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This study investigates the effect of weighting predictors on the performance of
habitat suitability index (HSI) models using arithmetic mean (AMM) and
geometric mean (GMM) methods. The case study focused on the catch data of
Caspian Kutum (Rutilus frisii), with habitat parameters including day-time sea
surface temperature, near-surface chlorophyll-a concentration, particulate
organic carbon concentration, distance from fishing points to the river mouth,
and bottom slope. Relative weights of environmental variables and suitability
index (SI) fitting were determined using the support vector machine (SVM)
technique. Sea surface temperature and particulate organic carbon concentration
were identified as the most influential variables, with weights of 0.315 and
0.231, respectively, in explaining fish catch variance. Model performance
evaluation revealed that the HSIWGMM model outperformed others, showing
the lowest RMSE (training: 0.1818, testing: 0.2540) and the highest correlation
coefficient (training: 0.4693, testing: 0.1953). In contrast, the HSIWAMM
model showed the weakest performance (training: RMSE = 0.4023, r = 0.3843;
testing: RMSE = 0.3858, r = 0.1360).
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EXTENDED ABSTRACT

Introduction

Habitat suitability index (HSI) models are widely used by ecologists to quantify the relationship
between fish distribution and habitat quality conditions. These models are constructed using a
set of suitability indices (SIs) that are functions of one or more environmental predictors, which
describe the suitability of habitat conditions for a target species. The weighting of habitat
predictors plays a significant role in HSI model performance. Previous research has shown that
the use of different weight estimates for model predictors can lead to substantial differences in
model predictions. Therefore, applying an efficient weighting approach is crucial for
developing reliable HSI models that accurately estimate fish habitat preferences and
distributions. The objective of this study was to investigate the effect of weighting habitat
predictors on the predictive performance of HSI models for Caspian Kutum (Rutilus frisii) as a
case study.

Materials and Methods

Catch data for Caspian Kutum from the southern waters of the Caspian Sea during the
2002/03 to 2011/12 fishing seasons were used as a fish abundance index, converted to catch-
per-unit-of-effort (CPUE) to serve as the response variable in the models. The environmental
(habitat) variables included day-time sea surface temperature (SST, °C), near-surface
chlorophyll-a concentration (CHL, mg m3), particulate organic carbon concentration (POC, mg
m3), distance from fishing points to the river mouth (Distance, km), and bottom slope (Slope,
°), which were obtained from the MODIS and GEBCO datasets. Eighty percent of the data were
used for model training, while the remaining data were reserved for testing the models.

The support vector machine (SVM) technique was employed to calculate the relative
importance of the environmental predictors and to fit the suitability index (SI) curves in R
software (version 4.1.2) using the “e1071”, “mixOmix”, “randomForest”, and “pdp” packages.
The Sl values for each predictor were calculated using normalized CPUE values (equation 1):

o CPUE; — CPUEp;,
' CPUE 4y — CPUE

(equation 1)

Where ST, represents the estimated Sl for the ith variable, CPUE; is the mean estimated CPUE
for the ith value of the predictor, and CPUE,,,,, and CPUE,,;,are the maximum and minimum
estimated CPUE for the predictor, respectively. Final HSI scores were calculated using the
arithmetic mean model (AMM) (equation 2), weighted arithmetic mean model (WAMM)
(equation 3), geometric mean model (GMM) (equation 4), and weighted geometric mean model
(WGMM) (equation 5) methods as follows:

n
— 1O -
HSI; = —Z I; (equation 2)
ne
n
HSI; = Z W, SI; (equation 3)
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HSI,

n
l_[ S (equation 4)
i=1
n
— W, ,
HSI; = HSIi (equation 5)
i=1

where S1; is the SI value for the ith predictor, W; is the partial weight of the ith predictor, and
n is the number of total predictors. A standardized form of the real CPUEs (stCPUE) (equation
6) was used as the fish abundance index at the range of [0, 1]:

CPUE;; — CPUEpn
CPUE, gy — CPUEmin

stCPUE;; = (equation 6)

The prediction error of HSI models was assessed using root mean squared error (RMSE) scores
(equation 7):

n (o —R:)2
RMSE = jz“l( 1:, 2 (equation 7)

where x; and X; are the stCPUE and predicted HSI scores, respectively. The Pearson correlation
coefficient (r) between stCPUE and HSI values was used as another measure of model
performance. Also, the proportions of fishing point suitability in stCPUE and HSI classes of
[0.0, 0.2), [0.2, 0.4), [0.4, 0.6), [0.6, 0.8), and [0.8, 1.0] were calculated to compare the final
model prediction accuracy.

Results

The fitted SVM models revealed the following weights for the environmental predictors: SST
=0.315, POC =0.231, Slope = 0.186, CHL = 0.142, and Distance = 0.126. The suitability index
(SI) curves for most predictors exhibited bell-shaped distributions, with the highest SI values
at the following ranges: 13-17 mg m?3 for CHL, 24-25°C for SST, 4200-5100 mg m? for POC,
0.25-0.33° for Slope, and 0-10 km for Distance. Among the HSI models, the HSIWGMM model
demonstrated the best performance, with the lowest RMSE values for both training (RMSE =
0.1818) and test (RMSE = 0.2540) datasets. It also exhibited the highest correlation coefficients
for the training (r = 0.4693) and test (r = 0.1953) datasets. In contrast, the HSIWAMM model
showed the weakest performance, with training RMSE = 0.4023 and r = 0.3843, and testing
RMSE = 0.3858 and r = 0.1360. Among the unweighted models, HSIGMM outperformed
HSIAMM, with lower RMSE and higher r values. Comparing the proportions of fishing points
in habitat suitability classes for the 2010/11 and 2011/12 catch seasons revealed that the
HSIWGMM model showed a higher overlap with the stCPUE data compared to other HSI
models, while HSIAMM and HSIWAMM showed the lowest overlaps.

Conclusion

The findings of this study demonstrate that the HSIGMM model, without weighting predictors,
outperformed the HSIAMM model. Incorporating predictor importance scores obtained from
the SVM models as weights in the development of HSI models significantly improved the
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predictive accuracy of the HSIWGMM model, which showed a high overlap between its
suitability class distribution and stCPUE values. Conversely, applying weighted predictors to
the AMM model resulted in reduced predictive performance for the HSIWAMM model.
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