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Abstract

The application of machine learning (ML) in small-scale fisheries is often constrained by limited data availability,
posing challenges for model development and reliability. This study presents a ML benchmarking framework for data-
limited artisanal fisheries, aiming to evaluate the predictive performance of supervised algorithms in assessing the
effects of environmental variability on Loligo spp. catch size and quantity. The dataset comprised 278 fishing-trip
observations collected from artisanal fishing vessels between October 2024 and September 2025. Catch records were
integrated with environmental variables, including sea surface temperature (SST), sea surface salinity (SSS), dissolved
oxygen (DO), and air temperature. Given the limited data typically available in small-scale fisheries, the study
emphasizes model performance and interpretability as key considerations for practical fisheries applications. Three
classification models—Decision Tree (DT), k-Nearest Neighbors (k-NN), and Logistic Regression (LR)—were
comparatively evaluated to assess their predictive performance. Results identified SSS as an important environmental
variable associated with squid catch characteristics. For catch size classification (<10 cm vs. >10 cm mantle length),
DT achieved the highest accuracy (89.04%) among the evaluated models. In contrast, catch-quantity classification
across three categories showed lower performance overall, with DT achieving the best accuracy (57.14%). These
findings demonstrate that, under data-limited conditions typical of artisanal fisheries, simpler and interpretable models
such as DT can provide strong predictive performance. This study highlights the practical applicability of ML in small-
scale fisheries and provides a methodological reference for low-data environments, supporting decision-making and
adaptive fisheries management under environmental variability.

Keywords: Artisanal squid fishery, Classification performance, Environmental variability, Machine learning
models, Sea surface salinity

1. Introduction

Machine learning (ML) has become an increasingly important tool for analyzing complex environmental and fisheries
data, offering the ability to identify patterns and generate predictive insights beyond the capacity of traditional
statistical approaches (Faisal et al., 2016; Gladju et al., 2022; Panda and Baral, 2023). In the fisheries sector, ML
applications have demonstrated potential for improving catch prediction, optimizing fishing effort, and supporting
sustainable resource management under changing environmental conditions (Jones et al., 2021; Kiihn et al., 2025).
However, most ML-based fisheries studies rely on large, high-resolution datasets, which are typically unavailable in
small-scale or artisanal fisheries.

Artisanal fisheries, particularly in developing regions, are often characterized by limited data availability, fragmented
records, and resource constraints in data collection (Arkronrat et al., 2017; Sukhsangchan et al., 2020). These
limitations pose significant challenges for the application of advanced ML techniques, especially data-intensive
models such as deep learning. As a result, there is a critical need to evaluate the suitability and performance of ML
models under low-data conditions, where data scarcity may affect model reliability, stability, and generalizability.
Despite the growing interest in ML applications in fisheries, studies explicitly addressing low-data scenarios remain
limited.

Squid (Loligo spp.) represents an economically important fisheries resource, supporting both commercial and small-
scale fishing operations across many regions (Nasution et al., 2020; Suryanto et al., 2021; FAO, 2025). In Thailand,
particularly in Prachuap Khiri Khan province, artisanal squid fisheries play a key role in local livelihoods and coastal
economies (Arkronrat et al., 2017; Konsantad and Arkrontat, 2025; Leearam et al., 2025). Environmental factors,
including sea surface temperature (SST), salinity (SSS), and dissolved oxygen (DO), as well as atmospheric
conditions, are known to influence squid distribution, growth, and catch variability (Rahman et al., 2022). However,
the application of ML to assess these relationships in artisanal squid fisheries remains underexplored, especially under
data-limited conditions.
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Although ML applications in fisheries are increasingly common, most studies rely on relatively large datasets and
focus on commercial-scale fisheries (Harford et al., 2019; Gladju et al., 2022; Song et al., 2023; Kiihn et al., 2025). In
contrast, artisanal fisheries often face data limitations that restrict the application of advanced predictive approaches.
Therefore, the novelty of the present study lies not in the use of machine learning itself, but in benchmarking three
complementary supervised learning algorithms under a small-dataset artisanal fishery context and evaluating the trade-
off between predictive performance and model interpretability. This framework provides practical insights into the
applicability of machine learning methods for data-limited fisheries where extensive monitoring data are unavailable.
It was hypothesized that the three machine learning models would differ in predictive performance under data limited
conditions, and that model performance would vary between squid catch-size and catch-quantity classification tasks.
Therefore, this study presents a small-dataset ML benchmarking approach to evaluate the predictive performance of
three supervised learning models in classifying squid catch size and quantity under environmental variability. Using
field data collected from artisanal fishers in Prachuap Khiri Khan province, Thailand, three ML models—Decision
Tree (DT), k-Nearest Neighbors (k-NN), and Logistic Regression (LR)—were comparatively assessed. The objectives
of this study were to (1) evaluate the performance of three ML models under limited data conditions, (2) identify key
environmental drivers influencing squid catch characteristics, and (3) provide a practical reference for applying ML
techniques in small-scale fisheries where data availability is constrained.

2. Materials and methods

2.1 Fisheries and environmental data resources

This study utilized a structured field dataset collected from artisanal squid (Lo/igo spp.) fisheries operating with large
cast nets in the coastal area of Khlong Wan subdistrict, Prachuap Khiri Khan province, Thailand (Fig. 1). Data
collection was conducted over a 12-month period from October 2024 to September 2025, covering seasonal
environmental variability.

Given the nature of small-scale fisheries, where data availability is typically limited and fragmented, this study was
designed to reflect a low-data scenario representative of artisanal fisheries systems. Squid catch data were obtained
from four local fishing vessels that were consistently monitored throughout the study period. Although the number of
participating fishers was limited, high-frequency observations (daily or per fishing trip records) were collected,
resulting in a temporally structured dataset suitable for machine learning analysis under data-constrained conditions.
The dataset included three main components. First, catch quantity (kg per fishing operation) was recorded for each
fishing trip. Second, squid size (mantle length) was categorized into two classes: small (<10 cm) and large (>10 cm),
based on local market classifications, to define a binary classification task for catch-size prediction. Third, catch
quantity was further grouped into three categories using K-means clustering: low (<9.4 kg), medium (>9.4—<15.9 kg),
and high (>15.9 kg), to define a three-class classification task for catch-quantity prediction. The resulting two
classification tasks were used as separate target variables for benchmarking the three machine learning models.
Environmental variables were selected based on their established relevance to squid fisheries (Arkronrat and Boutson,
2013; Arkronrat et al., 2017; Leearam et al., 2025), including sea surface temperature (SST, °C), sea surface salinity
(SSS, ppt), and dissolved oxygen (DO, mg/L). These parameters were measured at four sampling stations (S1-S4)
within the fishing area. SST and DO were recorded using an oxygen probe (Pro20i; YSI, USA), while SSS was
measured using a refractometer (Master-S10 alpha; Atago, Japan). Water sampling was conducted biweekly, and
monthly averages were calculated to align with catch data. In addition, air temperature data were obtained from the
WeatherSpark geographic information system database (https://th.weatherspark.com), corresponding to the study area
and period. All datasets were compiled, synchronized, and organized into a structured database for subsequent
analysis.
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Fig. 1. Squid fisheries area based on large cast net gear (11°41'-11°48' N, 99°47'-99°50' E) in Prachuap Khiri
Khan province, Thailand and water sampling points (S1-S4) for environmental data collection.
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The dataset comprised 278 fishing-trip observations collected from four artisanal fishing vessels between October
2024 and September 2025. In the study area, squid fishing vessels typically operate 8—14 trips per month, with each
trip consisting of a single overnight fishing operation. Accordingly, each observation represented one fishing trip as
the unit of analysis, with a corresponding catch record and associated environmental conditions.

2.2 Data preprocessing

Data preprocessing was conducted to ensure data quality and suitability for machine learning under a low-data setting.
Data quality checks were performed, and missing values were handled using mean imputation based on the training
data or by excluding incomplete records where necessary. Catch-size and catch-quantity variables were defined as
classification targets based on the predefined categories described above. Feature scaling was applied using
standardization to ensure comparable feature ranges, particularly for k-NN and LR models. The final dataset (n =278
observations) was randomly divided into training (80%, n = 222) and testing (20%, n = 56) subsets, and 10-fold cross-
validation was implemented with the training set to improve robustness and reduce overfitting. Preprocessing
procedures, including imputation and feature scaling, were performed using the training data within each cross-
validation fold to minimize potential data leakage (Faisal et al., 2016).

2.3 Model building and training

Three supervised machine learning algorithms were evaluated, including Decision Tree (DT), k-Nearest Neighbors
(k-NN), and Logistic Regression (LR). The selected models represent complementary learning strategies commonly
applied to classification problems, including tree-based, instance-based, and regression-based approaches (Hou, 2018;
Suyal and Goyal, 2022; Abebe, 2024).

Model development was conducted using Altair Al Studio (RapidMiner, Altair® Al Studio Trial 2025.1.0). Model
hyperparameters were optimized using grid search within the training dataset, with 10-fold cross-validation used to
identify the best-performing parameter configurations.

The DT model was constructed using the gain ratio splitting criterion, with the final optimized configuration consisting
of a maximum tree depth of 10, minimum leaf size of 2, minimum split size of 4, and minimum gain threshold of 0.01.
Both pre-pruning and post-pruning procedures were applied (confidence level = 0.1; number of pruning alternatives
= 3) to improve model generalization. The k-NN model was configured with the optimized value of k = 5 nearest
neighbors using a mixed Euclidean distance metric, with standardized input variables to account for differences in
feature scales. LR was implemented using the default software settings with standardized input variables.

Given the relatively small dataset (n = 278 observations), hyperparameter optimization were conducted within the
training set using 10-fold cross-validation to reduce the risk of overfitting. The independent hold-out test set (20%, n
= 56) was retained separately from the training set and was not included in the cross-validation procedure. Model
performance reported in this study was evaluated using pooled out-of-fold predictions from the 10-fold cross-
validation.

2.4 Model evaluation

Following model training, model robustness and predictive performance were evaluated using 10-fold cross-validation
on the training set to reduce overfitting. Predictions from the ten validation folds were pooled to generate out-of-fold
predictions for performance evaluation. The models were evaluated for their ability to classify squid catch size and
quantity based on environmental variables, and predicted outputs were compared with observed values.

Model performance was evaluated using standard classification metrics, including accuracy, precision, recall, and F1-
score (Faisal et al., 2016). These metrics were calculated from the pooled out-of-fold predictions generated during the
10-fold cross-validation. Accuracy measures overall correctness, precision reflects the reliability of positive
predictions, recall indicates the ability to correctly identify actual positive instances, and F1-score represents the
harmonic mean of precision and recall, providing a balanced measure of model performance. These metrics were
calculated using Equations (1)—(4):

Accuracy = (TP + TN) /(TP + TN + FP + FN) €))
Precision = TP/ (TP + FP) 2)
Recall =TP /(TP + FN) 3)
Fl-score = 2 x (Precision x Recall) / (Precision + Recall) 4

where TP (True Positive) denotes correctly predicted target-class instances, TN (True Negative) represents correctly
predicted non-target instances, FP (False Positive) indicates non-target instances incorrectly predicted as target, and
FN (False Negative) refers to target instances incorrectly predicted as non-target.

In addition, a confusion matrix was constructed from the pooled out-of-fold predictions to provide detailed insight
into classification performance, including the distribution of correctly and incorrectly classified observations. The
overall processing workflow and optimized model structures for classifying squid catch size and quantity are
illustrated in Fig. 2.
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Fig. 2. Workflow of the machine learning framework for classifying Loligo spp. catch size and quantity under
data-limited artisanal fishery conditions.

2.5 Data analysis

Altair Al Studio (RapidMiner, Altair® Al Studio Trial 2025.1.0) was used for K-means clustering and machine
learning model development, including DT, k-NN, and LR. The IBM SPSS Statistics for Windows software (version
24.0; IBM Corp.; Armonk, NY, USA) was used for statistical analyses. Seasonal differences in air temperature, SST,
SSS, DO, and squid catch variables among winter, summer, and rainy seasons were evaluated using one-way ANOVA.
When significant differences were detected, Duncan’s multiple range test was used for multiple comparisons at the
95% confidence level (P<0.05). Results are presented as mean + standard deviation (SD).

3. Results

The average maximum air temperature in Prachuap Khiri Khan province from October 2024 to September 2025 ranged
from 29.2 to 33.0 °C, while sea surface temperature (SST) in the fishing grounds ranged from 24.4 to 31.1 °C (Table
1). Seasonal analysis indicated that SST did not differ significantly between the summer and rainy seasons, but was
significantly higher in both seasons than in winter (P<0.05). Significant seasonal variation was also detected in SSS
(P<0.05), whereas DO remained relatively constant across seasons (P > 0.05) (Table 2).

Table 1 Average air temperature, sea surface temperature (SST), sea surface salinity (SSS), and dissolved
oxygen (DO) in the Loligo spp. squid fishery area of local fishermen in Prachuap Khiri Khan province,

Thailand.

Average air temper.ature °O SST 3SS DO
Months Lowest Highest Mean ©C) (opt) (mg/L)

monthly monthly monthly
October 2024 25.1 31.1 28.1 26.1 33.0 3.8
November 2024 24.8 31.0 27.9 25.8 33.0 4.0
December 2024 24.2 29.2 26.7 24.4 34.0 4.1
January 2025 23.1 29.5 26.3 24.4 35.0 3.9
February 2025 23.1 30.8 26.9 27.3 34.0 3.9
March 2025 25.4 323 28.8 28.6 34.5 4.2
April 2025 26.1 32.8 29.4 31.1 35.0 4.1
May 2025 26.4 33.0 29.4 29.3 34.5 4.6
June 2025 26.1 33.0 29.6 28.9 33.2 4.5
July 2025 26.4 333 29.9 29.7 32.2 4.2
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August 2025

26.4

32.8

29.6

29.4

32.0 3.9

September 2025

26.5

32.8

29.6

29.4

32.0 4.5

Note: Air temperature data

(©WeatherSpark.com) for Prachuap Khiri Khan province.

Table 2 Seasonal mean values of selected water quality parameters at Loligo spp. squid fishing ground in

sourced from the WeatherSpark geographic

Prachuap Khiri Khan province, Thailand.

information system database

Parameters Winter season Summer season Rainy season P-value
SST (°C) 254+ 1.7° 29.8 +£1.3? 29.7+0.42 0.009
SSS (ppt) 343+ 0.6 34.7+0.32 32.5+0.7¢ 0.005
DO (mg/L) 49+1.1° 524212 5.1+1.8 0.607

Note: Means with different lowercase superscripts (a, b) in same rows are significantly differences at p < 0.05 level
(95% confidence).

Based on the model performance metrics summarized in Table 3, the DT model achieved the highest performance for
squid catch size classification. For size classification (<10 cm vs. >10 cm), the DT model achieved the highest
performance, with an accuracy of 89.04% and the highest F1-score (87.20%), indicating a well-balanced trade-off
between precision and recall. The LR model also showed relatively high performance, with an accuracy of 85.64%
and an Fl-score of 82.00%, whereas the k-NN model performed substantially worse, with the lowest accuracy
(72.25%) and F1-score (71.80%).

For catch quantity classification, overall model performance declined across all algorithms, reflecting the increased
complexity of predicting multi-class outcomes. Nevertheless, the DT model remained the best-performing approach,
achieving the highest accuracy (57.14%) and Fl-score (53.80%). The k-NN and LR models showed lower
performance, with accuracies of 51.87% and 45.66%, respectively, and F1-scores of 49.30% and 27.00%, respectively.
Overall, the DT model performed best across both classification tasks, particularly for catch-size classification.
Meanwhile, the independent hold-out test set (20%, n = 56) was excluded from the cross-validation performance
metrics reported in Table 3.

Table 3. Performance comparison of machine learning models for predicting Loligo spp. catch size and
quantity under data-limited conditions. Metrics include accuracy, precision, recall, and F1-score (macro-
averaged across classes).

Parameters Model Model performance (%)
Accuracy Precision Recall Fl-score
Catch size DT 89.04 88.03 86.51 87.20
k-NN 72.25 73.87 77.18 71.80
LR 85.64 86.69 79.80 82.00
Catch quantity DT 57.14 59.46 52.82 53.80
k-NN 51.87 49.32 50.06 49.30
LR 45.66 32.85 34.04 27.00

Note: DT = Decision Tree, k-NN = k-Nearest Neighbors, and LR = Logistic Regression.

Decision Tree analysis further revealed interpretable decision patterns relating environmental conditions to squid catch
size. When average temperature exceeded 29.10 °C, the model classified most catches as <10 cm. At intermediate
temperatures (28.35-29.10 °C), SSS was an important splitting variable, with values >33.41 ppt with the >10 cm class,
whereas lower salinity corresponded to the <10 cm class. When temperature was below 28.35 °C, the model classified
most catches as >10 cm (Fig. 3a). In contrast, the DT model achieved a relatively low accuracy of 57.14% for catch-
quantity classification (Fig. 3b). Thus, catch-quantity classification showed lower predictive performance than catch-
size classification under the present data conditions.
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Fig. 3. Decision Tree (DT) models for classifying Loligo spp. catch characteristics under environmental
variability.

(a) DT model for catch-size classification showing the hierarchical decision rules based on sea surface temperature
(SST) and sea surface salinity (SSS). (b) DT model for catch-quantity classification showing the decision structure
generated from the environmental variables included in the analysis.

4. Discussion

Based on the results, the Decision Tree (DT) model was the most suitable approach for classifying Loligo spp. catch
characteristics, particularly for squid size classification. However, for catch quantity prediction, although DT
outperformed k-NN and LR, its accuracy remained relatively low (57.14%), indicating limited reliability under the
current data conditions. Therefore, the DT model appears more suitable for exploratory classification of catch size
than for reliable prediction of catch quantity under the present low-data conditions.

The application of machine learning (ML) in fisheries has demonstrated potential to improve productivity, reduce
operational costs, and support sustainable resource management, while facilitating faster analysis and decision-making
processes (Gladju et al., 2022; Panda and Baral, 2023; Kiihn et al., 2025). In this study, the DT model consistently
achieved the highest performance among the three tested models, indicating its potential suitability for small-scale,
data-limited fisheries systems. These findings highlight the practical value of interpretable ML approaches for
supporting decision-making among artisanal fishers under conditions of environmental variability.

The DT model also offers an advantage in interpretability over the k-NN and LR models because it provides
transparent decision rules that facilitate the identification of environmental conditions associated with different catch
outcomes (Hou, 2018). Previous studies have similarly demonstrated the effectiveness of DT-based approaches in
fisheries applications, including fishing ground prediction under complex and incomplete data conditions (Zhu et al.,
2017), adaptive fisheries management using multi-indicator frameworks (Harford et al., 2019), and species
classification from image data when combined with feature extraction techniques (Rahma and Citra, 2025).
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An important finding of this study was that SSS emerged as an important decision variable in the DT model for squid
catch-size classification. Under intermediate SST conditions (28.35-29.10 °C), the DT model used an SSS threshold
of 33.41 ppt to distinguish between catch-size classes, suggesting an association between salinity conditions and squid
size classification. Although this result should be interpreted as an observed association rather than a causal
relationship, it suggests that salinity variability may be an important environmental correlate of Loligo spp. catch
characteristics in the study area. Salinity is recognized as a key factor influencing cephalopod habitat suitability,
physiological processes, and prey availability, which may subsequently affect squid distribution and fishery
performance. Similar observations have been reported in other squid fisheries, where SSS contributed to variations in
catch distribution and abundance (Wang et al., 2021; Zhang et al., 2022). This finding is consistent with previous
studies demonstrating that environmental variability can substantially affect squid distribution and fishery success.
For example, increased SST has been associated with reduced squid catches and shifts in fishing grounds in the Pacific
Northwest (Guerreiro et al., 2023). Likewise, the average maximum air temperature observed during the present study
was approximately 0.6 °C higher than values reported a decade earlier for the same region (Arkronrat et al., 2017),
suggesting that ongoing environmental change may contribute to shifts in squid distribution. Such changes may
encourage adult squid to occupy cooler or deeper waters for growth and reproduction, thereby altering fishing-ground
dynamics and potentially reducing catch efficiency, as previously reported by Ani and Robson (2021) and Hazri and
Noor (2024).

Although temperature is a key driver, squid fisheries are influenced by multiple interacting factors, including lunar
cycles, tides, and plankton availability, which affect habitat conditions and catch rates (Arkronrat and Boutson, 2013;
Arkronrat et al., 2017). Previous studies have shown that environmental and operational factors jointly explain
substantial variability in squid catches. For example, Wang et al. (2021) reported that 63.1% of catch variability in
miter squid Uroteuthis chinensis was explained by SST, SSS, depth, fishing strategy, and season, while Zhang et al.
(2022) and Fei et al. (2022) highlighted the importance of subsurface temperature and chlorophyll a concentration in
determining squid abundance and distribution.

Although the dataset included 278 fishing-trip observations, these records were derived from repeated operations of
four vessels within a single fishing area. Therefore, vessel-specific effects and temporal dependence cannot be
excluded and may have reduced the effective sample size. The findings should consequently be interpreted as
representative of the study fishery rather than broadly generalizable across all artisanal squid fisheries. In addition,
catch-quantity classes were generated using K-means clustering and therefore represent data-driven categories rather
than formally established fishery grading standards. Unequal class distributions may have introduced class imbalance,
which may have contributed to the lower predictive performance of catch-quantity classification. Future studies should
evaluate alternative classification approaches and larger multi-year datasets to improve model robustness.

Despite these limitations, the DT model provided the highest predictive performance among the evaluated algorithms
and offers a useful, interpretable framework for exploring environmental associations with Loligo spp. fisheries under
data-limited conditions. Nevertheless, the present model should be regarded as a preliminary exploratory model rather
than an operational forecasting tool. Further validation using independent datasets from additional fishing grounds
and years is required before broader application. Integration into user-friendly platforms, such as application
programming interfaces (APIs) or web-based systems, could be considered in future development to support practical
decision-making by local fishers.

5. Conclusion

This study applied three machine learning approaches—Decision Tree, k-Nearest Neighbors, and Logistic
Regression—to evaluate the effects of temperature variability on Loligo spp. squid catch size and quantity in an
artisanal fishery. Among the tested models, the Decision Tree (DT) demonstrated the best performance for size
classification, achieving 89.04% accuracy, whereas performance for catch quantity classification remained moderate
(57.14%). These results indicate that DT may be suitable for classification tasks under data-limited conditions,
particularly when interpretability is required. The findings highlight the potential of machine learning as a practical
tool for supporting small-scale fisheries, especially in contexts where data availability is limited and environmental
variability is increasing. However, the relatively low accuracy for catch quantity prediction suggests that model
outputs should be interpreted with caution. Overall, the DT model demonstrated the strongest performance among the
evaluated algorithms and may serve as a preliminary prototype for low-data artisanal fishery applications. However,
additional validation using larger and more diverse datasets is required before operational deployment.
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