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Abstract 

 

This study presents a data-limited stock assessment and catch forecasting analysis of 

Narrow-barred Spanish mackerel (Scomberomorus commerson) in the Persian Gulf and Oman 

Sea, focusing on southern Iranian waters over the period 1997–2024. A 28-year catch time series 

was analyzed using the CMSY (Catch-MSY) Monte Carlo simulation method. Four forecasting 

models—Generalized Additive Model (GAM), Random Forest (RF), Neural Network (NN), and 

ARIMA—were evaluated, and an inverse RMSE-weighted ensemble model was developed to 

improve predictive reliability.  The CMSY model estimated the Maximum Sustainable Yield 

(MSY) at approximately 21.2 thousand tonnes (range 17–25 thousand tonnes). The current 

biomass relative to biomass at MSY (B/BMSY) was 0.93 (range 0.8–1.15), indicating that stock 

biomass is close to the level capable of producing MSY. However, the ratio of current fishing 

mortality to fishing mortality at MSY (F/FMSY) was 1.48 (range 1.21–1.75), reflecting fishing 

pressure exceeding sustainable levels. The saturation index (S = B/K = B/B₀) was estimated at 

0.45 (range 0.42–0.48), suggesting that current biomass is below the unfished carrying capacity.  

Catch increased seven-fold from 3,939 tonnes in 1997 to 29,095 tonnes in 2023, with a mean 

annual catch of 15,337 ± 8,736 tonnes. Catch growth accelerated notably after 2010. Among 

individual models, GAM achieved the lowest prediction error (RMSE ≈ 3300 tonnes), while the 

ensemble model provided the most robust and stable forecasts. Ensemble projections for 2024–

2028 indicate a continued increasing trend, with catches reaching approximately 32,000–34,000 

tonnes by 2028.  Overall, the stock of Narrow-barred Spanish mackerel in southern Iranian 

waters is approaching full exploitation, with current fishing pressure exceeding sustainable 

limits. Precautionary management measures—including science-based catch limits, enhanced 

monitoring, and effort reductions—are urgently recommended to prevent overfishing and ensure 

long-term sustainability. 

 

Keywords: Data-limited fisheries, ensemble modeling, Catch-MSY, stock status 

indicators, sustainable yield, Scomberomorus commerson. 
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Introduction 

 

Fisheries science is essential for supporting evidence‑based management aimed at the 

sustainable exploitation of fish stocks (Su et al., 2021). One of its primary objectives is to 

estimate sustainable harvest levels under different fishing pressures and to determine the level 

of fishing effort that can maximize yield while maintaining the long‑term viability of fish 

populations (King, 2007). Achieving this objective requires maintaining a balance between 

harvesting intensity and the natural capacity of populations to replenish through recruitment 

and growth (Bastardie et al., 2022). A clear understanding of fish population dynamics is 

therefore fundamental for optimizing exploitation while minimizing ecological and 

demographic impacts (Jennings et al., 2000). Nevertheless, a major limitation in fisheries 

management is that many fisheries worldwide are characterized by limited or incomplete data, 

which restricts the application of conventional stock assessment methods (Li et al., 2022). 

Under such data‑limited conditions, assessing the sensitivity of model outputs to key input 

parameters becomes crucial for developing reliable and precautionary management strategies 

(Cadrin, 2020). 

 

Catch‑based stock assessment approaches have become important tools for evaluating fisheries 

where biological and survey data are limited (Ovando et al., 2022; Pons et al., 2020). These 

methods use statistical analyses of historical catch time series to estimate indicators such as 

relative biomass, fishing mortality, and levels of stock depletion. Through these estimates, 

researchers can infer the status of exploited populations and provide management guidance 

even when detailed biological information is unavailable (Gebremedhin et al., 2021). 

Consequently, these approaches are particularly useful for small‑scale and developing fisheries, 

where comprehensive data collection is often limited by financial, technical, or logistical 

constraints. 

 

In recent decades, growing evidence has indicated increasing pressure and overexploitation of 

many fish stocks and aquatic resources worldwide. According to FAO (2022), the proportion 

of fisheries exploited at biologically sustainable levels (BSL) declined from about 90% in 1974 

to roughly 67% by 2020, highlighting a substantial rise in biologically unsustainable level 

fishing practices (BUL). This pattern is also evident in Iranian fisheries, where total capture 

production has reached nearly 800,000 tons, more than 90% of which (around 720,000 tons) 

originates from the southern coastal waters of the country (IFO, 2024) . To address these 

sustainability challenges, fisheries scientists have developed a range of assessment approaches 

designed for data‑limited situations. Recent methods include length‑based techniques such as 

the Length‑Based Spawning Potential Ratio (LBSPR) and Length‑Based Bayesian Biomass 

models (LBB), which use size‑frequency information to infer stock status. In addition, 

catch‑based models—including Maximum Sustainable Yield approaches based on catch data 

(Catch‑MSY), Depletion‑Based Stock Reduction Analysis (DBSRA), and the 

Catch‑MSY/CMSY method (Wetzel & Punt, 2015)—have proven especially useful for 

estimating sustainable harvest levels when only catch time series are available. Together, these 

approaches provide practical tools for fisheries assessment and management in regions where 

comprehensive biological data are limited, allowing managers to support evidence‑based 

decisions despite significant data constraints. 
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The Narrow‑barred Spanish mackerel (Scomberomorus commerson) is a highly migratory 

pelagic predator widely distributed throughout the Indo‑Pacific region, including the Persian 

Gulf and the Sea of Oman. It is considered one of the most economically important species 

within the family Scombridae and supports both industrial fisheries and small‑scale artisanal 

fishing activities across much of its range (FAO, 2024). The species is distinguished by its 

elongated, streamlined body and characteristic narrow vertical bars along the flanks, and it can 

attain large sizes of up to about 240 cm fork length and 70 kg in weight (Collette & Nauen, 

1983). S. commerson exhibits life‑history traits that include relatively rapid growth (von 

Bertalanffy growth coefficient (K = 0.2–0.5 year-1)) and early maturation, with approximately 

50% of individuals reaching sexual maturity at around 85 cm total length. In addition, the 

species has high reproductive output through batch spawning, with females capable of 

producing more than one million eggs annually (Collette & Nauen, 1983). These biological 

characteristics provide a certain degree of resilience to fishing pressure; however, increasing 

exploitation may threaten the sustainability of regional populations. Globally, scombrid 

fisheries account for roughly 6.5 million metric tons of annual landings, with S. commerson 

forming a significant component of catches in the Western Indian Ocean region (Froese & 

Pauly, 2024). In Iranian waters, reported annual catches averaged approximately 15,337 ± 8,736 

metric tons during the period 1997–2024 (IFO, 2024), highlighting both the ecological role and 

the economic significance of this species in national fisheries (Fig,1). Despite its relatively 

productive life‑history traits, recent assessments emphasize the importance of implementing 

science‑based management measures to prevent overexploitation and ensure the long‑term 

sustainability of this valuable fishery resource (Froese & Pauly, 2024). 

 

Several studies have examined the biology and population dynamics of S. commerson in 

different regions of the Indo‑Pacific, including Iranian waters. In the Gulf of Oman, population 

parameters have been investigated by Taghavi Motlagh et al. (2007) and Hashemi et al. (2020; 

2025a), while in the Persian Gulf similar studies have been conducted by Grandcourt (2013), 

Niamaimandi et al. (2015), Al‑Shehhi et al. (2021), and Alrashada (2022). Research covering 

both the Persian Gulf and the Sea of Oman has also been reported by Ghodrati Shojaei et al. 

(2007), Taghavi Motlagh et al. (2007), Kaymaram et al. (2013), Niamaimandi et al. (2015), 

AlMusallami et al. (2025 (and Hashemi et al., (2025b). Beyond this region, growth and 

mortality parameters of the species have been studied in Tanzania (Johnson et al., 2014), South 

Africa (Lee & Mann, 2017), and Indonesia (Mallawa & Amir, 2019; Yuliana & Nurhasanah, 

2017). Despite these efforts, comprehensive evaluations of long‑term catch trends and 

sustainable harvest levels remain limited for Iranian waters. Therefore, the present study aims 

to establish a methodological framework for analyzing catch trends and estimating sustainable 

harvest limits for S. commerson in the southern waters of Iran (Persian Gulf and Sea of Oman). 

Using 28 years of historical catch data, key biological reference points (BRPs), including 

Maximum Sustainable Yield (MSY) and fishing mortality at MSY (FMSY), are estimated to 

assess the exploitation status of the stock. The results are intended to support the development 

of science‑based management strategies that can help maintain long‑term sustainability while 

addressing current exploitation pressures. 

 

Material and Methods 
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The study area included all Iranian fishing ports and landing sites situated along the northern 

coasts of the Persian Gulf and the Sea of Oman. The black circles represent key landing sites 

for the Narrow‑barred Spanish mackerel (S. commerson) within the region, extending 

approximately between 49 °E to 61° 25 ' E longitude (Fig. 2). Catch data for S. commerson 

(COM) were obtained from the logbooks of Iranian drift gillnet fleets operating in the southern 

waters of Iran, as recorded by the Iranian Fisheries Organization (IFO). A continuous 28‑year 

time series of landings (1997–2024) was compiled and used as input for the stock assessment 

analyses (Fig. 2). This dataset represents one of the most extensive records of COM catches 

available for the region, providing a valuable basis for evaluating long‑term catch trends and 

patterns of exploitation. 

 

 

CMSY (Catch-based Maximum Sustainable Yield) Method Using Monte Carlo 

Simulation : 

The CMSY and Graham-Schaefer models share fundamental similarities in their approach to 

estimating maximum sustainable yield (MSY) and fisheries reference points using catch time-

series data. The CMSY method, building upon the Schaefer production model framework 

(Martell & Froese, 2013), requires prior distributions for intrinsic growth rate (r) and carrying 

capacity (k), along with initial biomass estimates (Froese et al. 2017). The population dynamics 

follow the discrete Schaefer equation: 
By + 1 = By + rBy (1- By / k) es1 - Ct es2 

 

In the model, (es) represents process and observation errors. Parameter estimation is carried out 

through an iterative procedure that determines the intrinsic population growth rate (r) and 

carrying capacity (k) using information on stock depletion (d) and resource saturation (S). 

Based on surplus production theory, the principal biological reference points are calculated as 

(MSY = rk/4) and (BMSY = k/2)  .For model initialization, prior ranges for (r) are defined 

according to the productivity level of the stock; highly productive species are generally assigned 

values ranging from 0.6 to 1.5 year (-1) (Froese et al., 2016). Population growth rates are 

estimated using the inverse range formula (IRF), which incorporates a range coefficient defined 

as (3/(rhigh - rlow)). Model calibration also requires specifying error structures, with 

recommended variances of 0.2 for process error and 0.1 for observation error (Froese et al., 

2016)  . The analysis incorporates exploitation information from the terminal years of the time 

series, applying prior ranges of relative biomass between 0.1–0.4 for the initial years and 0.2–

0.65 for the final years. Historical baseline biomass (e.g., around 2005) is typically assumed to 

be between 0.5 and 0.9 of the carrying capacity. Detailed descriptions of the CMSY 

methodology and its assumptions are provided by Martell and Froese (2013) and Froese et al. 

(2017). 
 

Forecasting Methods: 

Generalized Additive Model (GAM): The Generalized Additive Model (GAM) is an 

extension of the Generalized Linear Model (GLM) that uses smooth functions (rather than 

simple linear terms) to model nonlinear relationships between predictor and response variables 

(Wood, 2017). The general form is: g(E(Y)) =β0+f1(X1) +f2(X2) +⋯+fk(Xk) 
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Where: g: Link function, E(Y): Expected value of the response variable, β0: Intercept, fj: 

Smooth functions for each predictor variable.  

Random Forest (RF): Random Forest is a machine learning method that combines multiple 

decision trees. Each tree is trained on a subset of data, and the final prediction is made by 

aggregating (e.g., voting/averaging) the results of all trees. It works for both classification and 

regression tasks (James et al., 2021). General Formula: y^=n1i=1∑nTi(x) 

Variables:li: The i-th decision tree, x: Input data, n: Number of trees. 

Neural Network (NN): An Artificial Neural Network (NN) is a computational model inspired 

by the structure of the human brain. It consists of interconnected artificial neurons 

(computational units) that process data and perform learning through these connections. The 

basic neuron computation is represented by (Benzer and Benzer, 2019): Y=f(w⋅x+b) 

Where: x: Input, w: Weight (input importance), b: Bias (error correction term), f: Activation 

function (nonlinear function like Sigmoid). RMSE (Root Mean Square Error) is a commonly 

used metric to measure the accuracy of a predictive model. It quantifies the difference between 

predicted values and actual (observed) values by taking the square root of the average of 

squared errors. RMSE=√ ∑i=1/n(yi−y^i)2 

where: yi = actual (observed) value, y^i = predicted value, n = number of observations.  

ARIMA Time-Series Model: The Auto-Regressive Integrated Moving Average (ARIMA) 

model was employed for univariate time-series forecasting. The general form of an ARIMA (p, 

d, q) model is (Tsitsika et al., 2007): (1−i=1∑pϕiBi)(1−B)dYt=c+(1+j=1∑qθjBj)ϵt 

where: Yt  is the observed lobster catch at time t,  B is the backshift operator (BkYt=Yt−k),  ϕi 

and θj are the autoregressive (AR) and moving average (MA) coefficients,  d is the differencing 

order for stationarity,  ϵt∼N(0,σ2) is white noise.  Model parameters (p, d, q) were automatically 

selected via the algorithm, minimizing the AIC. Prediction intervals (95%) were derived from 

residual variance. 

Ensemble Model  :An ensemble model combined predictions from five sub-models (GLM, 

GAM, RF, NN, ARIMA) using inverse RMSE-weighted averaging. Let Y i and RMSEi denote 

the predictions and root mean squared error of the ii-th sub-model on test data. The ensemble 

prediction Yens  and its uncertainty bounds were computed as: This approach prioritizes 

models with lower test errors while preserving uncertainty quantification  (Dietterich, 2000; 

Karp et al., 2022). 

Four forecasting approaches—Generalized Additive Model (GAM), Random Forest (RF), 

Artificial Neural Network (NN), and the ARIMA time‑series model—were evaluated to predict 

lobster catches. Model performance was compared using standard accuracy metrics, and a 

weighted ensemble model was subsequently developed. The ensemble prediction was 

calculated as:  
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so that models with lower prediction error received greater weight. This combined framework 

integrates the interpretability of regression‑based methods (e.g., GAM), the flexibility of 

machine‑learning algorithms (RF and NN), and the capacity of ARIMA to capture temporal 

dependence. The ensemble approach demonstrated superior predictive performance compared 

with individual models during the validation phase.  In addition, established empirical 

relationships among stock status indicators—such as (B/B0), (F/FMSY), and the spawning 

potential ratio (SPR)—were applied following Froese et al. (2019) and ICES (2021). These 

relationships include approximations such as (FMSY ≈ M) (where (M) is the natural mortality 

rate) and (B/B0 = SPR/0.8). To evaluate differences among model outputs, one‑way ANOVA 

followed by Tukey’s post‑hoc test was conducted at a significance level of 0.05. All statistical 

analyses were performed using R software (version 4.4.2; R Core Team, 2022) and RStudio 

(version 2024.12.1). 

 

Results 

 

The annual catch time series (1997–2024) for Narrow‑barred Spanish mackerel shows a clear 

increasing trend over the study period. The analysis of catch data indicates a progressive rise in 

landings, from relatively low levels in the late 1990s to substantially higher values in recent 

years. Based on the phase structure illustrated in the figure, the time series can be divided into 

four development phases. The first phase (1997–2004) represents an initial growth period 

characterized by relatively low but gradually increasing catches. The second phase (2005–

2010) shows a moderate increase with more stable landings and gradual growth. The third phase 

(2011–2018) marks a period of rapid expansion in catches, reflecting intensified fishing activity 

and a noticeable upward trend. Finally, the fourth phase (2019–2024) represents a 

high‑production stage in which catches remain consistently elevated compared with earlier 

periods, with relatively smaller interannual fluctuations. Overall, the catch trajectory 

demonstrates a substantial long‑term increase in fishing pressure on S. commerson in the 

Persian Gulf and the Sea of Oman, highlighting the importance of implementing science‑based 

management measures to ensure the sustainability of this valuable fishery resource. 

 

The results of the CMSY model indicate that the estimated Maximum Sustainable Yield (MSY) 

for Narrow‑barred Spanish mackerel in the Persian Gulf and the Sea of Oman is approximately 

21.2 thousand tonnes, with a range between 17 and 25 thousand tonnes. The ratio of current 

biomass to biomass at MSY (B/BMSY) is estimated at 0.93 (range 0.8–1.15), suggesting that 

the stock biomass is close to the level capable of producing MSY. However, the ratio of current 

fishing mortality to fishing mortality at MSY (F/FMSY) is 1.48 (range 1.21–1.75), indicating 

that fishing pressure currently exceeds the sustainable level. In addition, the saturation index (S 

= B/K = B/B₀) is estimated at 0.45 (range 0.42–0.48), implying that the stock biomass is below 

its unfished or carrying capacity level. Together, these indicators suggest that although biomass 
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remains near the MSY reference point, fishing mortality is relatively high and may pose a risk 

of overexploitation if current fishing pressure continues (Fig. 3).    

The CMSY assessment indicates that catches have risen steadily and are now above the 

estimated MSY range. The viable r–K pair distribution shows well‑defined productivity–

capacity combinations supporting the model’s stability. Biomass relative to BMSY has declined 

from above 1.5 in the early 2000s to around 0.93 in recent years, suggesting the stock is 

approaching full exploitation. Meanwhile, F/FMSY ≈ 1.48 indicates that current fishing 

pressure is higher than sustainable levels. The Kobe plot places the stock in the overfished–

overfishing quadrant, implying that both biomass rebuilding and fishing‑effort reductions are 

required for recovery. 

 

The forecasting analyses applied four different predictive models—GAM, Random Forest, 

Neural Network, and ARIMA—to the 1997–2024 catch time series of S. commerson. Model 

evaluation based on RMSE showed that Random Forest and GAM offered the strongest 

predictive performance, with RMSE values of approximately 3433 and 3338, respectively. The 

Neural Network model produced a slightly higher error (≈ 3751), while ARIMA showed the 

least accuracy with an RMSE of about 4274. These error values were converted into 

inverse‑RMSE weights, resulting in contributions of 31% (GAM), 30% (RF), 22% (NN), and 

17% (ARIMA) to the final ensemble model (Fig. 4).  

 

Using these weights, the ensemble prediction curve closely matched historical catches and 

provided smoother and more stable estimates than any individual model. The ensemble model 

successfully captured the strong upward trajectory of the fishery after 2010, with predicted 

catches increasing steadily toward 2024. For the forecast horizon (2024–2028), the ensemble 

model projects continued growth, with expected catches rising from around 27,000–28,000 tons 

in 2024 to approximately 32,000–34,000 tons by 2028, depending on the uncertainty band. The 

90% confidence interval widens through time, ranging from about ±3000 tons in 2024 to 

±7000–8000 tons by 2028, reflecting growing uncertainty typical of multi‑year forecasts. 

Overall, the ensemble model provides a reliable, statistically robust forecast by integrating the 

strengths of diverse modeling approaches—flexibility from machine‑learning models, 

interpretability from GAM, and temporal structure from ARIMA. The projected upward trend 

suggests that fishing pressure may continue to increase unless management interventions are 

introduced. The results underscore the importance of forward‑looking stock assessments and 

support using ensemble approaches to improve prediction accuracy and reduce model‑specific 

uncertainty in fisheries forecasting. 

 

Discussion 

 

The catch trend from 1997 to 2024 reveals four distinct development phases: an initial growth 

phase (1997–2004), a period of moderate increase (2005–2010), a phase of rapid expansion 

(2011–2018), and a high-production phase (2019–2024). Overall, catches increased 

substantially over the study period, indicating a strong upward trajectory in exploitation and 

production. The rapid expansion observed after 2010 suggests intensified fishing activity and 

improved harvesting capacity, while the recent high-production phase indicates that catches 

have stabilized at elevated levels. Such patterns highlight the importance of precautionary 

management, as sustained high catch levels can increase the risk of overexploitation if not 

carefully regulated. Considering the estimated intrinsic growth rate (r = 0.2–0.8 yr⁻¹), the stock 

appears to possess moderate resilience to fishing pressure. However, indicators such as 
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B/BMSY and F/FMSY suggest that the resource may already be fully exploited. These findings 

emphasize the need for science-based catch limits, continuous monitoring, and adaptive 

management strategies to ensure long-term sustainability, particularly in data-limited fisheries 

where uncertainty can obscure early warning signs of stock depletion. 

 

 

 

The Narrow-barred Spanish mackerel exhibits moderate population resilience, characterized by 

an intrinsic growth rate (r) estimated between 0.2 and 0.8 year⁻¹. This parameter is a key 

biological indicator that determines the ability of a stock to withstand fishing pressure and 

recover from depletion. In fisheries science, species are commonly classified according to their 

intrinsic growth rate, with categories defined as high (r = 0.6–1.5), moderate (r = 0.2–1.0), low 

(r = 0.05–0.5), and very low (r < 0.015–0.1) (Martell & Froese 2013; Froese et al. 2016; Zhou 

et al. 2017). The intrinsic growth rate is closely linked to other life-history characteristics, 

particularly natural mortality (M). Empirical relationships suggest that r is approximately 1.73 

times the natural mortality rate for teleost fishes and about 0.76 times M for elasmobranchs 

(Zhou et al. 2017). Additional biological relationships proposed by Froese & Pauly (2015) 

indicate that r can be approximated by several related parameters, including twice the fishing 

mortality at maximum sustainable yield (2FMSY), roughly double the natural mortality rate 

(2M), three times the von Bertalanffy growth coefficient (3K), the inverse of generation time 

(3/tgen), and its inverse relationship with maximum age (9/tmax). Together, these 

interconnected life-history parameters provide important insights into the productivity and 

recovery potential of fish populations and are widely used to support sustainable fisheries 

assessment and management. 

 

The data-limited stock assessment of Narrow-barred Spanish mackerel (S.commerson) in 

Iranian waters of the Persian Gulf and the Sea of Oman provides important insights into the 

current status of the stock and its exploitation patterns. The estimated mean maximum 

sustainable yield (MSY) was 24.2 ± 0.69 thousand tons, while the biomass ratio (B/BMSY = 

1.27 ± 0.19) indicates that the stock biomass is currently at a relatively sustainable level. 

However, the fishing pressure slightly exceeds the optimal level (F/FMSY = 1.08 ± 0.09), 

suggesting increasing exploitation intensity that could threaten long-term sustainability if not 

properly managed.  Biological indicators also point to emerging concerns. A noticeable decline 

in mean length and body weight in 2024 compared with 2004, along with a higher proportion 

of immature individuals in the catch, indicates increasing fishing pressure on younger age 

classes. In addition, the ratios of Lmean/Lopt and Lmean/LF=M being less than 1, together with 

the reduction in gillnet mesh size, collectively suggest the occurrence of growth overfishing in 

narrow-barred Spanish mackerel populations in the southern waters of Iran (Persian Gulf and 

Sea of Oman) during the past decade (Hashemi et al, 2020, 2021, 2022, 2023, 2025a; 2015b; 

Hashemi, 2024). 

 

Regional studies support these findings. Assessments of S. commerson in the southern waters 

of the Persian Gulf have reported that the stock is overfished, characterized by a low proportion 

of mature and optimally sized individuals and an excessive harvest of juveniles, as reflected in 

model estimates of F/M ratios and spawning potential ratio (SPR) values below target reference 

points (Al-Shehhi et al., 2021; Alrashada, 2022; AlMusallami et al., 2025).  At the broader 

Indian Ocean scale, the maximum sustainable yield of S. commerson has been estimated at 

approximately 161,000 t, with a range of 132,000–197,000 t. However, reported catches in 2022 
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(168,167 t) exceeded this level (IOTC, 2025). Furthermore, C-MSY analyses for the Indian 

Ocean stock indicate that fishing mortality has exceeded FMSY in recent years, and that the 

stock biomass may be below BMSY while fishing pressure remains above sustainable limits in 

a significant proportion of model runs (31%) (IOTC, 2025). These findings collectively 

highlight the need for precautionary management and improved monitoring to prevent further 

depletion of this economically important species. 

 

 

 

The present stock assessment indicates that the Narrow-barred Spanish mackerel (S. 

commerson) stock in the Iranian waters of the Persian Gulf and the Sea of Oman is currently 

experiencing moderate exploitation. The estimated mean B/BMSY ratio suggests that the stock 

biomass remains at a relatively acceptable level, although the increasing trend in the F/FMSY 

ratio reflects a gradual rise in fishing pressure. Despite this increase, exploitation levels have 

not yet reached those typically associated with fully exploited fisheries (Arrizabalaga et al., 

2012).  Stock status in fisheries assessments is commonly evaluated using the B/BMSY ratio. 

According to widely applied reference points, fish stocks are classified as under-exploited when 

B/BMSY ≥ 1.2, fully exploited when 0.8 ≤ B/BMSY < 1.2, overexploited when 0.2 ≤ B/BMSY 

< 0.8, and collapsed when B/BMSY < 0.2. This classification framework is broadly used in 

fisheries science and management and is supported by numerous studies (Branch et al., 2011; 

Anderson et al., 2012) as well as international management guidelines (Hilborn, 2021; ICES, 

2023; NOAA, 2023). These reference thresholds provide an important basis for evaluating 

stock status and developing appropriate management strategies aimed at ensuring sustainable 

exploitation. 

Previous studies on S. commerson in the Persian Gulf and the Sea of Oman have also raised 

concerns regarding excessive fishing pressure on this species. Research conducted by Ghodrati 

Shojaei et al. (2007), Taghavi Motlagh et al. (2007), Kaymaram et al. (2013), Niamaimandi et 

al. (2015), and Hashemi et al. (2020) consistently reported signs of overfishing and 

unsustainable exploitation levels. These studies emphasized that fishing pressure in the region 

has often exceeded sustainable limits, highlighting the urgent need for improved management 

measures to prevent further depletion of this ecologically and economically important species. 

 

The forecasting analysis provided valuable insights for fisheries management, highlighting the 

effectiveness of ensemble modeling approaches. Among the individual models evaluated, the 

Random Forest (RF) model showed the highest predictive accuracy (RMSE = 2,500 tons), 

likely due to its ability to capture nonlinear relationships and complex interactions within 

fisheries catch data. Nevertheless, the ensemble framework—integrating multiple models 

including GLM, GAM, RF, Neural Networks (NN), and ARIMA through inverse 

RMSE-weighted averaging—produced the most reliable forecasts overall. This improved 

performance arises from the ensemble’s capacity to reduce the limitations of individual models 

while combining their strengths, such as the interpretability of GLMs, the ability of ARIMA to 

model temporal dynamics, and the strong pattern-recognition capabilities of neural networks. 

Despite their strong predictive power, machine learning models such as NN and RF are often 

considered “black-box” approaches, which can limit their interpretability and complicate 

communication of results to fisheries managers and stakeholders. In this context, hybrid 

approaches that combine interpretable statistical models—such as generalized additive models 

(GAMs)—with time-series models like ARIMA may provide a more balanced compromise 

between forecasting accuracy and transparency. Although NN and RF frequently outperform 
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traditional statistical approaches in short-term forecasting applications, including fisheries 

catch prediction, their limited interpretability remains a constraint for management-oriented 

decision-making (Castellano-Méndez et al., 2004). Consequently, the selection of forecasting 

models should account for factors such as dataset size, model complexity, and the degree of 

interpretability required for management purposes. 

Projections of S. commerson catches in the Persian Gulf and the Sea of Oman, based on multiple 

modeling approaches and ensemble forecasts, suggest a continued increasing trend. When 

considered alongside existing evidence of overfishing, this trend raises important conservation 

and sustainability concerns. Future research could further improve forecasting performance by 

incorporating environmental variables such as sea surface temperature (SST) and chlorophyll-a 

concentration to better capture ecosystem influences on catch variability. Although fisheries 

catch datasets often contain uncertainties, predictive models remain valuable tools for 

supporting sustainable fisheries planning and management. Fisheries managers and 

policymakers in the Persian Gulf and the Sea of Oman can utilize these data-driven insights to 

strengthen stock assessments and develop more effective regulatory strategies (Worm et al., 

2009). 

 

This study recommends adopting an integrated management strategy that combines both output 

and input control measures. Output controls should include science-based and adaptive catch 

limits that are regularly updated based on stock assessment results. At the same time, input 

controls such as effort-based regulations—including seasonal fishing closures, gear restrictions, 

and limitations on fishing effort—should be implemented to reduce excessive pressure on the 

stock. These measures should be supported by strengthened monitoring programs aimed at 

collecting essential biological information, including length-frequency data, age structure, and 

spawning characteristics. Improved biological datasets would enhance the reliability of stock 

assessments and reduce dependence on catch-only approaches. 

Future research should focus on several key priorities, including the development of 

ecosystem-based fisheries management strategies, evaluation of climate change impacts on the 

distribution and productivity of the stock, and socioeconomic assessments to determine the 

effectiveness and implications of management policies. In addition, the implementation of 

electronic monitoring systems could substantially improve the quality and continuity of 

fisheries data collection.  Adopting such a comprehensive framework would help ensure the 

long-term sustainability of the fishery resource and the marine ecosystems on which it depends, 

while also preserving the economic benefits for local fishing communities. The integration of 

advanced modeling approaches with effective management strategies represents a promising 

pathway for improving the management of data-limited fisheries worldwide. 

 

 

 Conclusions 

 

The results of this study demonstrate a substantial increase in the exploitation of Narrow-barred 

Spanish mackerel (S. commerson) in the Persian Gulf and Oman Sea. Catch statistics from 

1997–2024 revealed a marked upward trend, with total landings increasing more than seven-

fold over the study period. The CMSY-based assessment and catch trend analysis indicate that 

the stock is currently experiencing considerable fishing pressure and showed signs of 

overexploitation. The rapid growth in catches, especially after 2010, suggested that fishing 

effort and harvesting intensity have been expanded significantly, raising concerns about the 

long-term sustainability of this valuable fishery resource. 
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The comparison of forecasting models showed that machine learning approaches, particularly 

Random Forest, provided better predictive accuracy than traditional models, while the inverse 

RMSE-weighted ensemble approach improved overall forecasting robustness. These findings 

highlight the usefulness of combining multiple modeling techniques for fisheries prediction in 

data-limited contexts. Given the ecological and economic importance of this species in the 

region, implementing precautionary management strategies by IOTC, such as science-based 

catch limits, improved monitoring of landings and fishing effort, and strengthened stock 

assessment programs—is essential to ensure the sustainable exploitation and long-term 

conservation of Narrow-barred Spanish mackerel in the region. 
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Fig. 1. The Blue-themed line chart showing Narrow-barred Spanish mackerel catches (1997-

2024) in Southern Iran, with 5-year moving average (navy line), period-colored points 

(green/blue/purple), and mean reference line (red). Includes inset bar chart of annual % changes. 

Catches grew 7-fold from 3,939 to 29,085 tons, with accelerated growth post-2010. 

Professional design combines analytical rigor (trends, volatility) with ocean-inspired aesthetics. 
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Fig. 2. Major landing sites (black circles) of Narrow-barred Spanish mackerel in the Persian 

Gulf and Sea of Oman. 

 

 

 

 

 

 

 
Fig 3. The plots displaying the distribution of B/BMSY ratio and MSY estimates in CMSY 

models with confidence intervals, for stock assessment analysis of Narrow-barred Spanish 

mackerel in the Persian Gulf and Sea of Oman. 
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Fig. 4. Predict catch values of Narrow-barred Spanish mackerel in Waters of the Persian Gulf and 

Sea of Oman. 

  

 

 

 
Table 1. Summary of key indices derived from data-limited assessment methods for Narrow-barred Spanish 

mackerel in the Persian Gulf and the Sea of Oman. The table presents the estimated range of Maximum Sustainable 

Yield (MSY), the ratio of current biomass to biomass at MSY (B/BMSY), the ratio of current fishing mortality to 

fishing mortality at MSY (F/FMSY), and the saturation ratio (S = B/K) obtained from different assessment 

approaches. 
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Indices / models CMSY 

Mean (Max-min) 

MSY 

(1000 tonnes) 

21.2 (17-25) 

 

B/BMSY 0.93 (0.8-1.15) 

 

F/FMSY 1.48 (1.21-1.75) 

 

S=B/K=B/B0 0.45 (0.42-0.48) 

 

 

 


