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Abstract. Sustainable use of fish resources is essential, and decision
makers such as the Norwegian Directorate of Fisheries (NDF) must
take proactive measures to prevent Illegal, Unreported, and Unregulated
(IUU) fishing activities. With access to large volumes of open datasets,
machine learning (ML) models can play a key role in automating the
detection of hidden patterns indicative of such activities. One valuable
dataset is the collection of catch reports, where fishermen record the de-
tails of their fishing operations. Previous research has explored the use
of ML models to predict expected catch quantities. By comparing these
predictions with the actual reported values, potential violations of regu-
lations can be identified. However, to ensure trust in the model’s outputs
and to gain deeper insight into the data, this paper applies interpretable
Artificial Intelligence (AI) methods and visualization techniques to an-
alyze prediction errors. We investigate feature importance and examine
how the most influential features affect the model’s output patterns. The
results are promising, demonstrating that it is possible to provide trans-
parency in the use of ML models for fisheries data. This approach enables
domain experts to better understand, trust, and make informed use of
the model’s findings in the future.

Keywords: Sustainability · Fisheries · Catch reports · Prediction error
· Interpretable AI.

1 Introduction

Fisheries is a vital industry, especially in Norway, as they provide both food and
economic benefits to society. To ensure that resources are preserved for future
generations and to meet the sustainable development goals related to life below
water, it is crucial to combat Illegal, Unreported, and Unregulated (IUU) fishing.
The primary challenge lies in monitoring fishing vessels, as they often operate
far from the reach of fisheries experts and coast guards. In Norway, to mitigate
this, fishermen are required to submit reports detailing the potential resources
harvested during these trips, which are essential for analysis and ensuring sus-
tainability.

The amount of fisheries data available today is greater than ever, yet there are
few really efficient automated methods to process it to deliver almost real-time
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analyses of fisheries activities. One optimal approach to assist decision-makers
in uncovering hidden patterns related to IUU fishing is through the use of ML
models. While fishermen’s reports may contain some inaccuracies, the majority
of them remain reliable and useful for the purpose. ML algorithms can identify
recurring patterns over time, enabling the detection of deviations or outliers that
may indicate potential IUU activities.

NDF provides several publicly available datasets, including catch reports
from fishermen. These reports contain information such as fishing intervals, time
and location, vessel length, and the species caught. However, the datasets do not
include a direct definition of what constitutes a "regular" or "irregular" fishing
operation. That said, Tessem et al. [12] have proposed a method for identifying
overall deviations in a vessel’s behavior, which could help highlight potential
irregularities. To better understand the data and the decisions made by the
model, the next step is to employ interpretable AI techniques and visualization
methods.

In this paper, similarly to [12], we predict the catch weight using features
from the catch report dataset. Since deviations in the error distribution com-
pared to the rest of the population can indicate abnormal behavior, our goal is
to first predict the error using the same set of features. The error is the difference
between the predicted and the true values. Then, we analyze the error by ex-
ploring the influence of input features, with a particular focus on time. Through
data visualization and interpretable AI techniques, we aim to address questions
such as:

– What are the most influential features, and how do they impact the model’s
predictions?

– Is there a noticeable pattern in the error distribution over time?
– Are there specific time periods when the error is higher, and if so, what

might be the potential reasons behind this?
– Does the error distribution pattern vary over the years?

In the following section, we provide an overview of the problem background
and related work concerning the selected methods. In Section 3, we detail our
methodological approach, from dataset preparation and feature selection to the
prediction task and the models employed, complemented by visualizations and
plots that aid in interpreting the outcomes. Section 4 offers a discussion of key
insights and the broader implications of our findings. Finally, in Section 5, we
summarize the work and outline potential directions for future research.

2 Background and related work

2.1 Interpretable AI

A well-known definition of interpretability comes from [9], which states: "In-
terpretability is the degree to which a human can understand the cause of a
decision." Interpretable AI focuses on answering the question, "Why did the
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model produce a specific output?" It emphasizes the transparency of the model
rather than just the results it generates [1]. In applied ML projects like ours,
providing explanations and interpretations is crucial for debugging the model,
understanding potential biases, and, most importantly, building trust with the
domain experts we collaborate with [5].

One type of interpretable method is post-hoc, which includes a subcate-
gory called model-agnostic methods. Model-agnostic methods are further divided
into local and global approaches. Post-hoc interpretability means applying inter-
pretability techniques after the model has been trained. Model-agnostic methods
do not consider the internal workings of the model; instead, they analyze how
the model’s output varies in response to changes in the input features. Local in-
terpretation methods focus on explaining individual predictions. Shapley values,
a type of local attribution method, break down a single prediction into the sum
of its feature effects, providing a detailed “zoom-in” view that highlights unusual
cases.

In contrast, Partial Dependence Plots (PDPs) are global methods that il-
lustrate the overall marginal effect of one or two features on the output of the
model. Accumulated Local Effects (ALE) plots are also global methods that
measure the influence of a feature on the model output, but they do so in a lo-
cally aware way. Unlike PDPs, ALE does not assume feature independence and
avoids creating implausible data combinations.[10].

Surrogate models, as a model-agnostic method, involve replacing a black box
model with a simpler model for interpretation goals; basically, using more ML
to interpret the original ML model we have [10].

We proposed a method inspired by the surrogate model approach to bet-
ter interpret the behavior of our ML model. To further understand the model’s
output, we first computed feature importance scores. Then, we leveraged a com-
bination of interpretability techniques, including Shapley values, PDPs, and ALE
plots, to analyze how different features influence the model’s predictions. Here,
Shapley values serve as a global explanation technique.

2.2 Data visualization

Data visualization is an essential tool for identifying patterns and trends during
the exploratory phase of analysis [8]. By using graphs and charts, large datasets
can be represented in a way that makes the information easier for our brains
to process and understand intuitively. For example, in [4], several visualization
techniques such as bubble charts, parallel coordinates, line graphs, and box plots
were used to uncover patterns in whole-person health data.

In this paper, we present various visualizations of both the dataset and the
model’s output. All the plots generated through interpretable ML methods bring
us one step closer to understanding how different features influence the trends
observed in the model’s output, which can, in turn, assist decision-makers in
making more informed future decisions. To the best of our knowledge, this is
one of the few studies focused on visualizing Norwegian catch reports.



4 A. Ashrafi et al.

2.3 AI and data science for sustainable fisheries

According to Rubbens et al. [11], ML, as a subfield of AI, provides a powerful
alternative to manual processing of large-scale fisheries data. Its speed, flexibil-
ity, and ability to reduce noise and bias make it particularly valuable. Various
ML techniques have been applied to identify IUU fishing activities, with these
methods detecting characteristic patterns associated with such operations by
analyzing vessel trajectories [6], [2]. Additionally, anomaly detection, whether
based on individual catch reports [3] or a collection of reports, can help identify
potential deviations from normal fishing behavior [12].

In [12], potential collective anomalies were identified by predicting the loga-
rithm of the sum of the catch round weight. The error is defined as the difference
between the logarithm of the predicted value and the logarithm of the reported
value. Subsequently, a T-test is applied to detect vessels with error distributions
that deviate significantly from the rest of the population. These vessels are then
flagged as potential anomalies with unusual behavior.

Since there are not many works around the interpretable AI for fisheries, in
this paper, we aim to have a closer look at the output of the model from [12]
and interpret the effect of features on that. To achieve this, we adopted the same
approach as in [12], utilizing XGBoost to calculate error values. But since the
error is even more important than the catch itself, we employed a Decision Tree
and a Random Forest to predict these error values based on the same set of
features. This simple method was inspired by the surrogate models. We obtain
the ranking of features using impurity-based feature importance. Additionally,
the error values are plotted over time as one of the input features, allowing us
to identify trends across different months or years. Moreover, Shapley values are
used to illustrate how time influences the error. PDP and ALE are included to
provide further insight into the effect of different important features on the error.

3 Methodology

3.1 Data preparation

One of the open datasets provided by the NDF [7] is the Logbook, which includes
Daily Catch Activity (DCA) reports for fishing operations in Norwegian waters.
We used the same model and feature set as in [12]. Our experiments began with
data from bottom trawlers in 2018, and we then applied the same methodology
to data from subsequent years to identify trends and compare similarities and
differences over time.

The dataset contains several redundant features, including various coded
fields and the vessel-related information that were excluded from our analy-
sis. Each catch can span multiple entries in the dataset, with different species
recorded. Therefore, we grouped all reports corresponding to a single catch and
summed the round weight of all species involved. This total round weight served
as the target feature for our prediction task. The final set of input features
includes:
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– The start and stop positions of the catch interval (latitude and longitude),
– The start and stop times of the catch interval,
– The duration of the catch,
– The length of the vessel, and
– The main species caught, defined as the species with the highest weight in

each catch.

To reduce noise and identify reliable patterns, we filtered the dataset to include
only records where the main species had over 1,000 occurrences. For each year
considered, the dataset contains over 30,000 reports. Date is a cyclic feature, so
we used the trigonometric transformations to convert it into sin and cos features.

3.2 choice of the ML model and the prediction task

In [12], the data is grouped into reports by each vessel, and then the behavior
of each vessel in terms of reporting the total catch is compared with the rest of
the vessels. Among the models explored in their work, we selected XGBoost to
predict the logarithm of the total catch, following the same approach. However,
as noted by Tessem et al. [12], deviations in the distribution of prediction errors
can indicate potential anomalies or inconsistencies in catch reporting. Based on
this insight, we define a new prediction task.

Our approach is inspired by the concept of surrogate models, where an in-
terpretable ML model, such as a decision tree in our case, is used to explain
the behavior of another model, like XGBoost. The key difference is that, un-
like traditional surrogate modeling, we did not train the surrogate on the same
prediction task. Instead of predicting the total catch, we use a decision tree to
predict the model’s error directly from the same set of input features.

This approach allows us to investigate how different features influence the
error and may help uncover systematic patterns or biases. While the decision
tree tends to overfit the data, this is acceptable, and maybe even wanted for
our purposes, as our goal is not to build a highly accurate predictive model, but
rather to analyze and interpret the sources of error. XGBoost, while effective for
catch prediction, is less suitable for directly modeling the error from the same
features.

3.3 Feature importance

The performance of the Random Forest model in terms of the r2 score is signifi-
cantly better than XGBoost, but slightly worse than the Decision Tree. Despite
this, Random Forest remains a strong candidate for this task due to its balance
between predictive performance and interpretability. Additionally, it provides
useful insights through impurity-based feature importance.

Random Forest in Scikit-Learn utilizes a method known as impurity-based
feature importance to evaluate the relevance of input features. This method is
often referred to as Mean Decrease Impurity (MDI) or Gini importance. MDI
measures how much each feature contributes to reducing impurity across the
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Fig. 1: feature importance scores using MDI for the 2018 dataset when using a
Random Forest model to predict the error.

decision trees in the forest. Specifically, it calculates the reduction in Gini impu-
rity achieved by each feature when it is used to split a node. In the context of a
Random Forest, the MDI for a given feature is computed as the average impu-
rity reduction that the feature contributes, aggregated over all the trees in the
ensemble. Features with higher average impurity reduction are considered more
important. Figure 1 shows the feature importance scores for the 2018 dataset
when using a Random Forest model to predict the error. While the feature im-
portance scores may vary slightly across different years, the ranking of features
in terms of importance remains consistent with the results from 2018. Duration
is the most important feature for predicting the error, followed by position, vessel
length, and the time of the catch, in that order of importance.

3.4 PDPs

Furthermore, we employed PDPs to investigate the relationship between the
most important features, specifically, the duration of the catch and the length
of the vessel, and the target variable, which in this case is the prediction error.

To generate a PDP, we first train a model, then systematically vary the
values of a selected feature across its range for all instances in the dataset, while
keeping the other features fixed. For each value of the chosen feature, we compute
the model’s average predicted outcome. By plotting these feature values against
their corresponding average predictions, we can visualize the marginal effect of
that feature on the model’s output.
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Fig. 2: PDPs to show the influence of duration of the catch and length of the
vessel on the prediction error value for 2018 data.

Fig. 3: PDPs to show the influence of duration of the catch and length of the
vessel on the prediction error value for 2019 data.
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Figure 2 presents two one-way PDPs and one two-way PDP for data from
2018. The one-way PDPs illustrate the effect of a single feature on the prediction
error. The left plot shows how the duration of the catch influences the error, while
the middle plot demonstrates the effect of vessel length. The right plot shows a
two-way PDP, highlighting the combined influence of duration and vessel length
on the prediction error.

In the middle plot, we observe that larger vessels tend to have smaller pre-
diction errors, indicating that their reported catches align more closely with the
model’s predictions. This changes for very large vessels. The PDP for duration
reveals a noticeable peak in error around a 160-minute duration. We hypothesize
that this may be due to fishing operations that were started but aborted early,
possibly because little or no fish were found, resulting in irregular or unexpected
reporting patterns.

Despite some fluctuations, longer durations generally lead to smaller predic-
tion errors, suggesting more consistent or predictable catch behavior. However,
this trend reverses slightly beyond approximately 450 minutes, where the error
begins to increase again. According to domain experts, bottom trawling opera-
tions lasting more than 400 minutes are considered unusually long and may be
possible reporting errors. It is possible that fishermen who are less precise in
reporting unusually long durations may also be less accurate in reporting total
catch.

From the right plot, which shows the two-way PDP for duration and vessel
length, we can identify a distinct region, around 160 minutes duration and 67
meters vessel length, with the highest prediction error (depicted as a very small
deeper area in yellow color). This observation aligns with patterns seen in the
one-way PDPs. Additionally, for durations exceeding 350 minutes, prediction
errors tend to remain low, particularly for vessels between 55 and 72 meters in
length.

We also provide PDPs for the same features using the data from 2019 in
Figure 3. While there are some similarities with the 2018 plots, for example,
peaks in prediction error appear around similar durations (approximately 100,
300, and 400 minutes), the magnitude of these peaks is visibly different.

Another consistent pattern is that larger vessels tend to have lower prediction
errors. However, in the 2019 data, this trend remains stable even for the largest
vessels, whereas in 2018, a slight increase in error was observed for vessels at the
extreme upper end of the length range.

These observations suggest that, although duration and vessel length show
some consistent influence on prediction error across years, they may not be the
most reliable indicators when assessing model error over time. It’s also important
to note that changes in regulations between years can significantly affect fishing
practices, which may contribute to changes in reporting behavior.
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Fig. 4: ALE plots to show the effects of latitude and longitude on the prediction
error for 2018.

3.5 ALE plots

Another important feature to examine is position, represented by latitude and
longitude. Since these two features are naturally correlated, using ALE plots are
more appropriate and reliable.

Figure 4 shows the ALE plots for latitude and longitude for 2018. From
the left plot, we observe that the error increases when moving from south to
north (i.e., from latitudes below 62° to those above). This observation aligns
with insights from domain experts, who suggest that fishing operations in the
southern regions tend to have greater transparency in reporting. A similar trend
is also evident in the 2019 data, as shown in the left plot of Figure 5.

The effect of longitude on prediction error shows a more noticeable difference
between 2018 and 2019 compared to the effect of latitude; this can be seen in the
right plots from Figures 4 and 5. In 2018, the peak occurs around longitude 17°,
while in 2019 it shifts westward, peaking around 4°. However, in both years, the
largest positive effect is observed at longitudes below 20°. Taking into account
the effects of both latitude and longitude, we can conclude that the prediction
error tends to increase in the region between approximately the positions of
Trondheim and Tromsø.

So far, we have investigated the most important features contributing to pre-
diction error. Certain patterns are visible, offering insights and transparency into
how different features affect prediction error over the course of a year. However,
due to the complex and dynamic nature of the data, which may be influenced by
external factors such as environmental variability, fishing behavior, and regula-
tion changes, we conclude that no single feature can be considered a consistently
reliable basis for interpreting prediction error patterns across different years.
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Fig. 5: ALE plots to show the effects of latitude and longitude on the prediction
error for 2019.

3.6 Error over time and Shapley values

Figures 6 and 7 show the smoothed average error (in blue) and Shapley values for
time (in green) across different months of the years 2018 and 2019. The Shapley
values reflect the influence of time on the prediction error. In both years, the
model tends to underpredict the reported catch weight, which explains why the
error values are predominantly negative in these plots.

Notably, the first few months of each year exhibit more negative errors com-
pared to the rest of the year. This indicates that reported catch values were gen-
erally higher than predicted during this period. We hypothesize that this could
be due to underreporting at the end of the previous year, possibly by vessels that
had exceeded their quotas. These unreported catches may have been reported
in the early months of the following year, leading to the observed discrepancy.

In both years, this trend appears to shift around the spring months, with
errors becoming less negative or more balanced. The Shapley values show a
generally negative effect of time on the prediction error. Although the effect
fluctuates, it tends to decrease gradually over the course of the year.

We presented plots from two consecutive years, as space is limited. However,
the method is easily extendable to additional years. The trends, similarities, and
differences observed in other years are comparable to those found between these
two, making them representative for illustration purposes.

4 Discussion

The models used in this work are not perfect; The XGBoost model consistently
predicts lower catch values compared to the reported values for almost every
vessel, which indicates a systematic bias and suggests that the model’s predic-
tions may lack balance and realism. On the other hand, the Decision Tree model
overfits when used to predict the prediction error. However, given the inherent
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Fig. 6: Error and Shaply values over time for 2018.

Fig. 7: Error and Shaply values over time for 2019.
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randomness in the data and its strong dependence on environmental factors and
yearly changes in regulations, this type of in-depth analysis remains valuable.

Additionally, interpreting the model’s output and examining which feature
values are associated with larger prediction errors, we found it difficult to identify
consistent patterns of high error values that could be reliably linked to specific
values of important features across different years. While this inconsistency may
be partly explained by year-to-year variations in regulations, we believe a signif-
icant contributing factor is, once again, the inherent complexity and variability
of the data itself.

Despite this challenge, we can still see some similar patterns over the years,
and through them we can gain insights into potential misreporting of catch
values. Such interpretations can be particularly useful for domain experts, as
they may offer a deeper understanding of patterns in the data and provide early
indicators of irregular activity. Identifying feature values linked to unusually
high errors could help pinpoint areas where suspicious or non-compliant fishing
operations are more likely to occur. This, in turn, can guide future monitoring
efforts and help focus regulatory attention on the most relevant cases.

Moreover, plots and visualizations are generally the preferred method of com-
munication for domain experts, making this work a valuable step toward more
effective interaction and collaboration with them.

More advanced models, such as neural networks for tabular data, were also
tested for predicting the total catch. However, despite their longer training times
and increased complexity, the results were comparable to those of simpler mod-
els. Therefore, we chose to continue with simpler approaches, concluding that
a significant part of the challenge lies in the inherent nature of the data, as
previously discussed.

5 Conclusions and further work

Fishing catch reports from trawlers represent one of the largest datasets available
over the years for applying machine learning models. Predicting the total catch
is the most natural starting point. However, we aimed to explore how different
features influence the model’s output by predicting the prediction error directly
from catch-related features. Here, prediction error is defined as the difference
between the predicted catch and the reported one.

To investigate this, we applied interpretability and visualization techniques
to analyze the influence of various features on this new target variable, using data
from 2018 and 2019. Due to the data’s dependency on environmental conditions
and annual changes in regulations, it is challenging to identify consistent patterns
across years. Nevertheless, we were able to uncover meaningful insights into the
impact of key features within individual years, as well as some recurring trends
across multiple years.

These findings can support domain experts in better understanding and trust-
ing the model’s behavior, ultimately helping them make more informed decisions
based on the observed patterns.
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In [12], a list of vessels with deviated catch reports is provided as potential
collective anomalies. To offer experts more context beyond just the vessel names,
a possible direction for future work is to visualize statistics of these candidate
vessels. This would help better assess how significantly they deviate compared
to others, using detailed information such as catch position and species.

Another potential direction for future work is to identify a more informative
prediction task beyond total catch, for example, predicting the species compo-
sition and their distribution within a catch. This approach could reveal more
insightful patterns and enhance the interpretability of the results.
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