009
covariates Winter ice Last week of ice (calendar week) in winter 2009-10
4 0of 16 Environmetrics, 2025
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FIGURE2 | The main phases (A-G) of the whitefish life cycle during the year show how the whitefish moves through different coastal areas
according to the season. The model described in Section 3 captures the different processes behind the stages of the whitefish life cycle. The observed and
unobserved model components are reported, respectively, in oval and rectangular white frames and linked to the corresponding whitefish life stages.

3.2 | Spawner Density
Assuming that spawning happens only in suitable grid cells, we
modeled the density of (female) spawning whitefish with

ifz,, =1

()

it

) expla+pTx;, + 8,0
0 ifz,, =0

where §; , is a random effect of year ¢ in the statistical rectangle
(hereafter shortly region) where the ith grid cell is located at. The
random effects account for variation in spawning stock size not
attributable to environmental covariates (e.g., differences in sizes
of year classes), and they were modeled as independent over years
but spatially correlated between the J regions (within a year).
‘We modeled them with a multivariate Gaussian distribution,
8 =614 ...,6;,1" ~ N(0,%;), where [%;], , = o2 exp(=D; ;, /1),
with variance parameter ag, range parameter /, and euclidean dis-
tance between the centers of the regions D ;.

3.3 | Larval Production Models

The number of eggs produced by fish (i.e., fecundity) is strongly
dependent on spawning individuals’ size (FigureA.1l). The

survival of eggs to larvae stage, on the other hand, can depend
on environmental conditions (density-independent mortality)
and density-dependent processes such as the saturation of eggs
to spawning site, which increases risk for predation by other
fish and invertebrates, and resource competition between newly
hatched larvae (density-dependent mortality). Hence, we defined
the proliferation rate of female fish at a given location as a product
of these three terms. We denote by w; the average weight (kg) of
spawners in region j and model the maximum proliferation rate,
a;,, (i.e., the product of fecundity and density-independent sur-
vival) in an ith grid cell as

-
loga;, =a+b x;, + f(w,;) 3)

where a is the maximum proliferation rate of (one kg) spawners
on average environmental conditions, w;; is the average weight
(kg) of spawners in the region j where grid-cell i is located,
f(w;q) describes the log relative change in maximum prolifer-

-7
ation rate as a function of fish weight, and b x;, describes the
log-relative effect of covariates on the density-independent sur-
vival of eggs to larvae.

Maximum proliferation rate represents the proliferation rate in
the absence of any density-dependent effects and is an essential
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parameter in all population growth models. However, different
mechanistic assumptions concerning the distribution of spawn-
ers over a reproduction site, spawning site competition, and
mortality of newly hatched larvae in the presence of compe-
tition lead to different functional forms for density-dependent
mortality of eggs (Geritz and Kisdi, 2004; Briannstrom and
Sumpter 2005). Here, we considered larval production mod-
els with density-independent survival and two alternatives for
density-dependent survival: the Ricker and the Beverton-Holt
models (Quinn and Deriso 1999). These two models implicitly
assume individuals compete for the same resources, leading to
different outcomes according to the type of competition. They are
commonly used in population dynamics modeling and fisheries
stock assessments, where the resource could be represented by,
for example, a suitable spot to lay eggs.

3.3.1 | Density-Independent Survival Model

The density-independent larval production model is simply
fligp1 = QMg C)

where a;, and 75;, are the maximum proliferation rate and
spawner density, as described above, while 7; ., is the expected
density of larvae next spring. Here, the assumption is that there
is no competition between the spawners or larvae, so that the
expected density of larvae is only linearly proportional to spawner
density and proliferation rate. This is also the limiting form of the
Ricker and Beverton-Holt models at small population sizes.

3.3.2 | Ricker Model

Scramble competition happens when there is an equal distribu-
tion of resources between individuals, so that competition with
neighbors leads to a rapid decrease of reproductive success when
the shared resources become insufficient for survival. In the pres-
ence of scramble competition such that each resource site can
maintain exactly one single individual and uniform, random, dis-
tribution of spawners within one cell, the expected density of lar-
vae next spring 7, ,,, follows the Ricker model (Brannstrém and
Sumpter 2005)

Migp1 = ai,t”i,le_b'm’ (5)

where a;, and 7, , are again the maximum proliferation rate and
spawner density, and b, explains the density-dependent mortality
of whitefish eggs from spawning until the time of larvae sam-
pling. The latter includes the effect of egg saturation at spawn-
ing sites, potentially higher predation rates at higher densities,
and the early-stage larvae mortality through resource competi-
tion. Therefore, we defined the density-dependent mortality at
a location to be proportional to the density of eggs, so that b, =
bx e/®i»), where b is a density-dependent survival parameter
common across locations and e/ o is the fish weight-dependent
relative fecundity of spawners at the ith location as in (3). The
Ricker model is a unimodal function of spawner density so that
the expected number of larvae first increases and, after peaking
atan optimal spawner density, decreases with increasing spawner
density.

3.3.3 | Beverton-Holt Model

Alternatively, contest competition happens when, in case of a
shortage of a resource, only successful individuals get the needed
resource to reproduce, and defeated ones do not get any. Assum-
ing contest competition and clustered (Negative-Binomial) dis-
tribution of spawners, the expected larval production follows the
Beverton-Holt model (Brannstrém and Sumpter 2005)

ai Mg

_— 6
1+ bi’7i,r ©)

i1 =

where g, and #;, are again the maximum proliferation rate and
spawner density, and b, explains the density-dependent mortality
of whitefish eggs from spawning until the time of larvae sam-
pling. We defined parameter b, similarly as in the Ricker model.
The Beverton-Holt model is a monotonically increasing and
asymptotically saturating function of spawner density so that the
expected number of larvae first increases and at the limit of infi-
nite spawner density, it reaches a limiting maximum value.

3.4 | Observation Models

3.4.1 | Larval Observations

Given a grid cell is suitable for spawning, we modeled the (con-
ditional) distribution for the number of larvae caught in larvae
sampling, y;,,,, with a Negative-Binomial distribution with mean
fi;111V;» where V; is the volume of the sampled water. Then, by
marginalizing over the suitability indicators, z;,, we arrived at a
zero-inflated Negative-Binomial model for the number of sam-
pled larvae:

Py Iﬁi,t+1’ ei,t’ Vi.r

_ A =06;)+ 0, X NB; 11|71 111 Vi 1),
;s X NB; 1711 142 Vi 1),

ify; ;4.1 =0 )

if ;41 >0

where r is an overdispersion parameter. We used a Negative Bino-
mial distribution since, due to the high variability in the larvae
count data (Section 2.2), it clearly outperformed the Poisson dis-
tribution in our preliminary tests. By denoting vectors of all the
larval observations as well as density and suitability parameters
with y, #, 7, and 6, the joint model for all larval observations can
be written as:

T J

pola0.v.n=[1I1

P(yi,t|r~’i,t+17 0, V.r) (8
t=1 j=lieS

J

where T is the total number of study years, .S is the set of grid
cells within region j, and V = [V;, ..., V,]" is the vector of vol-
umes of sampled water.

3.4.2 | Fisheries Catch and Effort Observations

Our fisheries data is collected from spawning time fisheries, dur-
ing which fishermen are known to concentrate fishing effort in
areas where they believe whitefish spawn. We will denote by
11,.FJ fishermen’s expectation for the spawner density at grid cell
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i in year ¢. Naturally, each fisherman has their own expectation,
S0 ’75 can be interpreted as the mean of all subjective expecta-
tions. Because fishermen target the spawning sites, we assumed
they allocate the total fishing effort in region j in year ¢, E i
proportionally to nf .» so that the fishing effort in grid cell i is
E, «E;, x nfr. Fishermen typically have long experience with
their fishing region, and on average, they know rather well how
fish distribute therein (Kaurila et al. 2022). Hence, we assumed
that on average their beliefs about the spawner density follow the
spawning suitability of the cells, so that ﬂf, o 0;,. This implies
that the model for the fishing effort at a grid cell is

- E 0is

E f —
Jst
Zi’eSJ 9:",1

©

it

where S is the set of indexes i that belong to region ;.

To derive a model for fisheries catch statistics, we denote by N;,
the number of spawning whitefish before fishing and with C;,
the number of spawners caught by fishing in grid cell i. We then
assumed the event that a fish survives a unit fishing effort in a
day is independent from the events that the fish survives in all
the other fishing days and hence used an exponential distribu-
tion, with catch rate parameter 4, to model the probability that a
fish at a grid cell i survives a unit fishing effort (i.e., one net day)
applied to that cell. Hence, the probability that a fish survives E; ,
net-days is P(survived E;,|A) = e~*£iv and the expected number
of fish caught by fishing in grid cell i is E[C;,] = (1 — e"Fv})N, .
We can then write a system of two simultaneous equations

0,11, A; = e_E”ANi,t (10)
E[C,,]=(1-eEA)N,,

where A; is the area of a lattice grid cell (300m x 300m here,
at each grid cell). Hence, the left and right-hand sides of the
first equation give the expected number of spawners that survive
fishing in the ith grid cell. By solving the system of equations
for the expected catch, we can write E[C;,] = (ef" — 1)A,6, 1,
and by summing up the contribution of all grid cells in a
region, we obtain an estimate for the expected fisheries catch in
that: E[C;,] = ¥, (ef* —1)A,0, n,,. Since fisheries statistics
are reported in kiloérams (Section 3), we wrote the observation
model for the total catches in region j as
1,0, E;

2
it i A 0s ~ logty

2 it

w; Em , ,
x|1o E/Z(e Hes e — 1A, o2 D)

i€s;

where Cj(ig) is the reported fisheries catch (kg), N and 0,, are,
respectively, the vector of spawner density and suitability in each
grid cell of region j, ¢ is the fraction of female whitefish in the
spawning population (fixed to 1/2 according to the fisheries statis-
tics data), and 052 is the scale parameter of the observation model.
Log-Gaussian distribution would be a more common choice to
model positive, skewed quantities, such as our fisheries catch
data. However, the uncertainty in our catch data might vary
between the regions, and they can also include outliers. Hence,
we wanted to introduce heteroscedasticity into the model. This
can be attained with the Student’s-¢ distribution, since it is a scale

mixture of Gaussian distributions. Moreover, a Student’s- distri-
bution is also robust for outliers.

3.4.3 | Full Likelihood and the Identifiability of the
Model Parameters

Since the larval observations and fisheries catch observations are
conditionally independent given the model parameters, the full
likelihood of our model factorizes as
Eq. (1)
T ) ——
(. C*1) = [T [r(C1n;. 0,0 4.67)
=1 j=1

Eq. (7)

X H [P(J’i,rﬂ ;15 0; 5 @i 15 b5 r)] (12)

i€s;

where €0 = [C\®, ... c*®|" with C; =[C, ]y 1» M, =
[1: ies, and 0;, = [6;,];c s,- Hence, the full likelihood function is
a combination of point-wise (larvae observations) and areal (fish-
eries statistics) likelihood terms. As such, our model is also an
example of a spatiotemporal change-of-support model (Gelfand,
Zhu, and Carlin 2001).

Even though the full model is parameter rich it is identifiable for
all key parameters:

Theorem 1. (overview). The model (12) is fully identifi-
able for parameters r and o, suitability function 6(x), larval density
function #j(x), and the mean of the fisheries catch in (11). The model
(12) is also identifiable for parameters f and b as well as the func-
tion f(w), implying that it is identifiable, up to a constant of propor-
tionality, for the maximum proliferation rate a(x) and the spawner
density n(x). Moreover, if b, A, or either of the scale parameters a or
a is fixed, the model is identifiable for all the rest of the parameters
and functions.

A formal version of this theorem and its proof are given in
Section 2 in the Supporting Information. The theorem implies
that if we give an informative prior for b, A, a, or a, the infer-
ence for all parameters is well behaved, at least in the limit of
large data.

3.5 | Prior Distributions

The general theory on environmental niche predicts that species
responses to environmental covariates are either monotonic or
bell-shaped (Hutchinson 1978). To account for this, we included
in our model the second-order terms of all environmental covari-
ates and restricted the covariate weights of the second-order
terms to be non-positive. In the whitefish case study, since the full
likelihood is not fully identifiable to all parameters (Section 3.4.3
and Section 2 in the Supporting Information), we elicited infor-
mative prior distributions for those model parameters for which
relevant information was available from existing literature or
data. For the other parameters, we used either weakly informa-
tive or shrinkage priors. All the priors are summarized in Table 2,
and their derivation is described in detail in Section 1 in the
Supporting Information.
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TABLE2 | Priordistributions of model parameters with standardized
covariates (zero mean and standard deviation one). For detailed justifica-
tions and alterations for restricted covariate effects, see Section 1 in the
Supporting Information.

Parameter Prior Parameter Prior
o5 Student — T Cauchy(0, ¢,)
1(4,0,0.1)

log(l) N4.2,1) o, Student — (4,0, 1)

o, Student — #(4,0,1) ke Gamma(0.5, 1)

a N(0, 4) Viep InvGamma(0.5, 1)

@ N(0, 1) a N(6.67, 1)

b N(0, 7} yfgwfgp) b Student —
1(4,0,400)

p N(0, rzzyzzngzgp) A Gamma(2, 10)

B N(o, 7327321;“’32@) r Gamma(1,0.1)

4 | Posterior Inference and Predictions

All the models considered in this study were implemented, and
the posterior inference was done using Markov chain Monte
Carlo (MCMC) using the RStan software (Stan Development
Team 2023). In all experiments, we ran four independent Markov
chains per model and checked the convergence of the chains
visually and using the Rhat statistics (Gelman et al. 2014). We
run the Markov chains long enough so that the bulk and tail
effective sample size for model parameters (estimated along-
side Rhat statistics; Gelman et al. 2014; Vehtari et al. 2021)
were at minimum 400 samples. After this we used the mod-
els to make posterior (predictive) analyses on whitefish larvae
production.

5 | Experiments

51 | Tests With Simulated Data

To test the behavior of our model and to assess whether the model
parameters are identifiable from the type of data available to us,
we did a simulation study, where we generated data under differ-
ent scenarios, which match fully (scenario 1) or partially (scenar-
ios 2 and 3) our model assumptions and used the model described
in Section 3 for posterior inference. We considered three simula-
tion settings: (1) a scenario, in which the suitability, the spawner
density and the maximum proliferation rate were all indepen-
dently affected by environmental covariates (the absolute value of
the realized correlation between these parameters over the sim-
ulation area was less than 0.1); (2) a scenario, where only the
suitability and the maximum proliferation rate were (indepen-
dently) affected by environmental covariates and the spawner
density was constant over the area; and (3) a scenario, where
the suitability, the spawner density and the maximum prolifera-
tion rate were all affected by environmental covariates, and there
was correlation between the latter two (the realized correlation
between the spawner density and the maximum proliferation rate
over the simulation area was over 0.8). We considered the third

scenario to test the effect of correlation between the prolifera-
tion rate and the spawner density, as they were presumably the
hardest processes to infer due to their weak identifiability (see
Section 3.4.3). In all scenarios we used three covariates, gener-
ated so that the first covariate was independent of the others and
followed a spatial gradient, while the second and third covariates
were highly correlated. Details on the implementation of the sim-
ulation study are provided in the Section 3.1 in the Supporting
Information.

We assessed the parameter inference and their identifiability
by calculating the coverage of the central 80%, 90%, and 95%
posterior credible intervals for the true model parameters and
covariate effects; that is, the proportion of simulations where
the true parameter value was included within these intervals.
Since we were interested in the covariate effects, not the fixed
effect parameters only, we calculated the proportion of simu-
lations where the true rate of change along a covariate was
within the 80%, 90%, or 95% credible interval over 90% of the
range of covariate values in the simulated data. We defined
the rate of change along a covariate as the (first) derivative of
the covariate effect since it is comparable to the fixed effects
(i.e., p parameters) in a linear model. To test for the predic-
tive skill of the model in the above three scenarios, we com-
pared the predicted and simulated latent Gaussian variables
and calculated the correlation between them over the lattice
grid cells.

In all three scenarios of the simulation study, the coverage of the
credible intervals matched well the theoretical optimal coverages
of a calibrated model because most of them contained the true
parameter value in corresponding proportion of the simulations
(Figure 3A), indicating good inference performance of the model
and parameter identifiability. The best posterior coverage was
attained for the intercept parameters (a, a, @), density-dependent
mortality parameter (b), overdispersion parameter (r) and
length-scale of the spawner density random effect (/). This is rea-
sonable, since for the intercept parameters we used informative
priors (Section 2.3 in the Supporting Information), and the latter
three parameters were the ones for which the prior distributions
were the least informative, so that the likelihood had presumably
stronger influence than the prior on their posterior. The poste-
rior coverage was somewhat smaller than the optimal coverage
for the fisheries catch rate (A1), fisheries observation error vari-
ance (o), the variance parameter of the spawner density random
effects o;, and the covariate effects. These results are reason-
able as well, since all these parameters and covariate effects had
shrinkage priors that pull their posterior distributions towards
zero. All predicted processes matched the simulated ones well
(Figure 3B). There was a high correlation between the true sim-
ulated and the posterior predictive mean of the processes in all
other cases except the spawner density for the second scenario,
indicating that the model was able to learn and predict the simu-
lated spatial patterns well. The lack of correlation between the
true and inferred log spawner density in the second scenario
was reasonable since in that scenario the true value was con-
stant, implying zero variability in the process, and thus in expec-
tation zero correlation between the truth and predicted process
(Figure 3C).
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FIGURE3 | (A)The proportion of simulations where posterior distribution includes the true value of a parameter in the 80%, 90%, and 95% credible

interval for each model parameter and rate of change along the covariates. (B) True and predicted surface for suitability, log spawner density, and log

maximum proliferation rate of one of the simulations, for scenario 1, where all processes depend on covariates. (C) The distribution of the correlation
coefficients of predicted vs. true values of logit suitability (#), log spawner density (1), and log maximum proliferation rate (@) over the three different sim-
ulation settings: (1) no correlation between processes and all processes depend on covariates, (2) no correlation between processes and spawner density
is independent of covariate, and (3) all processes depend on covariates, and spawner density and maximum proliferation rate are highly correlated.

5.2 | Analysis of the Gulf of Bothnia Whitefish
Spawning Area Data

5.2.1 | Model Assessment and Comparison

In the whitefish case study, we first compared and assessed the
inference and predictive performance among the three different
population growth models: the density-independent, Ricker, and
Beverton-Holt models (Section 3.3). Second, as hurdle models
are a common approach for modeling zero-inflated data, we for-
mulated the proposed spatially explicit population growth mod-
els (Section 3) also through the hurdle approach for comparison.
Under the hurdle formulation, the likelihood for larvae count
observations becomes

a-0,,. if y; ;41 =0
POl 0 Vi) =9 NBOali Vi e 50
i ™ TNBO V) Vi1
(13)

where 7 follows one of the larval production models described
in Section 3.3. Third, to gain understanding on how our pro-
posed approach differs from traditional species distribution
modeling approaches, we also implemented SDMs, in which we

modeled the larvae counts with either a zero-inflated or hur-
dle Negative-Binomial model (7). In the SDMs, the probability
parameter 6 followed the same logit-linear model as in (1) and

logii=a+ ZTx +logw;;, + J;,, where 6 is a region-specific ran-
dom effect that follows the same Gaussian distribution as in our
population growth model (see Equation 2). Hence, we compared
in total of eight models: zero-inflated and hurdle versions of
the density-independent, Ricker, and Beverton—Holt population

growth models, as well as the standard SDM.

To assess the models’ fit to the data, we conducted posterior
predictive model assessment by comparing the empirical distri-
bution of the data to posterior predictive distributions (Vehtari,
Gelman, and Gabry 2016; Gabry et al. 2019). All the models per-
formed practically equally well in the posterior predictive checks,
and none of them showed any signs of significant deviations
between the observed and predicted larval or fisheries data. Then,
to compare the models’ predictive performance, we calculated
posterior predictive comparison measures both for an interpola-
tion task and, in the case of larvae data, an extrapolation task.
For interpolation, we used pareto smoothed importance sam-
pling (PSIS) leave-one-out cross-validation (LOO-CV; Vehtari
et al. 2024) posterior predictive distributions and calculated the
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log pointwise predictive density (Ippd; Gelman et al. 2014) and
the scaled continuous ranked probability score (scrps Bolin and
Wallin 2023). The lppd and scrps are proper scoring rules to
measure the goodness of the probabilistic predictions so that
scrps is less sensitive to potential outlying observations than
Ippd. For extrapolation tests, we run three-fold cross-validation
(3-fold-CV), by partitioning the larvae count data between the
three GoB sea areas: the Bothnian Sea, the Quark, and the Both-
nia Bay (Figure 1). These three sea areas are known to be different
in their geological, eutrophication, and climatic conditions (Ven-
eranta, Hudd, and Vanhatalo 2013) so that this data split mimics
extrapolation along covariates (Roberts et al. 2017). We used all
fisheries data and larvae data from two of these three sea areas for
training and predicted for the larvae data at the third, test, area.
This way we tested whether fisheries data can provide informa-
tion about the larval production areas. In the population growth
models, we can split the total Ippd and crps into contributions
from the larval data and the fisheries data, such as

1ppdiyrvae
Z\
r N

J
lppdlotal = Z Z IOg Epost [p(yi,t+l | )]

j=1ieSJ

Ippdtigeries

A

~

T
> 10g Egey [ (1571

t=1

+

J
Jj=1
To assess models’ predictive performance for each data and in
combination, we examined the larvae, fisheries, and total for Ippd
and scrps in all comparisons.

In interpolation tests, all the spatially explicit population growth
models were practically equally good (Table 3). When compar-
ing zero-inflated and hurdle formulations of the SDMs and the
spatially explicit population growth models in larvae count inter-
polations, the hurdle models had better Ippd scores, but accord-
ing to scrps scores, all the models were practically equally good.

Similar performance between the models in interpolating lar-
vae counts is reasonable since all the models are flexible so
that they can efficiently interpolate over covariates and spa-
tial space. However, when extrapolating larvae counts, the spa-
tially explicit Ricker population growth models outperformed the
SDMs (extrapolation tests were not run for the Beverton-Holt
and density-independent models because of computational time
constraints; Table 3). This shows that the spatially explicit pop-
ulation growth models were able to extract useful information
for larvae prediction from the fisheries data and indicates that
these models were also able to extract information on the rela-
tive roles of suitability, spawner density, and proliferation rate on
larvae density.

In the above comparisons, we compared models’ marginal pre-
dictive distributions for both zero and positive observations.
When comparing their Beta zero-inflated model to a hurdle
model Tang et al. (2023), argued that as the concentration of
the predictive distribution depends on the number of sources of
zeros that are being modeled, it is fairer to compare hurdle and
zero-inflated models only in their ability to predict the positive
counts. Hence, to better understand the differences between the
spatially explicit zero-inflated and hurdle models, we more care-
fully examined their point-wise lppds. With the Ricker formula-
tion, both models predicted equally well larval absences (y = 0),
hurdle model predicted better low larval counts (y < 30), and the
zero-inflated model predicted better large larval counts (y > 30).
Moreover, the posterior predictive point estimates (median) for
larval counts were equally good across all spatially explicit popu-
lation growth models when measured by their root mean squared
error. The Ippd and scrps scores measure simultaneously both
the predictive point estimate and uncertainty so that they pre-
fer less uncertain predictions when the predictive point estimates
are equal (this phenomenon is stronger for lppd than (s)crps
Gneiting, Balabdaoui, and Raftery 2007). Hence, the results indi-
cate that, due to two processes for zeros, the predictions of the
zero-inflated models contain more uncertainty than the corre-
sponding predictions of hurdle models.

TABLE 3 | Posterior predictive model comparison scores in interpolation (LOO-CV) and extrapolation for larvae data (3-fold CV): log predictive
density (Ippd), and scaled continuous ranked probability score (scrps). We denote zero-inflated models with ZI.

Spatially explicit population growth models

SDMs Ricker Beverton-Holt Density-independent
Z1 Hurdle VA Hurdle Z1 Hurdle VA Hurdle
LOO-CV
Ippd larvae —866 —846 —869 —847 —870 —847 —869 —847
catch NA NA —54 =55 —54 —54 —54 —-51
tot NA NA -923 -902 -925 -901 -923 —898
Scrps larvae -2.70 —2.74 -2.81 -2.71 -2.76 -2.71 -2.74 -2.70
catch NA NA —0.99 —0.98 —0.99 -0.92 —-0.99 —-0.96
tot NA NA -3.80 -3.69 -3.75 -3.63 -3.73 —3.66
3-fold-CV
Ippd larvae -970 —942 —944 -922
scrps larvae —5.16 —5.31 —4.31 —4.33
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In summary, differences in predictive performances among the
compared models were small but indicated a preference for the
spatially explicit population growth models. The predictive com-
parisons did not conclusively rank the zero-inflated (7) and hur-
dle (13) formulations for the spatially explicit population growth
models. Hence, the choice of the model for final inference should
also be informed by the models’ ecological realism. This sup-
ports the choice of a zero-inflated, spatially explicit population
growth model (7). Zero-inflated models are in general more real-
istic for ecological data than hurdle models (Martin et al. 2005;
Blasco-Moreno et al. 2019) and in our case study this is espe-
cially true. Even though we used the same formulation (and
notation) for the model parameters under the hurdle (13) and the
zero-inflated (7) formulation of the spatially explicit population
growth model, their interpretation changes between the models.
Under the hurdle formulation, the parameter 6 could be inter-
preted as suitability only if there was no egg or larvae mortality
and larval observation probability was one. This is clearly not the
case since, even though survival of coregonid eggs from fertil-
ization in fall to hatching in spring can vary substantially, it is
reported to be generally approximately 2%-7% (Freeberg, Taylor,
and Brown 1990). Hence, the parameter 6 in (13) is only a techni-
cal probability of presence summarizing all processes that might
lead to absence. Moreover, in the hurdle model (13) the expected
number of observed larvae is 7, ,,,V;6,(1 — (ﬁ)f)‘l. Hence,
we cannot interpret n as the expected spawnef c'fénsity nor a as
the maximum proliferation rate even though they are related to
them. In the hurdle model, 7; ,,, is a good proxy of the expected
larvae density only when the mass of the Negative-Binomial
at zero is small (Feng 2021). However, a practical benefit from
using the hurdle model is that they are typically better identi-
fiable than zero-inflated models with finite data and, thus, give
sharper predictions (Blasco-Moreno et al. 2019; Tang et al. 2022,
see also Section 2 in the Supporting Information). Since our main
interest is in inference, we chose the Ricker zero-inflated, spa-
tially explicit annual growth model for further examination of
the whitefish data, to be presented in the next sections. However,
we compared the inferential results from this model to the corre-
sponding hurdle model and SDM to shed light on how the model
choice matters for the inference.

5.2.2 | Parameter Posteriors and Covariate Effects

Most of the parameters of the spatially explicit (zero-inflated)
Ricker population growth model were identified well, as indi-
cated by clear differences between the posterior and prior dis-
tributions (see Figure4A and Figure A.3 and Table A.1 in the
Supporting Information), the only exceptions being the inter-
cept parameters (a, a, and «). The overdispersion parameter
of the negative-Binomial distribution (r) was smaller than one,
indicating large local variability in the larval density. Since
also the posterior for the density-dependent mortality param-
eter b was updated from its prior, the data were informa-
tive on density-dependent effects (Figure A.3 in the Supporting
Information). To our slight surprise, also the fisheries catch rate
parameter (1) was identified well (posterior mean 0.0058 and 95%
CI [0.0012,0.0246] [net days]~!) even though catch rate param-
eters are typically weakly identifiable in fisheries models. The
obtained catch rate estimate was also reasonable. The fishing
gear considered in this study targets adult, approximately 3+

year old, whitefish. The demographic survey samples of whitefish
from the Gulf of Bothnia have included individuals from all age
classes up to 14-year-old fishes (unpublished data of the Natural
Resources Institute Finland), indicating that yearly fishing mor-
tality must be less than approximately 20%, which corresponds
to (1 — 0.2)!? = 0.07 probability to survive fishing from age 2 to
14. The fishing effort in the most heavily fished ICES statistical
rectangles (11, 15, 19, and 20; water areas ranging from 218 to
676 km?) ranged from 15 x 10° to 25 x 10% net days (Figure 1). If
these fishing efforts were spread equally across the ICES statis-
tical rectangles, 0.2 fishing mortality would correspond to catch
rates from 0.02 to 0.1. However, since spawning time fishing con-
centrates near shores, the catch rate is likely much lower than
these crude estimates, supporting our estimate.

To study the effects of environment on spawning suitability,
spawner density, and survival of eggs, we drew samples from the
posterior of the conditional (centered) covariate response curves
(see Vanhatalo, Foster, and Hosack 2021). We also assessed the
relative importance of different environmental covariates on
suitability, spawner density, and survival of eggs by partitioning
the total variance of the respective Gaussian latent variables
over the whole study area between the contributions from the
covariates (Schulz, Saastamoinen, and Vanhatalo 2024). The
three processes, suitability, spawner density, and maximum
proliferation rate, responded to environmental covariates some-
what differently. Most of the variability in sites’ suitability for
spawning was explained by distance to sandy shore, river influ-
ence (negative effect), distance to deep (bell-shaped effect), and
winter ice coverage (positive impact; Figure4). For spawner
density, most of the variability was explained by distance to deep,
exposure to wind, and chlorophyll-a concentration, all having
unimodal (bell-shaped) response curves with optimal values
within the covariate range. Most of the variability in maximum
proliferation rate was explained by distance to sand and salinity
(negative effects).

The above-summarized posterior distributions differed from
the posterior distributions from the hurdle formulation
of the spatially explicit Ricker population growth model
(Figure A.4), demonstrating that it matters whether one uses
a zero-inflated or hurdle model. Under the hurdle formulation,
the density-dependent mortality parameter (b) did not identify
(posterior distribution was equal to the prior distribution), the
intercept of the logit occurrence probability (a) was estimated
to be smaller than in the zero-inflated formulation (which is
reasonable since the hurdle model explains all zeros by the
Bernoulli process), and the fisheries catch rate was estimated to
be approximately 10 times bigger than under the zero-inflated
formulation (being at the upper end of the crude estimate for
realistic level outlined above). Also, some of the response curves
differed between the zero-inflated and hurdle formulations of
the spatially explicit population growth models (Figure A.2 in
the Supporting Information).

5.2.3 | Spatial Predictions

To study the spatial patterns in the processes underlying
whitefish larvae production, we used the spatially explicit
(zero-inflated) Ricker population growth model to predict the

11 of 16

35UBD1 7 SUOWILLIOD AIIES.ID 3|qeal|dde sy Aq pausenob ae Sopile YO ‘9sn JO Sa|n oy AriqiT auljuQ A3|1AA UO (SUOIIPUOD-PLR-SWLRIW0D"AB 1M AReIq 1 pul|UO//SANY) SUORIPUOD PUe SWB | 33 88S *[5202/20/LT] U0 Al auluo 481 ‘SnysaxefeAuoulon ] AQ 1682 AUS/Z00T OT/I0P/L0d’ A3 | 1M Ale.q 1 jul|uo//Sdny WOl papeojumod ‘2 ‘S202 ‘XS60660T



>

0.5

suitability
0

change in

-0.5

rel. change in
spawners dens.
0 1

-1

rel. change in
max prolif. rate
0 1

-1

Sampling _|
locations
r T 1 I T ] I T 1 T 1
5 57 110 21 27080 51950 33301 407940 782578 3401 41557 TIM13 12 28 43 9 14 20 4 5 6
Distance to sand River influence Distance to deep Exposure Chlorophyll-a Winter ice Salinity
1.2 = !
Model components (total variance over GoB)
B suitability (3.92) @ spawner density (1.98) B max proliferation rate (6.27)
1.0 — -~
0.8 — 0
c e = -
S
=
s ==
8 0.6 —
c
8
@
>
0.4 —
0.2 — I
0.0 ~
Distance to sand River influence Distance to deep Exposure Chlorophyll-a Winter ice Salinity
FIGURE4 | (A)Thechangeinspawning suitability and the relative change in spawner density and egg survival along the environmental covariates

according to the spatially explicit Ricker population growth model (posterior samples of the curves with grey lines and the mean of them with a black

line). The responses are visualized over the range of the covariate values over the whole study region (upper violin plot). The lower violin plots show

the distribution of covariate values in the training data. (B) The proportion of variance of the logit suitability, log spawner density, and log maximum
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(average over study years) suitability, spawner density, prolifer-
ation rate, and the larvae density over the study area. In broad
spatial scale, suitability, spawner density, and proliferation rate
followed similar patterns so that all of them are relatively higher
in the north than in the south (Figure 5A), the difference between
north and south being most distinct for suitability (Figure 5B).

However, at a local scale, all these processes showed distinct
patterns. For example, in the south (Bothnian Sea), the model
predicted significant concentrations of spawners but low max-
imum proliferation rates, whereas both of them were high in
the north, indicating that whitefish reproduction success rel-
ative to population density is worse in the south than in the
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north. The maximum proliferation rate also expresses a higher
distinction between the nearshore and the pelagic areas than the
spawner density (Figure 5A). Our spawner density predictions
(1072...107! fish/m?; Figure 5) are the first spatially explicit,
and quantitative estimates for the Baltic Sea whitefish. These
density estimates correspond to approximately 20-300 kg of fish
per hectare, which are realistic values in spawning aggrega-
tions. Estimates on the biomass densities of whitefish in lakes
are approximately 5-30kg per hectare (Rask and Arvola 1985;
Linlokken 1995) but, at spawning time, whitefishes typically
aggregate near spawning sites (Semenchenko and Smeshli-
vaya 2021), which results in at least an order of magnitude
increase in whitefish catch-per-unit effort in spawning time
aggregations (Veneranta and Harjunpii 2021) compared to other
times (OSF 2020). As expected, the predicted larvae density was
a compromise between all three processes (Figure 5A). The total
number of larvae was predicted to be highest in the Bothnian
Bay and the lowest in the Bothnian Sea (Figure 5B). The hur-
dle formulation of the spatially explicit Ricker population growth

model (13) differed from the above summarized results most
clearly in its larval occurrence predictions, which showed more
pronounced differences across the region than the suitability pre-
dictions of the zero-inflated formulation (compare Figure 5 and
Figure A.10 in the Supporting Information). The hurdle formu-
lation also predicted somewhat lower spawner densities than
the zero-inflated formulation. The zero-inflated SDM predicted
similar occurrence across the region as the spatially explicit
(zero-inflated) Ricker population growth model, but the SDM’s
prediction for the larvae density conditional on suitability was
different from both the spawner density and the maximum pro-
liferation rate predictions. This is reasonable since the spatially
explicit (zero-inflated) Ricker population growth model and the
zero-inflated SDM had exactly the same functional formulation
for the suitability parameter (8), whereas the former split the con-
ditional larvae density into spawner density and maximum pro-
liferation rate. The marginal larvae density prediction was similar
among all compared spatially explicit population growth models
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and SMDs, which is reasonable when reflected with the predic-
tive comparison results (Section 5.2.1).

6 | Discussion and Conclusions

In this work, we developed a spatially explicit population
growth model to study the effects of the environment on annual
reproduction of animals. Our model combines methodologi-
cal elements from the population dynamics modeling (e.g., the
Ricker model), species distribution modeling, and data integra-
tion approaches. We followed the general hierarchical Bayesian
approach to data integration in spatiotemporal models, wherein
the true underlying processes are modeled with latent models to
which the complementary data sources (larvae data and fisheries
data herein) are linked with likelihood functions (e.g., Gelfand,
Zhu, and Carlin 2001; Berrocal, Gelfand, and Holland 2009; Van-
hatalo et al. 2016; Miller et al. 2019; Vanhatalo, Hartmann, and
Veneranta 2020; Isaac et al. 2020). As a result, we arrived at a
model that allows inference and predictions on the effects of envi-
ronment on suitability, spawner density, and the survival of eggs
and larvae in a spatially explicit manner. The model could also be
used to study the effect of spatially explicit fisheries management
on larval production, but we did not explore this option here.

Our results show that the proposed model is identifiable for its
key parameters both theoretically (large data limit, Theorem 1)
and empirically (finite data, Section 5.1). These results held also
when the three processes shared exactly the same covariates. In
previous works, to improve identifiability, the Bernoulli and the
count processes of zero-inflated models have typically been given
distinct sets of covariates (see, e.g., Tang et al. 2022). To avoid the
covariate selection step, we instead used shrinkage priors that
pulled covariate effects towards zero (Section 1 in the Supporting
Information) and, thus, decreased confounding between the
suitability, spawner density, and maximum proliferation rate
processes. The likelihood of the proposed model is not fully
identifiable for all scale parameters, though, and it might be
weakly identifiable with a given dataset. Hence, we advise using
informative and shrinkage priors where possible and provided
an example of constructing them by our case study (Section 1 in
the Supporting Information).

Many studies in ecology have stressed the importance of account-
ing for different potential sources of animal absence and exem-
plified how the assumptions underlying hurdle models are
rarely ecologically realistic (Martin et al. 2005; Blasco-Moreno
et al. 2019). Our results strengthen this message. In our white-
fish case study, the inference results from the spatially explicit
(zero-inflated) Ricker population growth model were clearly dif-
ferent from the inference results when using its hurdle refor-
mulation. These differences have also practical implications. For
example, when selecting conservation actions, it can make a dif-
ference whether the southern Gulf of Bothnia is estimated to
be unsuitable for spawning, as predicted by the hurdle formula-
tion (Figure A.10 in the Supporting Information), or suitable for
spawning but suffering from low larval survival, as predicted by
the proposed (zero-inflated) model (Figure 5).

Our case study also indicates that care is needed in applying pre-
dictive model comparison methods to select a model when the

focus is on inference. Even though the proposed spatially explicit
population growth model did not clearly improve LOO-CV pre-
dictive scores for larvae counts over traditional SDMs (Table 3),
by separating the suitability, spawner density, and maximum pro-
liferation rate processes in a spatially explicit manner, it provided
new information on processes underlying whitefish reproduction
that is not attainable with SDMs. This leads also to more real-
istic extrapolation predictions when doing, for example, climate
change scenario predictions. Moreover, the proposed spatially
explicit Ricker population growth model provided better extrap-
olation predictions for larvae counts than the SDM. This result
aligns well with earlier studies that have shown that accounting
for preferential sampling (i.e., sampling that depends upon the
biomass of the target species) associated with commercial data
in fishery reduces bias in fish abundance and biomass estimates
(Pennino et al. 2019; Alglave et al. 2022).

One technical aspect of our model that deserves a comment is
the spatial random effects—or the lack of them from the site’s
suitability and maximum proliferation rate processes. Including
spatiotemporal random effects for all three processes would have
been computationally infeasible since the study area comprised
almost 10° lattice grid cells. Earlier studies on this larval data
have also shown that, after accounting for the covariates, the spa-
tial structure in the data is negligible (Vanhatalo, Veneranta, and
Hudd 2012; Vanhatalo, Hartmann, and Veneranta 2020). Hence,
the spatiotemporal random effect for the spawner density was
mainly motivated by possible annual variation in spawning stock
size and was encoded in a computationally feasible manner over
the 18 ICES statistical rectangles. Extending the model to allow
spatial random effects also for sites’ suitability and the maximum
proliferation rate is, thus, left for the future development.

The fundamental motivation behind our work was to generate
a method that can be used to analyze how the different pro-
cesses underlying animal reproduction are affected by the local
scale variation in environmental conditions and population dis-
tribution. Understanding these local-scale processes is important
for sustainable development since conservation decisions and
natural resources management actions typically take place at a
local or regional scale. The model developed in this work tackles
this challenge in the context of annually reproducing fish. How-
ever, a similar model could be applied in other contexts as well.
Informative priors can be elicited from the literature for many
other species, and the observation models can be modified to fit
other types of observations and spatial supports using the prin-
ciples outlined here. For example, our fisheries catch data and
their associated model (11) could be changed to mark-recapture
data and model (Royle 2004), distance sampling data and point
process model (Yuan et al. 2017) or census survey data and
their model (Schulz, Vanhatalo, and Saastamoinen 2020). Hence,
the principles underlying our approach are generic and can be
extended for other systems.
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