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Aims: The present study aimed to evaluate the spatial distribution of common Kilka
(Clupeonella cultriventris) in the southern Caspian Sea using geostatistical interpolation,
adaptive neuro-fuzzy inference system (ANFIS), and machine-learning approaches. The
study addresses the limited use of integrated spatial and predictive modeling techniques to
understand Kilka distribution patterns across varying environmental conditions.
Material & Methods: Daily catch and fishing-effort data were collected from commercial
fishing grounds in Mazandaran Province between 1996 and 2021 during the active fishing
season (April-October). Monthly CPUE values were calculated for six fishing stations.
Environmental variables included fishing depth, chlorophyll-a concentration, sea surface
temperature, and wind speed. Spatial interpolation methods (IDW, Kriging, and Natural
Neighbor), ANFIS models with different membership functions, and a Multi-Layer Perceptron
(MLP) model with a five-month lag structure were evaluated using prediction error metrics
and correlation coefficients.

Findings: Among the evaluated interpolation methods, IDW with power 3 provided the
most reliable representation of CPUE-based relative abundance patterns. Common Kilka
abundance increased with fishing depth up to approximately 80 m and declined beyond
this range. Among the ANFIS configurations, the Gaussian membership function yielded the
highest predictive performance (r = 0.86). The MLP model with a five-month lag structure
achieved the highest predictive performance within the evaluated dataset (R = 0.98). Fishing
depth, chlorophyll-a concentration, sea surface temperature, and wind speed were identified
as important predictors of Kilka distribution patterns.

Conclusion: The integration of geostatistical interpolation, ANFIS, and machine-learning
approaches provided an effective framework for predicting the spatial distribution of
common Kilka in the southern Caspian Sea. IDW produced the most reliable spatial
interpolation results, whereas the MLP model demonstrated the highest predictive
performance. The findings indicate that environmental variability plays an important role
in shaping Kilka distribution patterns, and nonlinear predictive models may provide useful
tools for fisheries management and ecological monitoring. Nevertheless, further validation
with independent temporal datasets is recommended to assess the model’s generalizability
and reduce potential temporal validation bias.

Keywords: Caspian Sea; Clupeonella cultriventris; CPUE, Geostatistics; Spatial Distribution.
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Introduction

Geostatistical analysis of marine fish catch
data is widely used to model the spatial
distribution of biomass and to understand
relationships between biomass spatial
patterns and environmental characteristics
(1 Satellite sensors can measure both
physical and biological attributes. This
technology enables the reliable assessment
of global ocean coverage for variables
such as sea surface temperature (SST),
chlorophyll-a (Chl-a), and turbidity, with
relatively high spatial and temporal
resolution achievable through space-based
measurements 2. In most observations, the
relationship between fish distribution and
environmental factors exhibits nonlinear
or irregular patterns, resulting in a
random spatial structure of fish biomass .
Compared with conventional field sampling,
satellite remote sensing offers a more
efficient approach by reducing limitations
related to time, cost, and spatial coverage.
In addition, Geographic Information System
(GIS) techniques are extensively employed
in the processing of satellite images .
These techniques integrate theoretical
aspects of oceanography and ecology with
spatial databases and statistical functions,
enabling comprehensive data analysis .
The application of artificial neural networks
and fuzzy logic techniques has expanded
considerably in fish-distribution studies ©l.
Artificial neural networks are characterized
by their topology, learning mechanisms,
and the communication between inputs
and outputs. Fuzzy methods have emerged
as an alternative approach to traditional
regression models. In general, concepts
of neural network learning have been
incorporated into fuzzy inference systems
7. The combined use of artificial neural

networks (ANNs) and fuzzy logic offers
distinct advantages over conventional
models, particularly in their ability to handle
outlier data in dynamic, nonlinear systems
8. The Caspian Sea, known as the largest
enclosedlake intheworld, holds great fishery
value . Bony fishes constitute an important
component of the Caspian Sea fisheries
and regional economy ['°, However, many
fish stocks have declined in recent decades
owing to overexploitation, environmental
change, and habitat degradation. Three
species of Kilka fish, namely Clupeonella
cultriventris, C. engrauliformes, and C.
grimmi, rank among the most abundant
fishes in the Caspian Sea ['!. Kilka fisheries
provide an important source of animal
protein and income for communities in the
southern Caspian Sea region. The common
Kilka is distributed throughout the Caspian
Sea. Kilka primarily feeds on zooplankton
and serves as an important food source for
valuable species such as Caspian trout and
sturgeon 2, Furthermore, Kilka species play
a crucial ecological role as a food source for
sturgeons and the Caspian seal, highlighting
their ecological importance ™3, Numerous
studies have been conducted in Iran and
elsewhere to investigate fish distribution
patterns and their relationships with
environmental variables using geographic
information systems and neural-network
approaches [1421,

Research novelty and justification: Previous
studies in the Caspian Sea have primarily
focused on descriptive fisheries statistics,
stock assessments, or
isolated environmental analyses. However,
integrated geostatistical, neuro-fuzzy, and

conventional

machine-learning approaches have rarely
been applied simultaneously to evaluate
the spatial distribution of common Kilka



in the context of long-term environmental
variability. Therefore, this study sought
to bridge this research gap by integrating
spatial interpolation techniques, ANFIS
models, and MLP-based predictive modeling
into a unified analytical framework.
Therefore, this study aimed to evaluate
the spatial distribution of common Kilka
(Clupeonella cultriventris) in the southern
Caspian Sea by integrating geostatistical
interpolation techniques, ANFIS models,
and machine-learning approaches. The
study further examined the relationships
between environmental variables and CPUE
variability to improve the prediction of
Kilka distribution patterns under changing
environmental conditions.

Materials & Methods

The methodological framework integrated
geostatistical interpolation, Adaptive
Neuro-Fuzzy Inference System (ANFIS), and
Multi-Layer Perceptron (MLP) modeling
approaches to evaluate and predict the
distribution patterns of common Kilka in the
southern Caspian Sea.

Experiment Plan

Data on Kilka catch weight (kg) and species
composition (%) were collected daily from
commercial fishing grounds in Mazandaran
Province between 1996 and 2021. Data were
collected daily from fishing grounds located
in Mazandaran Province, specifically from
Amirabad port to Chalus. The variable of
interest was the average monthly catch per
unit of fishing effort at each location. Daily
catch data were standardized by fishing
location and effort prior to CPUE calculation.
Subsequently, the average catch per unit
effort per vessel per night was calculated
by dividing the total catch for vessels at a
specific location by the number of fishing

nights. Finally, the average monthly catch
per unit effort at a specific location was
determined by dividing the total catch per
unit effort over a month by the number of
fishing nights in that month, based on Eg.
(1). CPUE was expressed as kilograms of fish
caught per vessel per fishing night.
Sampling was conducted monthly during
the active fishing season (April-October).
Species composition data from landing
sites and commercial catches were used to
distinguish common Kilka from other Kilka
species. Fishing depth and geographical
coordinates were recorded during each
fishing operation. Monthly CPUE was
calculated as the mean catch per vessel per
fishing night:

nj
1 K ZXU
CPUEmmh:—Z = Eq. (1)

J
j=1 n.]

where Xij is the catch of vessel i during
fishing night j, expressed in kilograms; nj
is the number of vessels operating during
night j and K is the total number of fishing
nights in the corresponding month™. CPUE
was therefore expressed as kg vessel 'night.
Six major fishing stations were included
in the study. The stations examined in this
study were Amirabad, Babolsar, Chalus,
Chabokrod, Daryakenar, and Khazarabad. To
address the limited number of catch records
in certain fishing locations, which can
hinder the implementation of neural and
neuro-fuzzy modeling, and to account for
similar catch rates among these locations, a
clustering method was employed to merge
some locations. Consequently, the fishing
locations were consolidated based on
fishing statistics for common Kilka and data



on fishing depth, surface temperature, and
surface wind speed. This was achieved using
the K-means clustering algorithm, resulting
in six distinct categories. The factors
examined in this study encompass fishing
depth, chlorophyll a, surface temperature,
and surface wind speed. The optimal number
of clusters was determined by minimizing
within-cluster variance and maximizing
similarity among observations across CPUE,
fishing depth, SST, and wind speed.
Independent Variables

Fishing Depth

Echosounder devices installed on fishing
vessels were used to record water depth at
each fishing location. These devices measure
water depth from the surface to the seabed,
similar to the Kilka fishing method, which
uses a conical lift net and a moonlight lamp.
To determine the average monthly catch
depth at a specific location, daily catch data
for each month were analyzed to calculate
the average.

Chlorophyll a

Level-2 chlorophyll-a data in HDF format,
about chlorophyll a concentration (in mg.m-
%) at the surface of the Caspian Sea, was
obtained from the Sea Star satellite’s Sea
WIFS. sensor. The data, downloaded from
the website http://oceancolor.gsfc.nasa.gov,
covers the period 1996-2021 and consists
of raster data with a spatial resolution of
0.0833333 degrees.

Surface Temperature

The website http://oceancolor.gsfc.nasa.
gov provided access to long-term daily
raster data of the Caspian Sea’s surface
temperature (in degrees Celsius). These data
were acquired from the MODIS sensor on the
Aqua satellite and were downloaded in HDF
format at level 2. The temporal coverage
spans from 1996 to 2021, and the spatial

resolution of the data is 0.0833333 degrees.
Monthly averaged SST values corresponding
to the timing of nighttime fishing operations
were extracted from satellite imagery.
Surface Wind Speed

The website http://apdrc.soest.hawaii.
edu provides access to NetCDF raster data
representing long-term monthly averages of
surface wind speed (m.s!) over the Caspian
Sea. These data were acquired from the
QuikSCAT sensor on the QuickBird satellite.
The downloaded data covers the period from
1996 to 2021 and has a spatial resolution of
0.25 degrees. To input data into the software,
a file was created containing the longitude
and latitude coordinates of the sampling
points, along with the corresponding values
for the desired features. Subsequently,
interpolation techniques, including Inverse
Distance Weighting (IDW), spline, and
geostatistical Kriging, were applied in
ArcGIS. Spatial interpolation was applied
to generate continuous CPUE surfaces
from the geographically referenced
fishing observations. IDW, spherical and
exponential kriging, and Natural Neighbor
methods were compared under identical
spatial settings. It primarily relies on
two deterministic methods: IDW and the
geostatistical interpolation method known
as Kriging. Interpolation can be applied to
assess the spatial distribution of a species
within an area. Interpolation performance
was evaluated using mean absolute error
(MAE), mean bias error (MBE), mean
squared standardized error ratio (MSDR),
and root mean square error (RMSE). MAE
and RMSE quantify the overall magnitude
of prediction errors, with lower values
indicating greater predictive accuracy. MBE
measures systematic prediction bias and
was calculated as:



MBEZli(i-zi) Eq. (2)

n i

where zi_ is the observed value at location
i, z"i is the corresponding predicted value
obtained by interpolation, and n is the total
number of validation observations. Positive
MBE values indicate overall overestimation,
whereas negative values indicate
underestimation. Mean Square Standard
Deviation Ratio (MSDR) were employed, as
described by Wakernagel [22,

For the kriging models, the consistency
between prediction errors and estimated
prediction variances was assessed using
MSDR, as described by Wackernagel [*:

2

Eq. (3)

MSDRZ(%)ZHZ Z;%Zi
i1 )
1

where oi is the kriging prediction standard
error associated with location i. And MSDR
value close to 1 indicates that the prediction
variances are consistent with the observed
interpolation errors. RMSE was calculated as:

ISR
RMSE= H;(Zi'Zi) Eq. (4)

where zi_ and z”"i represent the observed
and predicted values at validation location i,
respectively, and n denotes the total number
of validation observations. The interpolation
method with the lowest RMSE and MAE, an
MBE closest to zero, and, for kriging models,
an MSDR closest to 1 was considered to pro-
vide the most reliable prediction.

Adaptive Fuzzy Neuro Modeling

ANFIS models were developed in MATLAB
2018a to estimate common Kilka CPUE from
fishing depth, chlorophyll-a, SST, and wind
speed. Four membership-function families—
triangular, trapezoidal, Gaussian, and

Double-Gaussian—were evaluated under
comparable training and testing conditions.
Model performance was compared using
RMSE and the correlation between observed
and predicted CPUE. It employs adaptive
neural learning techniques to develop a
fuzzy modeling procedure for extracting
information from a given dataset. This
system calculates the membership function
parameters to ensure the fuzzy inference
system aligns with the input/output dataset.
The adaptive fuzzy neural network is highly
efficient at modeling complex processes by
leveraging the linguistic capabilities of fuzzy
inference systems and the computational
power and learning capacity of neural
networks. The adaptive fuzzy neural network
is a b5-layer network with nodes and
connecting arcs. The first layer handles
input data with membership degrees. All
modeling operations are conducted in
the second to fourth layers. The last layer
represents the network output, aiming to
minimize the discrepancies between the
network output and the actual output. An
appropriate adaptive fuzzy neural network
structure is selected based on the input
data, membership degrees, input and output
membership functions, rules, and functions.
During the training phase, the membership
degrees are adjusted by modifying the
parameters according to an acceptable
error threshold, gradually bringing the input
values closer to the actual values 2% 271, The
current investigation employed the network
separation technique to develop a model for
estimating fish catch quantities using fishing
effort as a basis. During grid separation, the
input space is partitioned into multiple equal
sections. In this scenario, as the number of
divisions increases, the number of agents
grows exponentially. Consequently, when



dealing with a large number of inputs, the
network’s training process can take hours or
even days.

Membership Functions of the Adaptive
Fuzzy Neural System

Triangular, trapezoidal, Gaussian,and double
Gaussian membership functions were
used to evaluate the effect of membership
function types on modeling efficiency [2¢.
Number of Membership Functions

To evaluate the influence of the number

of membership functions during the
fuzzification stage, the number of
membership functions for each input

variable was systematically altered across
four values. As a result, a total of 12 distinct
scenarios were created by modifying the type
of membership functions used. The entire
modeling process was conducted within the
MATLAB 2018a neural-fuzzy toolbox.
Validation of the Model

Model performance was evaluated using
the root mean square error (RMSE),
as defined in Eq. (4), together with the
Pearson correlation coefficient (rrr).
Lower RMSE values and higher correlation
coefficients indicate better predictive
performance. The dataset consisted of 450
observations collected between 1996 and
2021. A random 70:30 train-test split was
used, with 70% of observations for model
development and the remaining 30% for
independent validation. Model performance
was evaluated using RMSE and the Pearson
correlation coefficient (r). Because the
dataset represents a temporal sequence and
the MLP model incorporates lagged inputs,
random partitioning may introduce some
degree of temporal information leakage.
Therefore, model performance should be
interpreted with caution, and future studies
are encouraged to use chronological or

blocked time-series validation approaches
to assess the model’s robustness further.
Multilayer Perceptron Neural Network
An MLP neural network was developed to
evaluate temporal relationships between
environmental variables and CPUE.
Input variables included fishing depth,
chlorophyll-a concentration, SST, and wind
speed. Several lag structures were examined,
and the five-month lag configuration
provided the best predictive performance.
The MLP architecture consisted of input
variables representing fishing depth,
chlorophyll-a concentration, SST, and wind
speed. The network was trained with
supervised learning, and model performance
was evaluated on the independent test set
using RMSE and the Pearson correlation
coefficient (R).

Findings

This study was conducted across six major
fishing grounds in the southern Caspian Sea,
namely Amirabad, Babolsar, Chalus, Chabokrod,
Daryakenar, and Khazarabad. A total of 450
observations collected between 1996 and 2021
were used to investigate the spatial distribution
of common Kilka (Clupeonella cultriventris)
using ArcGIS software (Figure 1).
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Province.

Note: The circles indicate the sampling locations.



Figure 2 illustrates the spatial distribution of
common Kilka estimated using the Inverse
Distance Weighting (IDW) interpolation
method. Comparison of interpolation
performance indicated that the IDW
power-3 configuration yielded the lowest
prediction error among the evaluated IDW
models. Consequently, this configuration
provided the most reliable representation of
common Kilka distribution patterns within
the evaluated dataset.
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Figure 2) Figure 2. Spatial distribution of common
Kilka (Clupeonella cultriventris) CPUE (kg. vessel™.
night™) in the southern Caspian Sea predicted using
the IDW interpolation method (power = 3), which
produced the lowest interpolation error among the
evaluated IDW configurations.

Figure 3 presents the spatial distribution of
common Kilka (Clupeonella cultriventris)
predicted using the Kriging interpolation

method. Relative error comparisons
indicated that the Kriging-Spherical and
Kriging-Exponential = models  exhibited

lower predictive performance than the
best-performing IDW configuration and the
Natural-Neighbor approach. This outcome
may be related to the limited spatial density
of sampling observations, which can affect
the reliability of geostatistical interpolation
methods.
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Figure 3) Spatial distribution of common Kilka
(Clupeonella cultriventris) CPUE (kg. vessel *.night™)
estimated using the Kriging-Spherical interpolation
method in the southern Caspian Sea.

Figure 4 presents the spatial distribution of
common Kilka (Clupeonella cultriventris)
estimated using the Natural-Neighbor
interpolation method. Relative error
comparisons showed that Natural-
Neighbor provided improved predictive
performance compared with the kriging-
based methods. Nevertheless, the IDW
power-3 model exhibited the lowest
interpolation error among all evaluated
methods and was therefore considered
the most reliable approach for subsequent
spatial analyses.
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Natural-Neighbor interpolation method.



The ANFIS model employing the triangular
membership function demonstrated
good predictive performance, yielding a
correlation coefficient of r = 0.86 between
observed and predicted values. The
close agreement between model outputs
and fishery observations suggests that
the model successfully captured major
patterns in CPUE variability. Fishing depth,
chlorophyll-a concentration, sea surface
temperature, and wind speed were included
aspredictorvariablesinthe ANFISmodel and
were associated with observed variability in
CPUE—the spatial distribution and relative
abundance of common Kilka (Clupeonella
cultriventris) (Figure 5).
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Figure 5) Correlation between observed and
predicted CPUE values of common Kilka (Clupeonella
cultriventris) generated by the ANFIS model with a
triangular membership function.

Thevalidationresultsofthe ANFISmodelwith
the triangular membership function showed
that the residuals were approximately
normally distributed and exhibited no clear
systematic trend. Residual plots indicated
random error dispersion without an
apparent systematic pattern, suggesting that
the model adequately captured the major
patterns in the data without substantial
bias. These findings support the model’s
suitability for predicting CPUE variability
associated with the evaluated environmental
variables (Figure 6).
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Figure 6) Validation results of the ANFIS model with
a triangular membership function, including residual
distribution and residual-versus-observed plots used
to assess model performance and error patterns.

The ANFIS model employing the trapezoidal
membership function demonstrated relatively
lower predictive performance compared with
the other evaluated ANFIS configurations,
yielding a correlation coefficient of r = 0.49
between observed and predicted CPUE values.
Although the model captured some of the
variability in common Kilka CPUE, its predictive
capability was weaker than that of the triangular;
Gaussian, and double-Gaussian membership
functions. Environmental variables, including
fishing depth, chlorophyll-a concentration, sea
surface temperature, and wind speed, were
incorporated as predictors into the model and
contributed to the prediction of CPUE patterns
(Figure 7).
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Figure 7) Correlation analysis of predicted and
observed CPUE (kg.vessel *.night™") for common Kilka
(Clupeonella cultriventris) using an Adaptive Neuro-
Fuzzy Inference System (ANFIS) with a trapezoidal
membership function across all model inputs.



The validation results of the ANFIS model
employing the trapezoidal membership
function indicated that the residuals were
approximately normally distributed and
exhibited no clear systematicpattern. Residual
plots showed a random dispersion of errors
around the observed values, suggesting that
the model adequately represented the major
patterns in the data without substantial bias.
These findings support the model’s suitability
for evaluating relationships between
environmental variables and common Kilka
CPUE (Figure 8).
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(prediction - observed) versus sample index and (b)
residual error distribution, used to evaluate model
performance and potential prediction bias.

The ANFIS model employing the Gaussian
membership function demonstrated the
highest predictive performance among the
evaluated ANFIS configurations (r = 0.86),
substantially outperforming the trapezoidal
membership function (r = 0.49) and slightly
exceeding the triangular (r = 0.86 and
double-Gaussian (r = 0.84) configurations.
A comparison of model performances is
presented in Figure 13.

The  Multi-Layer  Perceptron (MLP)
model with a five-month lag structure
demonstrated excellent predictive
performance,yieldinganr=0.98 correlation
between observed and predicted CPUE

values. The model was trained on 70% of
the available observations and validated
on an independent test set comprising
the remaining 30%. The close agreement
between observed and predicted values
indicates that the model successfully
captured the temporal variability in
common Kilka CPUE. Nevertheless, further
validation on independent datasets is
recommended to assess the model’s
generalizability and reduce the risk of
overfitting (Figure 9).
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Figure 9) Relationship between observed and
predicted CPUE  (kg.vessel ‘.night™')  values
generated by the Multi-Layer Perceptron (MLP)
model with a five-month lag structure. The model
achieved a correlation coefficient of R = 0.980 on
an independent test set (30% of observations). The
dashed line represents the 1:1 relationship between
observed and predicted values.

The validation results of the MLP model
with a five-month lag structure indicated
that the residuals exhibited no clear
systematic pattern and were generally
concentrated around lower error values.
The residual plots suggest that the model
adequately captured the major temporal
variations in CPUE, while the distribution
of residuals indicates acceptable predictive
performance across the testing dataset.
These findings support the model’s
suitability for predicting common Kilka
CPUE under the evaluated environmental
conditions (Figure 10).
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Figure 10) Validation diagnostics for the MLP model
with a five-month lag structure using 400 testing
observations, including (a) residual errors across
samples, (b) frequency distribution of residual
errors, and (c) temporal variation in observed CPUE
values used for model evaluation.

The ANFIS model employing the double-Gaussian
membership function demonstrated good
predictive performance, yielding a correlation
coefficient of r = 0.84 between observed and
predicted CPUE values. The results indicate that
the model captured a substantial proportion of
the variability in common Kilka CPUE. Fishing
depth, chlorophyll-a concentration, sea surface
temperature, and wind speed were included as
predictorvariablesinthemodel. The performance
of the double-Gaussian configuration was slightly
lower than that of the Gaussian and triangular
membership functions, but substantially higher
than that of the trapezoidal membership function
(Figure 11).

The validation results of the ANFIS model
with a double-Gaussian membership function
indicated that the residuals were approximately
normally distributed and exhibited no evident
systematic pattern. Residual plots showed
a random dispersion of errors around zero,
suggesting that the model captured major
patterns in variability in common Kilka CPUE,
with limited evidence of systematic bias. These
findings support the model’s suitability for

predicting CPUE variability associated with the
evaluated environmental variables (Figure 12).
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Figure 11) Relationship between observed and
predicted CPUE (kg.vessel '.night™*)  values of
common Kilka (Clupeonella cultriventris) obtained
from the ANFIS model with a double-Gaussian
membership function.
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Figure 12) Validation diagnostics for the ANFIS
model with a double-Gaussian membership func-
tion based on 400 testing observations, including (a)
observed and predicted CPUE (kg.vessel *.night™)
across observations, (b) residual errors across ob-
servations, and (c) frequency distribution of residual
errors used to evaluate model performance and po-
tential prediction bias.

The newly developed MLP model with a five-
month lag structure demonstrated the highest
predictive performance among the evaluated
models, yielding an r = 0.98 correlation
between observed and predicted CPUE values.
The model was trained on 70% of the available
observations and independently validated
on the remaining 30%, indicating strong
predictive performance within the evaluated
dataset. The improved performance of the MLP



model may be attributed to its ability to capture
complex nonlinear and temporal relationships
among environmental variables, including
fishing depth, chlorophyll-a concentration, sea
surface temperature, and wind speed.

the ANFIS configurations, the Gaussian
membership function produced the highest
predictive performance (r = 0.86), followed
by the triangular (r = 0.86) and double-
Gaussian (r = 0.84) functions. In contrast, the
trapezoidal membership function exhibited
substantially lower predictive performance
(r = 0.49), indicating a reduced ability to
represent the underlying relationships between
environmental variables and CPUE. Overall, the
results indicate that MLP and selected ANFIS
configurations, particularly the Gaussian and
triangularmembership functions, provideuseful
tools for modeling common Kilka (Clupeonella
cultriventris) distribution patterns and CPUE
variability under dynamic environmental
conditions. Nevertheless, additional validation
on independent datasets is recommended to
assess the model’s generalizability further and
reduce potential temporal validation bias and
the risk of overfitting.
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Figure 13) Comparison of predictive performance
among the evaluated ANFIS membership functions
(triangular, trapezoidal, Gaussian, and double-Gaussian)
and the MLP model with a five-month lag structure
based on correlation coefficients (r). The MLP model
achieved the highest predictive performance (r = 0.98),
followed by the Gaussian (r = 0.86), triangular (r = 0.86),
and double-Gaussian (r = 0.84) ANFIS configurations. In
contrast, the trapezoidal membership function showed
substantially lower predictive performance (r = 0.49).

Discussion

The Caspian Sea supports one of the most
important inland fisheries in the region
and plays a major role in fish production
and food security. The data gathered from
the study of the distribution of common
Kilka (Clupeonella cultriventris) revealed
a clear relationship between fishing depth
and CPUE variability. The results of the
interpolation analysis indicated that CPUE-
based relative abundance increased with
fishing depth from approximately 30 to
80 m, then remained relatively stable or
declined at greater depths. This pattern
may reflect the vertical distribution of
zooplankton prey and favorable thermal
conditions within the southern Caspian
Sea. The reduced abundance of common
Kilka at depths greater than 80 m may
explain fishing operations’
preference for intermediate-depth fishing
grounds,

commercial

where catch efficiency and
economic profitability are generally higher.
Furthermore, integrating catch and fishing-
effort data in a GIS environment provides
a useful tool for evaluating spatial fishing
patterns and supporting stock assessment
and fisheries management.

Stock assessment techniques
integrated with GIS-based spatial analyses
to improve the identification of fishing
grounds and support more effective fisheries
management strategies [2°), In the present
study, the
provided the most reliable representation
of the common Kilka distribution under the
available sampling conditions. In contrast,
kriging-based methods exhibited
predictive performance, likely due to the
limited number of observations and the

can be

IDW interpolation approach

lower

heterogeneous spatial distribution of fishing
activities. Similar findings were reported



by Van Meirvenn B and Habashi et al. 23],
who concluded that kriging methods may be
less suitable when sample sizes are limited
and spatial variability is high. These results
suggest that deterministic interpolation
approaches, such as IDW, may yield more
stable spatial predictions under sparse
sampling conditions. In contrast, kriging
methods may perform better when spatial
structure is stronger and more observations
are available.

Phytoplankton communities are widely
distributed throughout the Caspian Sea
and play a fundamental role in ecosystem
functioning and food-web dynamics 3,
Their abundance and diversity are strongly
influenced by physical, chemical, and
biological factors, including light availability,
temperature, salinity, dissolved Oxygen,
nutrientconcentrations,andgrazingpressure
331, Consequently, environmental variables
such as sea surface temperature (SST) and
chlorophyll-a are widely used as indicators
of oceanographic conditions and biological
productivity ¥*3¢. Temperature fluctuations
can influence the distribution, metabolism,
and behavior of marine organisms, including
plankton and fish species ¥, In the present
study, SST and chlorophyll-a were included
as environmental predictor variables.
They were associated with variability
in common Kilka CPUE, highlighting the
influence of environmental conditions on
species distribution patterns. Furthermore,
nutrient enrichment resulting from riverine
inputs and coastal pollution may enhance
plankton productivity in the Caspian Sea,
thereby affecting food availability for Kilka
populations B34, These findings highlight
the potential value of incorporating
environmental variables into fisheries
assessments to improve stock evaluation

and predictive modeling -3,
Additionally, the present study investigated
the relationships among environmental,
spatial, temporal, and biological variables and
their associations with variability in common
Kilka (Clupeonella cultriventris) CPUE in
the southern Caspian Sea. By integrating
environmental information with advanced
modeling approaches, this study contributes
to a broader understanding of the ecological
factors associated with Kilka distribution
patterns. It provides insights into factors
linked to fluctuations in catch rates.
Among the evaluated ANFIS configurations,
the Gaussian membership function yielded
the highest predictive performance (r =
0.86), followed by the triangular (r = 0.86)
and double-Gaussian (r = 0.84) membership
functions. In contrast, the trapezoidal
membership function produced the lowest
predictive performance (r = 0.49). These
findings suggest that Gaussian-based
membership functions may provide a more
effective representation of the nonlinear
relationships associated with common
Kilka distribution patterns than the other
ANFIS configurations evaluated. The higher
predictive performance of the Gaussian
membership function is consistent with
the findings of Jiang et al. 2, who reported
improved predictive capability of Gaussian
functions in environmental modeling
applications.

The newly developed MLP model with
a five-month lag structure produced the
highest predictive performance among all
interpolation and ANFIS models evaluated
in the present study, yielding a correlation
coefficient of R = 0.98. The dataset was
divided into training (70%) and testing
(30%) subsets, and model performance
was assessed using the independent testing



dataset. The improved performance of
the MLP model suggests that temporal
dependencies may help explain CPUE
variabilityin commonKilka. By incorporating
environmental information from multiple
preceding months, the model captured
temporal patterns and delayed associations
between environmental variables and
CPUE that interpolation methods or ANFIS
configurations may not fully represent.
Nevertheless, neural network models
may be susceptible to overfitting, and
further validation on independent datasets
from other regions and time periods is
recommended. In addition, because the
model incorporated lagged inputs and
the dataset was randomly partitioned
into training and testing subsets, some
degree of temporal information leakage
cannot be entirely ruled out. Therefore, the
reported predictive performance should
be interpreted within the context of the
evaluated dataset.

The results further demonstrated that
increasing  model complexity  does
not necessarily improve  predictive
performance. Although a larger number
of membership functions can enhance
model flexibility, it may also substantially

increase  computational = requirements
and training time. In the present study,
relatively  simple  ANFIS structures,

particularly those employing Gaussian and
triangular membership functions, produced
competitive predictive performance. These
findings suggest that an appropriate balance
between model complexity and predictive
accuracy is essential when developing
ecological prediction models.

Several limitations should be acknowledged.
Spatial prediction uncertainty may increase in
offshore and nearshore areas because fishing-

vessel trajectories followed discontinuous
fishing paths rather than systematic survey
designs. Additionally, geostatistical methods
rely on assumptions of stationarity and
spatial continuity that may not always
be satisfied under highly heterogeneous
marine conditions. The absence of long-term,
consistent photosynthetically active radiation
(PAR) datasets prevented the inclusion of this
potentially important environmental variable
in the modeling process. Furthermore,
although the MLP model was evaluated on
an independent test set, additional external
validation on independent datasets from
other regions and time periods would
further strengthen confidence in the model’s
generalizability. Future studies should
incorporate additional environmental
variables, broader seasonal coverage, and
advanced machine-learning approaches
to improve predictive performance and
ecological interpretation further.
Although the MLP model achieved high
predictive performance (R = 0.98), caution is
warranted when interpreting these results.
Because the dataset represents a long-term
time series and the model incorporates a
five-month lag structure, random train-test
partitioning may allow temporal information
leakage between training and testing
subsets. Consequently, model performance
may be somewhat optimistic. Future studies
should evaluate model robustness using
chronological validation approaches, such
as rolling-origin validation or blocked time-
series cross-validation, to better assess
predictive generalizability.

Conclusion

The results demonstrated that the MLP
model with a five-month lag structure
produced the highestpredictive performance



among all evaluated models, achieving a
correlation coefficient of approximately
R = 0.98. The incorporation of temporal
information improved predictions of CPUE
variability and distribution patterns for
Clupeonella cultriventris under the evaluated
environmental conditions. suggesting that
Gaussian-based membership functions
may provide an effective representation
of nonlinear relationships associated with
common Kilka distribution patterns.
Despite these promising results, several
limitations should be acknowledged.
Limited observations at some fishing
locations may have affected the reliability
of spatial predictions, and neural network
models may be susceptible to overfitting
despite independent model validation.
Because the MLP model incorporated
lagged inputs and used random train-test
partitioning, future studies should evaluate
the model’s robustness using chronological
validation approaches to assess predictive
generalizability further. Future studies
shouldincorporateadditional environmental
variables, broader seasonal coverage, and
advanced machine-learning approaches
to improve predictive performance and
ecological interpretation further.
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