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This paper investigates the application of machine learning techniques for reliability
forecasting in the automotive industry, focusing on the prediction of Months In Service
(MIS), that is, the number of months between a vehicle’s warranty start date and repair
date. The accurate estimation of MIS is of crucial importance to improve the forecast of
warranty costs, reliability planning, and maintenance strategies. Traditional reliability
tools, such as Weibull analysis, work effectively under strict statistical assumptions
but often fail to capture nonlinear relationships and interdependencies within complex
high-dimensional field data. The aim of this paper is to compare two machine learning
algorithms: Decision Trees (DT) and Gradient Boosting Decision Trees (GBDT). Their
performance was compared based on real industrial warranty data from a Tier-1 auto-
motive supplier. The dataset includes categorical, numerical, temporal, and operational
variables describing vehicle characteristics and usage conditions. This comparison
underlines the fact that the ensemble learning approach significantly outperforms the
single-tree model in accuracy, generalization capability, and robustness when predicting
MIS. Experimental results confirm the superiority of the boosting algorithm. These
observations allow the conclusion that ensemble methods really improve the results of
reliability forecasting due to modeling complex nonlinear dependencies. This work is
concluded by verifying that boosting-based models provide a flexible, accurate, and
data-driven approach; it opens new frontiers to improve current methodologies for
reliability analysis and warranty management in the automotive sector.
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industry, MIS, GBDT, DT
2500



Proc. of the European Safety and Reliability Conference (ESREL 2026)

1. Introduction

Accurate estimation of warranty returns
is a critical concern in industrial sectors,
especially in automotive manufacturing,
as the cost of warranty forms a significant
share of after-sales expenses. It has been
estimated that automobile warranties cost
over $12 billion annually in North Amer-
ica alone and accounted for more than
half of all U.S. manufacturer warranty
costs (El Bakkali et al. (2025); Kleyner
and Sandborn (2006)). Good warranty
forecast estimation is important not only
for effective financial planning and price
competitiveness but also for supplier-
OEM negotiations, lifecycle cost man-
agement, and customer satisfaction. Good
forecasting prevents quality crises, pro-
vides better budgeting, and allows proac-
tive risk reduction strategies. Traditional
models, such as the Weibull distribution,
introduced by Waloddi Weibull in A
Statistical Distribution Function of Wide
Applicability” Weibull (1951), have been
widely used over the last decades for
warranty and reliability analysis. Weibull-
based models provide simplicity, flexibil-
ity, and the possibility of mixed-Weibull
extensions in order to model heteroge-
neous failure modes across product life-
cycles Attardi et al. (2005). However,
these parametric models count on strong
assumptions regarding the distributions of
failures, which may not reflect the com-
plexity of real-world industrial data.

As pointed out by Kleyner and Sand-
born Kleyner and Sandborn (2006), ne-
glecting two-dimensional usage factors,
such as mileage accumulation over time
and component aging, leads to significant

overestimation of warranty costs, which
again underlines the need for more re-
alistic and data-driven approaches. Al-
though recent works from Stellantis, Re-
nault, and Valeo experts contain multi-
mode Weibull models, which give bet-
ter modeling of high-mileage reliability
and market heterogeneity, the models are
still inherently parametric and can fail
in case of complicated or irregular data
structure Bonvin et al. (2022). This is
why machine learning models, particu-
larly tree-based models such as DT and
GBDT, attract attention because of their
interpretability, flexibility, and excellent
performance in prediction. DT provides
an intuitive hierarchical structure for fail-
ure behavior modeling, whereas GBDT
iteratively combines a lot of weak learn-
ers to improve accuracy with robustness,
hence capturing complex interactions in
warranty data.

This work focuses on the prediction
of MIS, using real industrial data from
a Tier-1 automotive supplier. As shown
in Fig.1, MIS corresponds to the time
elapsed between the warranty start date
and the repair date, representing a key
indicator of component reliability. By ap-
plying DT and GBDT models, we seek
to exploit such complexity of field data
in order to enhance warranty cost esti-
mation, early failure trend detection, and
decision-making in reliability and main-
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Fig. 1. Life Cycle of Automotive Component
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tenance management. The paper is struc-
tured as follows: Section 2 describes the
methodology, covering data preparation,
the approach to modeling, and the met-
rics used in the evaluation. Section 3 dis-
cusses the data results and compares per-
formances of models. Finally, Section 4
gives the conclusion and outlines future
research directions focusing on integrat-
ing Al-driven methods into warranty esti-
mation.

2. Methodology

In this work, the estimation of the MIS for
automotive parts is done with the use of
machine learning models, particularly DT
and GBDT. The approach will be prop-
erly structured: preparation of the data,
feature engineering, model development,
tuning of hyperparameters, and evalua-
tion of performances.

2.1. Data Collection and Cleaning

The data used in this research came from
the internal warranty database of a Tier-
1 automotive supplier, which tracks field
returns, repair information, and in-service
and operational details relative to cus-
tomer vehicles. Access to this system was
provided after formal authorization by the
management, in full compliance with all
internal data governance and confiden-
tiality rules. The required records were
extracted in a restricted-access environ-
ment by the company’s reliability team,
as any transfer or storage outside the com-
pany of warranty data is forbidden by
corporate policy. During extraction, the
dataset was directly filtered to retain only
information within the study scope that
was pre-defined according to the com-
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pany’s target, such as the selected cus-
tomer, relevant product families, and the
time window. Once the dataset was deliv-
ered, it was stored securely on the cor-
porate laptop that was assigned for this
project, and all machine-learning devel-
opment has been carried out using the
company’s professional account, in strict
adherence with the confidentiality con-
straints. The extracted dataset contains 54
columns and 17,883 rows. To ensure its
quality and homogeneity, several filter-
ing rules were applied to the data. The
records were restricted to components
whose repair dates were after January
1, 2022, since prior data were inconsis-
tent. The logical sequencing was checked
by retaining only the claims where the
Inservice_Date occurs after the Produc-
tion_Date. Target variable MIS was re-
stricted within the warranty agreement
period with the customer. These steps
help to ensure high-quality input data and
minimize any potential bias due to out-
liers or anomalous records. The filtered
database contained 54 columns and 7,953
rows, as shown in Fig. 2.

2.2. Feature engineering and
preprocessing

Feature engineering and preprocessing
are important steps toward the enhance-

Initial dataset
54 columns and 17,883 rows

Filtered dataset
54 columns and 7 953 rows

\:‘: :J E
Repair Date after Jan 2022
Inservice Date > Production_Date

MIS during warranty period

Fig. 2. Dataset filtering rules
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ment of both model interpretability and
predictive performance. Several transfor-
mation and selection operations were im-
plemented to make sure the construction
of meaningful representations of the un-
derlying variables was performed accord-
ingly. Fig. 3 describes the different steps
to obtain the final dataset, including the
imputation and encoding strategy used.
The first preprocessing step was the
temporal feature transformation, mean-
ing Production_Date and Inservice_Date
had to be converted into numerical vari-
ables representing the number of days
since a reference date. This allowed both
models to capture potential linear tempo-
ral relationships with the target variable,
MIS. Moreover, date decomposition was
done to split Production Date and Inser-
vice_Date into their constituent elements,
day, week, month, and year, to capture

Convert dates to numeric variable
*  Production_Days_Sinc

®  Inservice Days Since Today

Production_Date

‘ Extract dates components ‘
.

Day, Month, Week, Year
Inservice_Date

Filtered dataset ! Cyelical encoding
54 columns and 7.953 rows *  Sin/cos for Day, Month, Week

= :
Drop original date columns

®  Remove Production_Date &
Inservice Date

Features selection
*  Ranking via sort_values()

* __ Expert evaluation

Final dataset
6,554 rows and 21 columns

BO/20 train-test split |

]

Imputation & Encoding
& Numerical — mean imputation +
normalization
*  Categorical — mode imputation +
one-hot encoding

Fig. 3.
work

Feature Engineering and preprocessing frame-

possible seasonality and batch-related ef-
fects. This step was informed by stud-
ies showing that calendar-month season-
ality significantly impacts subsystem fail-
ure patterns and warranty expense fore-
casting Rai (2009). Sine and cosine trans-
formations were therefore used to create
continuous cyclic encodings and provide
a better representation of the cyclical na-
ture of time variables. This strategy will
allow smooth transitions across bound-
ary values, such as between December
and January. Moreover, it has been shown
in Bansal et al. (2025) that for time-
dependent prediction tasks, this can lead
to better results. Also, redundant or irrel-
evant columns like Production_Date and
Inservice_Date were removed to reduce
noise. Finally, a hybrid feature selection
approach was performed.

In the ranking step, correlation anal-
ysis using Python sorted the features
in descending order in respect to their
relation with the MIS variable by the
function sort_values() and identified the
most predictive features. The second step
of this analysis further refined these re-
sults by integrating inputs from the re-
liability expert in order to ensure that
these features are relevant for the do-
main and represent real-life conditions.
This two-tier process ensured only the
most influential and meaningful features
were retained for modeling, enhancing
both model robustness and interpretabil-
ity. The final dataset contained 6,554
rows and 21 columns. The data was then
split into test and train sets (80/20). For
numerical features, missing values were
filled with the mean and then normalized,
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and for categorical features, missing val-
ues were filled with the most common
value and converted into one-hot vectors.
All preprocessing steps were done using
scikit-learn’s ColumnTransformer to en-
sure consistency and reproducibility.

2.3. Decision Tree

Decision Trees (DT) Zhao and Nie (2021)
is a flexible, interpretable model suited for
regression and classification; it performs
the partitioning of the feature space in a
hierarchical manner using decision rules.
For regression, its objective function is
defined as

Objj’s = min Z (Ytrue — c1)2

i€ER)®

+ Z (ytrue - 02)2

1€ERY”

)]

where ¢; is the mean target value in
R1(j, s), and ¢y is the mean target value in
Ry(j, s). The subsets Ry (j,s) and Ra(j, s)
can be the results from the split at the
j-th feature with a threshold Zhu et al.
(2024). The hyperparameters tuned for
this model are the maximum tree depth
max_depth, the minimum number of sam-
ples required at a leaf node to regulate tree
growth min_samples_leaf, and the mini-
mum number of samples required to split
an internal node min_samples_split. The
three hyperparameters were optimized to
regulate tree growth, prevent overfitting,
and extract meaningful rules from the
data

2.4. Gradient Boosted Decision
Trees

Gradient Boosted Decision Trees (GB-
DT) Rizkallah (2025) is an ensemble
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model with a strong predictive capacity.
Its principle relies on combining a large
number of weak decision trees, where
each tree is trained on the residual er-
rors of the previous iteration, thereby fo-
cusing on the most difficult instances to
predict Rizkallah (2025). The regression
objective function is

Objjm = arg xHéIRn; L(ytruey anl(ffi)) +7
)

where F,,_i(x;) is the prediction value
at the (m — 1) iterations, ~ is the optimal
adjustment value, and R} is the region
corresponding to the j-th leaf node in
the n-th tree. GBDT can model complex
nonlinear relationships and feature in-
teractions, while regularization enhances
its robustness. The key hyperparameters
tuned in our experiments were the number
of estimators n_estimators, the learning
rate learning _rate, and the maximum tree
depth max_depth.

2.5. Hyperparameter optimization
and model training

For both DT and GBDT, hyperparameter
tuning was performed using Randomized-
SearchCV with 5-fold cross-validation.
All preprocessing steps and model fitting
were done within a unified pipeline to
ensure reproducibility. The randomized
search effectively explored the hyperpa-
rameter space in a manner that balanced
computational cost with model perfor-
mance. Table 1 presents the hyperparame-
ters and their corresponding ranges for the
two models evaluated: DT and GBDT.
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Table 1. Hyperparameter ranges for DT and GBDT models.

Model Hyperparameter Range

DT max_depth 5-20
min_samples_leaf 1-10
min_samples_split 2-20

GBDT n_estimators 50-500
learning_rate 0.01 — 0.3 (uniform)
max_depth 3-10

2.6. Model evaluation

Model performance was evaluated on sev-
eral measures:

Train score & Test score R2:

n . ~\2
R2 —1— Zi;l(yl B y_l) (3)
> i (v —9)?
Mean Square Error:
1 & X
MSE = - S wi—9)? @
=1
Root Mean Squared Error
1 n
_ - .02
RMSE =, | - ;(y 5i)* (5)
Mean Absolute Error
1 .
MAE =~ ;wi ~ il (©)
Mean Absolute Percentage Error :
1&g — 9l
MAPE = YR

- Y

3. Data and Results Discussion

Both DT and GBDT models were ap-
plied to predict MIS. The randomized
search with five-fold cross-validation was
used for model training and hyperpa-
rameter tuning to find the best balance
between model complexity and gener-
alization. The optimization process was

conducted using a company-issued lap-
top. Model development and execution
of scikit-learn library was carried out
within a secured computing environment.
Per internal data-protection policies, the
warranty dataset was strictly confidential
and never uploaded or shared outside the
company infrastructure; all computations
were executed on the secured corporate
device locally. The DT model was first
evaluated to assess its capability to cap-
ture the relationship between warranty
data features and MIS. After hyperpa-
rameter tuning, the optimal configuration,
as shown in Table 2, included a maxi-
mum depth of 17, a minimum of 1 sam-
ple per leaf, and a minimum of 6 sam-
ples required for a split. These parame-
ters provided the best trade-off between
predictive power and overfitting control.
The DT model achieved the performances
shown in Table 3, an R? score of 0.7171
on the training set and 0.4989 on the
test set, indicating limited generalization
capability on unseen data. With respect
to error metrics, the model produced an
MSE of 38.8113, an RMSE of 6.2299
months, an MAE of 4.7132 months, and
a MAPE of 0.5371. These findings high-
light that, although the DT model was
able to capture certain structure in the
data, its predictive performance remained
modest when

On the contrary, the GBDT model
demonstrated strong prediction power in
forecasting the MIS. After hyperparame-
ter optimization with random search, the
model was optimally obtained with the
parameter values described in Table 2:
a number of estimators equal to 355,
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Table 2. Hyperparameters used for DT
and GBDT models.

Model Best Parameters

DT max_depth = 17
min_samples_leaf = 1
min_samples_split = 6

GBDT n_estimators = 355

learning_rate = 0.0833
max_depth = 8

a learning rate of 0.0833, and a maxi-
mum depth of 8. This configuration was
found to achieve a balance between model
complexity and generalization capability.
The GBDT model reached the perfor-
mance levels displayed in Table 3. On
the training set, the model’s R? score
was 0.8868, indicating a very good fit.
More importantly, the model was per-
forming high on the test set, with an
R? score of 0.7555, confirming its gen-
eralization capability on unseen data. In
terms of error metrics, the MSE value was
18.9400, showing a good moderation be-
tween the predicted and actual MIS. Ac-
cordingly, the RMSE was 4.3520 months.
The MAE was 3.2841 months, confirm-
ing that the model maintained a reason-
able average error in practical terms. Fi-
nally, the MAPE reached 0.3106, which
could be accepted as reasonable, consid-
ering the variations in field conditions

Table 3. Error metrics of DT and
GBDT models.

Metric DT GBDT
R? (Train) 0.7171 0.8868
R? (Test) 0.4989 0.7555
MSE 38.8113 18.94
RMSE 6.2299 4352
MAE 47132 3.2841
MAPE 0.5371 0.3106
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and part usage across regions and dif-
ferent customer environments. These re-
sults are the evidence of the capability of
the GBDT model to provide actionable
insights regarding warranty failure time-
lines. Its capability to detect nonlinear in-
teraction and heterogeneous feature con-
tribution without much manual engineer-
ing is a significant leap over traditional
reliability practice traditionally based on
parametric lifetime distribution.

4. Conclusion

This paper examines the performance of
two machine learning techniques, DT and
GBDT, in predicting MIS, which is con-
sidered one of the most critical indicators
of early warranty return forecasting for
the automotive industry. Based on real
industrial data and a strict experimen-
tal framework using randomized search
with five-fold cross-validation, the anal-
ysis underlined the contrasting capabil-
ities of both models. Although the DT
model identified some useful patterns, its
predictive performance remained limited
on unseen data. The higher error values
and lower R2? scores show that DTs alone
cannot fully capture the complexity and
nonlinear relationships found in real war-
ranty data. Conversely, the GBDT model
showed a robust predictive performance
and robust generalization capability with
a good score for all metrics, including R?,
RMSE, MAE, MSE, and MAPE. These
results confirm that GBDT models can
effectively learn complex feature interac-
tions and heterogeneous usage patterns
without the need for extensive manual
feature engineering. This superior perfor-
mance further points out the relevance of
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advanced ensemble methods toward com-
plementing or surmounting some tradi-
tional parametric reliability models.

Overall, the GBDT model outper-
formed the DT model across all perfor-
mance metrics, therefore confirming its
suitability for warranty return forecasting.
In fact, compared with traditional reliabil-
ity analysis methods based on paramet-
ric lifetime distributions, it is capable of
modeling nonlinear interactions and het-
erogeneous feature contributions without
requiring extensive manual feature engi-
neering. The predictive accuracy and gen-
eralization potential of the model make
it particularly useful in proactive assess-
ments of the reliability of the product and
optimization of warranty costs within the
automotive industry.

Advanced models using Al, such as
Random Forests and XGBoost, will be
explored further to improve the predictive
performance and better capture complex
nonlinear relationships in warranty data.
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