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underwent stage-specific data quality assessment and preprocessing. A median-based baseline
predictor and three ensemble learning algorithms, HistGradientBoosting, XGBoost, and
LightGBM, were evaluated for regression tasks. All models were trained on a log-transformed
target (loglp), and predictions were back-transformed to working minutes using the inverse

transformation (expm1). To prevent data leakage and better reflect real-world deployment, a year-
based temporal split was adopted, with 2026 records reserved for testing. Model performance was
evaluated using mean absolute error, root mean square error, coefficient of determination,
accuracy, precision, recall, and Fl-score. A single regression model was trained per stage, and
binary labels (normal/slow) were derived by thresholding the predicted durations at a stage-
specific cut-off optimized on the validation set. The results showed that predictive performance
varied substantially across operational stages, with LightGBM achieving the best overall
performance for the Loading Arrival stage, while lower performance in the Transport Entry and
unloading stages suggested the influence of external operational factors not represented in the
available data. For the Loading Arrival stage, LightGBM achieved an MAE of 285.989 working
minutes and an R? 0 0.371 on the test set. Overall, the findings demonstrate that ensemble learning
provides an effective and computationally efficient approach for predicting personnel data entry
durations and supports real-time decision-making, personnel performance monitoring, and process
optimization in data-driven supply chain operations.
This is an open access article under the CC BY-SA 4.0 license.
(https://creativecommons.org/licenses/by-sa/4.0/)

experience. Such approaches identify operational

1. INTRODUCTION

Personnel productivity is a critical determinant of
organizational performance in supply chain and logistics
operations. These operations consist of multiple

problems only after they occur, limiting the ability to
implement proactive interventions and optimize resource
allocation. Furthermore, observation-based performance

. . . . . evaluations may vary across personnel, shifts, and
interdependent stages, including shipment preparation,

transportation planning, loading, and unloading. The
timely completion of each stage is essential for
maintaining operational continuity. Delays at any stage
may propagate throughout the workflow, reducing
operational capacity, increasing costs, and negatively
affecting delivery performance, inventory turnover, and
customer satisfaction.

facilities, reducing the consistency and objectivity of
operational performance assessment.

Recent advances in artificial intelligence and machine
learning have created new opportunities for predictive
analytics in manufacturing and logistics. Machine learning
techniques have been successfully applied to forecasting,
anomaly detection, workforce management, and resource
optimization. Among these techniques, ensemble learning
algorithms have demonstrated strong predictive capability
for complex operational datasets characterized by

Traditional productivity management primarily relies
on historical reports, periodic inspections, and managerial
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nonlinear relationships, heterogeneous features, and noisy
observations. HistGradientBoosting, XGBoost, and
LightGBM have attracted considerable attention because
of their high predictive computational
efficiency, and ability to model large-scale structured data.

Despite these advances, several challenges remain in
predicting personnel performance in real-world supply
chain operations. First, most existing studies focus on a
single operational stage or a single performance indicator,

accuracy,

although different stages exhibit distinct operational
characteristics and variability. Second, many predictive
models are evaluated using randomly partitioned datasets,
which may overestimate predictive performance because
future operational conditions are not adequately
represented. Third, ensemble learning algorithms are often
investigated independently, making objective comparisons
under identical experimental conditions difficult.

The objective of this study is to develop and evaluate a
unified machine learning framework for predicting
personnel data entry durations across six operational
stages of a real-world supply chain organization. The
proposed framework formulates the prediction task as both
a regression problem, estimating actual processing
durations, and a Dbinary problem,
distinguishing normal and slow records.
HistGradientBoosting, XGBoost, and LightGBM are
compared with a median-based baseline using a common
preprocessing pipeline, identical feature sets, and a year-
based temporal data split to ensure a fair and realistic
evaluation. In addition, processing durations are calculated
using working minutes by excluding nonworking periods,
thereby providing a more representative measure of
operational performance.

The proposed framework is intended to support
predictive workforce analytics by enabling early
identification of potential operational delays and providing
objective decision support for personnel performance
evaluation and resource planning. By integrating multiple
operational stages within a consistent experimental
framework, this study contributes to the development of
practical machine learning applications for data-driven
supply chain management.

classification

1.1. Literature Review

Employee productivity has become an important
research topic in recent years. Organizations seek to
improve efficiency, reduce operational costs, and optimize
resource utilization. Traditional productivity assessment
methods observations,
performance reviews, and task completion rates. Although
these methods are widely used, they often provide
retrospective evaluations and limited decision support.
Machine learning offers a more objective and data-driven

mainly rely on supervisor

alternative.

Several studies have applied machine learning

techniques to employee performance prediction. Lather, et
al. [1] used supervised learning algorithms to classify
employee performance into different categories. Their
results showed that Support Vector Machines achieved the
best performance among the evaluated models. The study
demonstrated that employee performance can be predicted
using historical organizational data.

Artificial intelligence has also gained considerable
attention in human resource management. Tambe, et al. [2]
discussed the opportunities and challenges of applying
artificial intelligence in HR processes. The authors
highlighted the potential of predictive analytics for
employee evaluation, talent management, and workforce
planning. Similarly, Palos-Sanchez, et al. [3] reviewed
artificial intelligence applications in human resource
management and reported a growing interest in machine
learning-based decision support systems.

More recently, Uppal, et al. [4] evaluated multiple
machine learning algorithms for employee performance
prediction. Their study compared Random Forest,
XGBoost, LightGBM, AdaBoost, CatBoost, K-Nearest
Neighbors, Decision Trees, and Support Vector Machines.
The results indicated that ensemble learning algorithms
provide highly accurate performance predictions. The
study confirmed the effectiveness of machine learning for
workforce analytics.

Employee productivity prediction has also been
investigated using physiological and behavioral indicators.
Awada, et al. [5] proposed a machine learning framework
that  integrates  physiological,  behavioral, and
psychological features to predict office worker
productivity. Their findings showed that XGBoost
achieved the highest predictive performance. The authors
also reported that psychological variables such as stress,
mood, eustress, and distress significantly
prediction accuracy.

Several studies have focused on psychological state
prediction, which is closely related to productivity.
Koldijk, et al. [6] developed machine learning models to
detect workplace stress using physiological and behavioral
signals. Their models achieved high prediction accuracy.
Shu, et al. [7] used heart rate signals collected from
wearable devices to recognize emotional states. Similarly,
Li, et al. [8] investigated perceived stress and
demonstrated the importance of distinguishing between
positive and negative stress conditions. These studies
indicate that human-related factors can provide valuable
information for productivity prediction.

Labor productivity management has also been
examined from a broader organizational perspective.
Orlova [9] proposed a data-driven labor productivity
management framework based on statistical analysis and
machine learning methods. The study incorporated
demographic, economic, social, and health-related
variables. The results demonstrated that machine learning

improve
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can support managerial decision-making and productivity
improvement strategies.

Machine learning applications have expanded rapidly in
logistics and supply chain management. Nguyen, et al.
[10] reported that data-driven analytics can improve
forecasting, planning, and operational decision-making.
Kannan, et al. [11] emphasized the importance of big data
analytics for logistics optimization and supply chain
performance improvement. Likewise, Riahi, et al. [12]
that intelligence
increasingly used for forecasting, risk assessment, and

showed artificial techniques are
process optimization in supply chain systems.

Another relevant research area is predictive process
monitoring. This field focuses on predicting future process
outcomes using historical event data. Van der Aalst, et al.
[13] demonstrated that process mining techniques can
estimate process completion times from event logs. Maggi,
et al. [14] introduced predictive monitoring methods that
support runtime process prediction. Later, Verenich, et al.
[15] reviewed remaining-time prediction approaches and
highlighted their usefulness for operational decision
support. Since logistics activities consist of sequential
operational stages, predictive process monitoring provides
a strong theoretical basis for productivity prediction.

Ensemble learning algorithms have become particularly
popular for structured operational datasets. Friedman [16]
introduced the Gradient Boosting Machine framework,
which forms the foundation of modern boosting
algorithms. Chen and Guestrin [17] developed XGBoost to

1. DATA COLLECTION 2. WORKING-TIME
CALCULATION

Yo
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improve predictive performance and computational
efficiency. Ke et al. [25] proposed LightGBM, which
reduces training time through histogram-based learning
and leaf-wise tree growth. More recently, Grinsztajn, et al.
[18] showed that tree-based ensemble models frequently
outperform deep learning models on tabular datasets.
These findings support the use of boosting algorithms for
operational prediction problems.

Despite significant progress in workforce analytics and
machine learning, several research gaps remain. Most
existing studies focus on overall employee performance
rather than stage-level operational productivity. Many
studies rely on demographic, behavioral, or psychological
variables instead of operational process data. Furthermore,
productivity prediction is often formulated only as a
classification problem. Studies that simultaneously
investigate regression and classification tasks are limited.
In  addition, business-minute-based  productivity
measurement has received little attention in literature.

To address these limitations, the present study develops
a machine learning framework for stage-level personnel
productivity prediction in supply chain operations. Six
operational stages are modeled separately. Both regression
and classification approaches are evaluated. Business-
minute-based duration calculations are used to obtain
realistic ~ productivity = measurements.  Finally, a
chronological train-validation-test strategy is adopted to
provide a realistic assessment of future predictive

performance.
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Figure 1. Proposed prediction framework
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2. MATERIAL AND METHODS

This section describes the dataset, data preparation
procedures, machine learning models, and evaluation
metrics used in the study. The overall workflow of the
proposed personnel productivity prediction framework is
presented in Figure 1. The workflow consists of data
collection, data preprocessing, dataset partitioning, model
training, and performance evaluation stages.

2.1. Dataset

The dataset used in this study was collected from
operational process records of a logistics organization
between 2022 and 2026. It contains 110,695 unique
shipment records covering different types of logistics
operations. Each record includes timestamps from six
personnel data entry stages throughout the operational
lifecycle of a shipment. This structure enables detailed
monitoring of operational timing. It also allows the
processing time of each stage to be evaluated as an
independent performance indicator.

The target variables in this study are the processing
times between the start and end timestamps of each
operational stage. These durations are calculated using
working time rather than calendar time. Only actual
working hours are included in the calculations. Time
outside working hours is excluded. Therefore, the target
variables are expressed in working minutes. This approach
provides a more realistic measure of operational
performance.

Working minutes were calculated according to the
organization's official working schedule. Working hours
were defined as 08:00-18:00 on weekdays and 08:00—
14:00 on Saturdays. Sundays and all non-working hours
were excluded from the calculations. This approach
ensures that processing times reflect only periods when
personnel were available to work. As a result, the
calculated durations provide a more realistic measure of
operational performance.

This approach avoids misleading delays caused by
calendar time. For example, a process that starts near the
end of the workday on Friday and finishes on Monday
morning appears to have a delay of about 48 hours when
calendar time is used. In contrast, the working-minute
approach counts only the remaining working time on
Friday and the actual working time after the start of
business on Monday. As a result, the same process is
measured as approximately two working hours. This
eliminates artificial delays caused by weekends and non-
working hours. It also allows the model to learn actual
operational performance more accurately.

The productivity metrics examined in this study and
their definitions for the six operational stages are presented
in detail in Table 1.

Table 1. Dataset productivity metrics.

. Definition
Metric Stage (working minutes)
Time to create the
. . . shipment record
shipment_set_min Shipment Entry after the order is
received
Time to create the
transport_set_min Transport Ent transport record
port_set_ p Y after the shipment
record
. Loading Arrival Time to. compl_ete
la_set min the loading-arrival
- - LA)
entry
. Time to complete
Id_set min Loadm(gLDDe)p arture the loading-
departure entry
. Unloading Arrival | 1ime to complete
ua_set_min the unloading-
- = (UA) .
arrival entry
) Unloading Time to complete
ud_set min Departure (UD) the unloading-
P departure entry

2.2. Data Preprocessing

Data preprocessing and quality control were performed
separately for each operational stage. This approach was
adopted because a shipment record may contain missing or
invalid information for one stage while remaining
complete for others. Therefore, records identified as
invalid at a specific stage were excluded only from the
analysis of that stage. They were retained for all other valid
stages. This strategy maximized the number of usable
observations for each target variable and minimized data
loss.

For each operational stage, records with missing start or
end timestamps were removed because processing times
could not be calculated. Records with zero or negative
processing times were also excluded. These values were
mainly caused by data entry errors or inconsistent
timestamps. To reduce the influence of extreme outliers,
records with processing times of 6,000 working minutes or
more were excluded. This threshold corresponds to
approximately 10 working days and was selected to
remove exceptional cases outside normal operations. In
addition, records outside the organization's defined
working hours were excluded. This ensured that the target
variables represented only operations performed during
actual working hours. It also reduced timing bias caused
by non-working periods.

After completing the data quality control and filtering
procedures, the final number of records was determined
for each operational stage.
observations used for each target variable is presented in
detail in Table 2.

The number of wvalid
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Table 2. Data quality summary by stage.

Ove
Non r Out
Missin .. | cap of | Usabl
Stage Total ¢ pOSelth e hour e
6000 s
)
Shipmen | 110,69 20,32 | 63,16
 Entry 5 0 27,013 193 5 7
Transpor | 110,69 1,11 13,66 | 79,41
t Entry 5 0 16,499 4 4 8
Loading
Arrival 11(;’69 1 22,111 624 23§09 64186
(LA)
Loading
Departur “(;’69 3 34,072 | 723 21640 54é48
e (LD)
Unloadin
¢ Arrival 11(?5,69 4 22.861 2,;)4 21§41 64;7
(UA)
Unloadin
g 110,69 2,01 | 20,34 | 56,55
Departur 5 4 31775 4 3 9
e (UD)

2.3. Feature Engineering

A comprehensive feature engineering process was
applied to improve prediction performance and better
represent operational processes. Numerous explanatory
variables were derived from timestamps and operational
records. Only information available at the prediction time
was used for each target variable. This ensured that the
proposed models remained applicable in real-world
operations. It also completely prevented data leakage from
future information.

The generated features included operational and
demographic variables such as the facility where the
operation was performed, the personnel responsible, and
employee seniority. Time-based features were also
extracted from the timestamps. These included the year,
month, day, hour, day of the week, and an indicator
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6000 Median = 420 min
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30000
5000
25000
4000
20000

3000
15000

Record count
Record count

2000 10000

1000 6000

0 0
1000 1500 2000 2500 3000 3500 0

Duration (working minutes)

] 500 500 1000

D) Loading Departure (LD}

6000 7000

5000 6000

4000 5000

3000

Record count
Record count
@ &
g 8
2 8
s 8

2000

3
8

1000 1000

0

0 1000
Duration (working minutes)

2000 3000 4000 0 1000

1500 2000 2500
Duration (working minutes)

E) Unloading Arrival (UA)

2000

Duration (working minutes)

showing whether the operation was performed during
working hours. These variables helped the models capture
seasonal, monthly, weekly, and daily variations in
operational workload.

Additional features were generated from the raw data to
better represent operational processes. These features
included historical performance statistics at both the
facility and personnel levels. All statistics were calculated
using only records completed before the current operation.
They included historical indicators such as mean and
median processing times. This produced dynamic features
that reflected previous operational performance. In
addition, the median processing time of recent operations
was used to represent the current operational pace. The
total number of operations scheduled on the same day was
included to capture daily workload. Processing times from
previous operational stages were also used as input
features for predicting subsequent stages. This enabled the
models to learn temporal dependencies between
consecutive stages.

One of the main design principles of this study was to
avoid using any information that would not be available at
the prediction time. Therefore, all features were generated
exclusively from historical data. No information derived
from future records or target variables was used. This
principle was systematically enforced through automated
verification

validation procedures and code-level

throughout the data preparation process.
2.4. Experimental Design

The distributions of the six productivity metrics are
presented in Figure 2 to illustrate the overall characteristics
of the dataset. The yearly distribution of the records and
the time-based training, validation, and test split used for
model development are shown in Figure 3.

C) Leading Arrival (LA)
6000
5000
4000

3000

Record count

2000
1000

0
3000 3500 0 1000 2000 3000

Duration (working minutes)

4000
F) Unloading Departure (UD)
7000 Madian = 534 min
6000
5000

4000

Record count

3000
2000
1000

0

3000 4000 5000 0 1000 2000 3000

Duration (working minutes)

4000 5000

Figure 2. (a), Shipment Entry; (b), Transport Entry; (c), Loading Arrival; (d), Loading Departure; (¢), Unloading Arrival; and (f),
Unloading Departure.
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20000 | mmmm Train {2022-2024) 19,092

validation (2025) 17675
17500 | mm Test (2026)

13,121

2 10,209

2500 2127

,

2022 2023 2024 2025 2026
‘Year

Figure 3. Year based data split

The dataset was divided into three subsets while
preserving its temporal order. Records from 2022-2024
were used for training, records from 2025 for validation,
and records from 2026 for testing. This time-based split
was adopted to prevent data leakage and to provide a
realistic evaluation of model generalization on future data.

For the classification task, a threshold was determined
for each operational stage by maximizing the F1-score of
the slow class on the validation set. Records above the
threshold were labeled as slow, whereas those below the
threshold were labeled as normal. Since the thresholds
were optimized separately for each stage, the resulting
classes represent relative slowness rather than a fixed
delay duration.

2.5. Baseline and Machine Learning Models
2.5.1. Median Baseline Model

A median baseline is a simple reference predictor that
establishes the minimum level of performance attainable
without learning from the explanatory variables [19].
Rather than modeling the relationship between the input
features and the target, it returns the median of the training
target for every observation. Because it ignores all
explanatory variables, it indicates whether the more
advanced algorithms extract genuine information from the
available features [20]. In this study, the median baseline
was implemented using the scikit-learn DummyRegressor
with the median strategy, and binary labels were obtained
by applying the same stage-specific threshold used for the
other models. Its simplicity, computational efficiency, and
ease of interpretation make it a standard benchmark in
predictive modeling studies.

2.5.2. HistGradientBoosting

HistGradientBoosting is a gradient boosting algorithm
designed to improve the computational efficiency of
conventional gradient boosting methods on large
structured datasets. Instead of evaluating all unique feature
values, the algorithm discretizes continuous variables into
histogram bins before constructing decision trees [21].
This histogram-based learning strategy substantially
reduces memory consumption and training time while
maintaining predictive accuracy. Similar to other gradient
boosting methods, HistGradientBoosting sequentially

builds weak decision trees, with each new tree minimizing
the residual errors produced by the previous ensemble. The
algorithm also incorporates regularization techniques,
including early stopping, to reduce overfitting and improve
model generalization. Owing to its computational
efficiency and scalability, HistGradientBoosting has
become a widely used algorithm for regression and
classification problems involving large tabular datasets
[22].

2.5.3. Extreme Gradient Boosting

Extreme Gradient Boosting (XGBoost) is an optimized
implementation of the gradient boosting framework
developed to improve both predictive performance and
computational efficiency. The algorithm constructs
decision trees sequentially by minimizing an objective
function that combines prediction loss with regularization
terms [23]. Unlike traditional gradient boosting methods,
XGBoost utilizes first- and second-order gradient
information during optimization, enabling more accurate
tree construction and faster convergence [22]. Additional
features such as L1 and L2 regularization, tree pruning,
parallel computation, sparse data handling, and efficient
memory management contribute to its robustness and
scalability. Due to its high predictive accuracy and ability
to model complex nonlinear relationships, XGBoost has
become one of the most widely adopted machine learning
algorithms for structured data analysis [24].

2.5.4. Light Gradient Boosting Machine

Light Gradient Boosting Machine (LightGBM) is an
efficient gradient boosting framework developed for large-
scale machine learning tasks involving structured data.
The algorithm employs histogram-based learning, in
which continuous feature values are discretized into
histogram bins before tree construction. This approach
significantly reduces memory consumption and
computational complexity while maintaining high
predictive performance. Unlike conventional gradient
boosting algorithms that grow trees level by level,
LightGBM adopts a leaf-wise tree growth strategy, where
the leaf with the maximum loss reduction is expanded at
each iteration. This strategy generally improves predictive
accuracy and accelerates model convergence. In addition,
LightGBM incorporates optimization techniques such as
Gradient-based One-Side Sampling (GOSS) and
Exclusive Feature Bundling (EFB), which reduce the
computational burden associated with large datasets and
high-dimensional feature spaces. Owing to its high
efficiency, low memory requirements, and strong
predictive capability, LightGBM has become one of the
most widely used ensemble learning algorithms for
regression and classification problems involving large
tabular datasets [25].

-74 -



Surmen et al., Intelligent Methods in Engineering Sciences 5(2): 69-82, 2026

2.6. Confusion Matrix

The confusion matrix is a fundamental tool for
evaluating the performance of binary -classification
models. It compares the predicted class labels with the true
labels and summarizes the results into four categories. This
provides a detailed assessment of both correct and
incorrect predictions. It also enables a more
comprehensive evaluation than overall accuracy alone by
examining performance for each class separately.

In the confusion matrix, True Positive (TP) represents
the number of positive samples correctly classified as
positive. True Negative (TN) represents the number of
negative samples correctly classified as negative [26].
False Positive (FP) represents the number of negative
samples incorrectly classified as positive, whereas False
Negative (FN) represents the number of positive samples
incorrectly classified as negative [27]. The confusion
matrix forms the basis for calculating performance metrics
such as accuracy, precision, recall, and the Fl-score. In
operational environments, correctly identifying slow
processes is particularly important. Therefore, both false
positive and false negative predictions should be
considered in addition to overall accuracy. For this reason,
the confusion matrix provides a comprehensive
assessment of the strengths and limitations of a
classification model. The general structure of the
confusion matrix, including its four components, is shown
in Figure 4 [28, 29].

Actual

Predicted

Figure 4. Binary classification confusion matrix
2.7. Performance Metrics

Model performance was evaluated separately for the
regression and classification tasks. Regression models
were assessed using Mean Absolute Error (MAE), Root
Mean Squared Error (RMSE), Median Absolute Error
(MedAE), and the coefficient of determination (R?). MAE
was selected as the primary evaluation metric because it
directly measures the average prediction error in working
minutes and is easy to interpret. MAE is defined as the
average absolute difference between the predicted and
actual values, as shown in Equation 1 [30]. RMSE
evaluates model performance by assigning greater

penalties to large prediction errors and is defined in
Equation 2. Median Absolute Error (MedAE) is a robust
measure of prediction error that is less sensitive to outliers
and is defined in Equation 3. The -coefficient of
determination (R?) measures the proportion of variance
explained by the model and is calculated using Equation 4

[31]. i
MAE =%;|yi = il (1)
RMSE = li(:)’i - 9)?
nl, (2)
MedAE = median(|y; — (i) 3)
R*=1- % 4)

In these equations y; denotes the actual value, ¥; the
predicted value, § the mean of the actual values and n the
number of observations. Classification performance was
evaluated using accuracy, precision, recall, and the F1-
score. Accuracy is the proportion of correctly classified
samples among all samples and is defined in Equation (5).
Precision measures the proportion of correctly identified
slow records among all records predicted as slow and is
defined in Equation 6 [32]. Recall measures the proportion
of actual slow records that are correctly identified by the
model and is defined in Equation 7. The F1-score is the
harmonic mean of precision and recall and is calculated
using Equation 8 [33].

| ~ TP +TN
CoUraY =Tp TN + FP + FN 5)
poctsion — TP
reClSlOn—TP+FP (6)
Recall = —0
A= TP T FN )

Precision - Recall

F1=2 (®)

"Precision + Recall

3. EXPERIMENTAL RESULTS

The experimental setup and the obtained results are
presented objectively. The dataset, model architectures,
and evaluation metrics used in this study are described
systematically.

3.1. Experimental Design

All experiments were conducted using the Python
programming language. The scikit-learn, XGBoost, and
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LightGBM
development, training, validation, and performance
evaluation. To ensure a fair comparison among the
evaluated models and to improve the reproducibility of the
experimental results, all experiments were performed
under the same software environment and hardware
configuration. Furthermore, identical data partitioning and
evaluation protocols were applied to all models throughout
the training, validation, and testing stages. The hardware

libraries were employed for model

specifications of the computer used to conduct the
experiments are presented in Table 3.

Table 3. Hardware configuration.

Component Specification
Processor (CPU) AMD Ryzen 5 5600X (6 cores / 12
threads)
Graphics Processing .
Unit (GPU) NVIDIA GeForce RTX 3060 Ti 8 GB
Memory (RAM) 32 GB
Storage SSD
Operating System Windows 11 Pro
Development
Environment Python 3.14.0, Jupyter Notebook
scikit-learn 1.8.0, XGBoost 3.2.0,
Software Libraries LightGBM 4.6.0, pandas 3.0.0, NumPy
2.4.2, matplotlib, seaborn

The model hyperparameters were selected on the
validation set. For the two best-performing candidate
algorithms at each stage, three predefined configurations
were evaluated, and the one achieving the lowest
validation MAE was retained; the selected configurations
are listed in Table 5. All models were trained on a log-
transformed target using log1p, and predictions were back-
transformed to working minutes using expml, which
reduces the influence of the right-skewed duration
distribution. All models were optimized with an L1 (MAE)
objective so that the training loss is consistent with the
primary evaluation metric, and a fixed random seed
(random_state = 42) was used throughout the experiments.
HistGradientBoosting was trained with the absolute error
loss, an upper bound of 800 iterations, a learning rate of
0.06, and early stopping (validation fraction = 0.10,
n_iter no change = 20). XGBoost wused the
reg:absoluteerror objective with an upper bound of 2000
trees and early stopping after 50 rounds, a maximum tree
depth of 6, a learning rate of 0.05, and both subsample and
colsample bytree set to 0.85. LightGBM used the 11
objective with an upper bound of 2000 trees and early
stopping after 50 rounds, 31 leaves, a learning rate of 0.05,
and colsample bytree set to 0.85. All remaining
parameters were left at their library defaults unless
otherwise specified. The complete model configuration is
summarized in Table 4. The approximate training times of
the models for the Loading Arrival (LA) stage are
presented in Table 6. It should be noted that the model
configurations reported in Table 5 were selected according
to validation MAE for the regression task. Classification

performance was evaluated separately using the stage-
specific thresholds, and the models reported in Table 7
were ranked primarily according to the F1-score.
Therefore, the best-performing classification model may
differ from the regression model selected based on MAE.

Table 4. Model configurations

Model Parameter Value
loglp / expml
target transform | (TransformedTargetRegre
ssor)
All models random_state 42
. training-set median
missing values . .
imputation
. . median
Median baseline strategy (DummyRegressor)
loss absolute_error
max_iter 800 (upper bound)
learning_rate 0.06
early_stopping /
HistGradientBoos | validation_fracti
ting on/ True/0.10/20
n_iter no_chang
e
categorical_feat from_dtype
ures
objective ./ reg:absoluteerror / mae
eval metric
2000 (upper bound,
n_estimators early stopping_rounds =
50)
max_depth 6
XGBoost learning_rate 0.05
subsample /
colsample bytre 0.85/0.85
e
tree_method hist
reg lambda 1.0 (library default)
objective 11
1 estimators 2000 (uppe_r bound, early
- stopping = 50)
learning_rate 0.05
LightGBM num_leaves 31
colsample bytre
e
(feature_fraction 0.85
)
reg_lambda 0.0 (library default)

Table 5. Stage-specific configurations selected on the

validation set

Stage Selected model Tuned parameters
Shipment n_estimators 400,
Entry LightGBM num_leaves 15,

learning_rate 0.08
Transport ' n_estimators 400,
Entry LightGBM num_leaves 15,
learning_rate 0.08
Loading . base configuration (no
Arrival (LA) LightGBM tuned variant selected)
Loading n_estimators 600,
Departure LightGBM num_leaves 63,
(LD) learning_rate 0.03
Unloading . n_estimators 600,
Arrival (UA) LightGBM num_leaves 63,
learning_rate 0.03
Unloading
Departure HistGradientBoosting min_samples_leaf 50
(UD)
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Table 6. Model training times for the Loading Arrival stage.

Algorithm Training Time (s)
Median baseline <0.01
HistGradientBoosting 7.95
LightGBM 1.01
XGBoost 4.23

3.2. Classification Performance

Model selection and the classification threshold were
determined exclusively on the validation set (2025). The
validation-set classification results are reported in Table 7,
whereas the regression and classification results on the
independent 2026 test set are presented in Tables 8 and 9,
respectively. The independent test set was not used during
model training or selection. The confusion matrices for the
Loading Arrival stage, which achieved the highest
regression performance, are presented in Figure 5. The test
set for this stage comprised 18,806 samples, including
14,207 normal and 4,599 delayed records. The reference
median baseline correctly classified all 14,207 normal
records but classified all 4,599 delayed records as normal.
The HistGradientBoosting model correctly classified
2,615 delayed records while misclassifying 1,984 delayed
records as normal. The LightGBM model correctly
classified 2,642 delayed records and misclassified 1,957 as
normal, whereas the XGBoost model correctly classified
2,384 delayed records and misclassified 2,215 as normal.
In addition, HistGradientBoosting, XGBoost, and
LightGBM incorrectly classified 298, 1,322, and 362
normal records as delayed, respectively. The numbers of

correct and incorrect classifications shown in the
A) Dummy/Regressor B) HistGradientBoosting
14,207 0 298
4599 0 1984 2615

Predicted Predicted

confusion matrices are consistent with the performance
metrics reported for the test set.

The comparison of classification performance across all
operational stages and models on the validation set is
presented in Figure 6, while the classification metrics of
the best-performing model for each stage are summarised
in Table 7. Accuracy values ranged from 0.681 to 0.889
across all operational stages. The highest accuracy (0.889)
was achieved by LightGBM for the Loading Arrival stage,
whereas the lowest accuracy (0.681) was also obtained by
LightGBM for the Shipment Entry stage. For the Shipment
Entry stage, LightGBM achieved an accuracy of 0.681, a
precision of 0.678, a recall of 0.607, and an F1-score of
0.640. For the Transport Entry stage, LightGBM achieved
the best performance, with an accuracy of 0.858, a
precision of 0.822, a recall of 0.852, and an Fl-score of
0.837. For the Loading Arrival stage, the highest
performance was also achieved by LightGBM, with an
accuracy of 0.889, a precision of 0.803, a recall of 0.605,
and an F1-score of 0.690. For the Loading Departure (LD)
stage, HistGradientBoosting achieved an accuracy of
0.791, a precision of 0.569, a recall of 0.814, and an F1-
score of 0.670. For the Unloading Arrival (UA) stage,
HistGradientBoosting achieved an accuracy of 0.758, a
precision of 0.546, a recall of 0.535, and an F1-score of
0.540, whereas for the Unloading Departure (UD) stage,
the same model achieved an accuracy of 0.775, a precision
of 0.583, a recall of 0.503, and an F1-score of 0.540.
Because the class distribution was imbalanced, precision,
recall, and F1-score are reported alongside accuracy.

C) XGBoost

D) LightGBM

12,885 1322 362
2215 2384 1957 2642

Predicted Predicted

Figure 5. Loading arrival (a) Median baseline; (b) HistGradientBoosting; (c) XGBoost; (d) LightGBM
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Figure 6. Comparison of model performance across stages
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Table 7. Validation classification results operational stages is illustrated in Figure 8.
o F1-
Stage Best Model Accur | Precisi Recall | scor .
acy on e Table 8. Test set regression results (2026)
Shipment . 0.64
Entry LightGBM 0.681 0.678 0.607 0 MAE RMSE MeEdA
Transport | iomGBM | 0858 | 0822 | oss2 | 082 Stage | Bestmodel | (VOKT | VoKL | ong | e
Entry 7 ng ng ng
Loading 0.69 min) min) min)
Arrival LightGBM 0.889 0.803 0.605 ) .
(LA) 0 S}}.lzﬁ?;;m LightGBM 27177 5461.01 132;.01 0138
Loading . .
Departure | LstGradic g 50, 0560 | 0814 | %67 Trg“fp"“ LightGBM 23‘;‘82 502'71 93.966 | 0.028
(LD) ntBoosting 0 - ndlfy
- oading
Unloading 0. i o die 0.54 Arival | LightGBM | 28398 | 64684 1 o9 001 | 0371
Arrival . 0.758 0.546 0.535 LA 9 3
(UA) ntBoosting 0 L( d')
- oading
Unloading | o1 die 0.54 Departur | LightGBM | +3406 | 82835 1 17978 1 60
Departure . 0.775 0.583 0.503 LD 8 2 9
(UD) ntBoosting 0 Uef d)'
nloadin
. . 652.75 1067.0 | 345.74
3.3. Regression Performance g éjﬂ;‘)’al LightGBM 6 06 9 0.024
The results of the regression analysis on the validation Unloadin
. . . g HistGradie | 675.99 1111.0 | 340.49
set are presented in Flgur'e 7 using Mean. Ab.solute Error Departur | ntBoosting 3 27 6 0.015
(MAE) and the coefficient of determination (R?) as e (UD)

performance metrics for the four evaluated models. To
improve the readability of the figure, negative R? values
were displayed as O in the graphical representation;
however, all numerical analyses and performance
comparisons were based on the actual R? values.

The generalization performance of the models on the
temporally held-out 2026 test set was evaluated using the
best-performing model for each operational stage. The
regression results are presented in Table 8, the
corresponding classification results are presented in Table
9, and the distribution of test-set MAE values across the
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Table 9. Test set classification results (2026)

Stage Model Accura | Precisi | Reca | F1-
cy on 1 scor
e
Shipme . 0.61 | 0.69
nt Entry LightGBM 0.752 0.798 5 3
Transpo . 0.80 | 0.83
1t Entry LightGBM 0.800 0.865 3 6
Loading
Arrival LightGBM 0.877 0.879 0‘57 0'569
(LA)
Loading
Departu LightGBM 0.786 0.781 0'638 0'751
re (LD)
Unloadi
ng . 0.33 | 0.42
Arrival LightGBM 0.682 0.565 6 5
(UA)
Unloadi
ng HistGradientBoo 0.37 | 047
Departu sting 0.695 0.639 9 6
re (UD)
700 =
_ 600
é 500
£
£ 400
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Figure 8. Test-set MAE of the best model by stage

As shown in Table 8, the highest coefficient of
determination (R>=0.371) was achieved by LightGBM for
the Loading Arrival stage, where the corresponding test
MAE was 285.989 working minutes. Because the absolute
duration scale differs substantially across operational
stages, the raw MAE values are not directly comparable
between stages. Accordingly, although the Transport Entry
stage achieved the lowest MAE (234.825 working
minutes), its corresponding R? was only 0.028, indicating
limited explanatory power. For the Shipment Entry stage,
LightGBM achieved an MAE of 275.774 working minutes
with an R? of 0.138, whereas for the Loading Departure
stage it achieved an MAE of 434.068 working minutes
with an R? of 0.168. For the Unloading Arrival stage,
LightGBM was the best-performing model, achieving an
MAE of 652.756 working minutes and an R? of 0.024. For
the Unloading Departure stage, HistGradientBoosting
achieved the best performance with an MAE of 675.993
working minutes and an R? of 0.015, representing the
lowest regression performance among all operational
stages.

The classification performance of the same best-
performing models on the 2026 test set is presented in
Table 9. The highest classification accuracy (0.877) was
achieved for the Loading Arrival stage, where LightGBM
also achieved a precision of 0.879, a recall of 0.574, and

an Fl-score of 0.695. In terms of F1-score, however, the
best classification performance was obtained for the
Transport Entry stage (0.836). Classification performance
decreased noticeably for the unloading stages, where the
Unloading Arrival and Unloading Departure stages
achieved F1-scores of 0.422 and 0.476, respectively. This
decline supports the interpretation that delays during the
unloading stages are influenced by external operational
factors that are not represented in the available dataset.

4. DISCUSSION

This
framework to predict personnel data entry times across six

study proposed a machine learning-based
operational stages using transaction records collected from
a real-world supply chain organization. Both regression
and binary classification formulations were investigated,
and HistGradientBoosting, XGBoost, and LightGBM
models were evaluated against a median-based baseline
using a common preprocessing pipeline, identical feature
This
experimental design enabled a fair comparison of different

sets, and a temporal train-validation-test split.

ensemble learning algorithms while preserving the
chronological structure of the operational data.

The experimental results demonstrate that prediction
performance strongly depends on the operational stage.
The highest regression performance was achieved for the
Loading Arrival stage, where LightGBM produced a mean
absolute error of 286.0 working minutes with an R? value
of 0.371, indicating that the processing time at this stage
can be explained comparatively better by the available
operational attributes. Similarly, the loading departure and
shipment creation stages achieved relatively higher
predictive performance with R? values of 0.168 and 0.138.
In contrast, the transportation and unloading stages
exhibited  substantially
determination, implying that a considerable portion of

lower  coefficients  of
their variability originates from external factors not
represented in the available dataset, such as customer
requests, traffic conditions, scheduling decisions, or other
organizational constraints.

The classification experiments further confirmed these
findings. Ensemble learning models consistently
outperformed the baseline approach in stages where
sufficient predictive information existed, while
performance naturally declined in stages characterized by
severe class imbalance and inherently unpredictable

delays. Nevertheless, the obtained results indicate that

binary early-warning systems remain feasible for
operational stages where delays can be reliably
anticipated.

An important contribution of this study is the use of
working minutes instead of calendar time as the prediction
target. By excluding non-working periods such as nights

and weekends, artificial delays unrelated to actual
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operational performance were removed. Consequently, the
models learned genuine workforce processing behavior
rather than organizational calendar effects, leading to more
interpretable and operationally meaningful predictions.

From a practical perspective, the proposed framework is
suitable for real-time decision support applications. If the
estimated processing time exceeds a predefined threshold,
the corresponding operation can be automatically flagged
as slow, enabling proactive intervention by operations
managers before significant delays occur. Furthermore, the
same prediction outputs can be integrated into reporting
dashboards to monitor facility-level and personnel level
performance, identify bottlenecks, and support continuous
process improvement. In practical deployment, these
stage-specific thresholds should not necessarily remain
fixed. As new operational records accumulate, the
thresholds can be periodically recalibrated using a recent
validation window by re-optimizing the Fl-score of the
slow class. Such periodic recalibration would allow the
decision-support system to adapt to changes in workload,
personnel behavior, and operational conditions.

Among the evaluated algorithms, HistGradientBoosting
and LightGBM provided the most favorable balance
between prediction accuracy and computational
efficiency. Their fast training and inference times, together
with their robust predictive performance, make them
attractive candidates for deployment in industrial
computational
response times are important considerations. Overall, the
results demonstrate that ensemble learning methods
constitute an effective and computationally efficient
solution for predicting personnel processing times in real
world logistics operations.

Despite these encouraging results, several limitations
should be acknowledged. The experiments
conducted using data from a single organization, limiting
the direct generalizability of the findings to other
industries or operational settings. In addition, the
independent test set consisted only of records from 2026,
representing a relatively limited temporal evaluation
period. A further limitation concerns the gap between
training and validation performance. Although early
stopping and log-transformed targets were employed to
improve generalization, all operational stages exhibited a
noticeable train—validation performance gap, indicating
that the models partly captured stage-specific noise. This
observation reflects the high variability and limited
predictability of several operational stages rather than a
deficiency of the learning algorithms themselves, and
suggests that stronger regularization or the inclusion of
richer external operational features would be required to
further improve generalization. Finally, stages such as
Shipment Entry, Transport Entry, and the unloading stages
contained highly imbalanced class distributions, which
reduced classification performance and suggested that

environments where resources and

were

alternative approaches, such as cost-sensitive learning,
class-weighted objectives, resampling strategies such as
oversampling or undersampling, anomaly detection, or
survival analysis, may be more suitable for these scenarios.
Future research should investigate the transferability of the
proposed framework using datasets collected from
multiple companies and sectors. Incorporating explainable
artificial intelligence techniques, such as SHAP or LIME,
could improve model transparency and facilitate
managerial interpretation of predictions. Furthermore,
enriching the feature set with external operational

variables  including traffic  conditions, = weather
information, workload indicators, and scheduling
constraints may improve predictive performance,

particularly for the early operational stages. Finally,
evaluating the proposed system through real-world
deployment and measuring its impact on operational
efficiency, delay reduction, and managerial decision-
making would provide valuable evidence of its practical
effectiveness.

5. CONCLUSIONS

This study presented a machine learning framework for
predicting personnel data entry times
operational stages in a supply
organization. The results demonstrated that ensemble
learning algorithms provide effective predictions for
operational stages with sufficient predictive information,

across six

real-world chain

while prediction performance decreases in stages strongly
influenced by external factors. Among the evaluated
models, HistGradientBoosting and LightGBM achieved
the best balance between predictive accuracy and
computational efficiency. Furthermore, calculating target
variables in working minutes rather than calendar time
enabled a more realistic representation of operational
performance. Overall, the proposed framework offers a
practical solution for supporting personnel performance
monitoring, operational planning, and real-time decision-
making in data-driven supply chain management. Future
studies should validate the framework using data from
multiple organizations and investigate the integration of
additional operational variables and explainable artificial
intelligence techniques to further improve prediction
performance and model interpretability.
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  M A E =  1  n   ∑  i = 1  n   |   y  i −     y ˆ  i |
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  P r e c i s i o n =   T P  T P + F P
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