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Abstract. Predictive maintenance for heavy-duty trucks is difficult because public
failure datasets are rare and accurate machine-learning models are often hard to interpret.
This study evaluates a Random Forest classifier with SHAP explanations on the SCANIA
Component X dataset, a real-world multivariate time-series dataset collected from more
than 33,000 trucks. The objective is to predict failure risk from the last available vehicle
readout and to identify the operational variables that drive model decisions. The data were
aggregated to one record per vehicle, missing values were imputed by training-set medians,
and class imbalance was addressed by cost-sensitive learning and threshold optimization.
On the validation set, the model achieved 0.853 accuracy, 0.447 recall, 0.315 precision and
0.370 F1-score for the failure class. SHAP analysis showed that a small set of histogram and
counter variables carried most of the predictive signal.
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AHHoTanusi. Ayblp XYK KeJIKTepiHe OoipKaMIbl TEXHUKAJIBIK KbI3SMET KOPCETY
KypZzeil MiHAeT Ooubln TaObL1a/bl, OUTKEH] aKayiap Typajbl alllblK AEPEKTEp KUbIHAAPHI
CUPEK Ke3/1eCe/Il, ajl 1oJI MalllMHAJIBIK OKBITY MOJIEbAEPIH TYCIHAIPY KUl KUbIH. by 3epT-
tey 33 000-HaH actaMm kYK KeujiriHeH skuHanrad HakTbl SCANIA Component X kened-
LIeM/I1 YaKbITTHIK JiepekTep xublHbiHAa Random Forest xikreyimnin ;xone SHAP tycinaipy
omiciH Oaramaiipl. 3epTTEYIIH MaKCaThl — Op KOJIK OOMBIHINIA COHFBI KOJDKETIM/II ©JIIIEM
HEri31H/e aKay KaymiH OoJpkay >KOHE MOJEb HICIIIMIHE 9Cep €TEeTIH AKCIUTyaTalUsIbIK
Oenrinep/al anpiKTay. Jlepekrep Oip kenikke Oip xa3z0ara AeiliH OIpIKTIpLIAL, )KETICTICHTIH
MOH/IEp OKBITY UBIHBIHBIH Me/IMaHaTapbIMEH TOATBIPBLUI/IbI, a1 KJIacCTap TEHIepIMCI3IIr
KJIaCCTap/bl CalIMaKTay »KoHE IISIIIM IIeriH OHTaWIaHABIPY apKbUIbl eckepiial. Banuma-
LUSUIBIK dKABIHAA Mojaeib nanairi 0,853, TonbIkTeirsl 0,447, o kiacce manairi 0,315 kone
Fl-xepcetkimi 0,370 6omapl. SHAP tanmaysr Heri3ri 60mkamMabIK aknapar a3 caHAbl TH-
CTOrpaMMaJibIK JKOHE CaHayblIIl OeJIrIepiHe OFbIPIaHFaHbIH KOPCETTI.

Tyitinai ce3aep: OomkaMIbl TEXHUKAIBIK KbI3MET, TYCIHAIPUICTIH JKacaHabl UH-
temekT, SHAP, Random Forest, aybip sxyk kenikrepi, SCANIA, kinaccrap TeHrepimMciziri

Joaniexcosnep ymin: C.A. Ecuussosa, C.T. Kaumon (2026). Tycinaipiierin mMa-
UIMHAJIBIK OKBITY/IbI KOJIJaHAa OTBHIPBII ayblp JKYK KOJIIKTepiHE OOKaMJibl TEXHUKAJIBIK
KbI3MET KepceTy // XanblKapalblK aKIapaTThIK KOHE KOMMYHUKALMSUIBIK TEXHOJIOTHUsIIAp
xkypaanbl. T. 7. No. 26. b. 78-91. https://doi.org/10.54309/1J1CT.2026.26.2.006. (AfbL.
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Myanesiep KaKThIFBICHI: ABTOpJIap OChl MakajaJa MYJJeNep KaKThIFBICHI YKOK
Jer MJIMAEH 1.

NPEIUKTUBHOE TEXHUUYECKOE OBCJIY)KUBAHUE TAXKEJIBIX I'PY30-
BUKOB C UCITOJIB3OBAHUEM OBBbACHUMOI'O MAIIMHHOI'O
OBYYEHUA
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AHHoTauus. [IpenukTuBHOE TEXHHUYECKOE OOCIY)KMBAaHUE TSHKEIBIX TPY30BUKOB
SBIISICTCS CIIOKHOM 3a7aueil, MOCKOIbKY OTKPBIThIE HA0OpHI JaHHBIX 00 OTKa3ax BCTpeda-
IOTCSl PEJIKO, @ TOYHBIE MOZEIN MAIIMHHOTO 00YYEHHS YacTO TPYAHO HHTEpIPETUpPOBaTh. B
pabore oneHuBaetcs kiaccudukarop Random Forest ¢ oObsicnenusmu SHAP Ha Habope
nanabix SCANIA Component X, coopanroM 6osee yem ¢ 33 000 rpyzoBukos. Llens uc-
CJIEIOBaHMS COCTOUT B MPOTHO3WPOBAHUH PUCKA OTKA3a 110 MOCIEAHEMY JIOCTYITHOMY CUH-
THIBAHUIO 10 KaXKIOMY TPAHCIIOPTHOMY CPE/ICTBY U B BBISIBJICHUU DKCILTYyaTAllMOHHBIX TIPU-
3HAKOB, BIMSIIOIIMX Ha pelleHus: Mojeu. J{anHble ObUIM arperupoBaHbl 10 OJIHOM 3amucu
Ha aBTOMOOWJIb, MPOMYIICHHbIE 3HAYEHUS 3aMEHUINCh MeIMaHaMH 00y4Jaroliel BhIOOPKH,
a uchaiane K1accoB YUYUTHIBAJICS ¢ IOMOIIBIO B3BEIIMBAHUS KJIACCOB U ONTUMU3ALIUH T10-
pora. Ha BanmumanmoHHO#W BBIOOpKE Mojeib nocturia tounoctu 0,853, momHoThl 0,447,
TOYHOCTH ToioxutesnbHoro kiacca 0,315 u Fl-mepwr 0,370 qis kinacca oTkaza. AHanu3
SHAP nokasan, 94To OCHOBHasi MPOTHOCTHYECKAss HH(POPMAIIUS COCPENOTOYCHA B HEOOIb-
HIOH TPYIIIEe THCTOTPAMMHBIX U CYETYUKOBBIX TPU3HAKOB.

KiroueBble cj10Ba: MpeIUKTUBHOE 00CITYKMBaHUE, OOBSICHUMBIN UCKYCCTBEHHBIIN
untewiekt, SHAP, Random Forest, Tsxénsie rpyzoBuku, SCANIA, nucbanaHc kiiaccoB

Juast murtupoBanusi: C.A. EcausizoBa, C.T. Kaumos (2026). [IpeaukTHBHOE TEXHH-
YeCcKoe 00CITyKHBaHUE TSKENBIX IPY30BUKOB C UCII0JIb30BaHUEM 00BSICHUMOTO MATUHHOTO
oOydenust // MexyHapOoaHbIN KypHAT HHHOPMAIIMOHHBIX ¥ KOMMYHHKAITMOHHBIX TEXHO-
noruii. T. 7. No. 26. Ctp. 78-91. https://doi.org/10.54309/1JICT.2026.26.2.006. (Ha anr.).

KonduuKT HHTEepecoB: aBTOPHI 3asIBIIAIOT 00 OTCYTCTBUU KOH(IMKTa UHTEPECOB.

Introduction.

Modern industrial transport depends on complex mechanical and electronic
systems. Unexpected failures in such systems create downtime, safety risks and repair
costs, while scheduled preventive maintenance can lead to unnecessary interventions.
Predictive maintenance addresses this problem by using sensor and service data to estimate
the probability of future failure and to support maintenance before breakdowns occur.
Systematic reviews show that machine-learning methods are now widely used in predictive
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maintenance because they can learn non-linear relationships in operational data and can
be updated when new fleet information becomes available (Carvalho et al., 2019; Zonta et
al., 2020).

The object of this study is the SCANIA Component X dataset, a real-world dataset
for an anonymized engine component from heavy-duty trucks. The subject of the study is
failure prediction from aggregated sensor-derived features and the interpretation of model
decisions. The aim is to evaluate whether a relatively transparent tree-based baseline can
detect failures under strong class imbalance and whether SHAP explanations can identify
the most influential operational variables. The main objectives are to prepare a binary
learning dataset, train a Random Forest model, optimize the decision threshold for the
failure class and interpret the model at both global and local levels.

The topic is relevant because industrial failure data are rarely released publicly.
Many prognostic studies rely on simulated benchmark data, such as the C-MAPSS
turbofan dataset, which is valuable for method development but does not fully reproduce
the noise, irregular sampling and repair-label uncertainty of operating fleets (Saxena et al.,
2008). The SCANIA Component X dataset is therefore important because it contains real
fleet telemetry, repair information and vehicle specifications for more than 33,000 trucks
(Kharazian et al., 2025). Similar work on heavy-duty vehicle batteries has shown that
sparse and irregular workshop-collected data create practical modelling challenges that
differ from controlled simulation settings (Voronov et al., 2020).

The research hypothesis is that a cost-sensitive Random Forest, although not
expected to produce perfect failure detection, can identify a useful subset of at-risk trucks
and can be made interpretable with SHAP. This hypothesis is tested on the validation
data using precision, recall and F1-score for the failure class rather than accuracy alone.
The contribution of the article is a compact and reproducible baseline for the SCANIA
Component X data, together with an explanation of why some failures are detected and
why others are missed.

The scientific novelty lies in using the recently published SCANIA Component X
data as a reproducible case for balancing prediction quality and explanation quality. Many
industrial studies report high predictive scores on proprietary datasets, but their data and
preprocessing decisions cannot be independently inspected. Here, the selected baseline is
deliberately conservative: it does not use the hidden test labels, does not create synthetic
failure records and does not use the full time series. This design makes the limitations
visible. It also clarifies which part of the prediction task can be solved from one final
readout and which part probably requires richer temporal information.

Materials and research methods.

Research material

The research material is the SCANIA Component X dataset published in Scientific
Data and made publicly available through the Swedish National Data Service (Kharazian
et al., 2025). The dataset combines three groups of information: operational readouts from
electronic control units, workshop repair records and anonymized vehicle specifications.
The component is called Component X for confidentiality reasons, but the data preserve
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the temporal and operational patterns needed for predictive maintenance modelling.

The operational file contains a vehicle identifier, a relative time step and 105
anonymized numerical features. Six variables are stored as histograms that represent
sensor distributions across operating ranges, and eight variables are cumulative numerical
counters. The source paper reports that the counters are positively correlated, which
suggests that they represent related aspects of component use. Missing values are rare; the
highest missing proportion for a single feature is below one percent, so simple imputation
is sufficient for a baseline model.

Table 1 — Class distribution across dataset partitions

Partition Class Count Percentage (%)

Training 0 — Healthy 21,278 90.4

Training 1 — Failed 2,272 9.6

Validation 0 — More than 48 steps to 4,910 97.3
failure

Validation 1 — 24-48 steps to failure 14 0.3

Validation 2 — 12-24 steps to failure 16 0.3

Validation 3 — 612 steps to failure 30 0.6

Validation 4 — Fewer than 6 steps to 76 1.5
failure

Test 0 — More than 48 steps to 4,903 97.2
failure

Test 1 — 24-48 steps to failure 26 0.5

Test 2 — 12-24 steps to failure 15 0.3

Test 3 — 6-12 steps to failure 41 0.8

Test 4 — Fewer than 6 steps to 60 1.2
failure

Source: compiled from (Kharazian et al., 2025).

Research stages and preprocessing

The study followed five stages. First, the dataset structure and class labels were
inspected. Second, the raw time-series records were reduced to one final readout per
vehicle to align the training representation with the validation and test structure. This
choice removes sequential information, but it provides an interpretable baseline and avoids
mixing different temporal formats. Third, missing values were replaced by the median of
each feature calculated on the training set only. The same medians were then applied to
validation data to prevent data leakage.

Fourth, the binary classification target was formed. In the training data, class 0
represents vehicles without a recorded Component X failure and class 1 represents vehicles
with a failure. In the validation data, the original five-class time-to-failure labels were
mapped to a binary target by treating classes 14 as failures. Fifth, the class imbalance was
handled by cost-sensitive learning. The final Random Forest used class weights of {0:1,
1:5}, so that errors on failed cases received a higher penalty. Synthetic oversampling was
not used because the goal was to preserve the original industrial data distribution; SMOTE
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and related methods can be useful but may create artificial samples that are hard to interpret
in anonymized sensor spaces (Chawla et al., 2002).

Model and evaluation methods

Random Forest was selected as the main classifier because it performs well on high-
dimensional tabular data, is robust to noisy features and does not require feature scaling. A
Random Forest combines many decision trees grown on bootstrap samples and averages
their decisions by majority voting, which reduces the variance of individual trees (Breiman,
2001). The model was implemented in Python using scikit-learn (Pedregosa et al., 2011).

Because failures are rare, accuracy was not used as the main criterion. A classifier
that predicts every vehicle as healthy would obtain high accuracy while detecting no
failures. Therefore, the evaluation focused on precision, recall and F1-score for the failure
class. Precision measures the proportion of predicted failures that are true failures, recall
measures the proportion of actual failures detected, and F1-score is the harmonic mean of
precision and recall. The decision threshold was selected from the precision—recall curve
on the validation set.

Table 2 — Hyperparameters of the final Random Forest model

Parameter Value Rationale

n_estimators 300 Stability of ensemble predictions

max_depth None Unrestricted trees gave the best F1-score
min_samples_leaf 2 Allows finer splits while reducing single-sample leaves
class_weight {0:1, 1:5} Cost-sensitive learning for rare failures

random_state 42 Reproducibility

Decision threshold 0.199 Selected from the precision—recall curve

No feature scaling was applied because decision trees split variables by thresholds
and are not sensitive to linear rescaling in the same way as distance-based or gradient-based
models. Vehicle identifiers and time-step identifiers were removed from the feature matrix
to avoid learning direct identifiers rather than operational patterns. The validation data were
not used for training the trees; they were used only for threshold selection and evaluation.
This separation is important because threshold tuning on the same observations used to fit
the model can lead to over-optimistic estimates of performance.

The research questions were formulated as follows. RQ1 asks whether a Random
Forest classifier can identify a practically useful share of Component X failures under
the original imbalance of the dataset. RQ2 asks which anonymized operational variables
have the strongest effect on the model output. RQ3 asks whether local explanations can
clarify false-negative cases that are particularly important for maintenance practice. The
corresponding hypothesis is that interpretable tree-based learning will improve failure
detection over a majority-class baseline and will expose a limited set of variables that
dominate the predictions.

Explainability method

SHAP was used to explain the trained model. SHAP is based on Shapley values from
cooperative game theory and estimates how much each feature contributes to a prediction
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relative to the model’s average output (Lundberg et al., 2017). It is appropriate for this
study because the same framework supports both global interpretation, where features are
ranked by mean absolute contribution, and local interpretation, where one vehicle-level
decision can be decomposed into positive and negative feature effects.

For tree-based models, the TreeSHAP algorithm computes exact attributions
efficiently by using the internal structure of decision trees (Lundberg et al., 2020). In
this study, SHAP was calculated on a stratified validation sample of 1,000 vehicles while
preserving the original class distribution. The analysis used a summary plot, mean absolute
SHAP ranking, dependence plots for the leading variables and a local waterfall plot for a
missed failure case.

Results and discussion.

The predictive maintenance literature provides the methodological background
for this study. (Carvalho et al., 2019) reviewed machine-learning methods for predictive
maintenance and showed that tree-based methods, including Random Forest, are common
because they combine strong tabular performance with practical robustness (Zonta et al.,
2020). Placed predictive maintenance in the Industry 4.0 context and emphasized that data-
driven maintenance depends not only on algorithms but also on the availability and quality
of industrial data. These reviews justify the use of a supervised learning baseline but also
highlight the scarcity of public real-world datasets.

Ensemble methods are especially relevant to industrial data (Breiman, 2001).
Introduced Random Forest as an ensemble of randomized decision trees. Boosting
methods provide an alternative family: (Friedman, 2001) formulated gradient boosting
as additive function approximation (Chen et al., 2016) introduced XGBoost as a scalable
implementation that became widely used for structured data. These methods are strong
candidates for predictive maintenance, but they often require additional interpretation tools
when used in operational decision support.

Deep learning is important when temporal dependencies are central (Hochreiter et
al., 1997) introduced Long Short-Term Memory networks, which are designed to retain
information over sequences (Khan et al., 2018). Reviewed deep learning applications in
system health management and showed that neural architectures can model degradation
patterns when sufficient sequence data are available. More recent studies, such as (Li et al.,
2022; Metta et al., 2024), demonstrate the relevance of CNN-LSTM, attention and pseudo-
labeling approaches for remaining-useful-life and truck-maintenance tasks. In the present
article, however, a tree-based baseline is intentionally used because the training data are
reduced to the last readout and because interpretability is a central requirement.

Explainability has become a major condition for applying machine learning in
technical systems (Guidotti et al., 2018). Reviewed methods for explaining black-box
models and argued that interpretability is necessary when models support decisions with
practical consequences (Lundberg et al., 2017). Introduced SHAP as a unified feature
attribution framework (Lundberg et al., 2020) extended the approach for tree models.
Predictive-maintenance studies have adopted similar tools in different domains (Kargar-
Sharif-Abad et al., 2024): used SHAP with survival-analysis models for SCANIA
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maintenance data (Brito et al., 2022) applied explainable Al to rotating machinery fault
detection and diagnosis, and (Astolfi et al., 2023) used explainable Al for wind turbine
condition monitoring. The gap addressed by this article is the combination of a simple
failure-classification baseline with SHAP explanations on the publicly released SCANIA
Component X dataset.

The reviewed literature also shows a methodological trade-off. Sequence models
can use richer temporal information, but they are usually harder to explain and require
careful construction of time windows. Tree ensembles can lose temporal detail when
the data are aggregated, but they are easier to train on tabular representations and can be
interpreted with exact tree-based SHAP values. This study therefore does not claim that
Random Forest is the best possible model for the dataset. Instead, it treats Random Forest
as a transparent benchmark against which later survival, boosting or recurrent models can
be compared.

Classification performance

The final model was evaluated on the internal validation set after mapping the
failure-related validation classes to a binary target. The binary validation set contained
4,710 vehicles: 4,256 healthy cases and 454 failure cases. Using the optimized threshold
of 0.199, the model achieved an overall accuracy of 0.853. For the failure class, recall was
0.447, precision was 0.315 and F1-score was 0.370. These values are modest in absolute
terms, but they are more useful than a majority-class baseline that would label all vehicles
as healthy and detect no failures.

The confusion matrix shows the practical trade-off. The model detected 203 of
454 failed vehicles, missed 251 failures and incorrectly flagged 441 healthy vehicles. This
means that about 45% of failures were detected, but false alarms remained frequent. In a
predictive maintenance setting, the acceptability of this trade-off depends on the relative
cost of inspection and unexpected breakdown. If missed failures are more expensive than
unnecessary inspections, a lower threshold can be justified; if inspection capacity is limited,
a higher threshold may be preferable.

Table 3 — Classification performance on the internal validation set

Metric Healthy class Failure class Macro average Weighted average
Precision 0.939 0.315 0.627 0.879
Recall 0.900 0.447 0.674 0.853
Fl-score 0.919 0.370 0.644 0.866
Support 4,256 454 4,710 4,710
Accuracy - - - 0.853

SHAP feature importance and interactions

The SHAP analysis indicates that the model relies on a small subset of variables.
The strongest features include 167 1, 272 0, 158 9, 397 6 and 167 2. Their mean
absolute SHAP values are higher than most remaining features, which suggests that useful
predictive information is concentrated rather than evenly distributed across all 105 features.
This finding is consistent with the practical observation that only some operating regimes
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may be informative for a specific component.
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Fig. 1. Confusion matrix on the internal validation set
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Fig. 2. Precision—recall curve for the failure class

The direction of the SHAP effects is also important. For many leading variables,
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low values tend to push the model output toward the failure class, while higher values tend to
push it toward the healthy class. Since the variables are anonymized counters and histogram
bins, this should not be interpreted as direct physical causality. A plausible explanation is
that low accumulated values represent newer vehicles, vehicles with interrupted histories,
counter resets or unusual operating profiles (Kharazian et al., 2025) note that software
updates and post-processing can affect counter continuity, so low counter values may partly
represent data-history effects rather than simple mechanical wear.

The dependence plots show a saturation pattern. For 167 1 and 272 0, SHAP
contributions are positive at low raw values but decrease quickly and become almost flat
after approximately 0.5 x 107. This indicates that the model mainly uses these features to
distinguish vehicles with limited recorded operational history from vehicles with sufficient
history to be treated as lower risk. The color coding of interacting variables suggests weak
but consistent interactions between related histogram bins.

High
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Fig. 3. SHAP summary plot for the leading features
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Fig. 4. SHAP dependence plots for the two leading features

Local explanation of a missed failure

The local explanation illustrates both the value and the limits of the model. The
selected example is a failed vehicle whose predicted failure probability was 0.056, below
the operating threshold of 0.199. Therefore, the case was classified as healthy even though
it was a true failure. The waterfall plot shows that the prediction was pushed downward
mainly by the combined effect of many small features, while only a few leading variables
contributed weakly toward the failure class.

This case is useful because it explains why the error occurred. The values of
important variables such as 167 1 and 272 0 fall in the flatter region of the dependence
plots, where the model treats the vehicle as similar to many healthy vehicles. In other
words, the available feature representation did not contain a strong signal for this failure.
This supports the conclusion that further improvements may require either richer telemetry
or models that use the full time series rather than only the last readout.

Limitations and practical implications

Several limitations should be considered when interpreting the results. First, the
model uses only the last readout per vehicle. This makes the learning problem consistent
across dataset splits, but it removes trends, sudden changes and degradation trajectories
that could be informative. Second, the component and variables are anonymized, which
protects industrial confidentiality but prevents direct engineering interpretation of individual
features. Third, the threshold was optimized for F1-score, while real maintenance planning
may require an economic objective that includes inspection cost, downtime cost and spare-
part availability.

The validation results should therefore be interpreted as a decision-support baseline
rather than a deployment-ready system. A practical implementation would need calibration,
monitoring of false alarms, integration with workshop capacity and periodic retraining as
the fleet changes. The model would also need to be evaluated on the held-out test set and,
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ideally, on later operational data collected after the model was developed. Such external
validation is necessary because failure distributions can shift when vehicles, routes, software
versions or maintenance practices change.
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Fig. 5. SHAP waterfall plot for a missed failure case

Despite these limitations, the analysis has practical value. The threshold can
be moved along the precision—recall curve to match different operational priorities. For
example, a fleet operator that wants to avoid roadside failures may accept more false alarms,
while a workshop with limited inspection capacity may prefer a stricter threshold. The
SHAP explanations can support this process by showing whether alerts are driven by stable
patterns or by unusual feature combinations. In this role, explainability helps engineers
decide when to trust a warning, when to request additional inspection and when to collect
better signals for future models.
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Conclusion.

This study evaluated an explainable machine-learning approach for predictive
maintenance of heavy-duty trucks using the SCANIA Component X dataset. The aim,
objectives and methods were implemented through a pipeline that aggregated each vehicle
to its final readout, imputed missing values, trained a cost-sensitive Random Forest,
optimized the decision threshold and interpreted the predictions with SHAP. The approach
is simple enough to serve as a baseline but still reflects practical constraints of industrial
data, including strong class imbalance and anonymized variables.

The main empirical result is that the model achieved 0.853 accuracy, 0.447 recall,
0.315 precision and 0.370 F1-score for the failure class on the internal validation set. The
model is not highly accurate for failures, but it detects a meaningful subset of failures
that a naive majority-class classifier would miss entirely. This is relevant for maintenance
decision support, where even partial early warning can be useful if the inspection cost is
lower than the cost of breakdown.

The main interpretive result is that SHAP revealed a concentrated feature structure
and an inverse relationship between some counter or histogram values and predicted failure
risk. Lower values of several influential variables increased failure probability, while
higher values often reduced it. The dependence plots showed saturation, meaning that the
model uses these variables primarily as threshold-like indicators. The local missed-failure
explanation further showed that SHAP can identify why a specific case was not detected,
but it cannot compensate for information missing from the feature set.

The practical implication is that the model should be used as decision support
rather than as an automatic maintenance rule. The threshold can be adjusted depending
on inspection capacity and the cost of missed failures. Future work should evaluate
sequence-aware models, including LSTM-based and CNN-LSTM approaches, survival-
analysis formulations and hybrid models that combine failure probability with time-to-
failure estimation. Another important direction is validation with maintenance engineers,
because model explanations must correspond to operational knowledge before deployment
in safety-relevant transport systems.
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