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As technical systems become increasingly complex, several variables must be monitored during field use to ensure
technical reliability. This results in multivariate systems where failures cannot be attributed to a single variable, as
interactions among variables can play a critical role. Moreover, real-world sensor data often includes units (candi-
dates) that have not yet failed, introducing the challenge of censored data. This paper presents a literature review
and conceptual study of machine learning (ML) methods applied to multivariate sensor datasets with and without
failures, with a particular focus on the interpretability of Random Survival Forest (RSF) models. It examines existing
ML approaches for identifying critical variables and determining their critical ranges, encompassing unsupervised,
supervised, and survival modeling approaches. Additionally, it reviews how different modeling frameworks address
censored data, feature interdependence, and degradation behavior. Building on this, the study explores RSF. It is
highlighted as a promising example of a non-parametric method capable of capturing multivariate interdependencies.
The paper discusses the possibility of applying RSF to time-to-failure data, assessing its potential to identify critical
variables and determine the critical ranges that lead to failure. RSF is expected to serve as the basis for a general
multivariate reliability model, providing interpretations into which parameters accelerate failure; an emerging, highly
relevant yet underexplored area in industrial reliability research.The study is based on simulated multivariate time-
series sensor data representing light electric vehicle (LEV) fleet applications. These datasets serve as representative
examples to illustrate the type of real-world information suitable for survival-based reliability modeling. These
findings support proactive maintenance decisions. Overall, the study bridges predictive maintenance and explainable
survival modeling with regard to technical complex systems, offering guidance on selecting suitable methods and
enhancing understanding of time-to-failure prediction and critical variable identification.

Keywords: Explainable machine learning, Reliability modeling, Random Survival Forests (RSF), Multivariate time
series, Automotive case study.

1. Introduction and outlines a data-driven framework for relia-
bility model selection informed by the conducted
literature review.

A case study using a simulated fleet-level
e-moped dataset demonstrates the framework
through an RSF model. The paper combines a
theoretical review of the framework and survival-
based reliability modeling with a practical RSF
application, illustrating how data-driven charac-
terization supports interpretable reliability analy-
sis beyond purely data-centric approaches.

As industries pursue faster and more reliable
solutions, engineering systems have become in-
creasingly complex, generating high-dimensional
datasets with strong interdependencies. Multi-
variate systems increasingly rely on machine-
learning-based approaches to handle complex and
high-dimensional data and support reliability and
maintenance decisions.

In reliability engineering, the main challenge is
no longer failure detection but selecting appropri-
ate modeling strategies. Although many methods
exist, uncertainty remains about which variables 2. Literature Review
drive failure and within which operating ranges.
This paper focuses on interpretability techniques
for identifying critical variables and their critical
ranges in Random Survival Forest (RSF) models,

Literature on RSF is well established since the ini-
tial work of Ishwaran et al. (2008). Methodolog-
ical aspects of RSF, including ensemble hazard
estimation and limitations of variable-importance-
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based explanations under censoring and correlated
predictors, have been studied in detail ( Langbein
et al., 2025; Schmid et al., 2016).

RSF has been widely applied in clinical and
biomedical survival analysis for tasks such as risk
stratification and high-dimensional survival pre-
diction (Liao et al., 2024; Wang et al., 2019). Con-
sequently, RSF applications and interpretability
studies are predominantly demonstrated in health-
related domains, with limited focus on engineer-
ing reliability settings. While RSF is frequently
used, interpretability remains inconsistent in prac-
tice, as many applied studies rely on global im-
portance measures that do not explain variable
influence on failure risk directly (Kargar-Sharif-
Abad et al., 2024). Recent surveys confirm that
survival-based machine learning often achieves
strong predictive performance but provides lim-
ited, non-standardized explanations beyond im-
portance rankings (Langbein et al., 2025).

Several frameworks address algorithm selection
in predictive maintenance and prognostics (Arena
et al., 2024; Leohold et al., 2025). However, these
approaches primarily operate at an algorithmic
level and do not support dataset-driven method
selection aimed at identifying critical variables
and their associated operating ranges. Related sur-
vey and comparison studies in survival and re-
liability modeling further emphasize the impor-
tance of dataset characteristics for model selection
(Ramkumar and Oscar, 2024), yet remain limited
to survival-analysis-centric perspectives or high-
level reviews.

Consequently, despite mature survival models
such as RSF and existing taxonomies, there re-
mains limited structured guidance mapping ob-
servable dataset characteristics to suitable model-
ing approaches in reliability engineering. This gap
is particularly relevant in practical applications,
where datasets vary substantially in censoring and
label quality. The present work builds on existing
literature by contributing a data-characteristics-
driven decision study and demonstrating, through
an RSF case study, how interpretability can be ex-
tended from identifying critical variables toward
identifying critical operating ranges.
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3. Background Information and
Framework Exploration

A framework is understood as a structured de-
cision aid that maps observable dataset charac-
teristics to suitable modeling families. In relia-
bility analysis of complex engineering systems,
the central challenge is not the lack of available
machine-learning approaches, but selecting meth-
ods that match the available data and support the
identification of critical variables and operating
ranges associated with failure risk. The choice of
modeling approach is therefore primarily driven
by the type and quality of available data.

When failure labels are not available, unsu-
pervised learning approaches are typically ap-
plied. In such settings, failure is defined implic-
itly through deviations from normal system be-
havior rather than explicit failure events. Com-
mon unsupervised methods include autoencoders,
Isolation Forest, Local Outlier Factor (LOF), and
change-point detection techniques, which identify
anomalous operating regimes in multivariate sen-
sor data. While effective for anomaly detection,
these methods provide limited linkage between
anomaly severity, failure timing, and remaining
useful life. Interpretability is typically post-hoc,
for example by attributing reconstruction error
to input features using SHAP-based techniques,
as demonstrated by Antwarg et al. (2021) for
autoencoder-based anomaly detection. However,
even with such explanations, translating anomaly
scores into standardized reliability quantities re-
main challenging (An and Cho, 2015; Sakurada
and Yairi, 2014; Wu et al., 2024).

When labeled data are available, supervised
learning approaches can be applied. Typical su-
pervised models include logistic regression, Ran-
dom Forests (RF), and gradient boosting methods
such as XGBoost, which are widely used in fleet-
level failure classification due to their robustness
to nonlinear relationships and strong performance
on tabular sensor features. These models gener-
ally output class labels or failure probabilities and
are evaluated using metrics such as accuracy or
AUC (Area Under the Receiver Operating Char-
acteristic Curve, measuring the model’s ability to
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discriminate between classes across thresholds).
Interpretability is commonly addressed through
feature importance measures in tree-based models
and post-hoc explanation methods such as SHAP,
which enable the identification of influential vari-
ables and their critical operating ranges via depen-
dence plots (Ribeiro et al., 2016). While effective
for distinguishing failed from non-failed samples,
standard supervised classification does not explic-
itly model time-to-failure and typically discards
information from censored units.

When time-to-event information is available,
survival analysis provides a supervised mod-
eling framework that explicitly accounts for
right-censored observations. Common survival
approaches include Cox Proportional Hazards
(CoxPH), RSF, and neural-network-based models
such as DeepSurv and DeepHit. CoxPH offers
strong interpretability through hazard ratios but
relies on linearity assumptions unless extended.
RSF relaxes these assumptions through non-
parametric tree ensembles, capturing nonlinear
effects and interactions while naturally handling
censoring. Deep survival models further increase
modeling flexibility but typically require post-hoc
attribution methods to achieve interpretability. A
key advantage of survival modeling is its direct
alignment with reliability objectives, as it enables
the identification of variables that accelerate fail-
ure risk and supports analysis of how risk evolves
across operating ranges. Extracting critical vari-
ables and ranges therefore often requires a combi-
nation of model-intrinsic interpretability measures
and targeted post-analysis (Katzman et al., 2018;
Lee et al., 2018).

4. Methodology

This section describes the theoretical foundations
of the applied methods and outlines how the RSF
approach is used to model failure risk and inter-
pretability in the presented case study.

4.1. RSF Theory

RSF is a non-parametric survival analysis method
that uses an ensemble of decision trees to esti-
mate time-to-failure and relative risk. Each tree
is trained on a bootstrap sample of the dataset,

such that approximately 64% of observations are
unique, while the remaining out-of-bag samples
provide an internal test set for that tree.

At each node, RSF randomly selects a sub-
set of candidate features, and evaluates multiple
candidate split points for each feature, typically
defined as midpoints between consecutive sorted
values. For a given feature xzj, each candidate cut
c defines a split of the form

T < CcVS. T > C.

Each candidate split is evaluated using the log-
rank test statistic, which measures how strongly
the resulting left and right child nodes differ in
their survival behavior.

At a node, for a candidate split s, RSF maxi-
mizes the log-rank statistic

2
> (dij — elj)]
2 V1
where, at each event time ¢;, di; denotes the
observed number of events in the left node,

el; = %dj the expected number of events,
Y1; the number of observations at risk in the left

LR(s) = (1

node, Y; the total number at risk, and vy; the
corresponding variance term. The split chosen for
the node is the feature-cut pair (xy, ¢) that yields
the maximum log-rank value among all evaluated
candidates, corresponding to the strongest separa-
tion of survival outcomes between child nodes.

Trees are grown recursively until stopping cri-
teria are met. Once a tree is fully grown, each
terminal leaf estimates the survival function using
the Kaplan—Meier estimator and the cumulative
hazard using the Nelson—Aalen estimator. The
Kaplan—Meier survival function for a terminal
node is given by:

016

<t

2

where t; is the j-th event time, d; the number of
failures at ¢, and Y; the number at risk just before
t;. Final predictions are obtained by averaging
survival functions or hazard estimates across all
trees in the ensemble (Ishwaran et al., 2008; Ish-
waran and Kogalur, 2010).
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RSF Hyperparameters and Tree Construction

RSF was implemented using the scikit-survival
library. An ensemble of 800
trees (n_estimators = 800) was used to obtain
stable predictions. Node splitting required at least
10 samples (min_samples_split = 10), and
terminal nodes contained a minimum of 5 obser-
vations (min_samples_leaf =5) to ensure re-
liable Nelson—Aalen estimates. Feature-level ran-
domness was introduced using max_features
= "sqgrt", with optimal feature—threshold splits
selected by the log-rank criterion.

4.2. Case Study

The following sections describe the dataset, fea-
ture construction, labeling strategy, and the RSF
modeling approach.

4.2.1. Dataset and Feature Construction

The dataset consists of 84 independent e-moped
simulation runs, each representing the operational
history of a single unit and containing approxi-
mately 31,000 high-frequency time-stamped ob-
servations. Recorded sensor signals include bat-
tery current (three channels), battery voltage, ve-
hicle speed, applied torque, and traveled distance.
To enable simulation-level modeling, each time
series was aggregated into a fixed-length repre-
sentation by computing descriptive statistics per
variable, including minimum, maximum, mean,
variance, range, and selected percentile (25th,
50th, 75th, and 90th percentiles). In total, 11 fea-
tures per simulation were constructed, combining
original sensor variables with derived statistical
descriptors.

4.2.2. Labeling Strategy and Event Definition

RSF requires, for each instance, a time-to-event
value, failure labels, and features (Ishwaran et al.,
2008). In the absence of failure labels, heuristic
event labels were assigned by defining a binary in-
dicator (0 = non-failure-like, 1 = failure-like) and
an observation time corresponding to either the
onset of failure-like behavior or censoring. Fea-
ture selection was guided by physical considera-
tions, targeting electrical stress, load variability,
and mechanical demand. Accordingly, the 90th
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percentile of battery current was selected to cap-
ture sustained electrical load and associated 2R
losses, current variance to reflect electrical insta-
bility and dynamic loading, and torque variance
to serve as a proxy for cyclic mechanical stress
linked to fatigue, which are widely recognized
contributors to degradation in electro-mechanical
systems. Maximum values were treated cautiously
due to their sensitivity to isolated spikes, whereas
variance- and percentile-based measures provide
a more robust characterization of sustained oper-
ating stress. Based on this physical rationale, cur-
rent variance, the 90th percentile of current, and
torque variance were selected to define failure-like
behavior within this context. Simulations exceed-
ing the upper 60% thresholds in all these three
features were labeled as failures, yielding approx-
imately 25% failed units across all simulations, a
common percentage within such approaches.

5. Results and Discussion

As the concept of interpretability and explain-
ability is a central focus of this paper, related
gaps in the application of commonly used al-
gorithms were first identified. To address these
gaps, RSF was applied to the processed dataset
as a case study, serving as an investigation of
interpretability-oriented analysis. This study does
not focus solely on survival curves, as in most
RSF research, but also examines critical variables,
operating ranges, multivariate relationships within
the data, and model explainability, as demon-
strated in the following sections. The evaluation
metrics are divided into model performance, risk
scores and ranking, survival meaning of risk, crit-
ical variables, and ranges. The analysis therefore
begins by establishing the predictive validity of
the model before any interpretative conclusions
are drawn, ensuring that all subsequent explana-
tions are based on a model with meaningful pre-
dictive capability.

5.1. Model Performance

The C-index evaluates how well an RSF ranks
survival risk (Schmid et al., 2016). A value of 0.92
means the model correctly orders which unit fails
first in 92% of comparable cases.
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5.2. Risk Score and Ranking

After validating the model, RSF risk scores are
used to rank simulations by relative failure risk.
Higher scores indicate more stressed units. Com-
paring the ranking with the failure labels indi-
cates that a risk threshold of approximately 3.8
correctly identifies about 85% of the failure cases,
demonstrating that higher risk scores are strongly
associated with observed failures.

Count

4 [ 8 10
Risk score

Fig. 1.

Risk score distribution among samples

Figure 1 shows the distribution of RSF risk
scores across all simulations. The distribution is
strongly right-skewed, with approximately 54%
of simulations exhibiting low risk scores up to
around 1.6, corresponding to units predominantly
labeled as healthy. Beyond this range, risk scores
spread more gradually across higher values, in-
dicating a continuous increase in failure risk
rather than a sharp binary separation. This grad-
ual spread reflects multiple intermediate risk lev-
els and suggests that degradation develops pro-
gressively across the fleet, rather than occurring
abruptly.

5.3. Survival Function

Survival function, a standard metric by RSF, rep-
resents the probability that a simulation survives
beyond a given time point and is evaluated for test
samples over the observed time range.

Figure 2 Predicted survival curves for the first
10 test samples. The horizontal axis represents
time steps (sampling index), corresponding to the
sequential position in the recorded time series;
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Fig. 2. Predicted survival curves against time

each step corresponds to 0.5 s (sampling rate: 2
Hz). The vertical axis shows the predicted survival
probability. Survival probabilities remain similar
in early stages and diverge mainly after approxi-
mately 80% of the runtime, reflecting increasing
differences in degradation behavior.

5.4. Reliability Interpretation and
Maintenance Implications

The predicted survival curves provide time-
dependent reliability estimates for each vehicle,
where the survival probability indicates the like-
lihood that a unit remains operational beyond
time stated. For practical maintenance decision-
making, a fixed reliability threshold of 80% was
adopted as an intervention boundary. For each
vehicle, the survival curve is evaluated up to
this threshold, and once the predicted survival
probability falls below 80%, the unit is consid-
ered insufficiently reliable and flagged for pre-
ventive maintenance, even if no failure has yet
occurred due to censoring. As observed in the
survival curves, this threshold is reached earlier
for some vehicles and later for others, reflect-
ing degradation behavior across the fleet. This
approach enables reliability-based maintenance
planning rather than deterministic failure time pre-
diction and is naturally supported by RSF through
its ability to model censored data. The choice
of the prediction horizon and reliability threshold
remains application-specific and can be aligned
with company-defined maintenance intervals or
risk tolerance levels, thereby supporting the gen-
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eralizability of the proposed approach across dif-
ferent operational settings.

5.5. Critical variables

RSF identified risk patterns consistent with the
rule-based labeling adopted in this study. The out-
put is evaluated through a comparison of mean
predicted risk across different combinations of
satisfied conditions, as shown in Figure 3.

As illustrated, when none or only one of the
top 60% conditions is satisfied, mean risk remains
low, with moderate increases when two conditions
are met. In contrast, when all three conditions
are simultaneously satisfied, mean predicted risk
increases sharply, indicating a strong interaction
effect beyond individual variables.

To further validate this behavior, a binary indi-
cator (rule_mask) is introduced, where rule_mask
= 1 denotes that all predefined conditions are
simultaneously satisfied, and rule_mask = O oth-
erwise. Figure 3 shows that risk scores remain
moderate when rule_mask = 0, but increase sub-
stantially when rule_mask = 1, reflecting extreme
risk states.

This behavior, therefore, demonstrates strong
agreement between heuristic labels and learned
survival risk.

Mean predicted risk score
~ w & v o

-

0.0 0.5 10 15 2.0 25 3.0
Number of top-60% conditions satisfied {0..3)

Fig. 3. Increase in mean predicted risk with the num-
ber of satisfied high-risk conditions

5.6. Feature Importance

After establishing multivariate relationships, fea-
ture importance analysis was used to identify the
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variables primarily responsible for increased fail-
ure risk. As expected, the results indicate that
current variance, torque variance, and the upper
90th percentile of current are the most influential
variables, as permuting these features leads to the
largest degradation in model performance. Other
variables exhibit only minor contributions in com-
parison.

5.7. Critical Range

The initial analysis illustrates how the model re-
sponds to a feature in general, independent of
the empirical study. Initially, one feature is varied
gradually while all other features are held fixed at
their median values, and the resulting change in
predicted risk is observed. This shows what the
model has learned would happen to risk if only
this feature increased.

For torque variance, as shown in Figure 4 (left),
the predicted risk remains nearly constant up to
approximately 280-290 %?2, beyond which a sharp
increase is observed. In this region, risk rises
rapidly from around 2.2 to values above 3.5, in-
dicating a clearly defined critical operating range.

In contrast, the current range, shown in Figure 4
(right) does not exhibit a distinct threshold be-
havior. Instead, predicted risk changes gradually
across the feature range, suggesting a weaker and
more spread influence on failure risk.

For current variance, a notable increase in pre-
dicted risk occurs around 1.15-1.2 x 107 mAZ2,
where risk rises sharply from approximately 1.7
to above 4.5, indicating a clear critical range. The
90th percentile of current shows an even more
pronounced threshold behavior, with a steep rise
in risk beyond roughly 1950-2000 mA, reaching
values above 7 and marking a distinct critical
operating range. Variables not included in the
failure labeling do not exhibit comparably clear
threshold-like ranges in this experiment.

The relationship between individual features
and predicted risk was analyzed using the sim-
ulation data. High-risk values concentrate within
specific ranges for key variables (e.g., current vari-
ance, q90 current, and torque variance), consis-
tent with previously identified critical thresholds,
while other variables show more diffuse patterns
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without clear risk transitions.

To assess whether individual variables mean-
ingfully affect failure time, survival curves were
compared between simulations with low and high
feature values. For each variable, two survival
curves are plotted; a clear separation between
these curves indicates a strong influence on sur-
vival behavior.

Simulations with high torque variance exhibit
lower survival probabilities over time compared
to the low group, indicating increased failure risk
under elevated mechanical variability. As shown
in Figure 5 (left), higher torque variance leads to
earlier and steeper survival decline, confirming its
role as a critical stress driver. In contrast, variables
such as maximum current show only limited sep-
aration between low- and high-value groups, as
shown in Figure 5 (right), suggesting a weaker in-
fluence on survival. Overall, clear survival-curve
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Survival probability against time, low vs high-torque variance (left) and maximum current (right)

separation corresponds to variables with strong
impact on failure timing, whereas overlapping
curves indicate limited standalone relevance.

6. Conclusion and Outlook

This study demonstrated the use of RSF for relia-
bility analysis on a simulated fleet-level e-moped
dataset, highlighting their ability to capture non-
linear risk behavior, multivariate interactions, and
censored observations. The results provided inter-
pretable insights into critical variables and oper-
ating ranges relevant for reliability-driven main-
tenance decisions. By emphasizing explainability,
the analysis shows how survival-based machine
learning can move beyond predictive performance
toward actionable reliability insights in complex
engineering systems.

Future work would extend this study by incor-
porating real-world data to validate the findings
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under practical operating conditions. In addition,
neural network—based survival models, such as
DeepSurv, could be considered to compare predic-
tive performance and interpretability against RSE.
Additionally, further development of the proposed
framework would follow. Further analysis of re-
liability thresholds, including the selected 80%
intervention boundary, could assess their influ-
ence on maintenance timing, risk tolerance, and
operational cost. Finally, applying the framework
to additional domains would further validate its
generalizability for reliability-oriented model se-
lection.
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