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Abstract 

A total of 233 random samples of Thunnus thynnus were collected from Syrian seawater between July and October 2023. 
These samples were subjected to advanced analytical techniques, including artificial neural networks and fuzzy logic. The 
largest individual caught measured 218 cm fork length and was estimated to be 10 years. The Bertalanffy growth equation: 
FLt = 361.43 (1-e-0.079 (t + 1.210)) provided insight into the growth pattern of the studied Th. thynnus population, indicating 
negative allometric growth (b = 2.94). The growth performance index (Φ’) was 4.01. The mortality coefficients were estimated 
to be Z = 0.56 y-1, F = 0.39 y-1, M = 0.17 y-1 and E = 0.70 y-1, with a survival coefficient (S) of 0.57 y-1. The analysis revealed 
significant population growth patterns at a fishing pressure (FP) value of 60, but also identified a high fishing vulnerability 
(FV) value of 67. This vulnerability represents a significant threat to the fish population. The findings of this study underscore 
the significance of implementing conservation measures for the long-term sustainability of the species. They also contribute 
to our understanding of the growth, mortality, and vulnerability of Th. thynnus to fishing, which will inform future research 
and management strategies.   
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Introduction

The Atlantic bluefin tuna, Thunnus thunnus, is distributed 
in the western and eastern Atlantic and the Mediterranean. 
However, it is now extinct in the Black Sea. This species is 
a highly valued food fish and supports one of the world’s 
most lucrative commercial fisheries [1]. Its status on the 
IUCN Red List of Threatened Species has been changed from 
endangered to least concern in 2021, based on updated 
population data [2,3]. An oceanic species that seasonally 
approaches coastlines, Atlantic bluefin tuna form schools by 
size and occasionally associate with other tunas, including 
albacore, yellowfin and bigeye. As visual predators, their diet 

includes small schooling fish, squid and red crabs [4]. One 
study found that at night their feeding is concentrated on 
diel migrants, but during the day they target larger prey [5]. 
The lifespan of the Atlantic bluefin tuna is estimated to be 
up to 40 years, with an average weight of 900 kg. Eggs and 
larvae are pelagic, while juvenile growth is rapid at 30 cm 
per year, slower than other tunas and billfishes. Adults grow 
much more slowly over 10 years to reach two-thirds of their 
maximum length. Spawning occurs in the Mediterranean 
Sea from June to August [4]. A landmark 2009 study 
comprehensively examined the biometrics of Mediterranean 
bluefin tuna, including age and growth [6]. According to FAO 
data, aquaculture in the Mediterranean and Black Sea will 
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produce an average of 33,276 tonnes of Atlantic bluefin tuna 
per year in 2020-2021, representing 4% of total production 
[7].

The determination of fish age is of paramount 
importance for the effective management and conservation 
of fisheries. While traditional methods rely on experienced 
readers to meticulously examine annual growth rings in 
otoliths, recent advances in artificial intelligence (AI) offer 
a more efficient and accurate approach. Convolutional 
neural networks (CNNs), a type of deep learning algorithm, 
have demonstrated remarkable ability to predict fish age 
from otolith images [8-11], but alternative methods exist. 
In the Northwest Atlantic, high-resolution X-ray computed 
tomography has been employed to analyse vertebral 
centroids for age estimation, and various growth models have 
been utilized to study growth patterns [12]. Additionally, 
Hamwi [13] selected the multilayer perceptron artificial 
neural network model as a viable alternative to deep learning 
approaches, citing its higher accuracy, reduced effort and 
lower cost. It is also noteworthy that this method indirectly 
contributes to fish conservation by minimizing mortality 
and providing opportunities for survival, reproduction and 
distribution, particularly for endangered species or those 
facing population decline and habitat loss.

Expert systems, a type of artificial intelligence (AI) that 
mimics human expertise, are increasingly being used in 
fisheries research. These systems employ fuzzy logic and 
other AI techniques to address complex problems related 
to fish population dynamics, vulnerability assessment and 
conservation. For instance, Cheung, et al. [14] developed a 
fuzzy logic expert system to assess the inherent vulnerability 
of marine fish to extinction due to fishing. In another study, 
Cheung, et al. [15] employed an expert system to assess the 
vulnerability and conservation risks of marine species due 
to fishing activities. Jones, et al. [16] utilised fuzzy logic to 
assess the vulnerability of marine species to climate change 
impacts. Hamwi, et al. [17] estimated the vulnerability of 
Sparidae fish species in the eastern Mediterranean (Syrian 
coast) using the fuzzy logic method. Furthermore, Hamwi 
et al. [18] proposed a model based on fuzzy logic expert 
systems to estimate the growth of fish populations. 

Syrian waters have not been studied for Thunnus thunnus. 
In this initial study, the growth patterns and fishing impacts 
are investigated using advanced methods such as neural 
networks and fuzzy logic in an expert system framework.

Materials and Methods

A comprehensive collection of 233 specimens of 
Thunnus thynnus, commonly known as Atlantic bluefin tuna, 
was successfully carried out along the Syrian coast and its 

territorial waters between July 2023 and October 2023. The 
samples were obtained using a variety of fishing methods, 
including purse seines, longlines, traps and various hand 
gears (Figures 1a,1b).

Figure 1a: Professional artisanal fisherman (Abu Bassam).

Figure 1b: Syrian seawater (Eastern Mediterranean Sea).

Age and Maturity

In the study by Hamwi [13], an artificial neural network 
model known as a multilayer perceptron was employed 
to estimate the maturity and age of Thunnus thynnus. The 
network model had a configuration of (1, 10, 2), indicating 
the number of neurons in each layer. The input parameter 
used for the updated network model was the fork length (FL) 
of the fish (Figure 2).
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Figure 2: Artificial neural network, multilayer perceptron 
(MLP).‎

Growth of Fishery Population (FP)

In their research, Hamwi, et al. [18] developed an expert 
system model based on fuzzy logic to estimate the growth 
of the Thunnus thynnus population in Syrian seawater. The 
model employed specific parameters (K, Tr, M, E) as inputs 
and employed fuzzy logic techniques to analyse and interpret 
the data (Figure 3).

Figure 3: Fuzzy inference system variables (Inputs: K, Tr, 
M, E; Output: FP).

The von Bertalanffy equation was employed to ascertain 
the parameters (K, FL∞) and the Akaike Information 
Criterion (AIC) was utilised to select the most appropriate 
growth model. The AIC is defined as N ln (WSS) + 2M, where 
N is the number of data points, WSS is the weighted sum 
of squares of the residuals and M is the number of model 
parameters. The objective of this research was to evaluate 
the suitability of different growth models for characterising 
the characteristics of fish species. The growth model can be 
expressed as FLt = FL∞ / (1 + e-K(t-t0)), where FLt is the fork 
length of the fish at a given age (t), FL∞ is the hypothetical 
asymptotic fork length (in centimetres) that the fish can 
reach, K is the growth coefficient, and t0 is the theoretical 
age at which the length of the fish is assumed to be zero.

The Ricker method Ricker WE [19] was employed to 
estimate total mortality (Z). This entailed determining 
the regression equation for the catch curve (ln Nt = a - Zt) 
across the entire population. The natural mortality rate (M) 
was calculated using a specific relationship: log M = -0.0066 
-0.279 log FL∞ + 0.6543 log K + 0.4634 log T [20], where 
FL∞ and K are the von Bertalanffy parameters, and T is the 
average surface water temperature (in degrees Celsius) in 
the fishing area. During the study period, the average surface 
water temperature was recorded as 28.6°C.

The fishing mortality rate (F) was calculated by 
subtracting the natural mortality rate (M) from the total 
mortality rate (Z) in accordance with the method proposed 
by Ricker [19]. Thus, F = Z - M. The exploitation rate (E) 
was determined using the formula E = F / Z as described by 
Sparre, et al. [21]. The survival rate (S) was calculated using 
the equation S = e-Z, as proposed by Ricker [19]. Estimates 
of fork length (FLc) and age (Tc) at first capture were made 
using the equations proposed by Beverton and Holt [22]: FLc 
= FL’ - [K (FL∞ - FL’) / Z ]; Tc = - (1/K) * ln (1 - FLc / FL∞) + t0, 
where FL’ is the mean fork length of the captured fish.

The determination of fork length (FLr) and age (Tr) at 
recruitment was performed using the equations proposed by 
Beverton, et al. [22]: FLr = FL’ - [ K (FL∞ - FL0) / Z ]; Tr = - (1/K) 
* ln (1- FLr/ FL∞) + t0, where FL0 is the fork length of the fish 
at hatching or age zero.

The growth performance index (ΦFL`) can be calculated 
using the equation proposed by Pauly, et al. [23]: ΦFL` = logK 
+ 2logFL∞.

The relative yield-per-recruit (Y’/R) model, derived from 
the Beverton, et al. [24], is expressed as follows: Y’/R = [ E * 
U(M/K) ] * [ 1 – (3U / (1 + m) + (3U2 / (1 + 2m) – (U3 / (1 + 3m) 
], Where U = 1-(FLc/FL∞); m = (1-E) / (M/K) = (K/Z); E = F/Z.

The estimation of relative biomass-per-recruit (B’/R) 
is derived from the following relationship, as proposed by 
Ricker [19]: B’/R = (Y’/R) / F.

Fishing Vulnerability (FV)

The model developed by Hamwi, et al. [17] was employed 
to assess the vulnerability of Th. thynnus to fishing. This 
expert system utilised specific parameters (FLmax, K, Tmax, M, 
S) as inputs and applied fuzzy logic techniques to analyse and 
evaluate the vulnerability of the species to fishing (Figure 4).

Figure 4: Fuzzy inference system variables (Inputs: FLmax, 
K, Tmax, M, S; Output: FV).

Results and Discussion

The study of the age composition of Thunnus thynnus 
revealed the presence of 10 different age groups. Of these, 
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the fourth age group was the most abundant, representing 
18.62% of the total population. In contrast, the ninth and 
tenth age groups each represented only 1.03% of the total 
catch, indicating an extended life span for this species in 
Syrian seawater (Figure 5).

Figure 5: a. Fork length frequency distribution (FL); b. Age 
composition for Thunnus thynnus in Syrian seawater.

A statistical analysis of the fork length (FL) distribution 
revealed that the most prevalent group exhibited fork 
lengths between 100.1 and 140 cm, representing 21.89% 
of the population. Conversely, individuals with fork 
lengths between 201 and 220 cm were the least common, 
representing only 2.15% of the total population. In this 
study, Th. thynnus specimens caught in Syrian marine water 
had a maximum fork length of 218 cm at the age of 10+ years. 
The smallest recorded fork length for an individual was 43.2 
cm at the age of 1+. Santamaria, et al. [6] reported that in the 
Mediterranean, fork lengths ranged from 51 cm to 255 cm 
at the age of 15+. Luque, et al. [25] documented a maximum 
observed length of 265.58 cm at age 15 in the eastern 
Atlantic and western Mediterranean. In the western Atlantic, 
fork lengths recorded at 35 years varied between 30.2 cm 
and 527.2 cm. In eastern Tunisia, fork lengths recorded at 14 
years of age were reported [26] (Table 1).

Location and author Age
Fork length 

(FL, cm)
min max

Mediterranean Sea [6] 15 51 255
Syrian seawater [present study] 10 43.2 218

eastern Atlantic Ocean and 
western Mediterranean Sea [25] 16 42.12 265.58

western Atlantic [26] 35 30.2 527.2
East Tunisia [27] 14

Table 1: Maximum-minimum fork length and age of Thunnus 
thynnus from different water bodies.

The parameters of the Bertalanffy growth equation were 
calculated as follows: FLt = 361.43 (1-e-0.079 (t + 1.210)) (AIC= 

306.021; WSS= 591.953; 95% confidence = 6.026). Previous 
studies have reported disparate estimates for the FL∞ of Th. 
thynnus in disparate regions. Santamaria, et al. [6] reported a 
FL∞ value of 373.08 cm for the Mediterranean Sea. Luque, et 
al. [26] found a FL∞ value of 327.4 cm in the eastern Atlantic 
and western Mediterranean. Restrepo, et al. [27] reported an 
FL∞ value of 314.9 cm, while Khemiri, et al. [26] found it to 
be 390 cm. In the present study, the FL∞ of Th. thynnus was 
determined to be 361.43 cm. 

The growth coefficient (k) for the fork length of Thunnus 
thynnus was evaluated, resulting in a value of 0.079. This 
value is lower than that observed in the eastern Atlantic and 
western Mediterranean (k = 0.097) [25] and the western 
Atlantic (k = 0.089) [27]. The study revealed a negative 
allometric growth pattern (b = 2.94 < 3) for fork length, 
indicating a faster rate of increase in fork length compared 
to other dimensions. Notably, this negative allometric 
growth pattern (b = 2.847) was specifically observed in the 
Mediterranean Sea [6].

The results of this study indicate that the mean age 
and fork length of Th. thynnus individuals at first capture 
were 3.61 years and 114.40 cm, respectively. Similarly, the 
mean age and fork length of individuals at recruitment were 
2.82 years and 98.60 cm, respectively. The ratio of length at 
first capture to asymptotic length (Lc/L∞) is an indicator of 
whether the fish harvested are predominantly juveniles or 
mature individuals. A ratio of less than 0.5 indicates that the 
majority of the catch consists of juvenile fish [28]. In this 
study, the estimated (FLc/FL∞) ratio was 0.32, indicating that 
the majority of the catch in the Th. thynnus fishery consists 
mainly of juveniles. Additionally, the growth performance 
index (Φ’) for fork length growth was calculated and 
documented as 4.01.

The total mortality coefficient (Z) for Th. thynnus was 
estimated to be 0.56 y-1. The fishing mortality rate (F) and 
the natural mortality rate (M) were calculated to be 0.39 
y-1 and 0.17 y-1, respectively. The estimated survival rate (S) 
was found to be 0.57 per year. Furthermore, the exploitation 
mortality coefficient (E) was calculated to be 0.70 y-1.

Figure 6 illustrates the results of the interaction between 
exploitation rates (E) and relative yield per recruit (Y’/R) and 
relative biomass per recruit (B’/R). The analysis included 
exploitation rates ranging from 0.05 to 1.00 as variable input 
parameters. By examining the derivative of the yield function 
with respect to exploitation rate, several significant values 
were identified. One such value is Emax, which represents 
the exploitation rate that maximises the yield per recruit. For 
Th. thynnus, the calculated Emax was 0.552 y-1. Two other 
critical values were also identified. E0.1 corresponds to the 

https://medwinpublishers.com/IJOAC/


International Journal of Oceanography & Aquaculture5

Hamwi NI. Population Growth of Thunnus thynnus and Vulnerability to Fishing along the Syrian 
Coast (Eastern Mediterranean Sea). Int J Oceanogr Aquac 2024, 8(2): 000311.

Copyright©  Hamwi NI.

exploitation rate at which the marginal increase in relative 
yield per recruit reaches one tenth of its value at E = 0. In 
the case of Th. thynnus, the calculated E0.1 was 0.461 y-1. 
Furthermore, E0.5 represents the exploitation rate at which 
the biomass of the stock is reduced to 50% of its unexploited 
state. The estimated E0.5 for Th. thynnus was found to be 
0.308 y-1. These results improve our understanding of the 
relationship between exploitation rates, relative yield and 
biomass per recruit for Th. thynnus. These insights provide 
valuable information regarding the population dynamics 

of this species and offer guidance for the implementation 
of sustainable management practices. The results indicate 
that the current exploitation rate (E = 0.70) in Syrian 
water exceeds Emax. This suggests that fishing pressure has 
exceeded critical levels, leading to over-exploitation of Th. 
thynnus populations. If intensive fishing activities continue 
without the implementation of a resource management plan, 
Th. thynnus stocks will decline significantly over time.

Figure 6: Relative yield per recruit (Y`/R) and biomass per recruit (B`/R) (Knife-edge selection) of Thunnus thynnus collected 
from Syrian seawater.

The fuzzy logic-based expert system proposed by Hamwi, 
et al. [18] yielded a growth value of 60 for the Th. thynnus 
population in Syrian seawater. This value corresponds 
to a high growth rate of 1, based on a maximum fishing 

population growth (FP) value of 100 (Figure 7). It indicates 
a clear tendency towards significant growth in the Syrian 
marine environment.

Figure 7: The growth of Thunnus thynnus population off the Syrian seawater.

The fuzzy logic expert system developed by Hamwi, et 
al. [17] indicates that Th. thynnus has a fishing vulnerability 
of 67 FV, with the maximum vulnerability value (FV) set 

at 100. This value indicates a high vulnerability score of 
0.65 and a very high vulnerability score of 0.35 (Figure 8), 
indicating a strong tendency to be highly susceptible to 

https://medwinpublishers.com/IJOAC/


International Journal of Oceanography & Aquaculture6

Hamwi NI. Population Growth of Thunnus thynnus and Vulnerability to Fishing along the Syrian 
Coast (Eastern Mediterranean Sea). Int J Oceanogr Aquac 2024, 8(2): 000311.

Copyright©  Hamwi NI.

fishing activities. Consequently, these fish species are highly 
threatened in Syrian seawater. In contrast, the Fishbase 

intrinsic vulnerability assessment classifies Th. thynnus as 
moderately vulnerable, with a score of 82 out of 100 [4].

Figure 8: The vulnerability of Thunnus thynnus to fishing off the Syrian seawaters.

Conclusion

The current study provides valuable insights into the 
population dynamics of Thunnus thynnus in the waters of 
Syria, highlighting the importance of conservation measures 
in ensuring the sustainable management of this species. The 
findings enhance our understanding of Th. thynnus’s growth 
patterns, mortality rates, and susceptibility to fishing, laying 
the groundwork for future research and management 
strategies. The results of this study have significant 
implications for the management of the Th. thynnus fishery 
in Syrian seawater. Overfishing can have a profound impact 
on the population’s ability to sustain itself, leading to a 
decline in abundance. Therefore, it is crucial to implement 
management strategies that minimise Thunnus thynnus catch 
and ensure the long-term sustainability of the fishery.
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