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efficiency in the modern business landscape.

sophisticated algorithms. Integrating these techniques is essential for maintaining competitiveness and

the potential for greater precision in shipping time forecasts by leveraging large datasets and
resilience [5]. Advanced predictive models using machine learning and deep learning techniques offer

supply chain by anticipating delays and allowing for operational adjustments, thus enhancing overall
reliable delivery estimates [4]. Additionally, accurate predictions improve decision-making within the

associated with overstocking or stockouts [3]. They also enhance customer satisfaction by providing

predictions [2]. Accurate predictions help businesses optimize inventory management, reducing costs
driven by globalization and the need for just-in-time delivery, necessitating accurate shipping time

especially in sectors like retail, manufacturing, and healthcare. Modern supply chains are complex,

expectations [1]. Delays can disrupt inventory levels, production schedules, and customer satisfaction,

reliability. Timely delivery is essential for maintaining supply chain continuity and meeting customer
Shipping times are critical in supply chain management, significantly impacting logistics efficiency and
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insights for improving supply chain efficiency.
comprehensive approach to understanding the factors influencing shipping durations, offering valuable

models with SHAP for accurate and interpretable shipping time predictions. The study provides a

Originality value: This research demonstrates the effectiveness of combining ensemble learning
SHAP helps logistics managers optimize processes, resource allocation, and scheduling.

management, reducing costs, and improving customer satisfaction. The interpretability provided by
management systems to provide real-time shipping time estimates and insights, enhancing inventory
Practical Implication: The predictive models developed in this study can be integrated into logistics

applied to significantly different future conditions or new shipping routes not represented in the training
which can affect model performance. Additionally, the models' predictive power may diminish when

Research Limitation: The study's limitations include the quality and completeness of the dataset,
influencing shipping times. Interaction plots highlighted the complex dependencies between features.

and turnaround time thresholds were the most significant featurescharges, processing days,

followed by Random Forest and LightGBM. SHAP analysis revealed that normalized shipment

Findings: The CatBoost model demonstrated the highest accuracy in predicting shipping times,

into feature importance and interactions

(SHapley Additive exPlanations) was used to interpret the best-performing model, providing insights

Design/methodology approach: The research utilizes a dataset comprising 5,114 rows of historical
optimizing logistics operations.
understand the influence of various factors on shipping durations, providing actionable insights for
supply chain management. Additionally, the study seeks to interpret the model's predictions to

learning techniques, specifically ensemble learning models, to enhance accuracy and reliability in
Purpose: This study aims to develop a predictive model for shipping times using advanced machine
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the role of interpretability in improving forecast accuracy and understanding model behavior.
investigated the predictability of asset prices in shipping using a novel hybrid algorithm, underscoring

methods such as LIME and SHAP in providing insights into model decisions. Additionally, [14]
They highlighted the advantages and limitations of various interpretabilityoutages and delays.

interpretability techniques for models trained on time series data, including shipping logs, to predict

providing explanations for their predictions. Similarly, [13] conducted a comparative study on

study emphasized the need for interpretability to ensure the reliability of high-accuracy models by

process data to make predictions about business processes, such as shipment completions. Their
interpretability in predictive process analytics, using machine learning models trained on historical

insights for optimizing shipping processes and mitigating delays. For example, [12] explored
techniques to understand the influence of various factors on model predictions, offering actionable
processes is relatively scant but emerging. Studies have shown the importance of using interpretability

on interpretability in machine learning models for predicting shipping times and related logistics
and correct biases, validate model outputs, and comply with regulatory requirements. Previous work

stakeholders to understand the reasoning behind a model's predictions, making it possible to identify

insights, especially in high-stakes domains like healthcare, finance, and logistics. Interpretability allows
Model interpretability in machine learning is critical for ensuring transparency, trust, and actionable

and enhances competitive advantage.
that machine learning significantly improves delivery date prediction accuracy, reduces manual effort,
receiving a request for an offer, incorporating the desired customer delivery date. Results demonstrate
German manufacturers, it develops a machine learning approach to predict delivery dates upon

delivery times early in the order process for small batch production companies. Using data from two
efficiency across various applications. Additionally, [11] investigates using machine learning to predict
integration of ML in shipping logistics has proven to significantly enhance visibility, predictability, and

Asia and North America, achieving superior results compared to traditional methods. Overall, the
[10] successfully applied a Random Forest algorithm to predict shipping times between Southeast

gas industry by improving job scheduling and reducing costs through precise lead time predictions.

predict shipment ETAs with an 89% accuracy rate. [9] demonstrated the benefits of ML in the oil and

accuracy. Similarly, [8] used multiple regression techniques combined with marine traffic data to
logistic regression and other classifiers to estimate ocean import shipment lead times with high
prediction accuracy and efficiency. For instance, [7] developed a predictive model using multinomial

and meet regulatory requirements. Machine learning has been particularly effective in enhancing
the shift towards more sophisticate machine learning (ML) algorithms to improve operational efficiency
model tests and semi-empirical formulas, as noted in the comparative study by [6], which highlighted

of both traditional methods and machine learning techniques. Traditional methods often relied on tank
The research on predicting shipping times has seen significant advancements through the application

Literature Review

potential applications in supply chain management.
implications, limitations, and future research directions. Finally, Section 6 concludes key findings and

metrics and interpreting the best-performing model with SHAP Tree Explainer. Section 5 discusses the
model selection, training, and evaluation. Section 4 presents the results, highlighting performance
of model interpretability. Section 3 outlines the methodology, including data collection, preprocessing,

predicting shipping times, focusing on statistical and machine learning techniques and the importance
The rest of the paper is organized as follows: Section 2 reviews existing methods and models for

offer actionable insights for optimizing shipping processes and mitigating delays.
we seek to uncover key determinants impacting shipping durations, which will validate the model and

to understand the influence of various factors on shipping times. Employing interpretability techniques,

estimates to their customers. Additionally, a secondary objective is to interpret the model's predictions

enabling logistics companies to better manage their operations and provide more reliable delivery

model that can accurately forecast the time required for shipments to reach their destinations,
historical shipment data. By leveraging advanced machine learning techniques, we aim to create a

The primary objective of this research is to develop a predictive model for shipping times using
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features, and handling outliers to improve data quality. The shipping time target variable
Data processing included one-hot encoding for categorical variables, scaling numerical

Data Preprocessing

Table 1: Data Description

was sent on a weekendipment

turnaround time is within a
Binary indicator if the shipment
cut-off time
shipment was sent within the
Binary indicator of whether the
sent

The month the shipment was
The day the shipment was sent

shipping_time

is_weekend

processing_days_binary

tat_binary

cut_off_time_binary

month
day of week

Target

Timing

selected
shipping_ company

ocean)
Method of shipment (e.g., airshipment mode

Shipping Company

Shipment Mode
freight cost and gross weight
Interaction term combining thefreight_cost_gross_weight
shipment
cros went in kilograms of thegross_weightWeight

gross leid shipment charges 1knormalized_shipment_charges

Total cost of freight (freight_cost*total_freight_cost
Fixed cost per shipmentshipment charges
Cost of transportation per kilogramfreight_costCost and Charges
be shipped
Country to where the goods need todestination_country
to be shipped
Country from where the goods needsource_country
Drop Off Pointdrop_off point
Pick Up Pointpick_up_pointLocation

DescriptionFeature nameType of Feature

shipment records. Each record includes various features as detailed in Table 1.
The dataset used in our experiments was sourced from Kaggle, comprising 5, 114 rows of historical
Data Collection

and the contributions of various factors to each predicted shipping duration.
additive attributes that are then employed to determine the importance of variables for shipping times
optimal model with the best performance is identified, the SHAP approach is utilized to establish
build the predictive model, and the test dataset is used to evaluate the models' performance. Once the
developed based on data partitioning into training and testing datasets. The training dataset is used to
information. The ensemble learning models, particularly those based on boosting, are initially
To begin with, the original shipment dataset is preprocessed by eliminating redundant and erroneous

Methodology
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| 0.761555| 21.44033635.767870 | 5.9755363.613944
0.76589125.5707185.92394935.1667333.860030
R-squaredMAPERMSER

Random Forest

Model

.7659. Random Forest and LightGBM also perform well, with MAE values of 3.61 and 3.83 and R
achieves the highest accuracy in predicting shipping times, with an MAE of 3.86 and an R-squared o

Model Performance

Results

(MAPE), and R-squared (R?)
Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Percentage Error
generalizability and stability. The metrics used include Mean Absolute Error (MAE), Mean

then averaged across all five iterations, providing a more comprehensive evaluation of its
with each fold serving as the validation set exactly once. The model's performance metrics are

remaining four folds are combined to form the training set. This process is repeated five times,
into five equally sized folds. In each iteration, one fold is used as the validation set while the

validation approach during the training phase. This method involves partitioning the dataset

To ensure the robustness and reliability of our predictive model, we employed a 5-fold cross-

Model Training and Evaluation

features in complex models, making them essential for transparent and explainable Al in fields

and local interpretability. SHAP values are particularly useful for identifying the influence of
the final output. This method is based on cooperative game theory and provides both global

value for a particular prediction, SHAP helps to understand the contribution of each feature to
locally accurate explanations for model predictions. By assigning each feature an importance

1.1 SHAP is a powerful interpretability technique in machine learning that provides consistent and

SHAP (SHapley Additive exPlanations)

predictions for shipping times in supply chain management.

complementary strengths of these models, we aim to achieve highly accurate and reliable
providing uncertainty estimates useful for decision-making processes [22]. By leveraging the
need for extensive preprocessing [21]. Finally, NGBoost employs a probabilistic framework,
with large datasets [20]. CatBoost efficiently handles categorical features and reduces the
LightGBM uses a histogram-based algorithm for faster training and better accuracy, especially

boosting with regularization, efficient handling of sparse data, and improved scalability [19].

correcting errors with each iteration using gradient descent [18]. XBoost enhances gradient
helps reduce variance and is suitable for complex data [17]. GBM builds sequential trees,

randomness [16]. Extra Trees incorporate additional randomness in tree construction, which

decision trees, improving accuracy and reducing overfitting through bootstrapping and feature
of categorical data, and providing uncertainty estimates. Random Forest combines multiple

NGBoost·were chosen for their unique strengths, such as robustness to overfitting, handling
Forest, Extra Trees, Gradient Boosting Machine (GBM), XGBoost, LightGBM, CatBoost, and
effectiveness and versatility in handling various regression tasks. These models·Random

In this study, we selected seven ensemble tree models for regression due to their

Model Selection

Over-sampling Technique for Regression with Gaussian Noise) technique [15].

showed a highly imbalanced distribution, addressed using the SMOGN (Synthetic Minority
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Feature value

help optimize logistics operations for more accurate and efficient shipping time predictions.

times. Conversely, the gross weight of the shipment increases the predicted time. These insights can

meeting TAT thresholds, and sending shipments within cut-off times-significantly reduce shipping

operational efficiency factors·such as normalized shipment charges, processing on working days,

prediction of 4.96 days, with the base value representing the average model prediction. Key

The SHAP force plot in Figure 2 (a) details how each feature influences a specific shipping time

the significance of cost-related and operational timing factors in determining shipping times.
('destination_country_in'), still contribute to the model but to a lesser extent. This analysis underscores

mode ('shipment_mode_ocean'), and'shipping_company_sc2'),
(shipping_company_sc3,shipping companiesas specificimpactful features,

time), 'day_of_week' (The day the shipment was sent), and 'total_freight_cost' (Total cost of freight)

include 'cut_off_time_binary' (Binary indicator of whether the shipment was sent within the cut-off
shipment weight and transportation cost in predicting shipping durations. Other important features
shipment) and 'freight_cost' (Cost of transportation per kilogram) further emphasize the role of

'gross_weight' (Gross weight in kilograms of theoperational timing in meeting shipping deadlines.

shipment turnaround time is within a certain threshold) are also crucial, highlighting the importance of

of whether the shipment was processed on a working day) and 'tat binary' (Binary indicator if the
charges), indicating a significant effect on shipping times. 'processing_days_binary' (Binary indicator
predictions. The most influential feature is 'normalized_shipment_charges' (Normalized shipment
The SHAP summary plot shows the impact of various features on the model's output for shipping time

SHAP value (impact on model output)
-10 -5-15

'Low

Figure 1: SHAP summary plots
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on the model's predictions

across all samples. These plots help in understanding which features have the most significant impact
and a detailed feature importance plot that illustrates the distribution of SHAP values for each feature
are generated: a bar plot (shown in Figure 1) that highlights the overall importance of each feature,

trained model to compute SHAP values for the training dataset. Two types of SHAP summary plots
features on the predictions made by a CatBoost model. The SHAP TreeExplainer is employed with the
The analysis utilizes SHAP (SHapley Additive exPlanations) to interpret and visualize the impact of

Interpretation of Results

Table 2: Model Performance

0.739384

0.740433

0.742974

0.758860

24.784378
27.141350
24.930634
20.757644
24.273327

6.252095|39.136199

6.23947339.003233
6.20784138.590532

6.00821836.177137

6.03028236.428714

4.115320
4.015028
4.093316
3.417776
3.836864

NGBoost
XGBoost
Gradient Boosting
Extra Trees
LightGBM
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The interaction plot (shown in Figure 3) highlights how the interplay between specific features.
values for the training dataset, visualizing the combined effects of two features on the model's output.
predictions made by the CatBoost model. The SHAP TreeExplainer computes SHAP interaction
The SHAP interaction plot provides a detailed analysis of how pairs of features jointly influence the

efficient shipping time predictions.

shipment increases it. These insights can help optimize logistics operations for more accurate and
shipments within cut-off times significantly reduce shipping times, while the gross weight of the

like normalized shipment charges, processing on working days, meeting TAT thresholds, and sending
prediction of 4.96 days, with the base value representing the average model prediction. Key factors

The SHAP force plot in Figure 2 (a) shows the contribution of each feature to a specific shipping time

Figure 2: SHAP explanatory force plots
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features on shipping times, enabling targeted interventions to address bottlenecks and inefficiencies.
The interpretability provided by SHAP helps logistics managers understand the impact of various

satisfaction and trust, which are critical in sectors such as retail, manufacturing, and healthcare.

associated with overstocking or stockouts. Furthermore, reliable delivery estimates enhance customer

times with high precision allows businesses to optimize their inventory management, reducing costs
achieve more accurate and interpretable shipping time predictions. The ability to predict shipping

ensemble tree models combined with SHAP (SHapley Additive exPlanations), logistics companies can

The findings of this study have significant implications for improving logistics operations. By leveraging

Implications of Findings

Discussion

processes to reduce delays and improve performance.

between weekday and weekend operations (Figure 3 (f)) underscores the need for efficient weekend
heavier shipments, whereas higher costs lead to more predictable times. Finally, the difference
and gross weight (Figure 3 (e)) shows that lower freight costs increase variability, especially for
kilogram costs result in more consistent shipping times. Similarly, the interplay between freight cost
lower per kilogram costs can lead to higher total costs and varied shipping times, while higher per
(Figure 3 (c)). The relationship between freight cost and total freight cost (Figure 3 (d)) indicates that

shipping times, with ocean shipments inherently slower, stressing the importance of careful planning

emphasizing the need to optimize non-working day processes. Cut-off times are crucial for consistent

shipping times,especially near weekends, cause greater variability and longerworking days,

(a)). The interaction between processing days and day of the week (Figure 3 (b)) shows that non-

consistent SHAP interaction values, highlighting the importance of cost efficiency and weight (Figure 3
time predictions. Higher normalized shipment charges, particularly for heavier shipments, lead to more
The SHAP interaction plots reveal critical insights into how various factors jointly influence shipping

(f)
Figure 3: The SHAP interaction plots
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logistics operations, driving competitive advantage in the industry.
adoption of these advanced predictive tools can lead to more resilient, efficient, and customer-centric
hybrid models to further enhance prediction accuracy and operational efficiency. Ultimately, the

practical implementations should continue to build on these findings, exploring new data sources and
the importance of understanding the underlying factors influencing predictions. Future research and
ever. This study not only demonstrates the efficacy of ensemble learning models but also emphasizes
increasingly complex, the ability to predict and analyze shipping times accurately is more critical than
machine learning models with interpretability techniques in logistics. As global supply chains become

The broader implications of this research highlight the transformative potential of integrating advanced

enabling proactive decision-making and enhanced overall supply chain resilience.

integrated into existing logistics management systems to provide real-time predictions and insights,

adjusting pricing strategies based on shipment weights and costs. Furthermore, the models can be

to pinpoint specific areas for operational improvements, such as optimizing processing schedules and
satisfaction through reliable delivery promises. The interpretability provided by SHAP allows managers
estimates, leading to improved inventory management, cost reductions, and heightened customer

logistics. By implementing these models, logistics companies can enhance their shipping time

The predictive models developed in this study have substantial practical applications in the field of

techniques in logistics.

These findings underscore the robustness and practicality of using advanced machine learning

days, and turnaround time thresholds were identified as significant influencers of shipping times.

teatures on shipping durations. Key determinants such as normalized shipment charges, processing

The models' interpretability, provided by SHAP, revealed critical insights into the impact of various
ensemble tree models, particularly CatBoost, effectively predict shipping times with high accuracy.

methods enhanced with SHAP (SHapley Additive exPlanations). The analysis demonstrated that

This study aimed to develop and interpret predictive models for shipping times using ensemble tree

Conclusion

facilitating further refinement and adoption of the technology.
challenges and benefits of deploying these predictive models in real-world logistics environments,

studies or pilot implementations with industry partners could provide valuable insights into the practical
learning approaches to achieve better predictive accuracy and interpretability. Finally, conducting case

development of hybrid models that combine the strengths of ensemble tree models and other machine
especially in capturing temporal dependencies in shipment data. Another promising direction is the

could potentially enhance the predictive performance,neural networks (RNNs) or transformers,

operations. Additionally, exploring the application of deep learning techniques, such as recurrent
create a more comprehensive model that better reflects the complexities of real-world logistics

the accuracy and robustness of shipping time predictions. Integrating these dynamic factors can help

sources, such as real-time traffic information, weather conditions, and port congestion data, to improve
the model and its applications. One area for further investigation is the incorporation of additional data

Future research should focus on addressing the limitations identified in this study to further enhance
Future Work:

which could lead to oversights in understanding the full context of shipping time predictions.
valuable interpretability, it does not account for potential interactions between unobserved variables,
in scenarios where computational resources are constrained. Furthermore, while SHAP provides

models, which can be resource-intensive to train and deploy. This might limit their practical application

represented in the training data. Another limitation is the computational complexity of ensemble
routes notdiminish when applied to significantly different future conditions or new shipping

Additionally, the models were trained on historical shipment data, and their predictive power may

may still contain inaccuracies or missing values that could affect the results.comprehensive,

of the dataset can significantly influence model performance. The dataset used in this study, although

analyzing shipping times, there are several limitations to consider. First, the quality and completeness
While the study demonstrates the effectiveness of ensemble tree models and SHAP in predicting and

Limitations

strategies, ultimately leading to more resilient and efficient supply chains.
turnaround time thresholds can inform decisions about resource allocation, scheduling, and pricing
For instance, insights into the effects of normalized shipment charges, processing days,
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