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Abstract: The lack of a generalizable machine learning model for predicting the safety of food for
human consumption is a significant challenge for policymakers and responsible authorities. This
study provides a step-by-step guide to predict the results of seafood product import inspections,
focusing on identifying and understanding the critical factors that influence these results. By
comparing the performances of an ensemble of machine learning models, this study combines
the strengths of multiple algorithms to improve the predictive accuracy and gain insights into the key
factors impacting them. The ensemble model based on the soft voting technique achieves superior
performance to that based on the hard voting technique in terms of the recall and area under the
curve (AUC) scores. The study discovered that various characteristics, such as the exporting country
ratio, major product category, overseas manufacturer ratio, importer ratio, and seasonal variation,
had a substantial influence on the models’ decisions. This research guide for predicting seafood
product import inspection results could pave the path for other items to follow.

Keywords: border inspection; decision trees; ensemble learning; explainable artificial intelligence;
food safety management

1. Introduction

Food safety is deeply affected by the diversity of foods and their raw materials. In addition, the
increasing trade openness of the global economy has resulted in increased food imports, emphasizing
the significance of food risk management in protecting consumer health. Predictions and early warning
are crucial to ensure food safety; in particular, food inspection prior to entry into the consumer market
is a significant step in ensuring good food quality. However, with the exceptions of the United States
(US) and the European Union (EU), there has been little research on the use of proactive inspections
for high-risk food predictions as part of the border control for imported foods. Food safety can be
maintained if governmental organizations use inspections to stop the entry of products with quality
issues. In recent years, many nations have incorporated big data and machine learning techniques
to enhance food safety management [1]. For example, based on adulteration/fraud notifications
from the European Commission’s Rapid Alert System for Food and Feed (RASFF), Bouzembrak and
Marvin[2] proposed a Bayesian network model that can forecast different types of food fraud involving
imported goods of well-known product categories and origins. Their model could, therefore, provide
guidance for EU enforcement efforts. In addition, in Taiwan, Wu [3] adopted an ensemble model to
design risk prediction models to improve border inspection methods for foods that were imported.
However, it remains difficult for organizations to identify and understand the critical factors that
influence the results of such inspections. Despite several studies focused on using machine learning
for predicting the results of inspections, there is a lack of information regarding the model decision
and explainability, such as that found in the areas of water quality [4,5] and healthcare [6,7]. In the case
of seafood product consumption in South Korea, the proportion of imports to exports was reduced
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in 2020 compared with that in 2019, with imports falling 5.4% in comparison to 2019 [8]. This was
partly attributed to quality control inspections. To give decision makers valuable insights into the
quality and safety of imported seafood products, they must understand the inspection results and
their potential factors. Such information can help them make informed decisions regarding imports,
ensuring that only high-quality products are allowed into the market. Such information can aid in
the development of problem-solving strategies and potentially increase domestic production. Thus,
the current study provides a step-by-step guide for predicting seafood product import inspection
results, with an emphasis on identifying and comprehending the critical factors that influence these
inspection results. For this, SHapley Additive exPlanations (SHAP) was employed [9]. In addition,
this study combines the strengths of multiple algorithms to improve prediction accuracy and gain
insights into the key factors influencing this accuracy by comparing the performances of various
ensemble machine learning models. More specifically, ensemble models based on the use of hard-
and soft-voting approaches were compared. Furthermore, this study outlines the methodology, data
collection process, feature selection techniques, model training, and result interpretation processes,
to allow readers to replicate the analysis and gain a deeper understanding of the influential factors
involved in the prediction.

2. Literature Review

2.1. Data Sampling Method

Data sampling methods are necessary in machine learning and data analysis as they allow
imbalanced datasets to be addressed, wherein one class has significantly fewer instances than the others.
In this study, the non-conformity class contains fewer datasets than the conformity class. Consequently,
this imbalance of datasets can lead to biased model performance and poor generalization, particularly
in the context of classification tasks. Data sampling methods, therefore, aim to balance the class
distribution by oversampling the minority class, undersampling the majority class, or generating
synthetic samples [10]. Synthetic minority oversampling (SMOTE) is a popular and effective data
sampling method [11]. SMOTE works by selecting examples in a feature space that are close together,
drawing a line between the examples and drawing a new sample at a point along that line. More
specifically, a random example from the minority class is selected first. For this example, the k of its
nearest neighbors is determined (typically, k = 5). A randomly chosen neighbor is selected, and a
synthetic example is created in the feature space at a randomly chosen point between the two examples.
SMOTE techniques are also known to be selective. For example, numerous SMOTE extensions exist
for oversampling methods. One popular method is the borderline-SMOTE, which involves selecting
misclassified instances of the minority class, such as the k-nearest neighbor (KNN) classification
model [12]. Instead of randomly generating new synthetic examples for the minority class, the
borderline-SMOTE method generates synthetic examples only along the decision boundary between
the two classes. In addition to the KNN model, another approach known as borderline-SMOTE
Support Vector Machine(SVM) or SMOTE-SVM was introduced using the SVM algorithm to identify
misclassifications on the decision boundary [13].

2.2. Voting Ensemble Model

A voting ensemble (also known as a "majority voting ensemble") is a machine learning ensemble
model that combines predictions from multiple models. This technique can be used to improve the
model performance, ideally outperforming any single model in the ensemble. A voting ensemble
combines the predictions from multiple models. This method is suitable for classification; during
classification, the predictions for each label are added, and the label with the most votes is predicted
[14]. Two approaches are available to predict the majority votes for classification, namely hard voting
and soft voting. As shown in Figure 1, hard voting entails adding up all the predictions for each class
label and predicting the class label with the most votes. Meanwhile, soft voting averages the predicted
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probabilities (or probability-like scores) for each class label and predicts the class label with the greatest
probability [15].

(a). Hard voting
Classifier 1
' 4’ i i
A: 2 (Classifier 1 and Classifier 3)

B: 1 (Classifier 2)

(b). Hard voting
Classifier 3
0.1 4= 0.7+0$1+0.6 — 047
B: 0.9 0.7+ 0.1+ 0.6
. 0. B = — = 0.53

Figure 1. Voting ensemble techniques explanation: (a) Hard voting and (b) soft voting.

Classifier 2
A: 0.1 —

2.3. Explainable Artificial Intelligence

Artificial intelligence (AI) methods have achieved unprecedented levels of performance in solving
complex computational tasks, making them vital for the future development of human society. In
recent years, the sophistication of Al-powered systems has increased, rendering them almost devoid of
human intervention in terms of their design and deployment. However, as black-box machine learning
(ML) models become increasingly used in practice, the demand for transparency has increased, and
the explanations supporting the output of the model become crucial. As humans are hesitant to adopt
techniques that are not directly interpretable, tractable, or trustworthy, there is a requirement for ethical
AL In addition, although it is customary to consider that focusing solely on performance leads to
unclear systems, improving the understanding of a system can lead to the correction of its deficiencies.
For example, enhanced interpretability can improve ML models by ensuring impartiality during
decision making, thereby providing robustness by highlighting potential adversarial perturbations,
and ensuring that only meaningful variables infer the output. To avoid limiting the effectiveness of
current Al systems, eXplainable AI (XAI) proposes creating a suite of ML techniques that produce
more explainable models while maintaining a high learning performance. XAI draws insights from
the social sciences and from the psychology of explanation to encourage humans to understand, trust,
and effectively manage emerging generations of Al partners [16]. Among the various XAI techniques
reported to date, SHAP is a powerful and widely used technique, which provides a principled and
model-agnostic approach to explain the predictions of machine-learning models. It is based on the
cooperative game theory and the concept of Shapley values, which originated in the field of economics.
SHAP assigns a fair and consistent contribution score to each feature in a prediction, quantifying its
impact on the model’s output. The core idea behind SHAP is the consideration of all possible feature
combinations and computation of the differences in predictions when a specific feature is included
or excluded, thereby capturing its individual effects. By averaging these differences over all possible
combinations, the SHAP values provide a global explanation for the entire dataset. Additionally, SHAP
values can be applied at the individual level, offering local explanations for each prediction, thereby
rendering them highly valuable for understanding model behavior on a case-by-case basis.

3. Materials and Methods

3.1. Study Process

The study process was divided into four phases, as illustrated in Figure 2. Initially, data were
collected from imported food declarations, with a specific focus on seafood products. The second
phase involved data preprocessing, which ensured appropriate data quality and prepared the data
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for model construction. This phase included feature selection for both the categorical and continuous
variables to filter out any unnecessary variables. The third phase split the structured dataset into
training and testing sets. The data were imbalanced; therefore, the minority class was oversampled
before being fitted to the defined model for training. The models were then evaluated, and the better
model was selected to perform explainable Al to determine the importance of the variables.

1. Data Sources 2. Data Preprocessing 3. Model Construction 4. XAl

[ Calculate non-conformity rate ] Feature Selection

~__] ~ ] Find feature importance
- . UI l[ R (s GREeasms ] - Perform Single factor analysis
U- -— © - Understand the model
[ Impute missing values ] =] Perform chi-square test
A
- - :
—] ooy ) —} Testing
Training (80%
—] aining (80%) —] (20%)
Resample data {

Ensemble learning Evaluate model

Cost-sensitive learning
Precision

Figure 2. The whole study process which includes four phases. Machine learning models use in the
study are Decision Tree (DT), Random Forest (RF), Logistic Regression (LR), and the Naive Bayes (NB).

3.2. Data Sources

The primary data source used in this study was an imported food declaration received from the
Ministry of Food and Drug Safety of South Korea [17]. The dataset consists of a comprehensive range
of product information, including dates, import/export companies, detailed product specifications,
import weights, distribution methods, processing results, and inspection types. The received datasets
ranged from 2018 to 2021. The total dataset size was 389,389, with 388,593 and 796 samples in the
non-conform classes, respectively.

3.3. Data Preprocessing

To ensure sufficient data quality and structure for training, the data preprocessing phase was
divided into three essential parts, namely non-conformity rate calculations, feature engineering, and
missing value imputation. Table 1 presents the data attributes and derived metrics resulting from the
non-conformity rate calculations and the feature engineering process. The report receipt dates were
converted into months, weeks, and seasons. Spring ranges from March to May, Summer ranges from
June to August, and Winter ranges from December to February.
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Original Variable Derived Variable Description

Month Represents the year and month

Receipt date when the report was received.
Week Represents the year and week

when the report was received.
Season Spring, Summer, Fall, or Winter.

. Import Shipper The importer.
Import Shipper Import Shipper Failed Ratio The previous failed ratio of the
relevant importer.
Exporting Country The country from which the
. product is being exported.

Exporting Country Continent The continent of the exporting

Exporting Country Failed Ratio

Continent Failed Ratio

country.

The previous failed ratio of the
relevant exporting country.
The previous failed ratio of the
relevant continent.

Overseas Manufacturer

Overseas Manufacturer

Overseas Manufacturer Failed

The foreign company responsible
for producing the goods.
The previous failed ratio of the

Ratio relevant overseas manufacturer.
Exporter The company or party that is
Exporter responsible for exporting the goods
from the originating country.
Exporter Ratio The previous failed ratio of the
relevant exporter.
Major Product Category Major Product Category The major progd(i)c‘:f1 Scategory of the
Major Product Category Failed The previous failed ratio of the
Ratio relevant major product category.
Sub Product Category Sub Product Category The sub-product category of the

Sub Product Category Ratio

goods.
The previous failed ratio of the
relevant sub-product category.

Product Name

Product Name

Product Name Failed Ratio

The specific name or description of
the products being
imported /exported.

The previous failed ratio of the
relevant product name.

Keywords Search product name &
non-conformity keywords.
Total Net Weight Total Net Weight The total net weight of the products
being imported/exported.
Distribution Method Distribution Method The distribution method.
Type of Inspection Type of Inspection The type of inspection conducted

on the products.

Processing Result

Processing Result

The outcome or result of the
inspection of the shipment.

doi:10.20944/preprints202311.1735.v1
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The hit rate of each attribute, including non-conformity, was determined based on a range of
variables, including the import shipper, exporting country, continent, overseas manufacturer, exporter,
major product category, sub-product category, and product name. These attributes were individually
utilized to calculate their respective hit rates, providing valuable insights into the occurrence of
non-conformities and irregularities associated with each specific attribute. The non-conformity rate
(I'T) can be calculated using the following formula:

N(Non-conformities of variable)

N (variable) @

IT(Non-conformities rate of a variable) =

where N(variable) is the total number of instances in which the variable is the same as the
specific value of interest (the value for which the non-conformity rate must be calculated), while
N(Non-conformities of variable) is the number of instances in which the variable is the same as the
specific value of interest, and represents the non-conformities. After completing the calculation and
feature engineering, the missing values were input as zero.

3.4. Model Construction

3.4.1. Feature Selection

The preprocessed data were subjected to a two-stage variable selection process, in which attributes
were designated for inclusion in the model construction. In the first stage, a single-factor analysis
was performed to identify factors that had statistically significant relationships with conformity or
non-conformity during inspections. Different statistical tests were adopted depending on the variable
type. The continuous variables, such as the total net weight, were analyzed using the ANOVA
test, while the remainder of the variables, namely the categorial variables, were analyzed using the
chi-squared test [18].

3.4.2. Spliting of the Data into Training and Testing Datasets

To acquire the optimal models, perform model validation, and evaluate the model performance,
the study data was split into two groups— 80% for training and 20% for testing. After feature
selection was constructed, the historical data used for modeling were divided into the test and training
datasets and were subsequently oversampled to balance the training data as shown in Figure 3. The
main purpose of resampling was to enhance the discriminatory ability of the model rather than to
learn erroneous samples. Moreover, the test dataset deviated from the original data if sampling was
performed before splitting the data. Consequently, the model learned noise from the data, resulting in
inaccurate predictions. The dataset was oversampled using SVM-SMOTE-SVM, and the resampled
training dataset was employed during model training to establish the most suitable model for the
testing dataset and XAl The resampled data for training consisted of 497,425 data points for the
conform class and 248,603 for the non-conform class.
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dataset
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Figure 3. Flowchart for the prediction model.

3.4.3. Modelling

Four types of models, namely, Decision Tree (DT) [19], Random Forest (RF) [20], Logistic
Regression[21], and Naive Bayes (NB)[22], were used to create ensemble models for model training.
Because non-conformity is considered a minority class, this study used cost-sensitive learning that
considers the costs of different misclassifications [23]. Using the balanced method, the class weights
were inversely proportional to the class frequencies in the training dataset. Using class weights,
the model learned to minimize the total cost, not just the number of misclassifications. This can be
beneficial in situations where misclassification costs are unevenly distributed. As mentioned above,
two types of ensemble models were used in this study, namely soft and hard voting models. The
performances of the soft and hard voting models were compared using both the resampled validation
and the test datasets. XAI was then used to check the feature importance of each model (i.e., DT, RF,
LR, and NB).

3.4.4. Model Evaluation

The model effects were measured and validated using a confusion matrix and model predictive
performance indicators to select the optimal model and evaluate its performance. A confusion matrix
was structured using the entries listed in Table 2, and the necessary predictive performance indicators
were calculated using the numbers of true positives (TP), false positives (FP), true negatives (TN), and
false negatives (FN). Predictive performance indicators included the area under the curve (AUC), the
positive predictive value (PPV) (also known as precision), the F1 score, the recall, and the accuracy
(ACR), which are defined in detail below.

Table 2. Definitions of Entry Types in the Confusion Matrix

Entry Type Definition

True Positive (TP)  Predicted inspection result for the product by model classification:
non-conformity; actual inspection result: non-conformity
False Positive (FP)  Predicted inspection result for the product batch by model classification:
non-conformity; actual inspection result: conformity
True Negative (TN)  Predicted inspection result for the product batch by model classification:
conformity; actual inspection result: conformity
False Negative (FN) Predicted inspection result for the product by model classification: conformity;
actual inspection result: non-conformity
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e  The accuracy rate (ACR) evaluates the model’s overall capacity to differentiate between
conformity and non-conformity samples or the ability to accurately classify samples as conformity.
However, owing to the lower proportion of non-conformities in our data, there was an imbalance
in the samples considered herein. Because of its higher capacity for discriminating conformities,
ACR may show bias in predicting conformities. To overcome this problem, the recall and PPV
indicators have received greater attention during the evaluation of model performance. The ACR

can be calculated using (2):
TP+ TN
ACR = 2
¢ TP+ TN+ FP+FN @
e The recall or sensitivity is the proportion of samples correctly labeled as non-conformity out of all

non-conformity samples, as shown in (3):

TP
R ==
ecall N £ TP 3)
®  The positive predictive value (PPV), also known as precision, is the proportion of samples that
the model classifies as non-conformity out of all samples, and is otherwise referred to as the

non-conformity rate. The PPV can be calculated using (4):

TP

PV = ———
PPV TP+ FP

(4)

e The F1 score, defined as the harmonic mean of the recall and PPV indicators, becomes crucial
when dealing with imbalanced data. Higher TP values correlate with higher F1 scores, and the F1
score can be calculated using (5):

_ 2-PPV - Recall

F1= PPV + Recall ©®)

¢  The model’s classification accuracy can be measured from the area under the receiver operating
characteristic (ROC) curve (AUC), wherein a larger AUC denotes a higher accuracy. More
specifically, AUC = 1 represents a great classifier, 0.5 < AUC < 1 represents a model that
outperforms random guessing, AUC = 0.5 represents a model that is similar to random guessing
but lacks classification capacity, and AUC < 0.5 represents a classifier that performs worse than
random guessing. According to the explanation above, recall and AUC scores play an important
role in the model evaluation. The higher scores show that the higher chance model can correctly
identify the non-conformity class.

3.5. Explainable Al

To understand the decisions made by the models, the Shapley approach was employed to
determine features having a larger effect on the model’s prediction of conformity or non-conformity.
Shapley is a widely used interpretability technique that assigns importance values to each feature
based on its impact on the model’s predictions. By analyzing these important values, this study aims to
gain insights into the underlying factors driving the model’s conformity or non-conformity predictions.
In addition, this approach allows researchers to identify potential biases or inconsistencies in the
decision-making process of a model. This study explored all models incorporated into the ensemble
models to determine the common importance features. By comparing the important features across
all ensemble models, this study aimed to identify features that consistently had a significant impact
on the model’s predictions. This analysis provided a more robust understanding of the key factors
driving the decision-making process of the model, whilst also helping validate the reliability of the
ensemble models.
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4. Results

4.1. Comparisions of the Ensemble Model Performance

Four different models, namely NB, DT, RF, and LR models, stacked together with class-weight
cost-sensitive learning, were used to create both hard-voting and soft-voting ensemble models. These
models were applied to forecast the inspection outcome after training and were used to predict the test
data. The testing dataset contained 778,78 points of data consisting of 176 non-conformity classes and
77,702 non-conformity classes. Table 3 lists the performances of the various ensemble models.

Table 3. Performances of the Ensemble Models

Voting Method ACR  Recall PPV F1 AUC TN FP TP FN
Soft Voting 99.35% 75.57% 22.32% 34.46% 87.49% 77,239 463 133 43
Hard Voting 99.69% 44.32% 35.62% 39.49% 72.07% 77,561 141 78 98

With 75.57% of the votes, the soft voting method outperformed the hard voting method (44.32%
of the votes) in terms of the recall score. In addition, soft voting received a higher AUC score of 87.49%,
whereas hard voting only received a score of 72.07%. While soft voting received 99.35% in terms of its
ACR score, hard voting received a slightly higher 99.69%. A similar result was observed for the PPV
score, with hard voting receiving 35.62% of the vote and soft voting receiving 22.32%. Furthermore,
hard voting received a higher F1 score of 39.49% than 34.46% for soft voting. These results indicate
that overall, the soft voting method exhibited a superior performance in terms of the recall and AUC
scores, while the hard voting method outperformed the soft voting method in terms of the ACR, PPV,
and F1 scores. The goal of this study was to determine the best combination of recall and AUC scores
to accurately detect non-conformity data, and based on this goal, soft voting produced superior results
in predicting the inspection results. It therefore appears that soft voting is a suitable approach for
accurately detecting non-conformity data and predicting inspection results with high recall and AUC
scores.

4.2. Identification of the Importance of Features Using XAl

The SHAP values of each model used in the ensemble model were calculated to assess the
significance of the features in model decision-making. Subsequently, the frequently prioritized
attributes that influenced the model classification were identified. However, SHAP values are designed
to work with additive models, such as linear models and tree-based models (e.g., decision trees,
random forests, and gradient boosting machines). As the importance of the various features in these
models is clearly defined, SHAP can provide thorough explanations for each prediction. Meanwhile,
the NB model is a probabilistic classification algorithm built on the Bayes theorem and based on
the assumption of feature independence. The term "naive" describes the belief that each feature is
conditionally independent of the feature assigned a class label [24]. Consequently, different scores
were obtained. Thus, the SHAP values presented in Figure 4a were used to calculate the feature
importance, which corresponds to the DT model. The rank of each feature’s influence on the model
is represented by the feature importance plots shown in Figure 4b and 4d, which correspond to the
RF and LR models, respectively. In addition, the influence-scaled score from each feature and class
is represented by the heatmap produced for the NB model (see Figure 4c). The data presented in
Figure 4 clearly demonstrate that the features with a greater influence on a model’s choice include
the exporting country ratio, the major category, the overseas manufacturer ratio, and the importer
ratio. This suggests that the decision made by the model is more influenced by features with higher
values. Furthermore, the NB model (Figure 4c) shows that the non-conformity decision of the model is
highly dependent on the week and month of the year, the middle category of the product name and its
ratio, the overseas manufacturer and importer, the exporting company, the product name and its ratio,
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and the export country. These factors play crucial roles in determining the non-conformity decisions
made by the NB model. By considering various aspects, such as the week and month of the year, any
potential seasonal variations that may impact product conformity were also considered. Moreover,
factors such as the middle category of the product name and its ratio, overseas manufacturer, importer,
exporting company, product name and its ratio, and the exporting country allow the analysis of the

various dimensions that could contribute to non-conformity.
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Figure 4. SHAP values of the importance feature scores of the various models. (a) Importance features

of the DT model, (b) importance features of the RF model, (c) importance features of the NB model,

and (d) importance features of the LR model.

5. Discussion

In this study, four different models were employed, namely the NB, DT, RE, and LR models,
which were stacked together using class-weight cost-sensitive learning to create both hard voting
and soft voting ensemble models. These models were applied to forecast inspection outcomes after
training, and their performances were evaluated by using the test dataset. Table 3 summarizes the
performance metrics of the models. Among the two ensemble methods, soft voting outperformed hard
voting in terms of the recall score, receiving 75.57% of votes compared to the hard voting method’s
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44.32%. Additionally, the soft voting method achieved a higher AUC score of 87.49%, whereas the
hard voting method obtained a score of 72.07%. However, hard voting achieved better results in terms
of the ACR (99.69%, c.f., 99.35% for soft voting). Similarly, hard voting outperformed soft voting in the
PPV and F1 scores, with scores of 35.62 and 39.49%, respectively; soft voting obtained scores of 22.32
and 34.46%, respectively. These findings suggest that the soft voting method performed better than
the hard voting method in terms of the recall and AUC scores, thereby indicating that the soft voting
ensemble is more effective in correctly identifying non-conformity data and predicting inspection
outcomes. Thus, the soft voting approach may be more suitable in cases where the recall and AUC
scores are more critical than the PPV and ACR scores. To gain insight into the decision-making process
of each model in the ensemble, SHAP values were calculated for all models. Feature importance
analysis using the SHAP values demonstrated that certain features had a significant influence on the
model’s decision-making process. Notably, features such as the exporting country ratio, major product
category, overseas manufacturer ratio, and importer ratio showed greater influence on the model
decisions. These findings suggest that the decision-making processes of these models are affected
considerably by higher feature values. Furthermore, analysis of the NB model revealed that several
features played crucial roles in determining the non-conformity decisions. These influential features
included the week and month of the year, the middle category of the product name and its ratio, the
overseas manufacturer, the importer, the exporting company, the product name and its ratio, and the
exporting country. The consideration of the week and month of the year by the NB model also indicates
its sensitivity to potential seasonal variations that may affect product non-conformity. Moreover, the
consideration of various dimensions, such as the middle category of the product name, the overseas
manufacturer, the importer, the exporting company, the product name, and the exporting country,
provides a comprehensive analysis of the factors contributing to non-conformity decisions.

6. Conclusions

In this study, the significant challenge of the lack of a generalizable machine learning model
for predicting food safety during importing was addressed. The study focused on the prediction of
seafood product import inspection results to identify and understand the critical factors that influence
inspection outcomes. By comparing the performance of an ensemble of machine learning models,
the strengths of multiple algorithms were combined to improve the predictive accuracy and gain
insight into the key factors affecting inspections. Using four different models stacked together along
with class-weight, cost-sensitive learning, both hard- and soft-voting ensemble models were created.
After training and evaluating these models, it was found that the soft voting technique outperformed
the hard voting method in terms of the recall and area under the curve (AUC) scores. The findings
indicated that the soft voting ensemble method produced better performance in correctly identifying
non-conformity data and predicting inspection outcomes when the recall and AUC scores are the most
important. To gain a deeper insight into the decision-making process for each model, the SHapley
Additive exPlanations (SHAP) values were calculated for all models. The analysis revealed that
certain features significantly influenced the decisions made by the models. Furthermore, analysis
of the SHAP values of the Naive Bayes (NB) model provided valuable information regarding the
crucial factors contributing to non-conformity decisions. Thus, by considering various dimensions
and potential seasonal variations, the NB model appeared to provide a more comprehensive analysis
for identifying non-conformity. In the future, feature engineering techniques to create new relevant
features, fine-tune the model hyperparameters, and increase the diversity of the ensemble models
should be explored. Cross-validation techniques can also be used to validate the model performance
and prevent overfitting, whereas data augmentation techniques could be employed to increase the
size and diversity of the training dataset. Furthermore, collaboration with domain experts will
provide valuable insights into feature selection, model design, and interpretation, leading to more
accurate and reliable predictions. Overall, the described step-by-step guide for predicting the results
of seafood product import inspections and the comparative analysis of different ensemble models
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provide valuable resources for policymakers and authorities. The described findings offer acceptable
predictive accuracy and a deeper understanding of the influential factors that could support informed
decision-making and enhance food safety before importing into the market.
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