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Abstract

Guide-net marine mammal bycatch reduction devices (BRDs) are intended to reduce pro-
tected species interactions in trawl fisheries, but their use may also cause catch loss of
commercial fish and cephalopods. We restructured June and September 2024 sea trial
records into a final six-taxon BRD/COD modeling dataset containing 5641 individual
records from 24 unique haul clusters. Logistic GLM, random forest, and XGBoost mod-
els were evaluated using haul-grouped cross-validation, and random forest SHAP and
permutation analyses were used as exploratory variable contribution diagnostics. Model
discrimination was modest and split-sensitive, but Brier score and accuracy were inter-
preted cautiously because the catch loss prevalence was 0.163 and trivial baselines were
strong. Body length and headline height were the leading non-species contributors, while
nominal guide-net angle remained a relevant design variable but ranked below several
biological, tow condition, and realized gear geometry variables. Additional haul-clustered
GEE sensitivity analyses treated nominal guide-net angle as a two-level categorical factor
(30°/45°). Across four GEE specifications, the 45° angle term was consistently positive, but
confidence intervals were wide, p-values were not significant, and the full species-adjusted
model showed suspected quasi-separation in the hairtail term. These results indicate
that nominal angle contribution cannot be cleanly isolated from species composition and
realized gear geometry in this field dataset. We therefore interpret guide-net angle as an
exploratory predictive contributor rather than as a causal factor of catch loss.

Keywords: marine mammal bycatch; bycatch reduction device; guide-net BRD; midwater
trawl; catch loss; body length; SHAP; interpretable machine learning

Key Contribution: This study provides an individual-level predictive reanalysis of sea
trial data from a guide-net marine mammal bycatch reduction device. The revised analyses
distinguish individual records from haul-level clusters, compare model performance with
trivial baselines, and use haul-clustered GEE sensitivity models to show that nominal
guide-net angle is a relevant predictive contributor rather than a standalone causal factor.

1. Introduction

Marine mammal bycatch in fishing gear such as trawls, gillnets, and pots remains a
persistent issue in fisheries resource management and ecosystem conservation [1]. Under
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the import provisions of the Marine Mammal Protection Act (MMPA), the United States
restricts imports of fish and fish products from foreign fisheries that do not meet standards
for reducing marine mammal bycatch [2]. In response to the National Oceanic and Atmo-
spheric Administration (NOAA) comparability finding process, Korea has also developed
bycatch reduction devices (BRDs) for five fisheries: gillnet, pot, trawl, stow net, and set net
fisheries [3]. For stow nets, Lee et al. [4] developed a BRD to reduce bycatch of the finless
porpoise (Neophocaena phocaenoides) and analyzed species-specific catch loss according to
exit direction. That study also emphasized the need to evaluate bycatch reduction and
catch loss of commercial species together [4], indicating that balancing protected species
exclusion with commercial catch retention is a central challenge in BRD design.

Midwater trawls are designed to operate in the water column above the seabed, but
their large net openings and long towing durations make it difficult to completely avoid
encounters with non-target organisms, including marine mammals. In Korea, a guide-net
BRD was developed by adapting the principle of turtle excluder devices (TEDs) but using
a netting panel instead of a rigid metal grid to address crew safety concerns [5]. Sea trials
have subsequently quantified catch loss and mesh selectivity associated with two guide-net
angles, 30° and 45° [6,7]. Because fishers are unlikely to voluntarily adopt BRDs if reduc-
tions in protected species interactions are accompanied by substantial losses of commercial
catch, BRD evaluations should consider catch loss as well as bycatch reduction [8]. No
marine mammals were captured during the sea trials reanalyzed in the present study;
therefore, this study focuses on the effects of a guide-net BRD on catch loss of commercial
fish and cephalopods.

Previous studies have analyzed the same sea trial datasets separately by cruise. Jung
etal. [6] used the June 2024 dataset to evaluate catch loss and selectivity curves for common
flying squid, sailfin sandfish, and pearlside, whereas Jung et al. [7] analyzed the September
2024 dataset to assess catch loss in additional species and the reduction of jellyfish bycatch.
Both studies reported that guide-net angle significantly affected catch loss and that un-
der the tested conditions the 30° configuration resulted in lower catch loss than the 45°
configuration.

However, BRD performance evaluations centered primarily on guide-net angle have
two limitations. First, species-specific logistic selectivity analyses are effective for quantify-
ing length-dependent selectivity [9,10], but they are less suited to comparing the relative
importance of multiple predictive contributors, such as body length, tow conditions, and
realized gear geometry, within a single unified model. Whether an individual passes
through the BRD pathway or reaches the codend can be viewed as the combined outcome
of body length, towing speed, gear depth, net opening, and the realized gear configuration
during towing, in addition to the nominal guide-net angle [11]. These variables may also act
nonlinearly and interact with one another. Second, in field sea trials, species composition,
season, and guide-net angle are difficult to allocate independently because of operational
constraints. As a result, apparent angle effects may be confounded with differences in
species composition and tow conditions.

Rather than repeating the cruise-specific, species-specific catch loss and selectivity
analyses of Jung et al. [6,7], the present study restructures the same two sea trial datasets at
the individual level and applies an interpretable machine learning framework to compare
the relative predictive contributions of body length, tow conditions, realized gear geometry,
species structure, and guide-net angle within a single integrated model.

To address these limitations, this study adopted an interpretable machine learning
(IML) approach. Machine learning methods have increasingly been applied across fisheries
research, from biological and ecological applications to fisheries monitoring and decision
support contexts [12]. Tree-based ensemble models, such as random forest and XGBoost,
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can capture nonlinear relationships and interactions among predictors without requiring
them to be specified a priori [13,14]. SHAP (SHapley Additive exPlanations) and permu-
tation importance further allow model predictions to be decomposed into contributions
from individual predictors, enabling quantitative comparison of which factors contribute
more strongly to catch loss [15-17]. Based on this framework, this study had two objec-
tives. First, we evaluated the main predictors contributing to individual-level catch loss
among guide-net angle, body length, tow conditions, and gear geometry variables. Second,
considering the imbalanced distribution between species and guide-net angle conditions,
we identified the species most suitable for within-species comparison of guide-net angle
effects and assessed the extent to which such comparison was supported by the data.

2. Materials and Methods
2.1. Sea Trials and Data Structure

This study reanalyzed sea trial datasets previously reported by Jung et al. [6,7], which
were collected in coastal waters of the East Sea during two periods: 10-21 June 2024 and
2-13 September 2024. A guide-net marine mammal BRD was installed in front of the
codend of a midwater trawl, and the nominal guide-net angle set on deck was configured
at two levels, 30° and 45°. In both cruises, the two angle conditions were allocated in
approximately equal proportions; the 30° condition was tested first in June, whereas the
45° condition was tested first in September. Detailed haul-level allocation is provided in
Supplementary Table S1. The June cruise comprised 17 hauls in total, including 1 initial
trial haul that was not counted among the 16 hauls reported by Jung et al. [6]; this trial
haul was retained in the present analysis because valid BRD/COD measurements were
available. Of the 34 hauls listed in Supplementary Tables S1 and S3 were excluded from
the haul-level operational summaries linked to the analytical catch records: J07 and JOS,
because the catch sheets contained only box/basket aggregate rows and yielded no directly
measured individual records; and S17, an auxiliary camera-validation haul for which no
catch-measurement sheet was available. This yielded the 31 valid hauls used for the haul-
level operational summaries. No marine mammals were captured during either of the two
cruises reanalyzed in this study.

This study used two primary data sources from the sea trials: haul logs and catch
records. The haul logs contained haul-level variables, including date, time, coordinates,
warp length, gear depth measured at the headrope, headline height, otter-board spread,
wing-end spread, speed over ground (SOG), speed through water, and seawater temper-
ature. Among these variables, five variables that had relatively low rates of missing or
unmeasured values and were directly related to BRD operation were used as model predic-
tors: gear depth, headline height, otter-board spread, SOG, and guide-net angle. Variables
recorded at multiple time points within a haul were averaged over the towing period, from
completion of net setting to immediately before hauling, and used as haul-level representa-
tive values. Coordinates recorded in degrees—-minutes—seconds format were converted to
decimal degrees. Coordinates from two hauls with minute or second values of 60 or greater
were treated as input errors and set to missing.

The catch records contained individual-level measurements for each haul, including
species name, catch location, body length, maximum girth, and body weight. Body length
was defined using the length measurement appropriate for each taxon, including fork
length, total length, anal length, mantle length, or carapace width. For the integrated
analysis, body length was used as a common variable name for the taxon-appropriate
length metric rather than as a uniform total length measurement across all taxa. Catch
location was recorded as BRD, COD, or COV. Individuals collected at the BRD location
were classified as catch loss, representing individuals guided out of the gear through the
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BRD pathway, whereas individuals collected in the COD location were classified as codend
retention. COV records represented covernet samples collected in some June hauls; these
data were used for descriptive review but were excluded from the binary BRD/COD
classification models.

2.2. Data Preprocessing and Variable Definition

The haul logs and catch records were integrated to construct two analytical datasets.
The haul-level dataset was compiled from the haul logs and included cruise, date, guide-
net angle, towing period averages of gear depth, headline height, otter-board spread, and
SOG, as well as available temperature records. The individual-level dataset was created
by combining individual measurements distributed across multiple sheets of the catch
records into a single table. Sheets were linked to hauls using date information in the sheet
headers and the haul sequence recorded in the haul logs. Rows that did not represent
individual measurements, such as box-level aggregate rows after hauling or summary
labels, were excluded.

Previous studies estimated catch numbers and catch loss using expanded individ-
ual counts based on box- or basket-level subsampling. In contrast, the machine learning
analysis in the present study was restricted to directly measured individual-level records
for which reliable BRD/COD labels could be assigned. Accordingly, aggregate estimated
records that could not be linked reliably to individual catch location and body length
information were excluded from the analysis. When the same species was recorded un-
der different Korean names in the field records, these entries were consolidated under
a standardized species name. The full harmonization list is provided in Supplementary
Table S2.

For hairtail (Trichiurus lepturus), anal length (AL) was used as the body length variable
to maintain consistency with the previous selectivity analysis [7]. When both AL and total
length (TL) were recorded for the same individual, AL was used as the body length metric
for analysis, whereas TL was retained only as an auxiliary total length record. Hairtail
records for which the distinction between AL and TL was unclear were excluded from
the final machine learning dataset. As a result, 92 hairtail individuals were retained for
analysis, with AL used as the single body length metric.

After extraction and standardization, the integrated individual-level dataset contained
6372 individuals from 22 species. Among these, six taxa with sufficient samples in BRD
and COD locations were selected for modeling. Although 31 valid hauls were available
for broader haul-level operational summaries, the final six-taxon BRD/COD modeling
dataset contained 5641 individual records from 24 unique haul clusters after taxon selection,
exclusion of COV records, and filtering. Before outlier removal, the modeling subset
contained 5674 individuals (Table 1).

Table 1. Data flow from raw data extraction to the final modeling dataset.

Stage Number of Individuals
Integrated extraction 6372
Machine learning target and BRD/COD subset 5674
Removal of biologically implausible body length records 33
Final modeling dataset 5641

Note: Data flow was preserved as 6372 individuals extracted, 5674 machine learning target and BRD/COD subset,
33 biologically implausible body length records removed, and 5641 individuals in the final modeling dataset. The
machine learning subset comprised binary BRD/COD records for six target taxa; COV, non-target, ambiguous,
and biologically implausible records were excluded before modeling.
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To remove body length records suspected to reflect input errors or unit conversion
errors, we applied the intersection of two criteria. The statistical criterion was the species-
specific interquartile range rule, defined as Q1 — 1.5 x IQR to Q3 + 1.5 x IQR. The biological
criterion was a plausible body length range defined from the observed species-specific
length distributions and known biological size ranges: 1-10 cm for pearlside, 1-15 cm
for firefly squid, 1-30 cm for common flying squid, 3-30 cm for sailfin sandfish, 540 cm
AL for hairtail, and 5-30 cm for Pacific herring. Records were removed as outliers only
when they violated both criteria. This approach was used to reduce the risk of excluding
biologically normal individuals at the extremes of natural variation when applying the
statistical criterion alone. In addition, one common flying squid individual smaller than
1 cm was manually removed because it was considered a likely unit entry error. In total,
33 individuals were removed: 28 pearlside, 4 firefly squid, and 1 common flying squid.
Removed records were retained separately in an outlier log (Table 1).

The response variable was defined as a binary BRD/COD label: Y = 1 for BRD catch
loss and Y = 0 for COD retained catch. Nominal guide-net angle was treated as a two-
level categorical factor (30°/45°), not as a continuous per-degree predictor. Realized gear
geometry was represented by headline height and otter-board spread, while gear depth
and speed over ground (SOG) represented tow condition variables. Species indicators were
included only as taxon-level control variables in selected models and were not interpreted
as modifiable BRD performance variables.

2.3. Model Development, Validation, and Interpretation

Three classification models were compared. Logistic GLM was used as an interpretable
baseline model linked to conventional logistic selectivity analysis. Random forest was
included as a tree-based ensemble model capable of capturing nonlinear relationships and
interactions among predictors without prior specification [13], and XGBoost was included
as a gradient-boosting-based comparator [14]. Although random forest did not achieve
the highest predictive performance among the three models, it was used as a tree-based
interpretation model because it can capture nonlinearity and predictor interactions while
providing stable estimates of SHAP TreeExplainer values and permutation importance.
Therefore, the random-forest-based variable importance results in this study were inter-
preted not as an explanation of the best-performing predictive model but as interpretable
machine learning results used to explore the structure of predictor contributions in the
integrated dataset.

The analysis workflow was implemented in Python 3.13 [18] using pandas 2.3.1
and NumPy 2.2.6 for data handling [19,20], statsmodels 0.14.6 for the GLM and GEE
analyses [21], scikit-learn 1.7.1 for machine-learning model fitting and evaluation [22],
XGBoost 3.2.0 for gradient boosting [14], and SHAP 0.48.0 for model interpretation [16].
SOG missingness was reported at two levels. At the haul summary level, valid SOG
values were available for 27 of the 31 valid hauls. At the individual record level used for
modeling, SOG was missing for 1402 of 5641 records (24.85%) because each haul-level
SOG value was linked to multiple individual catch records. Median imputation using
3.2 kt was used to retain SOG as a tow condition predictor while avoiding further loss
of individual BRD/COD records, and SOG-related effects were interpreted cautiously.
Random forest and XGBoost followed the model-specific missing value handling described
in the analysis scripts.

All models were evaluated using haul-grouped cross-validation to avoid leakage of
haul-level tow conditions, following recommendations for structured cross-validation [23].
For grouped cross-validation and GEE clustering, haul_id was defined as a unique cruise—
haul identifier rather than as the within-cruise haul sequence alone. Model performance
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was evaluated primarily using AUC [24], while Brier score and accuracy were interpreted
against trivial baselines [25-27] because catch loss prevalence was 0.163. The prevalence-
based constant forecast had a Brier score of 0.1366, and the always-retained baseline had an
accuracy of 0.8367. Repeated haul-grouped cross-validation was also used as a stability
check for the random forest model. For reproducibility, the random forest used for cross-
validated model performance comparison was fitted with 300 trees and unrestricted depth,
the random forest interpretation model used for the SHAP and permutation-importance
analyses used 200 trees with a maximum depth of 10, and the random forest sensitivity
models used 300 trees with unrestricted depth.

SHAP values and permutation importance were calculated for the random forest in-
terpretation model as exploratory variable contribution diagnostics [15-17]. These analyses
were not interpreted as causal effects of individual predictors. Directional patterns in SHAP
dependence plots were interpreted as model-specific conditional patterns and compared
with marginal and GEE-adjusted directions in a separate consistency check.

To examine how species—angle imbalance affected interpretation, four haul-clustered
GEE logistic specifications were fitted using haul_id as the clustering unit: Spec_full
included species indicators and realized gear geometry; Spec_nospec excluded species
indicators but retained realized gear geometry; Spec_nogeom retained species indicators
but excluded headline height and otter-board spread; and Spec_nospec_nogeom excluded
both species indicators and realized gear geometry. GEE models used a binomial family
and logit link [28] with an independence working correlation and bias-reduced robust
covariance [29,30]. An independence working correlation was used so that clustering was
accommodated through bias-reduced robust (sandwich) covariance rather than through a
modeled correlation structure. Because the final modeling dataset contained only 24 haul
clusters, the resulting standard errors and confidence intervals were interpreted as approxi-
mate cluster-aware sensitivity estimates rather than definitive inference. Because the full
species-adjusted GEE showed suspected quasi-separation in the hairtail term, the same full
specification was also refitted after excluding hairtail records as a robustness check.

3. Results
3.1. Analytical Dataset and Species—Angle Imbalance

The final six-taxon BRD/COD modeling dataset consisted of 5641 individual records
from 24 unique haul clusters (Table 2). This cluster count differs from the 31 valid hauls
available for broader haul-level operational summaries because the modeling dataset was
restricted to six target taxa, BRD/COD records, and filtered individual measurements.
Species and nominal guide-net angle were strongly imbalanced, limiting causal interpreta-
tion of angle effects across the integrated dataset. The species-specific distributions of BRD
catch loss and codend retention are shown in Figure 1.

Table 2. Summary of target taxa in the final modeling dataset.

Species Scientific Name n BRD COD Catch Loss Rate 30°n 45°n

Sailfin sandfish Arctoscopus japonicus 3515 454 3061 0.129 2611 904
Pearlside Maurolicus muelleri 1056 239 817 0.226 1 1055
Common flying squid Todarodes pacificus 477 107 370 0.224 155 322
Firefly squid Watasenia scintillans 259 17 242 0.066 7 252
Pacific herring Clupea pallasii 242 48 194 0.198 0 242

Hairtail Trichiurus lepturus 92 56 36 0.609 90 2
Total — 5641 921 4720 0.163 2864 2777
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Figure 1. Species X catch location stacked bar plot showing the numbers of individuals classified as
catch loss (BRD) and codend retention (COD) for each target taxon. COV (covernet) records were
excluded from binary BRD/COD modeling and are therefore not shown.

Sample distribution across BRD guide-net angle conditions showed strong species-
specific imbalance (Table 2). Sailfin sandfish was the only taxon with substantial sample
sizes under both angle conditions (30°: n = 2611; 45°: n = 904), whereas the other five taxa
were concentrated almost entirely in one angle condition. Approximately 98% of hairtail
individuals occurred under the 30° condition, while all Pacific herring individuals, more
than 99% of pearlside individuals, and approximately 97% of firefly squid individuals
occurred under the 45° condition. Common flying squid was also more frequent under the
45° condition, with approximately 67% of individuals observed at 45°. In particular, Pacific
herring was observed only under the 45° condition, and only one pearlside individual
was observed under the 30° condition, making it difficult to isolate guide-net angle effects
for these taxa. This distribution indicates varying degrees of imbalance among species
occurrence, cruise timing, fishing ground, and guide-net angle. As shown in Figure 2,
several species x guide-net angle x catch outcome cells were sparse or empty, limiting data
support for isolating within-species guide-net angle effects for most taxa. Therefore, except
for sailfin sandfish, guide-net angle effects were not interpreted causally at the species level
and were considered only in terms of predictive contribution.
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Figure 2. Heatmap showing the distribution of species x guide-net angle (30°/45°) x catch outcome
(BRD/COD). Sparse or empty cells indicate limited data support for interpreting guide-net angle
effects within the corresponding species.

This imbalance was also evident in species- and angle-specific catch loss rates
(Figure 3).

Catch loss by species and guide-net angle

Hairtail

Pearlside

Common flying squid

Species

Pacific herring

Sailfin sandfish

Guide-net angle (°)
s 30.0
mm 45.0

Firefly squid

T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

Catch loss probability

Figure 3. Catch loss rates by species and guide-net angle. Catch-loss rates in cells with small sample
sizes should be interpreted cautiously because of high sampling variability.
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Tow and gear geometry variables also varied substantially across the valid hauls
(Table 3). Gear depth ranged from 14.53 to 146.75 m, headline height from 8.00 to 38.36 m,
otter-board spread from 27.90 to 65.28 m, and SOG from 3.10 to 5.20 kt. Temperature vari-
ables were excluded from the main models because of high rates of missing or unmeasured
values. Comparison of predictor distributions by catch outcome indicated that BRD catch
loss individuals tended to be associated with relatively shallow gear depth and higher
towing speed, whereas COD-retained individuals tended to be associated with relatively
deeper gear depth (Supplementary Figure S1).

Table 3. Summary of haul-level operational and environmental variables.

Variable n Haul Mean SD Min Max
Gear depth (m) 31 67.43 41.97 14.53 146.75
Headline height (m) 31 23.89 9.68 8.00 38.36
Otter-board spread (m) 31 46.89 12.07 27.90 65.28
Speed over ground (kt) 27 4.01 0.55 3.10 5.20
Surface temperature (°C) 22 19.92 9.30 2.20 29.00
Bottom temperature (°C) 12 4.93 4.02 1.40 15.80

Note: Table 3 summarizes the 31 valid hauls used for operational summaries; the final six-taxon BRD/COD
modeling dataset contained 24 unique haul clusters after taxon selection, exclusion of COV records, and filtering.

3.2. Model Performance and Variable Importance

The primary haul-grouped stratified five-fold cross-validation was used for cross-
model comparison (Table 4; Figure 4). Logistic GLM achieved the highest pooled OOF
AUC among the three models (0.717), random forest had a pooled OOF AUC of 0.672,
and XGBoost had a pooled OOF AUC of 0.703 and the lowest raw Brier score (0.162). As
a stability check rather than a cross-model comparison metric, repeated haul-grouped
cross-validation was additionally conducted for the random forest model and yielded a
pooled AUC mean of 0.649 (SD = 0.060; range = 0.537-0.724), confirming that discrimination
was sensitive to the limited number and composition of haul clusters. Because catch loss
prevalence was 0.163, the prevalence baseline Brier score was 0.1366 and the always-
retained baseline accuracy was 0.8367. Therefore, Brier score and accuracy were treated as
diagnostic metrics rather than evidence of model superiority over trivial baselines. Post
hoc isotonic calibration reduced apparent Brier scores (GLM = 0.123, random forest = 0.127,
XGBoost = 0.126), but this was treated as an optimistic diagnostic based on pooled OOF
predictions and not as a primary performance estimate.

Table 4. Model performance in the primary haul-grouped stratified 5-fold cross-validation, with
repeated haul-grouped cross-validation reported as a random forest stability check.

Model Pooled Brier Accurac Mean fold AUC Fold AUC SD
OOFAUC  Score Y (Primary Splitt  (Primary Split)
Logistic GLM 0.717 0.170 0.769 0.598 0.232
Random forest 0.672 0.176 0.756 0.607 0.187
XGBoost 0.703 0.162 0.753 0.635 0.205

Note: Logistic GLM: highest pooled OOF AUC; quasi-separation in some species indicators; random forest:
tree-based interpretation model used for SHAP and permutation importance; XGBoost: lowest raw Brier score
among fitted models; Brier score and accuracy interpreted diagnostically because trivial baselines were stronger.
The primary 5-fold split was used for cross-model comparison. Repeated haul-grouped cross-validation was
additionally conducted for the random forest model as a stability check and yielded a pooled AUC mean of 0.649
(SD = 0.060; range = 0.537-0.724), indicating split-sensitive discrimination.
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Figure 4. Pooled out-of-fold ROC curves for the GLM, random forest, and XGBoost models based on
haul-grouped stratified 5-fold cross-validation. The dashed line indicates the random classification
reference line (AUC = 0.5).

The logistic GLM and species-adjusted GEE analyses indicated instability in species
terms because several taxa were concentrated within specific nominal guide-net angle
conditions. In the four-specification GEE sensitivity analysis, the full species-adjusted
model showed suspected quasi-separation in the hairtail term. Consequently, species-
adjusted angle estimates were interpreted cautiously, and no single GEE specification was
treated as a definitive primary inference model.

In the global SHAP analysis of the random forest model, body length was identified as
the predictor with the largest exploratory contribution (Figure 5; Table 5). The highest mean
absolute SHAP value was observed for body length (0.090), followed by headline height
(0.075), SOG (0.046), otter-board spread (0.045), gear depth (0.044), and nominal guide-net
angle (0.035). These values should be interpreted as model-based variable contribution
diagnostics, not as causal effect sizes.

Table 5. Global SHAP importance of non-species predictors from the random forest interpreta-

tion model.
Rank Variable Mean Absolute SHAP
1 Body length (cm) 0.090
2 Headline height (m) 0.075
3 Speed over ground (SOG, kt) 0.046
4 Otter-board spread (m) 0.045
5 Gear depth (m) 0.044
6 Nominal guide-net angle (30° /45°) 0.035

Species indicators were included in the fitted model as taxon-level control variables but are not shown in this
main text table because they are not environmental, operational, or gear design variables. Their importance values
are provided in Supplementary Table S4.
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Figure 5. Global SHAP importance of non-species predictors from the random forest interpretation
model, based on mean absolute SHAP values across all individuals in the final modeling dataset
(n = 5641). Species indicators were included in the fitted model as taxon-level control variables but
are reported separately in Supplementary Table S4.

Permutation importance also identified body length as the most important variable and
headline height as the second most important variable (Table 6; Figure 6). The AUC decrease
for body length was 0.134, approximately 2.4 times larger than that for headline height
(0.055). Among non-species predictors, the remaining variables were ranked as follows:
SOG (0.020), gear depth (0.016), otter-board spread (0.011), and guide-net angle (0.009).
In the full fitted model, some species indicators also contributed to prediction, reflecting
taxon-level baseline structure; their importance values are provided in Supplementary
Table S4 and were not interpreted as modifiable BRD performance variables. The two
importance methods were consistent in identifying body length and headline height as the
top two predictors, and guide-net angle ranked below body length, headline height, and
several towing or gear geometry variables in both analyses.

Table 6. Permutation importance of non-species predictors based on AUC decrease.

Rank Variable Mean AUC Decrease
1 Body length (cm) 0.134
2 Headline height (m) 0.055
3 Speed over ground (SOG, kt) 0.020
4 Gear depth (m) 0.016
5 Otter-board spread (m) 0.011
6 Nominal guide-net angle (30° /45°) 0.009

Species indicators were included in the fitted model as taxon-level control variables but are not shown in this
main text table because they are not environmental, operational, or gear design variables. Their importance values
are provided in Supplementary Table S4.
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Figure 6. Permutation importance of non-species predictors from the random forest interpretation
model based on the decrease in AUC after variable permutation. Species indicators were included
in the fitted model as taxon-level control variables but are reported separately in Supplementary
Table 54.

3.3. SHAP-Based Effect Interpretation and Species-Specific Patterns

The nonlinear effects of the main predictors were examined using SHAP dependence
plots (Figure 7). A directional consistency check showed marginal-to-conditional reversals
for body length and gear depth and model-specific directional differences for otter-board
spread and SOG. These differences were interpreted as consequences of species composi-
tion, haul-level covariation, variable correlation, and nonlinear model structure rather than
contradictions among analyses. Accordingly, the SHAP dependence plots were treated as
exploratory model-specific diagnostics rather than estimates of isolated directional effects.

Species-specific mean absolute SHAP values showed that body length and headline
height were among the top-ranked variables for most taxa, although the highest-ranked
variable differed among taxa (Figure 8). Body length showed the largest contribution in
sailfin sandfish, Pacific herring, and firefly squid; for example, the mean absolute SHAP
value for body length was 0.173 in firefly squid and 0.079 in both sailfin sandfish and Pacific
herring. In pearlside and common flying squid, headline height contributed similarly to
or more strongly than body length: 0.120 vs. 0.110 in pearlside and 0.101 vs. 0.099 in
common flying squid. In hairtail, SOG had the largest contribution (0.140 vs. 0.048 for body
length). However, because the hairtail subset was small (n = 92) and strongly concentrated
in the 30° condition, this result was interpreted as a descriptive outcome reflecting the
distributional structure of the hairtail data. Thus, although body length was the largest
contributor at the integrated dataset level, it was not the top-ranked variable in every taxon;
depending on the species, headline height or SOG contributed similarly to or more strongly
than body length.
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SHAP dependence plots
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Figure 7. SHAP dependence plots for major predictors, including body length, nominal guide-net
angle, gear depth, and headline height. For hairtail, body length was based on anal length (AL).
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Figure 8. Species-specific heatmap summarizing mean absolute SHAP values for the six target taxa.
For hairtail, anal length (AL) was used as the body length variable; therefore, the corresponding label
in the figure is shown as body length [AL] (cm).
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The additional GEE sensitivity analyses showed that the nominal 45° guide-net an-
gle term was positive in all four specifications but highly uncertain. The 45° odds ratios
were 15.835 in Spec_full (95% CI = 0.150-1672.429, p = 0.2453), 3.330 in Spec_nospec
(95% CI = 0.070-158.022, p = 0.5413), 2.826 in Spec_nogeom (95% CI = 0.100-79.747,
p = 0.5421), and 2.366 in Spec_nospec_nogeom (95% CI = 0.189-29.595, p = 0.5039). Spec_full
showed suspected quasi-separation in the hairtail species term, and all confidence intervals
were wide. Removing realized gear geometry reduced the angle OR from 3.330 to 2.366.
Thus, this sensitivity analysis did not support the interpretation that realized gear geometry
had masked a stronger nominal angle association. As an additional robustness check for
the suspected quasi-separation in the hairtail term, the full species-adjusted GEE specifi-
cation was refitted after excluding hairtail records. The 45° term remained positive but
imprecise (OR = 21.750, 95% CI = 0.208-2270.963, p = 0.1941), with no separation warning,
and the interpretation that nominal guide-net angle could not be isolated as a causal effect
was unchanged.

In the sailfin sandfish subset, which had the largest within-species sample sizes under
both angle conditions (1 = 3515; 30°: n = 2611; 45°: n = 904), the raw catch loss rate was
higher under the 45° condition than under the 30° condition: 24.34% vs. 8.96%. These
within-species raw catch loss rates differ slightly from those reported by Jung et al. [6]
because the present analysis was restricted to directly measured individual-level BRD/COD
records, whereas the previous cruise-specific analysis used expanded catch estimates based
on box- or basket-level subsampling. The sailfin sandfish-only random forest model had a
pooled OOF AUC of 0.559 and a Brier score of 0.168. For guide-net angle, the mean absolute
SHAP value was 0.036, and the AUC decrease based on permutation importance was
0.015. Within the model, guide-net angle ranked fifth by SHAP and fourth by permutation
importance. Although the sailfin sandfish subset provided the most direct within-species
comparison of the two guide-net angles in the present dataset, the pooled OOF AUC of
0.559 indicated limited predictive separation, and some validation folds may have had
small sample sizes. Therefore, the sailfin sandfish subset results were interpreted as a
supplementary check of whether the raw difference in catch loss rates was also reflected in
model-based variable importance rather than as strong causal evidence for a standalone
angle effect.

The random forest with species indicators reported in Table 7 was refitted within the
sensitivity analysis pipeline using the same predictor structure as the main interpretation
model but with the main random forest settings (n_estimators = 300, unrestricted tree
depth) rather than the constrained settings used for SHAP and permutation importance
in Tables 5 and 6 (n_estimators = 200, max_depth = 10). The SHAP and permutation
importance values therefore differ slightly from the corresponding values in Tables 5 and 6.

Table 7. Sensitivity analysis results for species—angle imbalance.

Model " Pooled Brier Guide-Net Angle Mean Guide-Net Angle
OOF AUC Score Absolute SHAP AUC Decrease
RF full with species 5641 0.672 0.176 0.029 0.007
RF without species 5641 0.609 0.215 0.024 0.007
RF sandfish only 3515 0.559 0.168 0.036 0.015

Note: RF full with species: main model including species indicators as control variables; RF without species:
species indicators removed; RF sandfish only: single-species subset with the largest within-species samples under
both angle conditions.
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4. Discussion
4.1. Catch Loss Drivers and Interpretation of Guide-Net Angle Effects

In this study, nominal guide-net angle contributed to catch loss prediction to some
extent, but it was not a dominant variable and should not be interpreted as a causal effect.
Both SHAP and permutation importance ranked body length first and headline height
second, while SOG, gear depth, and otter-board spread showed contributions similar to or
greater than that of nominal guide-net angle. The nominal angle contribution cannot be
cleanly isolated from species composition and realized gear geometry in this field dataset.

Body length was identified as the highest-ranked variable by both SHAP and per-
mutation importance. This result can be interpreted as reflecting the influence of fish and
cephalopod body size on multiple processes leading to catch loss, including the proba-
bility of contact with the guide net, the likelihood of passing through mesh openings,
and swimming ability during towing [9,10,31]. The monotonic pattern observed in the
SHAP dependence analysis, in which smaller individuals tended to reduce the predicted
probability of catch loss and larger individuals tended to increase it, is consistent with this
interpretation. However, in the present dataset, larger individuals were strongly associated
with hairtail-dominated hauls under the 30° condition; the body length contribution should
therefore be interpreted as partially confounded with species composition and operational
context, rather than as a pure size selectivity effect. Nevertheless, the consistent ranking of
body length as the most important predictor agrees with the principle of selectivity theory
that the physical relationship between effective gear opening and body size is a major factor
influencing catch loss [9,11].

Headline height ranked second in both SHAP and permutation importance analyses,
suggesting that realized gear geometry contributed meaningfully to catch loss prediction.
However, this should not be read as evidence that realized gear geometry masked or
absorbed a simple nominal angle effect. Even when headline height and otter-board
spread were excluded from species-excluded GEE sensitivity models, the nominal 45°
angle estimate remained positive but uncertain and decreased in magnitude.

Gear depth and SOG also contributed to prediction, but their directions differed
across marginal, GEE-adjusted, and SHAP-based summaries. These differences likely
reflect species composition, haul-level covariation, variable correlation, and nonlinear
model structure. Therefore, gear depth, SOG, and otter-board spread should be described
as predictive contributors under the observed multivariate data structure rather than as
variables with single isolated directional effects.

Because of the imbalance between species and nominal angle distributions, it is difficult
to interpret guide-net angle effects causally for all taxa in the present dataset. Under this
structure, the nominal guide-net angle term cannot be fully separated from cruise timing,
fishing ground conditions, species occurrence patterns, and realized gear geometry.

Sailfin sandfish was the only taxon with sufficient samples under both angle condi-
tions and was therefore considered the most suitable species for within-species comparison
of guide-net angle effects in the present dataset. In the raw data, the catch loss rate for
sailfin sandfish was 8.96% under the 30° condition and 24.34% under the 45° condition,
showing a difference between the two angle conditions in the same direction as reported
in previous studies. These within-species raw catch loss rates differ slightly from those
reported by Jung et al. [6] because the present analysis was restricted to directly mea-
sured individual-level BRD/COD records, whereas the previous cruise-specific analysis
used expanded catch estimates based on box- or basket-level subsampling. However, the
sailfin-sandfish-only random forest model had a pooled OOF AUC of 0.559, only slightly
above random classification, and guide-net angle ranked fifth by SHAP and fourth by
permutation importance within the model. Therefore, although the sailfin sandfish subset
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provides the most direct data structure for examining guide-net angle effects in the present
dataset, it should not be interpreted as strong causal evidence for a standalone angle effect.
The observed angle-specific difference in catch loss rates for sailfin sandfish is more appro-
priately interpreted as a multivariate outcome under actual sea-trial conditions rather than
an isolated angle effect under fully controlled experimental allocation.

The sensitivity analyses indicate that nominal guide-net angle should not be regarded
as negligible; rather, it should be interpreted as a relevant design variable whose predictive
contribution is entangled with species—angle structure and realized gear geometry. The
GEE specifications did not provide statistically stable evidence for a causal nominal angle
effect, and the full species-adjusted model was affected by suspected quasi-separation.

4.2. Implications for BRD Design and Operation, Limitations, and Future Research

Taken together, these results indicate that catch loss in BRD design and field application
cannot be adequately evaluated using guide-net angle alone. The species-specific SHAP
analysis showed that a single design criterion is unlikely to apply equally to all commercial
species. In firefly squid, body length contributed more strongly than the other variables,
suggesting that catch loss may depend strongly on length-dependent selectivity and the
effective opening conditions of the gear. In pearlside and common flying squid, headline
height contributed similarly to or more strongly than body length, indicating that changes
in vertical opening may substantially affect the likelihood of individuals being guided into
the BRD pathway. In sailfin sandfish and Pacific herring, body length was the top-ranked
variable, but gear geometry variables such as headline height, gear depth, and otter-board
spread also contributed to prediction. In hairtail, SOG showed the largest contribution in
the model; however, given the small sample size and strong angle imbalance, the species-
specific result alone is insufficient to draw a general conclusion about the factors associated
with hairtail catch loss. Therefore, BRD evaluation and operational guidelines should move
beyond single-angle recommendations. The target species context should be considered as
a background condition, whereas body length, towing speed, gear depth, headline height,
and otter-board spread represent the main biological, operational, and gear geometry
predictors relevant to BRD performance.

The operational and gear geometry variables identified as important in this study
can be obtained directly from vessel navigation records or gear monitoring sensors. These
variables could therefore serve as input information for onboard decision support systems
that estimate the likelihood of catch loss during towing and assist in adjusting tow condi-
tions. In the longer term, interpretable machine learning results such as those presented
here could be linked to research on adaptive gear operation and onboard decision support.
However, extending this approach to practical gear operation policy will require external
validation using independent datasets, acquisition of real-time sensor data, and additional
experimental designs that systematically vary tow conditions.

The methodological contribution of this study lies in presenting an analytical pro-
cedure that combines individual-level sea trial data with interpretable machine learning,
trivial baseline comparisons, repeated haul-grouped validation, and haul-clustered GEE
sensitivity analyses. However, the empirical findings are based on a final modeling dataset
comprising 5641 records from only 24 unique haul clusters, even though 31 valid hauls
were available for broader operational summaries.

This study has several limitations. The original sea trials were designed to evaluate
BRD guide-net angle and mesh selectivity, not to develop machine learning models or
estimate causal effects. Most tow condition and gear geometry predictors were measured at
the haul level; therefore, the effective independent information for these variables was closer
to the number of haul clusters than to the number of individual records. The final modeling
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dataset contained only 24 haul clusters, so GEE robust standard errors and confidence
intervals should be interpreted as approximate cluster-aware sensitivity estimates.

Although haul-grouped cross-validation and repeated grouped cross-validation were
applied, model performance should be interpreted as out-of-fold predictive performance
within the final six-taxon BRD/COD modeling dataset, which contained 24 unique haul
clusters. The broader 31 valid hauls were used for haul-level operational summaries, not as
the final modeling cluster count. The generalizability of the results to other fishing grounds,
seasons, vessels, or gear configurations should be evaluated through external validation
using independent datasets. Finally, because the response variable was defined as a binary
outcome based on collection location in the BRD or COD, this study could not distinguish
individuals that actually encountered and escaped through the BRD pathway from those
whose collection location reflected behavioral differences before entering the codend.

Future sea trials should allocate nominal guide-net angle conditions as evenly as
possible within fishing grounds, seasons, and target species compositions. Designs that
allow paired or systematically alternating comparisons of the 30° and 45° conditions under
similar tow conditions would help reduce species—angle imbalance. Increasing the number
of hauls, collecting direct underwater gear geometry measurements, and recording tension
or video-based fish behavior would also help separate nominal angle effects from realized
gear geometry and operational context.

5. Conclusions

This study conducted an interpretable machine learning analysis to predict individual-
level catch loss in a guide-net marine mammal bycatch reduction device (BRD) attached
to a Korean midwater trawl. From an integrated extraction dataset of 6372 individuals
across 22 species, binary BRD/COD records for six target taxa were selected, resulting in a
final modeling dataset of 5641 individual records from 24 unique haul clusters. The pooled
out-of-fold AUCs of the GLM, random forest, and XGBoost models were 0.717, 0.672, and
0.703, respectively, but Brier score and accuracy were interpreted cautiously because trivial
baselines were strong under the imbalanced outcome.

SHAP and permutation importance analyses identified body length as the largest
exploratory contributor to catch loss prediction, with headline height ranked second by
both methods. Other important variables included SOG, otter-board spread, gear depth,
and nominal guide-net angle. These interpretation tools were used as exploratory variable
contribution diagnostics rather than causal effect estimators.

Because of species—angle imbalance, sailfin sandfish was the most suitable taxon for
within-species comparison of guide-net angle effects, but its subset model showed limited
predictive separation. The four GEE sensitivity specifications showed consistently positive
but highly uncertain 45° angle estimates, with wide confidence intervals and no statistically
significant angle term. Therefore, the nominal angle contribution should be interpreted as
exploratory and predictive rather than causal.

Taken together, catch loss in the guide-net BRD was associated with body length, tow
conditions, realized gear geometry, nominal guide-net angle, and species—angle structure.
However, because the final modeling dataset contained only 24 haul clusters and showed
strong species—angle imbalance, the nominal angle contribution cannot be cleanly isolated
from species composition and realized gear geometry. Future BRD evaluations should
combine balanced experimental allocation, more haul clusters, direct underwater gear-
geometry measurements, and external validation to support stronger causal interpretation.
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Abbreviations

The following abbreviations are used in this manuscript:

AL Anal length

AUC Area under the receiver operating characteristic curve
BRD Bycatch reduction device

COD Codend

COV Covernet

GLM Generalized linear model

IML Interpretable machine learning
OOF Out-of-fold

RF Random forest

SHAP SHapley Additive exPlanations
SOG Speed over ground

TED Turtle excluder device

TL Total length

MMPA Marine Mammal Protection Act
NOAA National Oceanic and Atmospheric Administration

NIFS National Institute of Fisheries Science
IQOR Interquartile range

FL Fork length

Ccw Carapace width

XGBoost  Extreme Gradient Boosting
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