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Quantifying how spatial resolution affects fish distribution model performance and
prediction: A case study of Caspian Kutum, Rutilus frisii
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Abstract: The present study aimed to investigate the effect of spatial resolution of data on
distribution modelling performance for the Caspian Kutum, Rutilus frisii. A set of spatial resolutions
(4, 8, 16, 32, and 64 km) were considered in the modelling analyses, using sea surface temperature,
chlorophyll-a concentration, particulate organic carbon content, bottom slope, and depth as
environmental predictors of fish catch-per-unit-of-effort (CPUE). The boosted regression trees
(BRT) method was applied as the modelling technique. The results showed considerable reductions
in data variability (coefficient of variation (%) and variance) with decreasing spatial resolution for
most environmental variables and CPUEs. The model performance (adj-R?) was improved with
decreasing resolutions, but the best prediction ability of the models was obtained with the BRTs fitted
on the lowest resolutions (i.e. 4 and 8 km). While sea surface temperature was the main influencing
predictor in the fitted BRTs at all resolutions, resolution-dependence differences were observed in
the significance and response curves of other predictors of the models across the spatial resolutions.
Overall, our findings indicated that using different levels of spatial resolution highly affects the
modelling process, with more relevant explanations and higher prediction power using finer
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Introduction

Understanding the spatial characteristics of ecological
processes and their related research frameworks is a
fundamental influencing context in recognizing the
impacts of changes in environmental conditions on
marine fish populations. In aquatic organisms, the
spatial dependence of the species-specific responses to
the fluctuations in their surrounding environment is
highly important in assessing their population
dynamics (Luoto et al., 2007; Nystrom Sandman et al.,
2013). Properly understanding the spatial ecology of
different fish species can help fishery managers obtain
more detailed and reliable information about the
spatial and temporal trends of species distribution
patterns and better plan conservation and exploitation
activities (Cooke et al., 2016). The spatial frameworks
used in ecological studies could affect environmental
data quality and informativeness, analysis method,
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and the overall findings about ecosystem processes
(Lecours et al., 2015). Generally, differences in the
spatial dependence of these processes can lead to
considerable differences in our understanding of
species-environment relationships (Hale et al., 2019).

Species distribution models (SDMs), also known as
habitat suitability models (HSMs), used extensively in
assessing fish distribution, are based on identifying the
relationships between species presence or abundance
and a set of environmental variables describing their
habitat (Nonez-Riboni et al., 2021). These models can
predict changes in species distribution in space and
time due to fluctuations in environmental conditions
(Elith and Graham, 2000). Defining the appropriate
scale of analyses is a crucial issue in SDM studies
(Rushton et al., 2004; McPherson and Jetz, 2007; Hale
et al., 2019). Using different resolutions (or scales) of
data in fitting SDM models could result in different
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conclusions for the same ecological question, leading
to misunderstandings about species-environment
associations (Hale et al., 2019; Moézzi et al., 2024).
Also, the role and importance of environmental
predictors in SDMs can be different in models fitted
on various scales (Nonez-Riboni et al., 2021).
Therefore, in modelling fish distribution, the selection
of the proper resolution of the analyses must be made
considering the study goal, investigated system
characteristics, and qualitative and quantitative
measures of the available data (Elith and Leathwick,
2009; Nonez-Riboni et al., 2021).

Identifying a level of resolution (or scale) at which
the strongest correlative relationships of species
presence and its habitat characteristics could be found
can effectively improve the management plans and
conservation activities for aquatic organisms (Hale et
al., 2019). The prior studies that investigated the role
of spatial resolution on model performance presented
contradictory findings. In some of the studies, it has
been reported that using low-resolution (i.e. coarse
scale) data obtained better model fits and
understanding of fish-environment relationships
(Rahbek and Graves, 2001; Tabalske, 2002; Luoto et
al., 2007; Guisan et al., 2017). In contrast, some of the
researchers presented improvements in model
prediction accuracy using high-resolution (i.e. fine-
scale) data (Thuiller et al., 2005; Guisan et al., 2007,
Redfern et al., 2008; Seo et al., 2009; Becker et al.,
2010; Dyer et al., 2013; Guisan et al., 2017; Nonez-
Riboni et al., 2019, 2021). However, some other
studies suggested applying a multi-scale (resolution)
approach in evaluating distribution modelling to
obtain the best practical levels of performance and
prediction ability of the SDMs (Pearson et al., 2004;
Bellier et al., 2010; de Knegt et al., 2010; Austin and
Van Niel, 2011; Garcia-Callejas and Araujo, 2016;
Kircher et al., 2019). Overall, most of these research
works emphasized selecting the proper resolution in
modelling analyses considering the addressed
question, the variability in environmental conditions,
and the biological characteristics of the studied
species.

Caspian Kutum, Rutilus frisii (Norman, 1840),

from the Leuciscidae family (Eagderi et al., 2022), is
one of the important Caspian Sea bony fish species.
This fish is of high commercial and conservation
importance (Esmaeili et al., 2015) and has a wide
distribution area over the southern waters of the
Caspian Sea (Rabazanov et al, 2019). The
commercial catch data of this fish and the
environmental condition at fishing locations along the
Iranian coast of the Caspian Sea were used as a case
study to assess the effect of the spatial resolution of
data on distribution modelling performance and
predictions. The research objectives were to
investigate the variability of
parameters, model fitting, prediction performance,
and differences in main model variables and their
influencing patterns across a set of spatial resolutions.

environmental

Materials and Methods

Fish catch data: In this study, the commercial catch
data of the Caspian Kutum were used as an abundance
index of the fish, including fish biomass (kg), fishing
operation time (hours), and the number of dragged
seine nets. These data cover a 10-year period,
including catch seasons from 2002/03 to 2011/12 and
more than 150 fishing points along the southern coast
of the Caspian Sea (Fig. 1). The catch data were
standardized as catch per unit of effort (CPUE) using
the equation of CPUE;; = (Catch;;j / (Number of seine
netsjjxFishing timejj), where CPUE;; is the CPUE (kg
net”! h™!) for the catch season i, and fishing point j.
Environmental predictors: Five environmental
variables were selected as the potential drivers of the
Caspian Kutum distribution over the fishing points,
regarding their reported ecological relevance in prior
studies (Mog€zzi et al., 2022, 2024), including near-
surface chlorophyll-a concentration (Chl-a; mg m™),
day-time sea surface temperature (SST; °C),
particulate organic carbon concentration (POC; mg m”
3), bottom slope (°) and depth (m). The monthly data
of the Chl-a, SST, and POC were obtained from the
MODIS database (MODIS: Moderate Resolution
Imaging Spectroradiometer, United States National
Aeronautics and Space Administration (NASA)
Goddard Space Flight Center, Ocean Ecology
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Figure 1. Geographical distribution of fishing points (@) for the
Caspian Kutum, Rutilus frisii, over southern waters of the Caspian
Sea.

Laboratory, 2021 (http://modis.gsfc.nasa.gov)). The
depths of water at fishing points were obtained from
the world bathymetry raster file (GEBCO: General
Bathymetric  Chart of the Oceans, 2021
(http://www.gebco.net)), following the approach used
by Moézzi et al. (2022). The levels of the bottom slope
of the fishing locations were extracted from the slope
map made from the bathymetry map. The extraction
of environmental predictors’ values from original
remotely-sensed data formats and their conversion
were conducted using the “raster” package (Version:
3.6-30; Hijmans, 2024) in R 4.4.2 (R Development
Core Team, 2024).

Spatial resolutions: A set of spatial resolutions was
selected based on the original resolution of the
remotely sensed data: 4 km, including 4, 8, 16, 32, and
64 km. From here in the text, these are referred to as
SR-A, SR-B, SR-C, SR-D, and SR-E, respectively.
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For each spatial resolution, the values of the
environmental variables and CPUEs were averaged to
obtain one single value of each variable for each
spatial interval over each catch season.

Fitting and evaluation distribution models: The
relationships between CPUEs and environmental
predictors were assessed using boosted regression
trees (BRT). This machine learning technique has
been extensively used in distribution modelling
studies of fishes (Anderson et al., 2016; Froeschke and
Froeschke, 2016; Moé&zzi et al., 2024), with high
predictive performance and explanatory power (Elith
et al., 2006; Froeschke and Froeschke, 2016). BRT
models were fitted using the “gbm” package (Elith et
al., 2008; Ridgeway, 2024). Model parameters were
automatically tested until obtaining the best fit using
an interaction depth of 3, a learning rate of 0.01-0.001,
a bag fraction of 0.75, and maximum trees of 10,000
with a Gaussian error distribution (Moé&zzi et al.,
2024).

For each spatial resolution, 80% of the data (first
eight catch seasons) were used for model training, and
the fitted models were tested using the remaining 20%
of data (the last two catch seasons). The fitting of the
BRTs at each repeated using
bootstrapped subsamples of datasets (10 iterations).
The goodness-of-fit of the BRTs was evaluated using
adjusted R squared (Adj-R?), and their predictive
ability was evaluated using testing datasets of all
resolutions, based on normalized root mean squared
error (NRMSE) scores, calculated as follows: nRMSE
= (VEG=0"NGi - 51 )*2) | N)) | (Ymax - ymin), Where y;
and y; are the raw and predicted values, N is the
number of data points, and V,,4, and Vi, represent
the maximum and minimum values of y in each
dataset, respectively.

Considering the five environmental predictors used
for fitting the models, the parameters with relative
importance (RI) scores higher than 20% (= 100/5)
were recognized as significant predictors of the
models (Thorn et al., 2016). Also, all predictors'
partial dependency plots (PDPs) were compared
between BRTs fitted on datasets with different
resolutions.

resolution was



536 Moézzi and Eagderi / Quantifying how spatial resolution affects fish distribution model performance and prediction

(@) o] cv=o025 ska | (B) %1 cv=o0.059 .. 51 ; SRA
Var= 160, Var= 0.783 ; :
2 o
- e
T T TR E R R R T TR s
® cv=024 SRB “| ev=o0.061
Var=1.43 | Var= 0827

& =

£

=)

£

c - —

§ 21 cv=0.22 SR-C e CV = 0.061

E o | Var=0825

& B T

g 5

S 2 e

o

p §

% w o '; 3.

= s

o k=

=3 i =3 @

r— e -

) 3

@ »

& 173 5 73 M 3 15 17 19 2 23 25 7 23 3 173 5 7 8 M 43 45 47 13 21 23 25 27 23 3
= - o - T

('? - CV=0.21§ SR-D CcV=0.062 - TTH T T SR;D
g var=1,08 ’ 2] Var=0863 il g T 7]
=

15

~ Poi e 1 T A4
e | . B R
H - e - L S I M g |
. i i i § 4 S SO R (5 . "
@ i oo ; : : o BORUE B Loa
I T B o i 43 2} i

14
i
1
(W8]
EE

s
’,..........
I
t
I
t

@ : . -
T %2 3 4 5 € 7 8 8 101 2 8 14 15 16 17 18 1 2 3 4 5 6 7 8 9 10 M 12 13 14 15 1% 17 13
~] SRE CV = 0.061 T 1 1 = SRE
: el var= 0842
] | — % = ...
— — 2
L .
N | i g .
: @ : S
o 4
1 2 3 4 5 3 7 g 3 10 1 2 3 4 5 6 7 8 9 10
Spatial Data points Spatial Data points

Figure 2. Boxplots of the environmental predictors and mean CPUEs over the studied fishing points at different spatial resolutions (SR-A: 4 km;
SR-B: 8 km; SR-C: 16 km; SR-D: 32 km; and, SR-E: 64 km). (CV: coefficient of variation; Var: variance).
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Heterogeneity of environmental condition: The
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Figure 2. To be continued.
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levels over the studied geographical extent with
different resolutions (Fig. 2) showed that with
decreases in spatial resolution (from SR-A to SR-E),
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Figure 2. To be continued.
the coefficient of variation (CV) and variance of data depth, while there was no considerable difference in

were decreased for Chl-a, POC, bottom slope and CV (6.2-5.9%) and variance (0.863-0.783) for SST
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Table 1. Adjusted-R? (Adj-R?) and normalized root mean squared error (nRMSE) scores of the fitted boosted regression trees (BRT) models using
datasets at different spatial resolutions (SR-A: 4 km; SR-B: 8 km; SR-C: 16 km; SR-D: 32 km; and SR-E: 64 km).

: . - - nRMSE for Testing data
Fitted model Spatial resolution Adj-R SRA SRB SR.C SRD SRE
BRTsr-A 4 km 0.501 0.183 0.186 0.183 0.232 0.318
BRTsr-8 8 km 0.587 0.185 0.175 0.182 0.221 0.304
BRTsr-c 16 km 0.703 0.223 0.207 0.192 0.250 0.349
BRTsrD 32km 0.851 0.246 0.223 0.240 0.284 0.326
BRTsr-£ 64 km 0.887 0.306 0.316 0.329 0.351 0.309
(a) SR-A (b) SR-B
chl-a Chl-a
S5T 55T
POC POC
Bottom Slope Bottom Slope
Depth Depth
0 5 10 15 20 25 3Iu 0 5 10 ;s 2;3 2; 3-0
Variable Importance {3:) Variable Importance ()
(c) SR-C (d) SR-D
Chl-a Chl-a
55T 55T
POC poC
Bottom Slope Bottom Slope
Depth Depth
0 5 10 15 20 25 30 0 5 10 15 20 25
Variable Importance (%) Variable Importance (%)
(e) SR-E

Chl-a

55T

POC

Bottom Slope

Depth

0 5 10 15 0 15
Variable Importance (%)

across different resolutions. The order of reductions in
CV and Var for these parameters from SR-A to SR-E
was: Depth (CV: 19%; Var: 70.5%) > bottom slope
(CV: 16%; Var: 67.3%) > POC (CV: 11%; Var:
44.5%) > Chl-a (CV: 6%; Var: 44.3%). Also,
averaged mean-CPUEs depicted decreases of 13%
(from 94 to 85%) in CV and 20.8% (from 3.32x10° to
2.65x10% in variance with decreases in resolution
from SR-A to SR-E.

Figure 3. Mean relative importance (RI
%) of environmental predictors in fitted
boosted regression trees (BRT) models
using datasets at different spatial
resolutions (SR-A: 4 km; SR-B: 8 km;
SR-C: 16 km; SR-D: 32 km; and SR-E:
64 km).

Model performance and prediction evaluation:
Fitting BRT models using training datasets with
different resolutions (Table 1) showed higher
adjusted—R2 scores with decreased data resolution,
whereas BRTsr-a and BRTsr-E models had the lowest
and highest values of adj-R?, respectively. Predictions
of the fitted BRTs on testing datasets with different
spatial resolutions indicated that BRTsr-g had the best
prediction performance on most testing datasets.
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Other BRT models showed decreases in prediction
ability with decreases in data resolution, even for
models with the same resolutions for the training and
testing datasets.

Environmental variables importance and response
curves: The relative importance (RI) scores of BRT
model parameters (Fig. 3) indicated differences in
significant variables of the models fitted using the
datasets with different spatial resolutions. SST (with
RIs > 22.09%) was the main significant variable
across all resolutions, and Chl-a was recognized as a
non-significant variable in all the models (RIs <
19.35%). The bottom slope was significant in the
BRTsr-a, BRTsr-B, and BRTsr-c models, while it did
not have significant effects in BRTsr-p and BRTsr-E.
In contrast, depth was significant in low-resolution
models (i.e., BRTsr-p and BRTsr-E), without
significant effects in other BRTs fitted on higher-
resolution data. The effect of POC was significant
only in medium- to low-resolution models (i.e.,
BRTsr-c, ERTsr-p, and BRTsr-E).

The response curves (i.e., partial dependency plots
(PDPs)) of the environmental predictors were found
with different patterns in BRTs fitted on different
resolutions (Fig. 4). An overall decreasing trend was
obtained for Chl-a across all of the resolutions but
with higher differences in the maximum and minimum
influencing levels at lower resolutions (Fig. 4a). The
PDP graphs of SST depicted relatively similar
increasing trends for all of the resolutions (Fig. 4b).
The obtained PDPs for POC presented nearly opposite
patterns between high to intermediate (BRTsgr-a,
BRTSsr-B, and BRTsr-c) and low-resolution (BRTsr-pD
and BRTsr-g) models (Fig. 4c). The influencing
patterns of the bottom slope for SR-A to SR-D
resolutions showed clear bell-shaped curves. For SR-
E, the obtained curve had a decreasing trend over a
shorter range of the parameter (Fig. 4d). The PDPs of
depth for the BRTsr-A and BRTsgr-B models with the
higher influences at lower variable levels were
different from the increasing curves of the models
obtained using SR-C to SR-E resolutions, where the
highest levels of influence in them belonged to the
depths of more than 10 m. The highest difference

between the maximum and minimum influencing
levels was observed for the model of the lowest spatial
resolution (Fig. 4e).

Discussions
The aggregation of data of the environmental
variables with decreases in spatial resolution (i.e.,
increases of scale) changes the variability of data with
considerable reductions in sampling units (or data
points) for coarse resolutions that can affect fish
distribution modelling (Scales et al., 2016). This
study's results showed clear reductions in the
variability of data for most of the environmental
parameters (i.e., Chl-a, POC, bottom slope, and
depth), as well as CPUEs, with decreases in
resolution. Also, the levels of reduction were different
between the investigated variables. The spatial trends
of the values for these parameters nearly had the same
fluctuations with the highest levels over the middle
range of the fishing points, and the averaging of data
obviously led to considerable decreases in CV and
variance of datasets with decreases in the resolution.
This condition is in accordance with the general
outcome of the change in data resolution with the
higher frequencies and variation in abundance metrics
and environmental conditions in higher resolutions or
finer-scale frameworks (Garcia-Charton et al., 2004,
Nonez-Riboni et al., 2021). It has been reported that
data aggregation can eliminate the noise in data and
change patterns of environmental gradients and
species abundance distribution (Tobalske, 2002;
Redfern et al., 2008). However, in our study, the SST
values had an increasing trend over the fishing points,
and the results showed that aggregated averages of its
values had no significant reduction in CV, nor in the
variance across spatial resolutions, and the increasing
pattern of SST was observed for all resolutions.
Therefore, the geographical gradient of the
environmental parameters could have different
responses in the data aggregation process over spatial
resolutions where the variability and variance of data
could be changed or maintained in different spatial
resolutions.

In the prior studies, the resolution (or scale) of the
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Figure 4. Mean partial dependency plots (PDPs) of the environmental predictors for the boosted regression trees (BRT) models fitted using datasets
with different spatial resolutions (i.e., SR-A; 4 km; SR-B: 8 km; SR-C; 16 km; SR-D = 32 km; and SR-E: 64 km).

analyses has been mentioned as an important factor
affecting the performance and predictive ability of
SDMs (Franga and Cabral, 2016). In the present study,
the goodness-of-fit of the models was improved by
decreasing the spatial resolution of data where the best
fish abundance — environment relationship was
obtained at the lowest resolution (SR-E). Some of the
research has claimed to obtain better model
performance by fitting the models at lower spatial
resolutions, or in other words, using larger spatial
scales (Tabalske, 2002; Luoto et al., 2007; Hale et al.,
2019; Nonez-Riboni et al., 2021). This condition is

probably due to the lower noise and variation in data
made by averaging the environmental variables and
CPUEs, as well as fewer data points at lower-
resolution data sets. It is difficult to capture the noise
and variability in data at finer resolutions using
statistical techniques and obtain a higher explaining
ability of the models and strong fish-habitat
associations compared to the situations using lower
resolutions of data (Nonez-Riboni et al., 2021).
Moreover, the decrease in sample counts at lower
resolutions is reported as another factor that improved
the performance of the models (Hale et al., 2019).
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However, in our results, we found decreases in the
predictive power of the models with decreases in
spatial resolution. The BRTsr-a and BRTsgr-g models,
fitted at nearly high resolutions, had the best
predictions, not only on the test data of the exact
resolution but also at all of the studied spatial
resolutions. Also, the fitted models' predictive power
decreased with resolution decreases, where the lowest
accuracy levels of predictions were obtained for the
BRTsr-E, fitted on the lowest resolution training data.
This result is supported by some of the prior studies,
which reported higher prediction accuracy with
models fitted on finer scales (Collingham et al., 2000;
Guisan et al., 2007; Seo et al., 2009; Dyer et al., 2013;
Ross et al.,, 2015; Frangca and Cabral, 2016). The
inability to recognize reliable relationships between
fish abundance and real environmental variables could
lead to lower accuracy of model predictions
(Fernandez et al., 2018). Overall, using intermediate
to high spatial resolutions in SDM modelling analyses
and considering more details in the data could lead to
models with high predictive ability, even with nearly
weak but realistic fish-environment relationships.

The estimates of the importance of the
environmental predictors in BRT models in explaining
CPUE variation showed two distinct conditions. In all
models, SST was one of the main significant
predictors with a considerable effect on fish
distribution at all spatial resolutions. This means that
this variable has an important effect on fish
distribution without any specific dependency on the
spatial scale of the analyses. Such a condition is
previously reported by Hale et al. (2018). The
response curves for this parameter also clearly showed
the role of fish distribution, with nearly similar PDPs
across all investigated resolutions and obvious
increasing trends over the variable range. This
condition is highly related to SST's constant variation
metrics (CV and Var) in all resolutions. However, a
resolution (or scale)-dependent pattern was observed
for other environmental predictors, where there was a
change in significance of variable from high-
resolution (SR-A (bottom slope > SST) and SR-B
(SST > bottom slope)) to intermediate (SR-C (SST >

bottom slope > POC)) to low-resolution models (SR-
D (POC > SST > depth) and SR-E (SST > depth >
POC)). The response curves of these variables also
depicted nearly similar and matching patterns for the
resolutions. They are significant and somewhat
contrasting with their curves at other resolutions.
Differences in the contributions of environmental
variables in SDMs and their differences across spatial
scales are also reported by Pitman and Brown (2011),
Franca and Cabral (2016), and Hale et al. (2018),
indicating this fact that assessing fish distribution at
different spatial resolutions could lead to different
variables as the main habitat drivers of them with
nearly different patterns of influence over their
measured ranges. Based on this, we suggest using
multiple spatial resolutions of data to assess model
performance and  prediction accuracy  and
consequently correctly determine the main drivers of
fish distribution at the effective ecological scale.

Conclusion

In the present study, the effect of spatial resolution of
data on distribution modelling of the Caspian Kutum
was investigated across a set of resolutions including
4, 8, 16, 32 and 64 km. Our findings clearly showed
decreases in the variability of data for most of the
environmental predictors (except SST) as well as fish
CPUEs, with decreases in spatial resolution. Fitting
boosted regression trees (BRTs) presented clear
improvements in model fits with an increase in data
scale (i.e., a decrease of the resolution), but the BRT
models fitted on the lowest resolutions (4 and 8 km)
had the highest predictive power over all investigated
resolutions. Also, based on the results, exceptionally
for the SST that was significant in BRTs of all
resolutions with nearly similar response curves, the
other environmental parameters showed obvious
resolution-dependent differences in their significance
(i.e., relative importance) and influencing pattern in
the fitted models across spatial resolutions.
Considering all of the results, we suggest using a
multi-resolution (or scale) approach in modelling
analyses of fish distribution to detect the best spatial
resolution of the modelling framework and obtain
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reliable fish-environment relationships and a proper
understanding of the environmental drivers of the
organism’s distribution.
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