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ABSTRACT
Predictive maintenance applies machine learning (ML) to forecast industrial time-to-

failure (TTF), but reliable evaluation is challenged by changing operating conditions, re-
peated failure events, and information leakage. This study develops a leakage-aware TTF
prediction framework using four years of operational and maintenance data (2021–2024)
from an industrial beverage-packaging labelingmachine, including 1,560 operational records
and 479 unplanned failures. Six ML algorithms—Random Forest (RF), Gradient Boosting,
XGBoost, Support Vector Regression, Multi-Layer Perceptron, and CatBoost—were com-
pared with five historical, temporal, persistence, and linear baselines. CatBoost-Cox, using
a Cox survival objective, was also evaluated for relative failure-risk discrimination. Nested
walk-forward validation with event-grouped partitioning and fold-specific preprocessing,
feature selection, and hyperparameter tuning was employed. All ML models outperformed
baselines in RMSE, MAE, and MedAE. RF achieved the lowest mean RMSE (1.8813 days),
MAE (1.0121 days), and MedAE (0.2552 days), while CatBoost achieved the highest mean
𝑅2 (0.6280). However, no significant RMSE differences remained after Holm correction.
CatBoost-Cox achieved a mean concordance index of 0.9155 (SD = 0.0336). Residual, tem-
poral, computational, and sensitivity analyses revealed model-specific trade-offs, emphasiz-
ing leakage-aware temporal validation and application-specific model selection.

Keywords: Beverage packaging; Ensemble learning; Machine learning; Predictive mainte-
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1. Introduction
Manufacturing industries are in-

creasingly challenged by the need to find a
suitable balance between high equipment
reliability, high productivity, and low
downtimes for maintenance purposes. In
high-speed configuration systems, such as
beverage packaging systems, even a small
machinery default can bring considerable
loss and inefficiency in production. This
is the purpose of predictive maintenance
(PdM), which helps anticipate the object
of failure by using data-driven techniques,
which further acts as an agent in the frame-
work of Industry 4.0 [1]. Unlike reactive or
time-based maintenance, ML-enabled PdM
transforms real-time condition information
into actionable maintenance choices.
Therefore, it will rely on the reliability of
prediction models, but also on the trade-
offs of costs concerning the missed failures
and associated false alarms, and eventually
on the initial investment in digitalization.
Therefore, the optimal cost-oriented PdM
frameworks combine the implementation
decisions and maintenance cost structures,
such as the machine learning classification
outputs with ROC-based threshold opti-
mization to achieve an overall minimum
maintenance cost [2].

Recent advances in ML-based pre-
dictive maintenance have greatly enhanced
a substantial number of industrial problem
areas, such as fault detection, early failure
prediction, and decision support aimed at
maintenance decisions across several indus-
trial applications [3, 4]. Ensemble, kernel-
based, and deep learning models, such as
RandomForest, support vector-basedmeth-
ods (SVM/SVR), and deep neural networks,
have shown great ability in capturing non-
linear relationships from sensor-driven in-
dustrial data and supporting real-time mon-
itoring and alerting systems [5, 6]. Further-

more, IoT infrastructure integration sup-
ports data accessibility, ensuring the con-
tinuous monitoring of systems and scal-
ability of data-driven analytics in indus-
trial production systems [7]. All these ad-
vancements eventually concur with moving
from a static maintenance planning scenario
to an adaptive, data-driven decision sup-
port framework, which is designed to better
represent the operational system conditions
that evolve continuously [8].

Despite these advancements, serious
methodological limitations persist. With
many studies, the integration of ML-
based prediction models into broader main-
tenance scheduling or cost-optimization
frameworks exists without systematically
isolating and evaluating their individual
predictive performance. As a result, the
comparative robustness, stability, and gen-
eralization of different ML models across
industrial scenarios are insufficiently ex-
plored [1, 7]. Further differences arise
because of dataset characteristics, met-
rics of evaluation (such as Root Mean
Square Error (RMSE), Mean Absolute Er-
ror (MAE), Mean Absolute Percentage
Error (MAPE), and coefficient of deter-
mination (𝑅2), and conflicting or non-
comparable findings among the studies with
different experimental protocols [2, 6]. The
absence of standardized benchmarks re-
strains the practitioners’ selection of in-
formed data evaluation at the start of pre-
dictive maintenance implementation, espe-
cially for complex continuous production
systems like the beverage packaging line [4,
5].

This research study addresses those
gaps by systematically presenting a com-
parison of classical and ensemble ML mod-
els, including Gradient Boosting, XGBoost,
Random Forests, SVR, and Multi-Layer
Perceptron for predicting the time to fail-
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ure (TTF) in an industrial beverage pack-
aging system. TTF is seen as a continuous,
time-based target variable in the proactive
maintenance task of objective-time estima-
tion of the remaining useful life for equip-
ment in any continuous production environ-
ment. Through the presentation of a com-
mon experimental framework, the use of
multiple complimentary measures to evalu-
ate provided the algorithmic benchmarking
map, which describes all these advantages,
disadvantages, and behavioral characteris-
tics of various machine learning paradigms.
It sets main direction and significance of
the research in the context of the evaluation
of TTF predictive models on real-world in-
dustrial data circumstances, which may lay
down the foundations for theoretical as well
as practical implications in the decision-
making of the best-fit, reliable, and robust
models. The study ultimately paves the way
for the construction of models toward data-
driven reliability engineering and predictive
maintenance in manufacturing systems.

The remainder of this paper is or-
ganized as follows. Section 2 reviews
machine-learning-based predictive mainte-
nance, TTF prediction, and related indus-
trial applications. Section 3 describes the
industrial dataset, feature engineering, pre-
dictive models, nested walk-forward vali-
dation, and evaluation procedures. Section
4 presents predictive performance, tempo-
ral and residual analyses, computational
performance, statistical comparisons, and
sensitivity analysis. Section 5 summarizes
the main findings, limitations, and direc-
tions for future research.

2. Literature Review
2.1 Predictive maintenance in the con-
text of industry 4.0

Predictive maintenance (PdM) is a
core aspect of the Industry 4.0 paradigm,

the models for early failure prediction and,
with respect to the degradation that eventu-
ally existing equipment, and early diagno-
sis of potential failures are feasible through
the incorporation of IoT, machine learn-
ing, and data analytics. The adoption of
traditional reactive and calendar-based pre-
ventive maintenance strategies means man-
aging increasingly complex and data-rich
industrial environments is often too chal-
lenging. The PdM frameworks, therefore,
employ cyber-physical systems and handle
intelligent data fusion for real-time moni-
toring of asset condition and maintenance
scheduling [9].

PdM supports manufacturers in
improving availability and reducing un-
planned downtimes-increasing efficient
reliability performance. An Industry 4.0
system is where new analytical approaches
are integrated into the very workings of
manufacturing, and a characteristic of such
systems is the expected transformation in
the way maintenance as an organization
and service is matured as decision-based
data support that enhances reliability [10].
For an effective application, cleaner data
management is needed for perfect fitting,
and this turns out to be of importance
essentially in businesses such as fast-cycle
production and asset heterogeneity. The
PdM shows the path to good outcomes
because data exchange is necessary in
broad terms between disparate legacy sys-
tems and the existing information systems,
because the problems with capacities and
real-time processing will spoil the benefits
of PdM themselves [11].

2.2 Machine learning approaches for re-
liability and Mean Time Between Fail-
ures (MTBF) prediction

Machine Learning is transforming
reliability engineering, as it finds hidden
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patterns in large industrial datasets with
many variables which would not be cap-
tured by traditional statistical techniques. In
support of data-driven reliability evaluation
and maintenance decision-making across
various industrial sectors [12], some pop-
ular and widely used failure classification
or regression tasks for machine learning in-
clude algorithms such as Random Forest
(RF), Gradient Boosting, and SVM.

Aminzadeh et al. [13] implemented
predictive maintenance for industrial com-
pressors using several sensors supported
by IoT technologies and machine learn-
ing. A regression model was proposed for
live monitoring and threshold alerts to en-
hance the responsiveness of maintenance.
Their findings showed that condition moni-
toring supported by data reduces unplanned
downtime and enhances equipment reliabil-
ity by detecting abnormal operational trends
early. Similarly, Yadav et al. [14] ex-
plain that the XGBoost and LSTM outper-
form the techniques in the prediction of ma-
chine system failures on imbalanced indus-
trial datasets. These models capture nonlin-
ear and temporal degradation. The degra-
dation given cannot be identified by tradi-
tional approaches. Another set of works
provides some ideas about predicting the re-
maining useful life (RUL) that are relevant
in the concept of reliability metrics.

Real-time RUL estimation models in
manufacturing industries have developed to
make a comparison of RF and XGBoost un-
der different preprocessing strategies and
show that data preparation quality influ-
ences performance [15]. In addition, recent
predictive maintenance frameworks inte-
grate gradient boosting algorithms like Cat-
Boost to estimate component wear and op-
erational failure limits [16], while extended
survivalmodels such as Cox regression cap-
ture the complex influence of environmen-

tal and operational covariates on equipment
lifetime [17]. Taken together, these stud-
ies will show that robustness and practical
interpretability are essential for deploying
data-driven models of reliability into indus-
trial operations andmaintenance contexts in
the real world.

2.3 Evaluating machine learning models
in industrial applications

When reliability prediction through
machine learning approaches is considered,
a higher predictive accuracy combined with
real-time responsiveness, interpretability,
and scalability is important. Varalakshmi
and Kumar [18] illustrated that combining
deep reinforcement learning with ensemble
techniques improves real-time fault predic-
tion in Industrial IoT data streams by con-
tinuously adapting policy learning to dy-
namic operating conditions.

The framework of evaluation is cur-
rently more oriented towards the indus-
trial key performance indicators, such as
false-positive rate, latency, and error-based
metrics (e.g., RMSE), along with the
production-oriented measurements. Gar-
cía and Salgado [19] conducted a case
study in a multi-stage manufacturing sys-
tem to demonstrate that a decision-oriented
predictive maintenance framework with
monitoring of the digital behavioral twin
(DBT) could reduce unplanned stoppages
and strategic maintenance adjustments if
failures occurred before the MTTF.

Interpretability is also a significant
challenge. Maintenance engineers have to
come to trust and understand the algorith-
mic recommendations before they integrate
them within scheduling systems. Hence,
themethod of explainable AI (XAI), such as
SHAP and LIME, is methodically launched
to elucidate the variable importance and
model rationales. Moreover, model evalua-
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tion under data drifts, especially when sen-
sor behavior changes owing to process evo-
lution, becomes essential to maintain long-
term accuracy for predictive exercises [20].

Many existing studies aim to evalu-
ate those models under ideal conditions of
the laboratory rather than under real-world
variability in industrial processes, leaving
a gap in how ML models may generalize
across different types of equipment and en-
vironmental contexts.

2.4 Research gaps and future directions
in ML-based TTF prediction for manu-
facturing systems

Even though predictive maintenance
using machine learning has been researched
in literature, there are few researches that
are specific when it comes to predicting the
TTF andMTBF of beverage processing sys-
tems. Overall, packaging machines face
fundamental difficulties such as high rate of
usage, intermittent wearing of components,
endurance tests over several introduction
practices and lots of changes, and dynamic
data acquisition due to these changes. As
a result their learning abilities with respect
to machine learning (ML) are slow. This
means that particular ML frameworks may
be unsuitable for the desired modern manu-
facturing applications.

Future studies should be aimed at
building domain-specific TTF datasets in-
volving sensor fusion through the different
stations during bottling, labeling, and cap-
ping. This marriage of statistical reliability
techniqueswithML can emerge as a class of
hybrids for expressing the uncertainties of
predictions for TTF, which is critically im-
portant in industrial PdM applications [11].

Explainable ML and digital twin
integration further promise boost inter-
pretability and accuracy. For ML to learn
from degradation, digital twins can be uti-

lized to simulate degradation under differ-
ent loads, while transfer or continual learn-
ing helps mitigate data scarcities in bever-
age manufacturing. Trends in data-driven
PdM explained certain challenges, as pre-
sented in [14].

Finally, creating benchmarking
frameworks for TTF forecast will be
beneficial in order to compare models
objectively and progress toward best prac-
tices compliance across the manufacturing
sector, similar to those in RUL research.

3. Research Methods
A systematic and data-driven study

was carried out to compare various ma-
chine learning models applied to the Time-
to-Failure (TTF) prediction of an industrial
beverage packaging system. In the pro-
cess, an experimental perspective was em-
ployed, and supervised regression was fea-
tured as the most successful implementa-
tion. Such supervision was adopted to im-
plement uniform and easy to reproduce pro-
cedures for each category of six method-
ologies: Random Forest (RF), Gradient
Boosting (GB), Extreme Gradient Boost-
ing (XGBoost), Support Vector Regression
(SVR), Multi-Layer Perceptron (MLP), and
Categorical Gradient Boosting (CatBoost).
These six models were evaluated as direct
TTF regression models. In addition, Cat-
Boost was further implemented using a Cox
survival objective, hereafter referred to as
CatBoost-Cox, to provide a complemen-
tary survival-analysis perspective that ex-
plicitly accommodates right-censored ob-
servations and estimates relative failure risk
rather than direct TTF in days. Remaining
operational steps are the acquisition of real-
world manufacturing data, data cleaning
and transformation, model selection with
hyperparameter search, and performance
assessment based on several metrics. Ac-
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cordingly, the six direct regression mod-
els and CatBoost-Cox were evaluated us-
ing model-specific performance criteria ap-
propriate to their different prediction objec-
tives. This framework implies respect of the
need for the development or comparison of
predictive maintenance models in the pres-
ence of historical and repair information.

3.1 Collection, preprocessing, and fea-
ture engineering

The data set that has been employed
in this study was gathered from an in-
dustrial labeling machine operating within
a high-speed beverage bottling and con-
veying system. It includes equipment-
condition records over a four-year period
from 2021 to 2024, encompassing both nor-
mal operating conditions and failure-related
behavior. The raw dataset comprised 1,560
operational records and 479 documented
unplanned failure events. Planned main-
tenance activities and scheduled produc-
tion stoppages were not classified as fail-
ure events. In this study, Time-to-Failure
(TTF) was defined as the time interval
between each observation and the next
recorded unplanned failure.

Each of the 1,560 records represents
one timestamped operational observation of
the labeling machine. Therefore, the 1,560
records should not be interpreted as 1,560
independent failure events. Multiple op-
erational observations could occur before
the same subsequent unplanned failure and
could therefore be associated with the same
future-failure event while having different
Time-to-Failure (TTF) values because their
observation timestamps differed. The TTF
is computed via Eq. (3.1), as follows:

𝑇𝑇𝐹 (𝑖) = 𝑡 𝑓 (𝑖) − 𝑡𝑖 , (3.1)

where 𝑡𝑖 denotes the timestamp of observa-
tion 𝑖, and 𝑡 𝑓 (𝑖) denotes the timestamp of the
next unplanned failure.

TTF, Mean Time Between Fail-
ures (MTBF), and Remaining Useful Life
(RUL) were treated as distinct reliability
concept. In general reliability terminology,
TTF refers to the elapsed or remaining time
associated with failure occurrence, depend-
ing on the specific modeling formulation.
In the present study, the term TTF refers
specifically to the retained operational tar-
get defined above. MTBF represents the av-
erage interval between consecutive failure
events andwas used only as a descriptive re-
liability statistic. RUL generally describes
the estimated remaining operating life of an
asset before a predefined end-of-life condi-
tion and was not used as the prediction tar-
get in this study.

The original TTF target was retained
unchanged for the direct regression models
(RF, GB, XGBoost, SVR, MLP, conven-
tional CatBoost, and reference baselines).
In contrast, CatBoost-Cox used a dedicated
survival representation evaluated in paral-
lel under a Cox partial-likelihood objective.
Completed operating intervals ending in an
unplanned failure were treated as observed
failure events, whereas intervals without a
subsequent failure prior to the study cutoff
were right-censored. Any initial incomplete
interval lacking an observed starting point
was excluded. Eq. (3.2) defines the result-
ing signed survival label used by CatBoost-
Cox, as follows:

𝑦𝐶𝑜𝑥
𝑖 =

{
+𝑑𝑖 , 𝛿𝑖 = 1,
−𝑑𝑖 , 𝛿𝑖 = 0,

(3.2)

where 𝑦𝐶𝑜𝑥
𝑖 denotes the duration of survival

episode 𝑖 and 𝛿𝑖 is the event indicator. Du-
ration is encoded as positive for observed
failures (𝛿𝑖 = 1) and negative for right-
censored intervals (𝛿𝑖 = 0).

This signed survival representation
was used exclusively within the CatBoost-
Cox branch and did not modify the target
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used by the six direct regression models.
Because the operational target was reset at a
recorded failure event, the duration of each
completed survival episode was obtained
from the positive elapsed duration imme-
diately preceding the corresponding failure
record. The first observed failure interval
was excluded from the survival construc-
tion when its complete starting point oc-
curred before the beginning of the available
observation history. Therefore, the Cox
analysis used survival episodes as its ana-
lytical unit rather than the individual opera-
tional records used by the direct regression
models.

The structure of the raw operational
dataset structure is illustrated in Table
1, which shows the main data variables
mined from the factory logs, such as times-
tamp, operational time, downtime duration,
Cleaning in Place (CIP), and the category-
coded symptom descriptors. These vari-
ables are the basis for reliability analysis
and, hence, machine-learning-based TTF
prediction.

Table 1. Raw operational dataset structure.
Variable Type Unit Description

Timestamp Date/Time – Observation
timestamp

Operating time Numeric hour (h)
Machine
operating
duration

Downtime Numeric minute
Duration of
machine
stoppage

CIP Binary 0/1 Cleaning-in-
Place status

Downtime/
Failure Binary 0/1

Occurrence of
an unplanned
failure

Symptom Categorical –
Type of
observed
anomaly

To account for temporal variability
and nonstationary operating conditions, the
dataset was summarized by year. Each
yearly subset was used for descriptive anal-
ysis and year-wise performance assess-
ment. The characters of each year’s data

set, namely the failure events, number of
records, and TTF statistics, are given in Ta-
ble 2. Monthly variations, however, indi-
cate changes in production load, mainte-
nance intervention, and operational stress,
underscoring the need for robust and gener-
alizable models.

The substantial inter-annual variation
in MTBF values reflects changes in pro-
duction load, maintenance interventions,
and operational stress. Although the outer
loop of the nested cross-validation adopts
a walk-forward strategy to preserve tempo-
ral ordering and prevent information leak-
age, the operating conditions of the labeling
machine remain inherently non-stationary
across years. As a result, predictive perfor-
mance may vary under different operating
regimes.

Table 2. Yearly dataset of labelling machine.

Year
Number

of
Records

Number of
Failure
Events

Average
MTBF
(days)

Std.
Dev. of
MTBF
(days)

2021 369 55 6.0 6.0
2022 401 169 1.8 2.6
2023 392 125 2.2 2.4
2024 398 130 3.9 5.3
Total /
Average 1,560 479 3.4 4.1

Standard data cleaning includes ro-
bust date parsing, target variable numeric
conversion, and deletion of invalid records
for data-consistency purposes. Numeri-
cal missing values were replaced by me-
dian filling, while random variables as-
signed constant categories when missing.
Although extreme values were left alone in
the data, they could be representatives of
high-dimension pre-failure signals concern-
ing industrial reliability.

All preprocessing steps after data im-
port, namely, imputation, encoding, and
scaling, were united under a Scikit-learn
pipeline, then cross-fitted with train folds
exclusively inside nested walk-forward val-
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idation to prevent data leakage. This
setup allows guaranteed reproducibility in
full play, with rigorous integrity in tem-
poral considerations regarding the evalu-
ation. According to Table 3, while cat-
egorical variables were one-hot encoded,
with trail categories being ignored in the
encoder, quantitative predictors were stan-
dardized by Z-score normalization to im-
prove numerical stability finally.

Table 3. Data preprocessing and leakage-
prevention strategy.

Step Method Purpose

Missing
values

Median imputation
(numerical),
constant category
(categorical)

Handle incomplete
industrial records

Scaling
#𝑍-score
normalization
(StandardScaler)

Improve numerical
stability

Categorical
encoding

One-hot encoding
(ignore unknown
categories)

Preserve operational
semantics

Outlier
handling

Retained as
potential
pre-failure
signals

Preserve failure-
related information

Feature
election

Mutual information
Top-12 ranking,
Spearman diagnostic
analysis, and iterative
VIF filtering

Reduce redundant
and collinear
predictors within
each training fold

Leakage
prevention

Pipeline re-fitted
per fold (walk-
forward nested CV)

Ensure reproducibility
and prevent
information leakage

To address feature redundancy, fea-
ture selection was performed independently
within each training fold to prevent infor-
mation leakage. First, mutual information
(MI) was calculated between each candi-
date predictor and the training target, and
the 12 highest-ranked nonconstant features
were retained. Spearman correlation was
then used as a diagnostic measure to exam-
ine monotonic associations among the se-
lected candidates. Finally, iterative Vari-
ance Inflation Factor (VIF) analysis was
performed, removing the feature with the
highest VIF until all retained predictors sat-
isfied VIF < 5. Because this procedure was
repeated within each training fold, the se-

lected feature subset was allowed to vary
across folds rather than being fixed through-
out the analysis. The candidate engineered
predictors considered in this fold-specific
selection procedure are summarized in Ta-
ble 4.

These predictors were engineered
from structured operational and main-
tenance records to characterize several
aspects of machine behavior, includ-
ing recent downtime history, time since
previous events, symptom occurrence
and transitions, and short-term operating
trends. Most predictors were derived
from historical observations, whereas
several symptom-related variables incor-
porated information available at the current
observation. These variables therefore
represented the machine condition at the
prediction point rather than information
from future records.

Because the feature-selection proce-
dure was re-estimated within each train-
ing fold, the final predictor subset could
adapt to temporal changes in operating con-
ditions. This approach ensured that feature
ranking, correlation assessment, and mul-
ticollinearity screening were based exclu-
sively on the corresponding training data.

3.2 Machine learning models and
method selection

This study evaluates six widely used
machine learning models for the TTF re-
sults based on the complementary learning
paradigms commonly applied in predictive-
maintenance studies. The models are
RF, GB, XGBoost, SVR, MLP and Cat-
Boost; these models were chosen in a man-
ner to enable the systematic comparison
of ensemble-based, kernel-based, and neu-
ral network approaches under the identi-
cal industrial data conditions. In addi-
tion to conventional CatBoost regression,
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Table 4. Candidate engineered predictors used for fold-specific feature selection.

Feature Operational definition
days_since_last_overhaul Number of ordered observations since the most recent scheduled overhaul indicator
days_since_last_downtime Number of ordered observations since the most recent downtime event
Downtime_Freq_90 Mean downtime-event indicator over the preceding 90 records
Downtime_count_14d Number of downtime events over the preceding 14 records
Downtime_sum_30d Total downtime duration over the preceding 30 records
symptom_count_7d Number of symptom-positive observations over the preceding 7 records
symptom_score_trend Difference between the current and immediately preceding symptom-severity scores
Downtime_trend_7d Linear slope of downtime values over the preceding 7 records

Downtime_volatility Product of the preceding 30-record downtime sum and the rolling
standard deviation of operating time

Downtime_5d_avg Mean downtime duration over the preceding 5 records
downtime_ratio_30d Ratio of preceding 30-record downtime to preceding 30-record operating time
Symptom_Freq_30d Number of symptom-positive observations over the preceding 30 records
Symptom_Freq_30d_ratio Thirty-record symptom frequency divided by 30
Symptom_Co_occurrence Indicator that a symptom was recorded at the current observation

CatBoost was separately trained using a
Cox survival objective. This additional
formulation, termed CatBoost-Cox, was
used to investigate relative failure-risk dis-
crimination while accounting for censored
survival information. Therefore, conven-
tional CatBoost regression and CatBoost-
Cox represent two different learning objec-
tives within the same CatBoost algorithmic
family rather than two unrelated algorithms.

3.2.1 Machine learning models
The six machine-learning models

were selected because they represent differ-
ent mechanisms for learning nonlinear rela-
tionships between operational characteris-
tics and TTF. All six models, including con-
ventional CatBoost, were evaluated as di-
rect regression models. CatBoost was then
additionally formulated using a Cox sur-
vival objective to provide a complementary
survival analysis perspective. Their con-
ceptual modeling structures are illustrated
in Fig. 1.

RF combines multiple decision trees
through bootstrap aggregation to reduce
prediction variance and improve robustness
to noisy data, whereas GB sequentially con-
structs weak learners to reduce prediction
error. XGBoost extends conventional gra-

dient boosting by incorporating regulariza-
tion and optimized tree construction to im-
prove generalization. SVR represents a
kernel-based regression approach capable
ofmodeling nonlinear relationships through
implicit feature transformation and regu-
larization. Conventional CatBoost regres-
sion employs ordered boosting and sym-
metric decision trees and was trained us-
ing an RMSE loss function to produce di-
rect TTF estimates. MLP represents a feed-
forward neural-network approach capable
of learning complex nonlinear relationships
between operational predictors and the tar-
get.

For the additional survival analysis,
CatBoost was trained using the Cox objec-
tive instead of the conventional RMSE ob-
jective. CatBoost-Cox learns a nonlinear
risk function within the Cox proportional-
hazards framework.

ℎ(𝑡 |𝑋) = ℎ0(𝑡) exp [ 𝑓 (𝑥)], (3.3)

where ℎ(𝑡 |𝑋) denotes the hazard condi-
tional on predictor vector 𝑥, ℎ0(𝑡) repre-
sents the unspecified baseline hazard, and
𝑓 (𝑥) represents the nonlinear risk function
learned by the CatBoost ensemble. The for-
mulation in Eq. (3.3) therefore combines
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Fig. 1. Structural and mechanical differences in TTF prediction modeling paradigms.

gradient-boosted decision trees with a semi-
parametric survival objective capable of
incorporating right-censored observations.
Unlike conventional CatBoost regression,
CatBoost-Cox does not produce a TTF pre-
diction expressed in days. Its output is a
relative failure-risk score. Higher scores in-
dicate greater modeled relative failure risk,
whereas lower scores indicate lower mod-
eled relative risk. Consequently, CatBoost-
Cox was evaluated separately from the six
direct regression models using survival-
specific metrics.

Together, these models provide com-
plementary modeling structures for evalu-
ating predictive accuracy, robustness, tem-
poral consistency, and computational per-
formance within the same TTF predic-
tion framework. The additional CatBoost-
Cox formulation extends this framework
by providing a complementary evaluation
of failure-risk discrimination and censored
survival information without replacing the
original CatBoost regression analysis.

3.2.2 Reference baseline models
In addition to the six machine-

learning models, five reference baseline
approaches were included to determine
whether the predictive performance of the
proposed models exceeded that of simpler
historical, temporal, linear, and reliability-
based forecasting methods. The TTF target
followed the definition provided in Section
3.1, and 𝑦𝑖 = 𝑇𝑇𝐹𝑖 denotes the observed
target associated with observation 𝑖.

Because the TTF value of a histori-
cal observation becomes known only after
its associated future failure has occurred,
only observations with fully observed sub-
sequent failure outcomes were considered
eligible for baseline construction. Eq. (3.4)
defines the historical information available
at prediction time 𝑡𝑖 , given by

𝐻𝑖 = { 𝑗 : 𝑡 𝑓 ( 𝑗 ) ≤ 𝑡𝑖}, (3.4)

where 𝑗 is eligible for training, 𝑡 𝑓 ( 𝑗 ) de-
notes the timestamp of the unplanned fail-
ure used to determine the TTF value of ob-
servation 𝑗 . During nested walk-forward
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validation, eligible observations were fur-
ther restricted to the corresponding training
partition to prevent future-label information
from entering the baseline calculations.

1. Historical mean TTF
The Historical Mean TTF baseline
represents the simplest global histor-
ical reference. For each outer vali-
dation fold, the prediction was calcu-
lated as the arithmeticmean of the eli-
gible TTF values available in the cor-
responding training history via Eq.
(3.5), given by

𝑦𝑀𝑒𝑎𝑛
𝑖 =

1

|𝐻𝑡𝑟𝑎𝑖𝑛 |
∑

𝑗∈𝐻𝑡𝑟𝑎𝑖𝑛

𝑦𝑖 , (3.5)

where 𝐻𝑡𝑟𝑎𝑖𝑛 denotes the set of eli-
gible labeled observations within the
training partition.

The resulting value was used as
a constant prediction for the cor-
responding outer-test partition and
was recalculated when the expand-
ing training window was updated.
This baseline provides a basic ref-
erence for determining whether the
machine-learning models can im-
prove upon the long-term historical
average of TTF.

2. Historical median TTF
The Historical Median TTF baseline
was used as a robust alternative to the
historical mean. The prediction was
defined as

𝑦𝑀𝑒𝑎𝑛
𝑖 = 𝑚𝑒𝑑𝑖𝑎𝑛{𝑦 𝑗 : 𝑗 ∈ 𝐻𝑡𝑟𝑎𝑖𝑛}.

(3.6)

As with the Historical Mean baseline
via Eq. (3.6), the estimated value was

held constant throughout the associ-
ated outer-test partition and recalcu-
lated when a new training window
was formed.

Themedian is less sensitive to unusu-
ally large TTF values or extreme fail-
ure intervals and therefore provides a
useful reference when the historical
TTF distribution is skewed or con-
tains extreme observations.

3. Temporal moving mean TTF
The TemporalMovingMean baseline
was designed to represent a simple
adaptive forecast based on recent fail-
ure behavior. Let 𝑊𝑖 ⊆ 𝐻 denote
the set containing up to the 𝐾 most
recent eligible historical TTF obser-
vations available at prediction time 𝑡𝑖
The predicted TTF was calculated as

𝑦𝑇𝑀𝑒𝑎𝑛
𝑖 =

1

|𝑊𝑖 |
∑
𝑗∈𝑊𝑖

𝑦 𝑗 . (3.7)

In contrast to the Historical Mean and
Historical Median, this baseline via
Eq. (3.7) emphasizes more recent ob-
servations and can therefore respond
to temporal changes in failure behav-
ior. The window size 𝐾 should be
specified before outer-test evaluation
or determined exclusively from the
corresponding training data. As new
failure outcomes become fully ob-
served, the available temporal win-
dow can be updated without using fu-
ture information.

This baseline was included to deter-
mine whether recent historical TTF
behavior alone can capture temporal
changes in machine operating condi-
tions without requiring a more com-
plex predictive model.
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4. Previous failure interval
The Previous Failure Interval base-
line represents a simple reliability-
persistence approach based on the du-
ration of the most recently completed
interval between two consecutive un-
planned failures.

Let 𝐹𝑚−1 and 𝐹𝑚 denote the times-
tamps of the two most recent com-
pleted failure events known at predic-
tion time 𝑡𝑖 . The predicted TTF was
defined as

𝑦𝑃𝑟𝑒𝑣𝐼𝑛𝑡𝑖 = 𝐹𝑚 − 𝐹𝑚−1. (3.8)

The interval was measured using the
same time convention as that adopted
for the primary TTF target. The base-
line in Eq. (3.8) tests whether the
most recent completed failure inter-
val can provide useful predictive in-
formation without requiring statisti-
cal learning or feature-based model-
ing. Because it predicts the complete
duration of the previous failure inter-
val rather than the remaining dura-
tion of the current interval, it should
be interpreted as a simple persistence
benchmark rather than as an exact es-
timate of remaining useful life.

5. Linear regression
Linear Regression was included as
a conventional feature-based predic-
tive baseline. Unlike the four preced-
ing baselines, which rely primarily on
historical target information, Linear
Regression uses the operational pre-
dictors to estimate TTF.

Given 𝑝 available predictors, the pre-
dicted TTF for observation 𝑖 was

computed via Eq. (3.9), given by

𝑦𝐿𝑅𝑖 = 𝛽0 +
𝑝∑

𝑘=1

𝛽𝑘𝑋𝑖𝑘 , (3.9)

where 𝑋𝑖𝑘 denotes the value of pre-
dictor 𝑘 for observation 𝑖, 𝛽0 is the es-
timated intercept, and 𝛽𝑘 represents
the estimated regression coefficient
for predictor 𝑘 .

All data-dependent preprocessing,
feature selection, and scaling pro-
cedures for Linear Regression were
performed exclusively using the cor-
responding training data, consistent
with the leakage-prevention strategy
adopted for the machine-learning
models. Linear Regression therefore
provides a conventional learned
benchmark for assessing whether
nonlinear models capture predictive
relationships beyond those repre-
sented by a linear combination of the
operational predictors.

Together, the five baseline ap-
proaches provide complementary
reference levels with increasing
predictive complexity. Histori-
cal Mean and Historical Median
represent global historical bench-
marks, Temporal Moving Mean
provides a time-adaptive reference,
Previous Failure Interval repre-
sents a reliability-based persistence
benchmark, and Linear Regression
provides a conventional feature-
based learned model. Their inclusion
enables the six machine-learning
models to be evaluated not only
against one another but also against
substantially simpler forecasting al-
ternatives under the same temporally
ordered validation framework.
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3.3 Hyperparameter optimization and
validation strategy

All machine-learning models were
trained and assessed via a common and
reproducible experimental protocol, which
ensured fair comparison. A nested walk-
forward validation strategy was adopted to
preserve the chronological structure of the
data and to reduce the risk of information
leakage. The outer validation consisted of
five expanding-window folds and was used
for final model evaluation, whereas three
inner time-series folds were constructed
within each outer-training period for feature
selection and hyperparameter optimization.
Consequently, each outer-test period repre-
sented a later, previously unseen segment
of the data and remained excluded from all
model-development procedures.

The size of the outer-training set pro-
gressively increased as additional historical
observations became available. The num-
bers of training and test records, test hori-
zons, and failure-related observations for
each outer fold are summarized in Table
5. The training set increased from 415
records in Fold 1 to 1,289 records in Fold 5,
while each fold was evaluated on a distinct
subsequent test period. This expanding-
window structure allowed model perfor-
mance to be assessed on temporally unseen
observations while progressively incorpo-
rating additional historical information into
the training set.

Table 5. Outer walk-forward validation struc-
ture.
Outer
Fold TrainStart Train

End
Test
Start

Test
End

1 1/1/2021 11/2/2022 12/2/2022 24/6/2022
2 1/1/2021 24/6/2022 25/6/2022 26/1/2023
3 1/1/2021 26/1/2023 27/1/2023 10/8/2023
4 1/1/2021 10/8/2023 11/8/2023 29/4/2024
5 1/1/2021 29/4/2024 30/4/2024 31/12/2024

To maintain temporal integrity, ob-
servations were partitioned according to

chronological dates so that records from the
same date were not divided between train-
ing and test sets. All data-dependent pro-
cedures, including missing-value imputa-
tion, optional IQR-based treatment of ex-
treme values, mutual-information feature
ranking, VIF-based feature screening, scal-
ing, and hyperparameter optimization, were
estimated exclusively from the correspond-
ing training data.

After model selection within the
inner folds, the complete preprocessing
and modeling pipeline was re-fitted us-
ing the full outer-training set before pre-
dictions were generated for the outer-test
set. Records associated with the same
subsequent failure event were additionally
grouped within the same validation parti-
tion to prevent event-related observations
from being distributed across training and
test sets. No future-event group was shared
between the training and test sets in any
outer fold (SharedFutureEventGroups = 0),
confirming event-level separation through-
out the evaluation. The event identifier was
used solely for partition control and was not
included as a model predictor.

Hyperparameters were optimized us-
ing randomized search within the inner
time-series validation framework, with up
to 30 configurations evaluated per model
and outer fold. When fewer than 30 possi-
ble configurations were available, all con-
figurations were evaluated. RMSE was
used as the optimization criterion, and
a fixed random seed of 42 ensured re-
producibility. The hyperparameter search
spaces are summarized in Table 6.

All experimental modules were con-
ducted on an ASUS TUF Dash F15 model
(Intel Core i7-12650H, 16GB RAM RTX
3050 Ti), with Windows 11, Python 3.11,
Scikit-learn, and XGBoost and CatBoost.
For added consistency in experiments, a

290



S. Kaewpradab and W. Kongkaew | Science & Technology Asia | Vol.31 No.3 July - September 2026

fixed set of random seeds (seed = 42)
was used to ascertain a deterministic repro-
ducibility across all repeated trials. Fur-
thermore, a fixed data split and recorded
training time enhance computational trans-
parency and reproducibility.

Table 6. Hyperparameter tuning settings.
Model Key Hyperparameters

RF

n_estimators (50,100,200), max_depth
(5,7,10, None), min_samples_split (2–5),
min_samples_leaf (1,2,4), max_features
(sqrt, log2)

GB n_estimators (50,100,200), max_depth (3–5),
learning_rate (0.03, 0.05, 0.1)

XGBoost

n_estimators (50,100,200), max_depth (3–7),
learning_rate (0.01, 0.05, 0.1), subsample
(0.8–1.0), reg_lambda (0.1–1.0), colsample_
bytree (0.8, 1.0)

SVR C (0.1–100), 𝜀 (0.01–0.5), kernel (RBF),
𝛾 (0.01–1.0, scale, auto)

MLP
hidden layers (50 to 100–50–25), activation
(ReLU, tanh), learning rate (0.001–0.1),
𝛼 (0.001–0.1), max_iter (1000–2000)

CatBoost
iterations: {100, 200, 400}; depth: {3, 4, 6};
learning_rate:{0.03, 0.05, 0.1}; l2_leaf_reg:
{3, 5, 10}

Although the study was carried out
offline using nested walk-forward valida-
tion, the training design adopted will apply
well in real-world deployments in industrial
environments that expect nonstationarity.
In practical scenarios, the framework could
be enhanced to include sliding-window re-
training combined with drift detection tech-
niques such as AdaptiveWindowing or AD-
WIN, enabling automatic model updates in
response to distribution shifts or prediction
errors, thus preserving the consistency of
time-based data.

3.4 Evaluation metrics, comparative
analysis, and reproducibility

Performance was evaluated by some
complementary metrics that were suitable
for different dimensions of measurement
and prediction of TTF quality. The Root
Mean Square Error (RMSE) and Mean Ab-
solute Error (MAE) are prominent tests for
the accuracy of predictions, with the RMSE
placing more emphasis on large errors, and

the MAE giving an overall view of accu-
racy. Additionally, Median Absolute Error
(MedAE) was used to give a more robust
measure of typical prediction error and also
to pass over very extreme outliers often ap-
pearing in failure data from real industrial
sectors, while the 𝑅2 statistics were used to
assess the descriptive abilities of the regres-
sion coefficient and to quantify the good-
ness of the model fit.

Because CatBoost-Cox produces rel-
ative failure-risk scores rather than direct
TTF predictions, RMSE, MAE, MedAE,
and 𝑅2 were not applied to the Cox formu-
lation. Instead, CatBoost-Cox was evalu-
ated using Harrell’s concordance index (C-
index), which assesses the agreement be-
tween predicted risk ordering and observed
survival ordering while incorporating cen-
sored information.

Statistical uncertainty for CatBoost-
Cox was summarized using the mean and
standard deviation of the five outer-fold C-
index estimates. A 95% confidence interval
was additionally estimated by bootstrap re-
sampling of the fold-level C-index values.
An exploratory one-sidedWilcoxon signed-
rank test was performed against a reference
C-index of 0.50. Because only five outer-
fold estimates were available and the ex-
panding training windows overlapped tem-
porally, this hypothesis test was treated as
supplementary rather than as definitive in-
ferential evidence.

The comparative analysis sought to
assess trade-offs among accuracy, robust-
ness, and generalization capability across
models. This would provide the error dis-
tribution analysis as well as perform statis-
tical tests to prove if the systemic causes
of the studied performance differences re-
sulted from random variations. The model
was also subjected to additional treatment
beyond sensitivity analysis under differ-
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ent data conditions with regard to indus-
trial beverage packaging solutions, which
usually work in nonstationary ways. To
ensure the transparency and reproducibil-
ity of the study, the standard ML eval-
uation approaches, such as all the steps
of pre-processing, hyperparameter tuning,
and validation procedures, are explicitly
explained. All experiments have been
conducted with the identical data partition
and subject to predefined random num-
ber seeds. Wherever suitable, anonymized
training data or model configurations are
made available to enable potential replica-
tion and benchmarking efforts. This en-
abled the development of the frame for a
simple contrast of the TTF forecast models,
ensuring realism and practicality of the re-
sults made visible.

4. Computational Results
This section reports and interprets

the computational results obtained from
the comparative evaluation of six machine
learning models: RF, GB, XGBoost, SVR,
MLP and CatBoost, for predicting TTF in
an industrial beverage packaging system.
These six models were evaluated as di-
rect regression models using RMSE, MAE,
MedAE, and 𝑅2. In addition, CatBoost
was separately implemented using a Cox
survival objective (CatBoost-Cox) to pro-
vide a complementary evaluation of rel-
ative failure-risk discrimination while ac-
counting for right-censored observations.
CatBoost-Cox was therefore evaluated sep-
arately using the concordance index (C-
index) rather than direct TTF prediction-
error metrics. This checks predictive effi-
ciency, how the model deal with the vari-
ability in the data, error behavior, survival-
risk discrimination, and the computational
feasibility. Because CatBoost regression
and CatBoost-Cox address different predic-

tion objectives, their results are interpreted
separately rather than directly compared us-
ing the same performance metric. This
work intends to provide an exhaustive set of
qualitative and quantitative assessments of
the model behavior in the face of industrial
conditions.

4.1 Overall predictive performance
across machine learning models

The first set of experiments investi-
gates the predictive accuracies of the six
machine-learning models using four evalu-
ation metrics: RMSE, MAE, MedAE, and
𝑅2. The reported results represent the
mean performance obtained from the un-
seen outer-test partitions of the nested walk-
forward validation procedure and are sum-
marized in Table 7. The results indicate ob-
servable differences in metric-specific pre-
dictive behavior among the evaluated mod-
els rather than clear dominance of a single
algorithm. Ensemble-based models gener-
ally achieved lower prediction errors, while
the kernel-based and neural-network mod-
els remained competitive under the same
evaluation framework.

Among the machine-learning mod-
els, Random Forest achieved the lowest
mean RMSE (1.8813 days), MAE (1.0121
days), and MedAE (0.2552 days), indi-
cating consistently low prediction errors
across the evaluated metrics. CatBoost pro-
duced the highest mean 𝑅2 value (0.6280),
followed closely by GB (0.6237) and RF
(0.6221). GB, SVR, CatBoost, and XG-
Boost also showed mean RMSE values
close to that of RF, ranging from 1.8900 to
1.9170 days. MLP produced a higher mean
RMSE of 2.2157 days and a lower mean 𝑅2

of 0.3059, indicating comparatively weaker
predictive performance under the same val-
idation procedure.

The comparison with the reference
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Table 7. . Predictive performance comparison
of TTF models.

Model RMSE
(days) MAE (days) MedAE 𝑅2

RF 1.881 1.012 0.255 0.622
GB 1.890 1.049 0.356 0.624
XGBoost 1.917 1.039 0.278 0.600
SVR 1.892 1.135 0.469 0.575
MLP 2.216 1.343 0.580 0.306
CatBoost 1.900 1.067 0.364 0.628
Linear
Regression 2.406 1.729 1.234 0.211

Temporal
Mean 3.449 2.425 2.007 -0.122

Historical
Median 3.479 2.456 2.200 -0.256

Historical
Mean 4.125 3.458 3.506 -1.514

Previous
Failure
Interval

4.787 3.690 3.200 -0.996

approaches further demonstrates the value
of the machine-learning models. All
six machine-learning methods achieved
lower mean RMSE and MAE values than
the five reference approaches. Among
the reference methods, Linear Regression
showed the lowest mean RMSE at 2.4059
days, whereas the historical baselines pro-
duced considerably larger mean errors,
with RMSE values ranging from 3.4489
to 4.7873 days. These results indicate
that the predictive patterns captured by the
machine-learning models could not be re-
produced by simple historical averages, the
most recent completed failure interval, or a
conventional linear regression model.

Despite these differences, the mean
RMSE values of RF, GB, SVR, CatBoost,
and XGBoost were relatively close. There-
fore, the numerical differences observed in
Table 7 should not by themselves be in-
terpreted as evidence that one machine-
learning model is definitively superior to
the others. As examined further in Section
4.6, pairwise statistical comparisons across
the outer validation folds showed no statis-
tically significant differences after adjust-
ment for multiple comparisons. Accord-
ingly, the results are better interpreted as re-

flecting differences in model-specific pre-
dictive behavior rather than a clear statisti-
cal dominance of a single algorithm.

4.2 Complementary CatBoost-Cox sur-
vival analysis

In addition to conventional CatBoost
regression, CatBoost was evaluated using a
Cox survival objective. Unlike the six di-
rect regression models, CatBoost-Cox does
not predict TTF directly in days. Instead,
the model produces a relative failure-risk
score, and its predictive discrimination was
therefore assessed using Harrell’s C-index.
The overall CatBoost-Cox results are sum-
marized separately in Table 8.

Table 8. Summary of CatBoost-Cox survival-
model performance.

Measure Result
Mean C-index 0.9155
SD of C-index 0.0336
95% bootstrap CI 0.8889–0.9410
Valid outer folds 5
Survival episodes 202
Observed events 201
Right-censored episodes 1

CatBoost-Cox achieved a mean C-
index of 0.9155 with a standard deviation
of 0.0336 across the five outer validation
folds. Numerically, this represents a high
level of concordance between predicted
relative-risk ordering and observed survival
ordering in the evaluated data. However,
this result should not be compared nu-
merically with the RMSE, MAE, MedAE,
or 𝑅2 values reported in Table 7 because
these metrics represent fundamentally dif-
ferent prediction objectives. The CatBoost-
Cox dataset contained 202 eligible survival
episodes, of which 201 corresponded to ob-
served failure events and one was right-
censored. Therefore, although the Cox
objective explicitly allows censored obser-
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vations to contribute to model estimation,
censoring was very limited in the present
dataset. The resulting C-index should con-
sequently be interpreted primarily as evi-
dence of relative risk-ranking performance
within the available episodes rather than as
extensive validation under highly censored
conditions.

4.3 Robustness and generalization un-
der cross-validation

On the training data, nested cross-
validation was used to evaluate the sensitiv-
ity of the models to data partitioning. Fig. 2
depicts the range of RMSE values of each of
the compared ML models, revealing differ-
ences in their robustness and generalization
performance obtained in different (nested)
cross-validation splits. The RMSE results
are shown in Table 9.

Fig. 2. RMSE distributions across the five outer
walk-forward validation folds.

Table 9. Cross-validation RMSE statistics.

Model Mean RMSE Std.Dev.
RF 1.8813 0.8747
GB 1.8900 0.9053
XGBoost 1.9170 0.9100
SVR 1.8920 0.7937
MLP 2.2157 0.7737
CatBoost 1.9004 0.9018

As shown in Table 9, RF achieved
the lowest mean RMSE (1.8813 days), fol-
lowed closely by GB (1.8900 days), SVR
(1.8920 days), CatBoost (1.9004 days), and

XGBoost (1.9170 days). MLP exhibited
the lowest across-fold variability (SD =
0.7737 days), followed by SVR (0.7937
days), but had the highest mean RMSE
(2.2157 days). GB, CatBoost, and XG-
Boost showed slightly greater variability
(SD = 0.9053, 0.9018, and 0.9100 days, re-
spectively). RF achieved the lowest RMSE
in Folds 1 and 5, while CatBoost, XGBoost,
and SVR performed best in Folds 2, 3, and
4, respectively. Overall, no model con-
sistently achieved the lowest error across
all temporal folds, and differences in mean
RMSE among RF, GB, SVR, CatBoost, and
XGBoost were small.

To briefly illustrate the temporal gen-
eralization behavior of the models, Fig. 3
compares the observed and predicted TTF
values obtained from RF and GB across the
outer walk-forward test periods. These two
models were selected for visualization be-
cause RF achieved the lowest mean RMSE,
whereas GB achieved a closely compara-
ble mean RMSE and represented a gradient-
boosting approach for comparison with RF.

Both models generally followed the
temporal changes in the observed TTF val-
ues, particularly during periods with rela-
tively short TTF. However, larger predic-
tion errors were observed at several high-
TTF peaks, where both RF and SVR tended
to underestimate the magnitude of the ob-
served values. SVR also produced several
slightly negative predictions during low-
TTF periods, whereas RF predictions re-
mained non-negative. These deviations in-
dicate that prediction difficulty varied over
time and became more pronounced during
periods of relatively high TTF. Under the
nested walk-forward validation framework,
the 2021 observations were used only as
training/history data; therefore, no outer-
test predictions were available for that year.
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Fig. 3. True vs. predicted TTF for Random Forest and SVR: nested cross-validation results.

The shaded regions from 2022 onward in-
dicate the periods in which out-of-sample
outer-test predictions were available. Fig. 3
therefore illustrates the temporal prediction
behavior of RF and SVR across the avail-
able outer-test periods rather than demon-
strating a clear advantage of onemodel over

the other.
To further examine changes in pre-

dictive performance over time, the outer-
test predictions were grouped by calendar
year. This year-wise analysis was used as
a descriptive assessment of temporal vari-
ation and was not treated as an additional
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validation procedure. Because no outer-
test predictions were available for 2021, the
year-wise predictive evaluation was con-
ducted only for the calendar years contain-
ing out-of-sample predictions.

Table 10 explores predictive perfor-
mance across successive annual periods
in which different descriptive MTBF lev-
els were observed. The results reveal
clear temporal variability across all mod-
els. In 2022, with anMTBF of 2.3459 days,
RMSE values ranged from 1.8239 to 2.6732
days. CatBoost achieved the lowest RMSE
during this period, whereas MLP showed
the highest prediction error.

In 2023, prediction errors decreased
across all models, with RMSE values rang-
ing from 1.2508 to 1.4621 days, while
the MTBF increased to 3.0500 days. RF
achieved the lowest RMSE in this pe-
riod. In 2024, prediction errors increased
again, ranging from 2.6862 to 2.9430 days,
although the MTBF remained similar at
3.0783 days. SVR achieved the lowest
RMSE in 2024. The similar MTBF val-
ues observed in 2023 and 2024, despite sub-
stantially different RMSE levels, indicate
that prediction error cannot be explained by
MTBF alone.

Importantly, the relative performance
of the models also changed across the an-
nual periods. CatBoost achieved the low-
est RMSE in 2022, RF in 2023, and SVR in
2024, indicating that no single model con-
sistently achieved the lowest prediction er-
ror across all years. These findings demon-
strate temporal variation in predictive be-
havior and show that aggregate cross-
validation results may obscure performance
differences occurring during specific oper-
ating periods. Therefore, time-structured
evaluation is important when assessing TTF
prediction models under changing manu-
facturing conditions.

Although nested walk-forward vali-
dation preserves the chronological structure
of the data and evaluates the models on
later unseen observations, it does not auto-
matically adapt to future changes in oper-
ating conditions. Adaptive retraining and
drift-detection approaches, such as sliding-
window updating or ADWIN, may there-
fore be investigated in future work to sup-
port model stability under evolving manu-
facturing environments.

4.4 Error distribution and bias analysis
While overall predictive perfor-

mance can be summarized using aggregate
evaluation metrics, residual analysis pro-
vides additional insight into the direction
and variability of prediction errors. Fig.
4 presents the residual distributions of the
six machine-learning models. Most models
showed residuals concentrated around zero,
although extended tails were observed,
indicating that relatively large prediction
errors occurred for a smaller number of
observations. Tree-based models generally
exhibited residual distributions centered
near zero, while SVR and MLP showed
noticeable dispersion. These patterns
suggest differences in error variability
rather than strong evidence of a consistent
systematic bias across the entire dataset. In
practical maintenance applications, under-
prediction may nevertheless be important
because consistently conservative TTF
estimates could lead to earlier maintenance
intervention than necessary.

Most residuals were concentrated
near zero, although extended tails were
observed for all models. RF and GB
showed relatively concentrated residual dis-
tributions, while XGBoost and CatBoost
exhibited broadly similar patterns. SVR
and MLP also showed residuals centered
near zero but with noticeable dispersion.
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Table 10. Year-wise test performance.

Year RMSE on the method MT BF
RF GB XGBoost SVR MLP CatBoost

2022 1.9463 1.9182 2.362 2.0375 2.6732 1.8239 2.3459
2023 1.2508 1.3811 1.3324 1.3486 1.3358 1.4621 3.0500
2024 2.8936 2.9015 2.9024 2.6862 2.8161 2.9430 3.0783

Fig. 4. Residual distributions of TTF prediction
models.

Positive residuals indicate underprediction,
whereas negative residuals indicate over-
prediction.

Both RF and GB exhibited relatively
narrow and concentrated residual distri-
butions, while XGBoost also showed a
comparatively concentrated error pattern.
Quantile-based error assessment showed
that RF achieved the lowest median ab-
solute error (MedAE = 0.2552 days), fol-
lowed by XGBoost (MedAE = 0.2779
days). RF also achieved the lowest mean

RMSE (1.8813 days) and MAE (1.0121
days). GB, SVR, CatBoost, and XGBoost
produced similar mean RMSE values of
1.8900, 1.8920, 1.9004, and 1.9170 days,
respectively. These results indicate differ-
ences in the central error and spread of the
predictions rather than a clear advantage of
a single model across all aspects of perfor-
mance.

Negative predictions were also ex-
amined because negative TTF estimates are
not physically meaningful in an operational
maintenance context. RF produced no neg-
ative predictions, whereas GB, XGBoost,
SVR, MLP, and CatBoost produced 154,
120, 163, 158, and 163 negative predic-
tions, respectively. These values were re-
tained in their original form and were not
truncated to zero before calculating the pri-
mary performance metrics, thereby avoid-
ing artificial improvement of the reported
prediction accuracy. Their occurrence was
instead reported separately as an opera-
tional limitation of the corresponding mod-
els.

In order to assess the potential fi-
nancial impact of conservative TTF under-
prediction, the economic evaluation on an
hourly basis was employed to appraise the
potential cost associated with an unneces-
sarily early maintenance action. The anal-
ysis assumed an hourly production value
of approximately 2.88 million THB (Thai
Baht), representing the production value
under full-capacity operation. Preventive
maintenance costs included an average la-
bor cost of 250 THB per hour (h), while rep-
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resentative individual spare-part costs were
90,000 THB, 6,500 THB, and 1,200 THB,
respectively. These figures were derived
from plant operating information and pre-
vailing market estimates and were applied
as illustrative economic inputs to evaluate
the potential consequences of conservative
TTF underprediction. Preventive mainte-
nance cost per hour is first given by

𝐶𝑃𝑀 = 𝐶𝑙𝑎𝑏𝑜𝑟 +
𝐶𝑠𝑝𝑎𝑟𝑒

𝑡𝑃𝑀
, (4.1)

where 𝐶𝑙𝑎𝑏𝑜𝑟 is the hourly labor cost,
𝐶𝑠𝑝𝑎𝑟𝑒 is the spare-part cost per mainte-
nance action while 𝑡𝑃𝑀 stands for the dura-
tion of the preventive maintenance in hours.
The production value per hour, then, is ex-
pressed as

𝐶𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 = 𝑃 × 𝑅, (4.2)

where 𝑃 is the selling price per unit and 𝑅 is
the production rate (units/h). By using Eqs.
(4.1)-(4.2), the total hourly excess cost as-
sociated with an unnecessary maintenance
intervention can be written as:

𝐶𝐸𝑥𝑐𝑒𝑠𝑠 = 𝐶𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 + 𝐶𝑃𝑀 . (4.3)

Eq. (4.3) therefore combines the direct pre-
ventive maintenance cost with the opportu-
nity cost associated with production inter-
ruption. The illustrative hourly economic
impact of SVR underprediction is summa-
rized in Table 11. The table presents three
representative scenarios in which an un-
derestimated TTF value could potentially
trigger preventive maintenance earlier than
necessary.

Across the three representative sce-
narios, the largest component of the esti-
mated excess hourly cost was the opportu-
nity cost associated with production inter-
ruption under full-capacity operation. In
the high-value spare-component scenario,

the combined effects of preventive mainte-
nance and production interruption resulted
in an estimated excess cost of approxi-
mately 2.93 million THB per hour. In the
other cases, the estimated excess hourly
costs remained above 2.88 million THB per
hour, even though the spare-part costs in
Cases 2 and 3 were substantially lower.
Under the stated assumptions, this indi-
cates that the production opportunity cost
contributed more strongly to the total eco-
nomic estimate than the directmaintenance-
material cost.

The findings illustrate that TTF un-
derprediction may have important opera-
tional consequences when model outputs
are used to support maintenance timing de-
cisions. Conservative TTF estimates could
potentially lead to maintenance being initi-
ated earlier than necessary, thereby increas-
ing both direct maintenance costs and pro-
duction opportunity losses. Consequently,
underprediction behavior, particularly at
relatively high TTF values, should be con-
sidered together with standard predictive-
performance measures when evaluating
predictive maintenance models for real-
world decision support.

In operational terms, the estimated
opportunity cost of approximately 2.9 mil-
lion THB per hour illustrates the poten-
tial economic exposure associated with an
unnecessary production interruption under
full-capacity operation. Reducing TTF un-
derprediction may therefore help reduce the
likelihood of premature maintenance in-
terventions and the associated opportunity
losses. However, the actual economic ben-
efit would depend on the duration of the
avoided interruption, prevailing production
conditions, and the maintenance decision
rule applied in practice.
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Table 11. Economic impact of SVR underprediction on preventive maintenance (hourly basis).

Case Observed TTF
(day)

SVR-Estimated
TTF (day)

Spare
Part Type

Spare Part
Price (THB)

PM Cost
(THB/h)

Excess Cost
(THB/h)

1 22.00 15.36 A 90,000 54,250 2,934,250
2 26.00 15.07 B 1,200 1,358 2,881,358
3 28.00 14.73 C 6,500 3,829 2,883,829

4.5 Computational efficiency and prac-
tical deployability

Apart from predictive performance,
we assessed computational efficiency as ap-
propriate for real-world use. Table 12 dis-
plays average training time and prediction
time per instance for models. All computa-
tional benchmarks were recorded using the
hardware environment specified in Section
3.3 to ensure consistency and comparability
across the models.

Table 12. Model efficiency comparison.

Model Training Time
(s)

Prediction Time
(ms*)

SVR 2.664 0.011
XGBoost 3.091 0.004
GB 7.322 0.004
RF 8.595 0.009
CatBoost 12.029 0.004
MLP 25.868 0.010
* ms denotes milliseconds (10−3 seconds).

Among the six machine-learning
models, SVR showed the shortest mean fit-
ting time at 2.644 s, followed by XGBoost
at 3.091 s and GB at 7.323 s. RF required
8.595 s, CatBoost required 12.030 s, and
MLP showed the longest mean fitting time
at 25.869 s. In terms of prediction effi-
ciency, GB showed the lowest mean outer-
test batch prediction time at 3.735 ms, fol-
lowed closely by XGBoost at 4.064 ms and
CatBoost at 4.280 ms. RF, MLP, and SVR
required 9.291, 10.580, and 10.777 ms, re-
spectively.

The computational results should be
interpreted together with the predictive per-

formance obtained under the same valida-
tion framework. As shown in Table 7, the
mean RMSE values of the six machine-
learning models ranged from 1.8813 to
2.2157 days. RF achieved the lowest
mean RMSE (1.8813 days), MAE (1.0121
days), and MedAE (0.2552 days), whereas
CatBoost achieved the highest mean 𝑅2

(0.6280). GB, SVR, CatBoost, and XG-
Boost produced closely comparable mean
RMSE values of 1.8900, 1.8920, 1.9004,
and 1.9170 days, respectively.

Overall, the evaluated models exhib-
ited different descriptive trade-offs between
predictive and computational performance.
RF produced the lowest mean prediction
errors across RMSE, MAE, and MedAE,
whereas SVR required the shortest mean fit-
ting time. XGBoost combined relatively
short fitting and prediction times with pre-
dictive performance close to that of the
other tree-based models. GB achieved the
shortest mean outer-test batch prediction
time, while CatBoost produced the highest
mean 𝑅2. MLP required the longest mean
fitting time and also produced the high-
est mean RMSE among the six machine-
learning models.

Although differences were observed
in the performance metrics of the evalu-
ated models, their pairwise RMSE differ-
ences were further examined using the sta-
tistical procedure described in Section 4.6.
Therefore, model selection for deployment
should be guided by computational con-
straints, error characteristics, temporal sta-
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bility, and operational priorities rather than
assumptions of inherent algorithmic superi-
ority.

According to the broader predictive-
maintenance literature, previous studies
have shown much larger operational im-
provements. For instance, Arowolo [20]
observed a 35–45% reduction in unplanned
downtime in energy-intensive industrial
systems through predictive maintenance
based on ML and IoT systems. This pro-
vides a contextual reference for the poten-
tial operational benefit of predictivemainte-
nance but should not be interpreted as direct
evidence that the same level of improve-
mentwould be achieved by themodels eval-
uated in the present study.

4.6 Statistical significance
4.6.1 Statistical significance of

model performance differences
Statistical significance tests were

conducted based on paired RMSE differ-
ences across identical validation subsam-
ples. Pairwise comparisonswere performed
using the Wilcoxon signed-rank test on the
RMSE values obtained from the same five
outer walk-forward validation folds. Since
the analysis included six machine-learning
models, a total of 15 pairwise comparisons
were performed. To address the multiple-
comparison, the raw 𝑝-values were ad-
justed using the Holmmethod to control the
family-wise error rate. Statistical signifi-
cance was assessed at 𝛼 = 0.05 based on
the Holm-adjusted 𝑝−values. As indicated
in Table 13, none of the pairwise differences
were statistically significant after Holm cor-
rection.

Although differences in mean RMSE
were observed among the six machine-
learning models, none of the pairwise com-
parisons reached statistical significance af-
ter adjustment for multiple testing. The

smallest raw 𝑝−value was observed for the
comparison between SVR and MLP (𝑝 =
0.0625); after Holm correction, the cor-
responding adjusted 𝑝−value was 0.9375.
Thus, the present analysis did not provide
sufficient statistical evidence that the fold-
level RMSE distributions differed between
any pair of machine-learning models.

The models nevertheless exhibited
different descriptive performance charac-
teristics. RF achieved the lowest mean
RMSE, MAE, and MedAE, whereas Cat-
Boost achieved the highest mean 𝑅2. SVR
required the shortest search-and-refit time,
while GB and XGBoost showed compara-
tively low prediction times. MLP exhib-
ited the lowest fold-to-fold standard devi-
ation of RMSE, although its mean RMSE
was higher than those of the other machine-
learning models. These differences should
therefore be interpreted as descriptive char-
acteristics of model behavior in the present
dataset rather than as evidence of statisti-
cally significant superiority.

Interpretation of the statistical com-
parisons should also consider the limited
number of paired evaluation units. Al-
though the complete dataset comprised
1,560 operational records, the Wilcoxon
comparisons were based on only five paired
outer-fold RMSE values for each model.
With such a small number of paired folds,
the Wilcoxon signed-rank test yields rela-
tively discrete p-values and has limited abil-
ity to detect small performance differences.
Accordingly, failure to reject the null hy-
pothesis should not be interpreted as evi-
dence that the models have equivalent pre-
dictive performance. Instead, the statistical
results indicate that the present validation
design did not provide sufficient evidence
to establish statistically significant pairwise
differences.

The observed metric-specific differ-
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Table 13. Pairwise Wilcoxon signed-rank tests with Holm correction for model performance differ-
ences on RMSE.

Model Comparison Test Used 𝑝-value Holm-adjusted 𝑝-value Significance
RF vs. GB Wilcoxon signed-rank 0.8125 1.0000 No
RF vs. XGBoost Wilcoxon signed-rank 0.3125 1.0000 No
RF vs. SVR Wilcoxon signed-rank 1.0000 1.0000 No
RF vs. MLP Wilcoxon signed-rank 0.3125 1.0000 No
RF vs. CatBoost Wilcoxon signed-rank 0.8125 1.0000 No
GB vs. XGBoost Wilcoxon signed-rank 0.6250 1.0000 No
GB vs. SVR Wilcoxon signed-rank 0.6250 1.0000 No
GB vs. MLP Wilcoxon signed-rank 0.3125 1.0000 No
GB vs. CatBoost Wilcoxon signed-rank 1.0000 1.0000 No
XGBoost vs. SVR Wilcoxon signed-rank 1.0000 1.0000 No
XGBoost vs. MLP Wilcoxon signed-rank 0.4375 1.0000 No
XGBoost vs. CatBoost Wilcoxon signed-rank 0.8125 1.0000 No
SVR vs. MLP Wilcoxon signed-rank 0.0625 0.9375 No
SVR vs. CatBoost Wilcoxon signed-rank 0.6250 1.0000 No
MLP vs. CatBoost Wilcoxon signed-rank 0.3125 1.0000 No

ences are therefore more appropriately in-
terpreted descriptively, since the hypothesis
tests did not provide sufficient evidence of
statistically significant pairwise differences
among the models.

4.6.2 Statistical assessment of
catboost-cox survival performance

Because CatBoost-Cox was evalu-
ated using C-index rather than RMSE, it
was not included in the 15 pairwise RMSE
comparisons presented in Table 14. Sta-
tistical uncertainty for CatBoost-Cox was
instead evaluated separately using the five
outer-fold C-index estimates.

Bootstrap resampling of the five
fold-level C-index estimates produced a
95% confidence interval of 0.8889–0.9410
around themeanC-index. An additional ex-
ploratory one-sided Wilcoxon signed-rank
test compared the five fold-level C-index
values with the non-discriminatory refer-
ence value of 0.50 and produced 𝑝 =
0.03125.

The Wilcoxon result should never-
theless be interpreted cautiously. Only
five outer-fold C-index values were avail-
able, and the expanding training windows

Table 14. Statistical assessment of CatBoost-
Cox.

Measure Result
Mean C-index 0.9155
SD C-index 0.0336
Bootstrap 95% CI 0.8889-0.9410
Reference C-index 0.5000
Exploratory Wilcoxon 𝑝-value 0.03125
Valid outer folds 5

overlapped temporally. Therefore, the
fold-level observations cannot be regarded
as fully independent experimental replica-
tions. For this reason, the mean C-index,
standard deviation, and confidence interval
were emphasized as descriptive measures,
whereas the one-sample Wilcoxon result
was treated as supplementary exploratory
evidence.

The survival analysis was addition-
ally characterized by very limited censor-
ing, with 201 observed-event episodes and
only one right-censored episode. Accord-
ingly, the current results provide stronger
information regarding failure-risk ranking
than regarding performance in datasets with
substantial right censoring. To further sup-

301



S. Kaewpradab and W. Kongkaew | Science & Technology Asia | Vol.31 No.3 July - September 2026

Table 15. Decision guidelines for model selection in TTF prediction.

Operational Priority Recommended Model Rationale
Minimize overall
prediction error RF Lowest mean RMSE (1.8813 days)

and mean MAE (1.0121 days)
Maximize overall
goodness of fit CatBoost Highest mean (0.6280)

Maintain consistent
prediction performance
across validation periods

MLP
Lowest RMSE standard deviation
(0.7737 days), although its mean
RMSE was higher

Minimize median
prediction error RF Lowest mean MedAE (0.2552 days),

followed by XGBoost (0.2779 days)
Minimize model-
fitting time SVR Shortest mean search-and-refit time

(2.9996 s)

Minimize prediction
time GB

Lowest mean outer-test batch
prediction time (3.735ms), closely
followed by XGBoost (4.064 ms)

Avoid negative TTF
predictions RF

No negative TTF predictions were
produced, whereas negative estimates
occurred for the other evaluated models

Rank relative failure
risk while incorporating
censoring

CatBoost-Cox Survival formulation evaluated
with mean C-index = 0.9155

port practical interpretation, Table 15 sum-
marizes the descriptive characteristics of
the evaluated models according to different
operational priorities. These guidelines are
intended to assist maintenance engineers
in relating model characteristics to deploy-
ment requirements and should not be inter-
preted as evidence of statistically signifi-
cant superiority.

Model selection should therefore be
considered from a practical deployment
perspective rather than relying solely on
statistical rankings. Based on the descrip-
tive results, RF exhibited the lowest over-
all prediction errors and did not produce
negative TTF estimates, whereas CatBoost
achieved the highest mean 𝑅2. SVR re-
quired the shortest search-and-refit time,
while GB and XGBoost provided com-
paratively low outer-test batch prediction
times. MLP showed the lowest RMSE vari-
ability across the five temporal folds, al-
though this lower variability was accompa-
nied by a higher mean RMSE. These char-

acteristics represent descriptive trade-offs
rather than statistically significant differ-
ences among the algorithms. None of the
15 pairwise RMSE comparisons reached
statistical significance after Holm correc-
tion. Future work may therefore investigate
model robustness using additional indepen-
dent temporal validation periods or exter-
nal datasets, which would provide more
paired evaluation units and greater statis-
tical power for detecting potentially small
performance differences. Ensemble strate-
gies combining complementary characteris-
tics of the individual models may also be in-
vestigated.

4.7 Sensitivity analysis of data prepro-
cessing choices

In addition to the primary
hyperparameter-tuning procedure, an
extensive sensitivity analysis was carried
out to examine the effects of exploring
broader or alternative model configurations
on predictive robustness and computational
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trade-offs. For the tree-based ensemble
models, the number of estimators or
boosting iterations was extended beyond
the initial search ranges, reaching up
to 600 estimators or iterations in some
scenarios. For SVR, alternative kernel
functions were systematically investigated,
while different hidden-layer architectures
were examined for MLP. All sensitivity
scenarios were evaluated under the same
nested walk-forward validation framework
used in the primary analysis. The pre-
dictive performance of the five reference
baseline models is reported in Table 7 for
comparison. The results of the extended
model-configuration analysis are presented
in Table 16.

For the tree-based ensemble models,
RF, GB, XGBoost, and CatBoost showed
relatively limited changes in predictive per-
formance across the expanded configura-
tions. RF produced mean RMSE values
ranging from 1.8451 to 1.8476 days, com-
pared with 1.8813 days under the primary
configuration. GB ranged from 1.8391
to 1.8624 days, compared with the pri-
mary value of 1.8900 days, while XGBoost
ranged from 1.8567 to 1.8950 days com-
pared with 1.9170 days in the primary anal-
ysis. CatBoost similarly produced mean
RMSE values between 1.8952 and 1.9144
days, compared with 1.9004 days under
the primary configuration. Although some
expanded configurations produced slightly
lower RMSE values, increasing the ensem-
ble size did not result in a consistent im-
provement in predictive accuracy. In con-
trast, computational cost increased more
clearly as model complexity increased. For
example, the search-and-refit time for RF
increased from 12.840 s with 100–300 es-
timators to 33.925 s with 500–600 estima-
tors. Similarly, GB increased from 10.843
to 28.491 s, XGBoost from 4.325 to 9.395 s,

and CatBoost from 9.051 to 23.585 s across
the evaluated ranges. These results indi-
cate that expanding ensemble size provided
only modest changes in predictive perfor-
mance while increasing computational re-
quirements

In SVR, kernel selection had a sub-
stantially greater influence on performance
than the moderate expansion of ensem-
ble size observed for the tree-based mod-
els. The polynomial, linear, and sigmoid
kernels produced mean RMSE values of
2.9659, 2.2696, and 2.5085 days, respec-
tively, with corresponding mean 𝑅2 values
of 0.0246, 0.3811, and 0.1765. All three
alternative kernels performed less favor-
ably than the primary SVR configuration,
which achieved a mean RMSE of 1.8920
days. The polynomial kernel was particu-
larly computationally demanding, requiring
a mean search-and-refit time of 10,121.526
s, compared with 4.539 s for the linear
kernel and 1.632 s for the sigmoid kernel.
These results indicate that SVR was highly
sensitive to kernel selection and that greater
computational complexity did not neces-
sarily lead to improved predictive perfor-
mance. The MLP sensitivity scenarios also
showed that deeper or wider architectures
did not guarantee consistent performance
gains. The single-hidden-layer configura-
tion produced a mean RMSE of 2.3566
days, while the two-hidden-layer configu-
ration achieved 2.1930 days. The deeper
three- to four-hidden-layer configuration
further reduced the mean RMSE to 2.0432
days, compared with 2.2157 days for the
primary MLP configuration. The corre-
sponding mean 𝑅2 values were 0.0943,
0.3713, and 0.5216, respectively. However,
the computational requirements varied con-
siderably, with mean search-and-refit times
of 28.016, 121.123, and 54.226 s for Sce-
narios 1–3.
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In addition, convergence warnings
were observed in some MLP fits, suggest-
ing that optimization stability remained sen-
sitive to network architecture. Therefore,
although the deeper configuration produced
a lower RMSE, this result should be inter-
preted as evidence of architectural sensitiv-
ity rather than as justification for retrospec-
tively replacing the primary MLP configu-
ration.

Overall, the sensitivity analysis indi-
cates that expanding hyperparameter ranges
or model complexity did not produce con-
sistent accuracy improvements across all
models. The tree-based ensemble models
showed relatively stable predictive perfor-
mance over the evaluated configurations,
while their computational cost generally in-
creased with greater model complexity. In
contrast, SVR and MLP were more sensi-
tive to structural choices, particularly kernel
type and hidden-layer architecture. These
findings complement the statistical compar-
ison presented in Section 4.6 by showing
that moderate changes in model configu-
ration did not substantially alter the gen-
eral comparative behavior of the tree-based
models.

Together with the preprocessing sen-
sitivity analysis, the results suggest that
model robustness should be assessed not
only from predictive accuracy but also from
computational efficiency, optimization sta-
bility, and consistency across temporally
separated validation folds.

4.8 Sensitivity analysis of alternative
preprocessing configurations

A sensitivity analysis was conducted
to examine whether predictive performance
was affected by alternative treatments of
missing values and extreme observations.
Four preprocessing configurations were
evaluated under the same nested walk-

forward validation framework: median im-
putation without clipping, mean imputa-
tion without clipping, median imputation
with IQR-based clipping, and mean impu-
tation with IQR-based clipping. Median
imputation without clipping was retained
as the prespecified primary configuration,
whereas the remaining configurations were
used only to assess the robustness of the re-
sults. All preprocessing operations were fit-
ted using the training data within each fold
to prevent information leakage.

The results are summarized in Ta-
ble 18. RF, GB, XGBoost, and CatBoost
showed relatively small changes in mean
RMSE across the four preprocessing con-
figurations. For RF, the mean RMSE
ranged from 1.8344 to 1.8813 days, while
GB ranged from 1.8438 to 1.8900 days.
XGBoost showed mean RMSE values be-
tween 1.8414 and 1.9170 days, whereas
CatBoost ranged from 1.8642 to 1.9232
days. These relatively narrow ranges indi-
cate that the predictive performance of the
tree-based ensemble models was generally
stable under the evaluated preprocessing al-
ternatives.

In contrast, SVR showed greater
sensitivity to the treatment of extreme
observations. Its mean RMSE was
1.8920 days under the primary median-
imputation-without-clipping configuration
but increased to 2.0776 and 2.0718 days
when IQR-based clipping was applied
with median and mean imputation, respec-
tively. This corresponds to an increase
of approximately 9–10% relative to the
primary configuration. The results suggest
that SVR was more strongly affected by
modifications to the distribution of extreme
observations than the tree-based ensemble
models.

MLP also showed noticeable
variation across the preprocessing con-

304



S. Kaewpradab and W. Kongkaew | Science & Technology Asia | Vol.31 No.3 July - September 2026

Table 16. Sensitivity analysis of alternative model configurations.

Scenario Model Key parameters RMSE
(days)

MAE
(days)

MedAE
(days) 𝑅2

Training
Time (s)

1 RF n_estimators: 100–300 1.8476 0.9992 0.2415 0.6356 12.840
2 RF n_estimators: 300–500 1.8451 0.9978 0.2457 0.6365 24.403
3 RF n_estimators: 500–600 1.8458 0.9990 0.2462 0.6351 33.925
1 GB n_estimators: 100–300 1.8587 1.0409 0.3479 0.6414 10.843
2 GB n_estimators: 300–500 1.8391 1.0250 0.3365 0.6495 20.696
3 GB n_estimators: 500–600 1.8624 1.0462 0.3468 0.6462 28.491
1 XGBoost n_estimators: 100–300 1.8567 1.0439 0.3529 0.6360 4.325
2 XGBoost n_estimators: 300–500 1.8950 1.0645 0.3467 0.6357 7.186
3 XGBoost n_estimators: 500–600 1.8892 1.0648 0.3692 0.6350 9.395
1 SVR kernel=poly 2.9659 2.1146 1.4907 0.0246 10121.526
2 SVR kernel=linear 2.2696 1.4884 0.8103 0.3811 4.539
3 SVR kernel=sigmoid 2.5085 1.7171 1.1010 0.1765 1.632

1 MLP hidden layers (64 to 128),
(256 to 512) 2.3566 1.4970 0.7667 0.0943 28.016

2 MLP hidden layers (128 to 64),
(192 to 96), (256 to 128) 2.1930 1.3609 0.6653 0.3713 121.123

3 MLP
hidden layers (128-64-32),
(192-96-48), (256-128-64),
(128-64-32-16)

2.0432 1.1591 0.4365 0.5216 54.226

1 CatBoost iterations 100–300 1.9039 1.0665 0.3350 0.6243 9.051
2 CatBoost iterations 300–500 1.9144 1.0714 0.3430 0.6269 17.099
3 CatBoost iterations 500–600 1.8952 1.0580 0.3170 0.6395 23.585

Table 17. Sensitivity analysis of alternative preprocessing configurations based on mean RMSE
across the outer validation folds.

Preprocessing Scenario RF GB XGBoost SVR MLP CatBoost
Median imputation, no clipping (Primary) 1.8813 1.8900 1.9170 1.8920 2.2157 1.9004
Mean imputation, no clipping 1.8561 1.8760 1.9075 1.9032 2.0616 1.9232
Median imputation, IQR clipping 1.8525 1.8671 1.8414 2.0776 2.1377 1.8642
Mean imputation, IQR clipping 1.8344 1.8438 1.8843 2.0718 2.1214 1.8773

figurations, with mean RMSE values
ranging from 2.0616 to 2.2157 days. Under
the mean-imputation-with-IQR-clipping
configuration, one MLP fit reached the
maximum of 1,000 iterations without con-
vergence. Therefore, the MLP sensitivity
results should be interpreted with some
caution because its optimization behavior
was less stable under certain preprocessing
conditions.

Overall, the preprocessing sensitiv-
ity analysis indicates that the principal con-
clusions for RF, GB, XGBoost, and Cat-
Boost were relatively robust to reasonable

alternative preprocessing choices, whereas
SVR and MLP showed greater sensitivity.
Importantly, the alternative preprocessing
configurations were not used to select or
replace the primary analysis according to
outer-test performance. Instead, they were
evaluated solely as robustness checks to de-
termine whether the reported findings de-
pended strongly on a particular treatment of
missing values or extreme observations.

5. Conclusion
The paper presents a systematic

benchmarking framework for Time-to-
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Failure (TTF) prediction in an industrial
beverage-packaging labeling machine
operating under temporally varying pro-
duction conditions. The analysis used
four years of operational and maintenance
records comprising 1,560 observations and
479 documented unplanned failure events.
Six machine-learning regression models,
including Random Forest (RF), Gradient
Boosting (GB), XGBoost, Support Vector
Regression (SVR), Multi-Layer Perceptron
(MLP), and CatBoost, were evaluated
together with five reference approaches
using nested walk-forward validation. In
addition, CatBoost was implemented with
a Cox survival objective (CatBoost-Cox) as
a complementary censor-aware approach
for relative failure-risk assessment.

The results showed that all six
machine-learning regression models
achieved lower mean RMSE values than
the reference approaches. RF achieved
the lowest mean RMSE (1.8813 days),
MAE (1.0121 days), and MedAE (0.2552
days), whereas CatBoost achieved the
highest mean 𝑅2 (0.6280). However,
pairwise Wilcoxon signed-rank tests across
the five outer validation folds showed no
statistically significant RMSE differences
after Holm correction. The smallest raw
𝑝−value was obtained for SVR versus
MLP (𝑝 = 0.0625), which increased to
0.9375 after adjustment. Therefore, the
observed differences should be interpreted
as descriptive variations in model behav-
ior rather than evidence of statistically
significant superiority.

The complementary CatBoost-Cox
analysis achieved amean C-index of 0.9155
(SD = 0.0336), with a 95% bootstrap con-
fidence interval of 0.8889–0.9410. These
results indicate a high level of concor-
dance in relative failure-risk ordering across
the evaluated temporal folds. However,

the survival analysis included 202 episodes
with only one right-censored observation;
therefore, the findings primarily reflect
risk-discrimination performance within the
available data rather than performance un-
der substantial censoring.

The temporal, residual, and compu-
tational analyses further showed that model
behavior varied across operating periods
and evaluation criteria. RF produced no
negative TTF predictions, whereas nega-
tive estimates occurred for GB, XGBoost,
SVR, MLP, and conventional CatBoost.
SVR required the shortest mean search-
and-refit time, while MLP produced the
shortest mean outer-test batch prediction
time. The economic assessment also illus-
trated that TTF underprediction may result
in substantial maintenance and production-
opportunity costs, although these estimates
represent illustrative scenarios rather than
realized financial savings.

The sensitivity analyses indicated
that the tree-based regression models were
relatively stable across the evaluated model
and preprocessing configurations, whereas
SVR and MLP showed greater sensitivity
to modeling choices. CatBoost-Cox also
showed limited variation across the eval-
uated preprocessing configurations, with
mean C-index values ranging from approx-
imately 0.9155 to 0.9219.

Several limitations should be ac-
knowledged. The study examined a sin-
gle industrial labeling machine, relied on
five outer validation folds, and included
only one right-censored episode in the
CatBoost–Cox analysis. Future research
should evaluate the framework across ad-
ditional machines, external datasets, and
other TTF prediction problems to assess
generalizability and robustness. Method-
ological extensions could investigate Light-
GBMmodels, other modern machine learn-
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ing models, and alternative survival mod-
els, including Weibull accelerated failure-
time models and random survival forests.

Overall, the study demonstrates the
potential of machine-learning methods for
predictive maintenance. The six regression
models provide direct TTF estimates, while
conventional Cox regression and the pro-
posed CatBoost–Cox integration offer com-
plementary assessments of relative failure
risk. The findings support a temporally val-
idated, application-specific framework that
integrates TTF prediction and survival anal-
ysis, while highlighting the need for broader
external validation.
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