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Abstract: The study identifies critical factors influencing companies’ operational and sustainability
performance utilising fluid power systems. Firstly, the study performs Machine Learning (ML)
modelling using variables extracted from survey instruments in the West Balkan region. The dataset
comprises 115 companies (38.75% response rate). The survey data consist of 22 predictors, including
meta-data and three target variables. The K-Nearest Neighbours algorithm offers the highest predic-
tive accuracy compared to the other seven ML models, including Ridge Regression, Support Vector
Regression, and ElasticNet Regression. Next, using a model-agnostic interpretation, we assess feature
importance using mean dropout loss. After extracting the most essential features, we test hypotheses
to understand individual variables’ local and global interpretation of maintenance performance met-
rics. The findings suggest that Failure Analysis Personnel, data analytics, and the usage of advanced
technological solutions significantly impact the availability and sustainability of these systems.

Keywords: machine learning; feature extraction; fluid power systems; multivariate statistics

1. Introduction

Overall Equipment Effectiveness (OEE) is no longer solely a target of manufactur-
ing companies. Many companies are altering their business models and incorporating
sustainability aspects in their performance metrics [1–4]. Specifically, in asset-intensive
industries where processes and production heavily rely on fluid power systems, ensuring
the availability and sustainability of these assets is crucial.

Recent advancements in digital technology offer new opportunities for advancing
maintenance practices. As such, an exponential rise in publications dedicated to Predictive
Maintenance (PdM), Energy-Based Maintenance (EBM), and Sustainable Maintenance (SM)
has been reported [5–9]. However, adopting these advanced maintenance practices varies
by company and is questionable in terms of suitability and readiness. This is especially
important due to the heterogeneity of applications relying on fluid power systems and
other factors, such as the availability of skilled personnel [10].

Due to limited knowledge and lack of empirical evidence, the study aims to investigate
critical factors affecting the operational and sustainability performance of companies
utilising fluid power systems. To achieve this, we rely on evidence from a questionnaire-
based survey [11] of companies in the West Balkan region. The idea is to raise awareness and
understand how specific maintenance activities, tools, and organisational characteristics
affect the performance metrics expressed in Mean Time Between Failures (MTBF), Mean
Time to Repair (MTTR), and Waste Oil Monthly (WOM).

There is a lack of knowledge in contemporary maintenance research regarding the
factors impacting the maintenance performance metrics [12]. With the emergence of SM,
many studies engage in observational and explanatory research relying on survey data.
For instance, a study by [13] investigates the impact of traditional preventive maintenance
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versus EBM practices, suggesting that although EBM may offer benefits in reducing energy
consumption and environmental impact, it significantly reduces operational effectiveness
in terms of MTBF, even up to 53% drop due to lack of competences and skills in EBM
domain. A recent study by Judijano et al. [14] using SEM (Structural Equation Modelling)
highlighted the impact of business analytics and big data on predictive maintenance and
asset management practices, suggesting a significant positive relationship with the use
of data analytic tools. The findings suggest significant improvements in asset reliability,
reduced downtime, and enhanced operational efficiency. From an operational perspective,
the role of management commitment and TPM (Total Productive Maintenance) implemen-
tation strategies suggest a significant benefit to companies’ productivity, as reported by
Diaz-Reza et al. [15]. They conclude that managerial commitment, as a latent variable,
accounts for 40.7% of the variation, implying that for a maintenance program to be success-
ful, managerial support is crucial for increasing maintenance performance. Their findings
demonstrate with a moderate to large effect size that management commitment is vital in
productivity, TPM success, and PM programs. Lastly, considering the contextual settings
regarding the impact of factors on companies relying on fluid power systems, a study
conducted by Orošnjak et al. [16] using a regression model suggests that filter replacement
time, machine age, Failure Analysis Personnel, and maintenance practice significantly
impact MTBF (p < 0.01).

The study continues previous work [11] to assess the factors influencing the mainte-
nance performance of assets using fluid power systems. However, instead of investigating
the factors leading to specific component failures, failure modes, and root causes of failure,
this study relies on quantitative analysis using the Model-Agnostic Interpretation (MAI)
method [17] of utilised Machine Learning (ML) models. The rationale for selecting a spe-
cific methodology is due to the underlying maintenance features’ complex and nonlinear
relationship. Specifically, we aim to identify the best-performing models and offer decision-
makers better insight into the features’ contribution. The MAI method helps understand the
versatility across models by relying on the MDL (Mean Dropout Loss) algorithm. The MDL
is not tied to a specific model but provides feature importance based on the loss function.
In contrast to the traditional approach of simply relying on the model’s performance and
using features of the best-performing model, leading to biased estimates and ignoring es-
sential features, we offer the quantitative impact of individual features and identify critical
factors affecting maintenance performance. Such an approach compares features across
models and aids in understanding feature contribution. In sum, the approach is considered
more robust than solely relying on ML models’ metrics that cannot be compared across
models. Lastly, after extracting the most relevant features, we conduct a robust statistical
analysis of individual features using a variety of hypothesis testing for categorical and
continuous predictors.

The rest of the manuscript is structured as follows. The second section describes the
questionnaire-based survey, including the description of retrieved samples and features
used in modelling. The section explains data (pre)processing, data wrangling, ML models
with settings of (hyper)parameters, and the MDL algorithm. The third section offers in-
detail results of descriptive statistics, ML performance metrics, and hypothesis testing
findings derived from parametric and non-parametric analyses. The last section provides
concluding remarks, as well as the limitations and implications of the study.

2. Materials and Methods
2.1. Survey Instrument and Data

The questionnaire-based survey instrument has been developed to target manufac-
turing companies in the West Balkan region. The survey consists of eighteen predictor
variables, four meta-data records, and five target variables (Figure 1). The survey’s response
rate is 38.72% (115/297). The extracted variables were subjected to coding. Specifically,
NWEC (Nominal Working Energy Consumption) is determined based on the NWP (Nomi-
nal Working Pressure) and NWF (Nominal Working Flow) metrics, expressed in kW power.
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Similarly, the Maintenance Personnel Per Machine (MPPM) was determined based on the
number of Maintenance Personnel (nMANP) and Number of Machines (NOM) utilising
fluid power systems. The rest of the survey data are taken as raw data. The full description
and design of the survey instrument is provided in detail [11]. However, unlike in the
previous study, we specifically aim to assess the impact of individual predictors on the
MTTR, MTBF, and WOM metrics. Thus, RCF (Root Cause of Failure) and CFT (Component
Failure Type) variables are not included in this study.
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Figure 1. The questionnaire-based survey description of input and output variables and estimated
parameters (reworked [17]).

Moreover, additional coding of variables is performed. For FAP (Failure Analysis
Personnel), the data are split into indoor and outdoor (outsource) Failure Analysis Personnel
because we consider it would increase the generalisability of findings that would be
more of an interest to the readers. Also, the LCML (Lubricant Condition Monitoring
Laboratory) variable is coded as a binary variable as 1 = includes laboratory analysis (e.g.,
oil spectrophotometry) and 0 = does not include laboratory analysis. The LCMI (Lubricant
Condition Monitoring Instruments) variable is also coded as binary, such that 1 = includes
advanced condition monitoring instruments (e.g., contamination sensors and vibroacoustic
sensors), and 0 = does not include. Lastly, the DAT (Data Analytics Tools) utilised variable
is coded as 1 = includes data analysis tools and 0 = does not include data analysis tools.

The rest of the categorical and continuous predictors are explained and discussed
through hypothesis testing, including the impact of each category and the association
between continuous and target variables. Lastly, MTTR, MTBF, and WOM’s output per-
formance metrics were subjected to dimensionality reduction. Specifically, we use PCA
(Principal Component Analysis) and select the first PC (Principal Component), which
is commonly used since it captures the most variance. Next, we perform a regression
analysis of extracted components using coded categorical and continuous variables to
capture the contribution of each feature in the PC1 using the MDL algorithm. The results
of dimensionality reduction using PCA are provided below.

The PCA is a commonly known unsupervised method used for dimensionality reduc-
tion and visualisation. [18]. Namely, the PCA transforms the original dataset into a new set
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of variables through ordination, commonly known as Principal Components [19]. These
PCs are then ordered by the variation they capture from the original dataset. The reader is
referred to for an in-detail analytical description of the PCA [20,21]. The dimensionality
reduction results using PCA show the loadings (Table 1) of individual components and PC
coefficients (Table 2). The variance for the first two components accounts for 79.7% of the
total variance, while the projected first component accounts for 48.8% of the total variance.
The PC1 is then used to perform an ML regression analysis using the standardised raw
data, after which the contribution of individual predictors is determined by the MDL. The
ML regression models are explained in the following.

Table 1. PCA loadings.

Variable PC1 PC2 PC3 Cumulative

MTBF_St −0.7990 −0.2305 0.5554 1.000
MTTR_St 0.4445 −0.8955 0.0224 1.000
WOM_St 0.7917 0.2702 0.5480 1.000

%Variance 48.8% 30.9% 20.3% 100%

Table 2. Factor coefficients.

Variable PC1 PC2 PC3

MTBF −0.5463 −0.2483 0.9116
MTTR 0.3039 −0.9649 0.0367
WOM 0.5412 0.2911 0.8995

2.2. Machine Learning Models
2.2.1. Multiple Linear Regression

The model is developed as a simple linear regression model. Although it is a com-
monly used multivariate statistical technique, it is also one of the most frequently used
ML tools in fault detection and diagnosis [22–24]. Given the extent of our analysis, the
analytical formulation of linear regression and other ML techniques are left out and de-
scribed elsewhere [25,26]. However, to ensure the replicability of our findings, we provide
a complete description of the parameters for every ML model. All models and results can
be replicated using settings in the open-source software JASP (v.0.18.3).

2.2.2. Gradient Boosting Regression

The algorithmic settings consist of shrinkage = 0.1, interaction depth = 1.0, minimum
observations per node = 10, training data used per tree = 50%, and loss function = t (since
Gaussian and Laplace show lower model performance on the holdout dataset). The number
of trees is determined based on optimisations of 100 trees. The features are scaled based
on standardisation, and the seed is set to 2805. The sample size is set to split 80/20, while
training and validation are performed using a 10-fold cross-validation procedure.

2.2.3. k-Nearest Neighbours Regression

It is not a commonly used ML regression model; however, we decided to include the
kNN model as, in some cases, it reports good regression performance [27–29]. The model
parameters are set: distance = Euclidian; the selected k number of nearest neighbours is
determined based on the optimisation with a maximum of k = 10 nearest neighbours. The
weights are set to inverse. Given that a broad spectrum of weights can be utilised for the
kNN algorithm (e.g., rectangular, Gaussian, Epanechnikov, and cosine) [30], we performed
the analysis on ten proposed weights reported in the literature [31–33], and the model
shows the highest performance using inverse weights.
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2.2.4. Artificial Neural Network Regression

The settings for training and testing the ANN included the following. We first tested
the performance using different settings of the ANN algorithm. The performance selection
between BP (Back Propagation) and RPROP (Resilient Back Propagation) variants [34].
Included RPROP variants are RPROP+ (Resilient Propagation with Backtracking), RPROR-
(Resilient Propagation without Backtracking), GLPORP-SAG (Globally Convergent Re-
silient Propagation with Smallest Absolute Gradient), and GLPORP-SLR (Globally Con-
vergent Resilient Propagation with Smallest Learning Rate) [35]. The stopping criteria loss
function is set to 1.0 with maximum training repetitions = 105.

For setting the network topology, we did not subjectively (manually) set the network.
Instead, we optimised using GA (Genetic Algorithm) [36–39]. The hyperparameters of GA
are set as population size = 20; number of generations = 10; and the number of hidden
layers is set to a maximum of 10 layers with a maximum number of 10 nodes in each
hidden layer of the network. The parent selection is set to roulette wheel (we performed
different combinations of parent selections using universal, ranked, tournament, random,
and roulette wheel showed the highest performance); the uniform crossover method is
selected (one-point and multipoint crossover method was also tested and uniform crossover
method showed highest performance); mutations are set to reset (inversion, swap, and
scramble were tested and reduced the performance) with 10% probability; and the fitness-
based is set as a survival method (age-based and random survival were tested and resulted
in poorer performance) with 10% elitism.

2.2.5. Regularised Linear Regression

Regularised linear regression is performed using different algorithm settings. First,
we performed regularisation using the Lasso penalty function, followed by the Ridge and
ElasticNet functions. The intercept is included, and lambda is optimised.

2.2.6. Support Vector Regression

The Support Vector Regression (SVR) is used with different algorithm settings. First,
we set weights to radial–linear, polynomial, and sigmoid, which reduce the model’s perfor-
mance significantly. The gamma parameter of the radial function is set to 1.0. The tolerance
of termination criteria is set to 0.001, while parameter ξ = 0.01. The costs of constraint
violations are not fixed but instead are used with optimisation, with the maximum violation
cost set to 5. The features are scaled with the seed set to 2805.

2.2.7. Performance Metrics

The common practice of evaluating or quantifying the errors between predicted and
actual results is used to measure the performance of the applied model. Thus, the following
performance metrics are used. MSE (Mean Squared Error):

MSE =
1
n∑n

i=1(yi − ŷi)
2, (1)

where yi is the actual value, ŷi is predicted value, and n is the observation count. The RMSE
(Root Mean Squared Error) is estimated as the following:

RMSE =

√
1
n∑n

i=1(yi − ŷi)
2. (2)

The MAE (Mean Absolute Error)/Mean Absolute Deviation (MAD) is determined the
following:

MAE =
1
n∑n

i=1|yi − ŷi|. (3)
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The MAPE (Mean Absolute Percentage Error) is determined as the following:

MAPE =
100%

n ∑n
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣. (4)

The coefficient of approximation R2 is determined as the following:

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − yi)

2 . (5)

where yi is the mean of the actual values.

2.3. Feature Importance and Mean Dropout Loss

The last step of the analysis is determining the variable, i.e., feature importance from
the proposed algorithms. For estimating the relative influence of predictor variables, we
rely on MDL (Mean Dropout Loss) [40–42]. The MDL is a commonly used metric in ML for
estimating the relative influence that individual variable (s) have on model performance.
For understanding, we first explain the objects used in the Algorithm 1. The X represents a
matrix of input variables (features) with dimensions of n × p, whereas the n is the number
of observations, and p is the number of variables in the processed dataset. The y is the
output vector of dimension n, which in this case, represents the component PC1. The M is
the ML model, and L is the loss function, in this case, MSE. The algorithm output is feature
importance point value F .

Algorithm 1. Determining the feature importance based on Mean Dropout Loss.

Input X, y, M, L
OutputF feature importance
Steps
1 Train the baseline modelM

Model M training using training set (Xtrain, ytrain)
Perfom prediction on a holdout dataset Xhold for obtaining M(Xhold)
Calculate baseline loss function L: Lbaseline= L(yhold,ybaseline)

2 Initilise feature importance F
Let F be a vector with length p such that F = [0, 0 . . ., 0]

3 Calculate MDL for each feature
for each feature j in {1, 2, 3,. . . p}

create validation on a holdout set X(j)
hold where j-th feature is dropped after 50

permutation set with its mean value such that:

X(j)
hold = Xhold with Xhold;y dropped

perform prediction on X(j)
hold to obtain ŷ(j):

ŷ(j) = M
(

X(j)
hold

)
calculate the loss L(j):

L(j) = L
(

yhold, ŷ(j)
)

perform MDL for the j-th feature:
MDLj = L(j) −Lbaseline
assign value for MDLj based on Fj:
F[j] = MDLj

end for
4 (optional) Normalisation of feature importance Fj:

normalisation of features Fnorm. =
F

∑
p
j=1 F[j]

5 Return
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3. Results and Discussion

We provide descriptive statistics, ML, and inferential statistical results in the following.
After performing ML modelling on the training–testing dataset, the extracted features are
used for hypothesis testing. These are designed to understand the impact and the amount
of variance shared with individual target variables. Understanding the contribution and
effect of these predictors will certainly aid maintenance decision-making regarding techno-
economic and sustainable benefits.

3.1. Descriptive Statistics

The descriptive analysis includes meta-data and categorical and continuous predictors
used in ML regression modelling. Firstly, the size of companies consists of large (57),
medium (41), and small (13) companies, classified according to NACE into agriculture,
forestry and fishing (10), construction (22), manufacturing (51), and mining and quarrying
(28). There are a total of 6746 in Number of Machines (NoM), i.e., fluid power systems iden-
tified in the sample with a total of n = 2775 Maintenance Personnel (nMANP), specifically
NoM = 60.775 ± 78.132, and nMANP = 25.00 ± 29.244.

Considering the HFVG variable, it was difficult to extract a specific category by text
mining; however, the most common fluids include viscosity grade VG32, VG46, and
VG68, with VG46 being the most commonly used. The most common types of assets and
machinery (HMT) utilised include excavators, CNC machines, material handling machines,
manipulators, die casting, production lines, hydraulic presses, extruding machines, etc.
The most common Hydraulic Fluid (HFT) types are HV 29.14%, HL 19.43% and HM 8.57%,
among others. The rest of the asset characteristics are provided in Table 3.

Table 3. Descriptive statistics of assets relying on fluid power transfer or control.

Mean 95%CIL 95%CIU St. dev. Min Max Sum

MOF_Est 432.869 305.850 570.501 742.147 50.000 3500.000 48,048.460
HMA_Est 10.749 9.933 11.622 4.420 2.500 35.000 1193.170
NWP_Est 178.385 164.393 193.927 81.805 65.000 415.250 19,800.740
NWF_Est 90.165 78.146 102.117 63.118 20.000 242.550 10,008.290

NWEC_Est 29.407 25.032 34.729 26.160 2.170 113.390 3264.170
MPPM 0.611 0.464 0.792 0.838 0.059 5.000 67.837

FRT_Est 1382.40 1149.69 1657.75 1420.89 200.0 8640.00 153,446.49
TTOR_Est 382.11 344.173 423.07 225.76 25.00 1000.00 42,414.13

TTCOC_Est 2718.81 2096.76 3340.86 3307.014 100.00 20,000.00 301,787.90

The maintenance predictors provide the following insights. The types of maintenance
practices identified are overlapping where most applied include PM (Preventive Mainte-
nance) in 73.87% of cases, followed by FBM (Failure-Based Maintenance) or Corrective
Maintenance in 34.23%, CBM (Condition-Based Maintenance) in 41.44%, PdM (Predic-
tive Maintenance) 10.81%, OM (Opportunity Maintenance) 3.6%, and DM (Design-out
Maintenance) 0.9%. The formulation of proposed practices is developed according to [43].
The FAP explains the personnel responsible for performing fault detection and diagnosis,
where 49.5% of personnel is outsourced while 50.5% is indoor. The MAP describes the
analysis program consisting of companies without any program (8.1%), visual inspections
(39.6%), contamination control (12.6%), oil analysis program (22.5%), and full prognostics
and health management (17.1%). The CMS predictor describes categories of sensors used
to perform condition monitoring—none (19.8%), pressure/flow (21.6%), pressure, flow,
and temperature (27.9%), and including those above with additional contamination and
vibroacoustic sensors (30.6%). The LCMI is coded as a binary variable explaining the use of
specific lubricant condition monitoring instruments (yes—31.5%/no—68.5%). Lastly, the
LCML explains the laboratorial analysis performed to support fault detection and diagnosis
of the fluid power system (yes—2.7%/no—97.3%). The rest of the continuous predictors
(MPPM, FRT, TTOR, and TTCOC) are described in Table 3.
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3.2. Machine Learning and Feature Importance

The performance of ML models (Figure 2) suggests the following. The highest per-
formance in terms of coefficient R2 is obtained for Ridge regression (R2 = 0.399), SVR
(R2 = 0.38), kNN (R2 = 0.314) and ElasticNet (R2 = 0.313). From the perspective of error
distributions, the Ridge-RMSE (0.731), ElasticNet-RMSE (0.791), Lasso-RMSE (0.801), and
kNN (0.815) have the lowest reported RMSE. However, MSE and RMSE are sensitive to
outliers, especially in this study, where a high deviation in the score, even after normalisa-
tion, is observed. Thus, MAE/MAD and MAPE may provide much better insight into the
model’s performance due to lower sensitivity to outliers. The best-performing algorithms
include Ridge, ElasticNet, Lasso, and SVR models.
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The predictive performance of samples considering predicted and observed test values
(Figure 3) suggests that the least variability is observed in Lasso, Ridge, ElasticNet, and
SVR regressions. Specifically, similar outcomes but with smaller point error estimates in
elaborating the performance are observed in Ridge regression. It was a bit surprising seeing
that even after performing an in-depth design and modification of a Deep Neural Network
topology with GA (Genetic Algorithm) using MLP (Multilayer Perceptron) GLPROP-SLR-
GA, the maximum regression obtained was R2 = 0.229. Even so, the complete set of
predictors could not be included for a network to converge at the 105 maximum number of
training repetitions, which forced us to train the network only with continuous variables.

To avoid making biased statements, instead of including or selecting the highest-
performing model, we visualise the results of feature importance based on the MDL score
for extracting an overall average feature importance score (Figure 4). The overall assessment
suggests that FAP_Binary, followed by NWEC_Est, HMA_Est, CMS_Coded, MAP_Coded,
TTOR_Est, MDS_Coded, FRT_Est, and MPPM, contribute the most amount of variance to
the proposed models. Although the literature often reports Machine Age (HMA) as the most
contributing factor to the technical performance metrics, such as MTTR and MTBF, it was
surprising that maintenance practice performed is the least contributing factor to the overall
ML regression. This forced us to conduct additional hypothesis testing to understand
the actual contribution of individual variables (predictors) to the overall ML models by
estimating whether or not these predictors have a statistically significant contribution.
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3.3. Analysis of Features

Hypothesis tests are performed to understand the impact of predictors on maintenance
performance metrics. For binary variables, an independent sample t-test statistic is used;
for categorical predictors, an ANOVA (Analysis of Variance) test statistic is used; while
for continuous variables, a correlation is used to determine linear dependency on target
variables. Lastly, the results are reported using parametric and non-parametric statistical
tests in cases where test assumptions are violated.
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3.3.1. Independent Samples Statistic

Firstly, an analysis of the FAP predictor is performed. The split between indoor and
outdoor (outsource) Failure Analysis Personnel is performed. Both parametric and non-
parametric results are reported due to possible violation of normality assumptions reported
via the Shapiro–Wilk test. For instance, WOM_Est (W = 0.763, p < 0.001) and MTTR_Est
(W = 0.878, p < 0.001) report such cases. In addition, the student t-test statistic is discussed if
there was no violation of normality and equality of variances; elsewhere, the Mann–Whitney’s
U test and Welch’s test are reported, respectively. The results suggest statistically significant
results of WOM and MTBF (Table 4). However, no statistically significant results were
reported considering the impact of outsourced personnel on reducing availability, i.e., MTTR
(p = 0.245).

Table 4. Independent sample t-test statistic of FAP.

Metric Test Value p VS-MPR SE Diff. Effect 95%CIL 95%CIU

WOM Student 3.769 0.001 167.711 188.558 0.715 0.330 1.098
Welch 3.798 0.001 141.667 187.125 0.718 0.324 1.108
M-W 1958.5 0.009 8.653 0.272 0.063 0.458

MTTR Student 1.170 0.245 1.068 0.472 0.222 −0.152 0.595
Welch 1.174 0.243 1.070 0.471 0.222 −0.151 0.595
M-W 1654.5 0.496 1.000 0.074 −0.140 0.282

MTBF Student −3.585 0.001 95.728 134.985 −0.681 −1.062 −0.296
Welch −3.586 0.001 96.211 134.915 −0.681 −1.062 −0.296
M-W 919 0.001 179.355 −0.403 −0.567 −0.209

Cohen’s d reports the effect size of the student t-test. For the Mann–Whitney test, the effect size was reported by
Rank Biserial Correlation. The Vovk–Sellke Maximum p-ratio is based on a two-sided p-value as the maximum
possible odds in favour of H1.

Visualised results (Figure 5) suggest a deviation comparing the WOM_Est of indoor
and outsourced maintenance for failure diagnosis. Even so, considering the non-parametric
results reported via Mann–Whitney (U = 1985, p = 0.009, RBS = 0.272), a decrease measured
by wasted oil monthly (Figure 5a) exists. Next, measuring MTBF (Figure 5b), there is
evidence of statistical significance (t = −3.585, p < 0.001, d = −0.681) when comparing indoor
and outsourced FAP. This suggests that outsourcing maintenance may positively impact
sustainability and improve operational efficiency but will not guarantee an improved
time-to-repair metric.
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Figure 5. Independent sample statistic of indoor (green) and outdoor (orange) FAP considering
(a) WOM_Est distributions showing violation of normality (W = 0.763, p < 0.001) and equality of
variance violation using Brown–Forsythe test (F = 15.442, p < 0.001); and (b) MTBF_Est distributions
suggesting skewness of normality of indoor FAP (W = 0.981, p = 0.002) and homogeneity of variances
(F = 0.080, p = 0.778). Note: FAP_Binary (1) = Outdoor; FAP_Binary (0) = Indoor failure analysis.

Considering the analysis of DAT (Table 5), the MTBF reports statistically significant
results (t = −2.519, p = 0.025, U = 315, p = 0.020) comparing the cases with and without data
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analysis tools used in fault detection and diagnosis. When performing the analysis, the lack
of a strong effect is presumably due to the presence of an outlier (Figure 6a). Even so, the
results suggest slight skewness, although violation in variance homogeneity is not reported.
Thus, with caution, we can assume that the results would increase with a larger sample
size. The reported effect (RBC = −0.427 with 95%CI [−0.674, −0.062]) and diagnosticity of
reported p-value = 0.031 using VS-MPR [44,45] suggest a maximum of 3.386 odds in favour
of rejecting the null, i.e., in favour of H1 over H0. Given the conceptual relation to BF10
(Bayes Factor—alternative over null), this would suggest moderate evidence favouring
the alternative hypothesis, i.e., using data analysis tools in fault detection and diagnosis
improves the time between failures of fluid power systems. However, the key term in
VS-MPR is “maximum” odds, which can presumably be ranked between “anecdotal” and
“moderate” evidence in the Bayes realm, even though the traditionally reported threshold
in frequentist inferential statistics (p-value < 0.05) suggests the existence of a statistically
significant result.

Table 5. Independent sample t-test statistic DAT.

Metric Test Value p VS-MPR SE Diff. Effect 95%CIL 95%CIU

WOM Student −0.488 0.627 1.000 335.082 −0.155 −0.777 0.468
Welch −0.305 0.766 1.000 535.847 −0.116 −0.738 0.511
M-W. 669.5 0.214 1.116 0.217 −0.139 0.524

MTTR Student 0.542 0.589 1.000 0.794 0.172 −0.451 0.795
Welch 0.774 0.450 1.000 0.556 0.200 −0.430 0.823
M-W. 611.0 0.546 1.000 0.111 −0.245 0.440

MTBF Student −2.180 0.031 3.386 233.773 −0.693 −1.320 −0.062
Welch −2.519 0.025 3.964 202.317 −0.741 −1.412 −0.048
M-W. 315.0 0.020 4.624 −0.427 −0.674 −0.095

Cohen’s d reports the effect size of the student t-test. For the Mann–Whitney test, the effect size was reported by
Rank Biserial Correlation. The Vovk–Sellke Maximum p-ratio is based on a two-sided p-value as the maximum
possible odds in favour of H1.
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Figure 6. Independent sample test statistic considering (a) comparison of MTBF_Est between data
analysis tools (1 = Used; 0 = Not used) in fault detection and diagnosis. The Shapiro–Wilk indicates
skewness in MTBF_Est_0 (W = 0.964, p < 0.008) while MTBF_Est_1 (W = 0.921, p < 0.329) suggests
typically distributed values, the Brown–Forsythe test suggests equality of variances. The comparison
of (b) MTTR_Est considering LCMI (1 = Used; 0 = Not used) indicates the equality of variances
(F = 1.417, p = 0.237) but a violation of normality in both cases (p < 0.001).

Regarding the usage of LCMI instruments in terms of performance metrics (Table 6),
statistically significant differences are lacking. Namely, although the t-test suggests a
significant result (p = 0.037) in reducing WOM, the Brown–Forsythe test (F = 3.763, p = 0.055)
suggests a potential violation of homogeneity of variances (Table 6), which, in turn, looking
at Welch’s tw = −1.722, the results indeed fail to reject the null (p = 0.092). Finally, looking
at the results of MTTR, the non-parametric U test = 1663,5 (p = 0.032, RBC = 0.251) suggests
significant results. However, given the diagnosticity of p-value by VS-MPR = 3.312 and
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the presence of high skewness (Figure 6b), the results can be inconclusive or rather biased.
Relying simply on a non-parametric comparison of ranked scores, the study does not offer
strong evidence for rejecting the null.

Table 6. Independent sample t-test statistic of LCMI.

Metric Test Value p VS-MPR SE Diff. Effect 95%CIL 95%CIU

WOM Student −2.107 0.037 2.991 211.453 −0.430 −0.834 −0.025
Welch −1.722 0.092 1.676 258.605 −0.385 −0.791 0.026
M-W. 1154 0.238 1.077 −0.132 −0.350 0.099

MTTR Student 0.962 0.338 1.003 0.509 0.196 −0.205 0.597
Welch 0.858 0.395 1.000 0.571 0.185 −0.218 0.586
M-W. 1663.5 0.032 3.312 0.251 0.024 0.453

MTBF Student −1.750 0.083 1.781 151.462 −0.357 −0.760 0.047
Welch −1.603 0.115 1.481 165.352 −0.341 −0.745 0.066
M-W. 1118.5 0.180 1.192 −0.159 −0.374 0.072

Cohen’s d reports the effect size of the student t-test. For the Mann–Whitney test, the effect size was reported by
Rank Biserial Correlation. The Vovk–Sellke Maximum p-ratio is based on a two-sided p-value as the maximum
possible odds in favour of H1.

Lastly, from the analysis of laboratorial analysis as a part of LCM practice, the study
failed to capture the statistically significant effect (Table 7). Namely, although the t-test
reports the presence of an effect (p = 0.008, VS-MPR = 9.612), the sample size of only
three companies utilising laboratory analysis in their LCM practice does not offer enough
evidence to support the findings, primarily since Welch’s test reports nonsignificant results
(tw = −0.956, p = 0.440).

Table 7. Independent sample t-test statistic of LCML.

Metric Test Value p VSMPR SE Effect 95%CIL 95%CIU

WOM Student −2.706 0.008 9.612 598.316 −1.584 −2.747 −0.414
Welch −0.956 0.440 1.000 1693.95 −0.743 −2.016 0.645
M-W. 98.50 0.225 1.096 −0.392 −0.793 0.246

MTTR Student 0.357 0.722 1.000 1.464 0.209 −0.939 1.356
Welch 0.737 0.522 1.000 0.709 0.267 −0.924 1.411
M-W. 181.5 0.726 1.000 0.12 −0.496 0.656

MTBF Student −0.817 0.416 1.000 438.694 −0.478 −1.626 0.672
Welch −0.475 0.681 1.000 754.619 −0.339 −1.491 0.883
M-W. 131.0 0.579 1.000 −0.191 −0.696 0.439

Cohen’s d reports the effect size of the student t-test. For the Mann–Whitney test, the effect size was reported by
Rank Biserial Correlation. The Vovk–Sellke Maximum p-ratio is based on a two-sided p-value as the maximum
possible odds in favour of H1.

In conclusion, the analysis of FAP suggests that outsourced personnel for performing
fault and failure diagnosis contributes to a reduction in fluid waste and improvement
of operational time, but only considering the time between failures. The study lacks
evidence that outsourced failure analysis reduces machine downtime, i.e., MTTR. The
analysis regarding the impact of data analysis tools on failure analysis suggests moderate
evidence considering the positive impact on improving operational time, specifically MTBF.
However, the diagnosticity of p-values using VS-MPR does not offer strong evidence
favouring these findings, although the test statistic suggests significant results. Next,
using LCM instruments in fault diagnosis, the analysis suggests a lack of solid evidence
suggesting meaningful results. Although the parametric test statistic suggests significant
results (p = 0.037), the data are highly skewed, and the normality assumption is violated.
Using the non-parametric Mann–Whitney test (p = 0.238), the results suggest a lack of
evidence supporting the effect. Lastly, using an expensive laboratorial analysis as a part
of LCM practices, the biased sample and limited sample size suggest a lack of an effect
measured by maintenance performance metrics.
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3.3.2. ANOVA Analysis

The One-way ANOVA analysis is performed on the MDS variable (Table 8). The
analysis suggests significant results (p = 0.004, VS-MPR = 18.418). The analysis outcomes
show a medium effect size (η2 = 0.136, ω2 = 0.103), suggesting that the MDS predictor
explains 13.6% of the total variance. The visualisation of categories added further insights
into the predictor (Figure 7a). Given the presence of an outlier in the MDS1 category, the
evidence suggests conflicting findings and presumably statistically significant results due
to the confounding effects of the company size. The ANOVA analysis of MDS categories
on the performance of MTBF and MTTR did not report statistically significant results.

Table 8. ANOVA analysis of MDS and WOM.

H-C * Cases SS * df MS * F p VSMPR * η2 η2p ω2

None MDS_Coded 1.653 × 107 4 4.133 × 106 4.172 0.004 18.418 0.136 0.136 0.103
Residuals 1.050 × 108 106 990,696.461

BF * MDS_Coded 1.653 × 107 4 4.133 × 106 4.665 0.002 26.19 0.136 0.136 0.103
Residuals 1.050 × 108 63.083 1.665 × 106

Welch MDS_Coded 1.653 × 107 4 4.133 × 106 3.945 0.017 5.397 0.136 0.136 0.103
Residuals 1.050 × 108 19.388 5.416 × 106

* H-C = Homogeneity Correction; SS = Sum of Squares; MS = Mean Square; BF = Brown–Forsythe; VSMPR = Vovk–
Sellke Maximum p-Ratio.
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Furthermore, the evidence also suggests inequality of variances (F = 4.527, p = 0.002),
while the QQ plot suggests deviation of residuals (Figure 7b). Thus, we used the Kruskal–
Wallis H test as a non-parametric alternative to the ANOVA. The results report significant
findings (H = 23.730, p < 0.001). In addition, we perform post hoc pairwise comparisons
using Dunn’s test (with 1000 bootstrapping) to uncover the difference between categories
(Table 9). The results suggest there is a statistically significant difference between MDS1–MDS3
(p < 0.001, RBC = −0.429) and MDS1–MDS4 (p < 0.001, RBC = −0.733).
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Table 9. Post hoc pairwise comparison.

Comparison z Wi Wj p pbonf pholm

1–2 −1.509 42.480 55.083 0.131 1.000 0.788
1–3 −3.843 42.480 69.741 <0.001 *** 0.001 ** 0.001 **
1–4 −3.815 42.480 82.650 <0.001 *** 0.001 ** 0.001 **
1–5 −1.291 42.480 62.875 0.197 1.000 0.983
2–3 −1.607 55.083 69.741 0.108 1.000 0.756
2–4 −2.300 55.083 82.650 0.021 * 0.215 0.172
2–5 −0.464 55.083 62.875 0.643 1.000 1.000
3–4 −1.158 69.741 82.650 0.247 1.000 0.987
3–5 0.424 69.741 62.875 0.672 1.000 1.000
4–5 1.100 82.650 62.875 0.271 1.000 0.987

* p < 0.05, ** p < 0.01, *** p < 0.001.

Considering the MAP effects on performance metrics, the findings are as follows. The
influence of MAP on WOM and MTTR performance did not provide significant results. As
for the MTBF (Table 10), there is an effect between MAP and MTBF (p = 0.027, η2 = 0.097),
even after homogeneity correction. However, the MAP accounts for about 9.7% of the total
variance in MAP. After plotting the results (Figure 8a), the distributions suggest a higher
theoretical probability of increasing MTBF with advanced MAP. The normality assumption
is not violated (Figure 8b), but Levene’s test (p = 0.022) suggests heterogeneous variance,
which, after correction, the evidence suggests statistically significant results.

Table 10. ANOVA analysis MAP and MTBF.

H-C * Cases SS * df MS * F p VS-MPR * η2 * η2p * ω2 *

None MDS_Coded 6.002 × 106 4 1.501 × 106 2.861 0.027 3.778 0.097 0.097 0.063
Residuals 5.560 × 107 106 524,565.039

BF * MDS_Coded 6.002 × 106 4 1.501 × 106 3.347 0.014 6.248 0.097 0.097 0.063
Residuals 5.560 × 107 81.283 684,075.358

Welch MDS_Coded 6.002 × 106 4 1.501 × 106 3.850 0.010 7.697 0.097 0.097 0.063
Residuals 5.560 × 107 36.127 1.539 × 106

* H-C = Homogeneity Correction; SS = Sum of Squares; MS = Mean Square; BF = Brown–Forsythe; VSMPR = Vovk–
Sellke Maximum p-Ratio. η2 = the effect size that indicates the proportion of total variance in the dependent variable
attributed to an independent variable; η2p = similar to η2 but adjusted for other effects; ω2 = the measure of an effect
size adjusted for bias.
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2–3 −1.607 55.083 69.741 0.108 1.000 0.756 
2–4 −2.300 55.083 82.650 0.021 * 0.215 0.172 
2–5 −0.464 55.083 62.875 0.643 1.000 1.000 
3–4 −1.158 69.741 82.650 0.247 1.000 0.987 
3–5 0.424 69.741 62.875 0.672 1.000 1.000 
4–5 1.100 82.650 62.875 0.271 1.000 0.987 

* p < 0.05, ** p < 0.01, *** p < 0.001. 

Considering the MAP effects on performance metrics, the findings are as follows. The 
influence of MAP on WOM and MTTR performance did not provide significant results. 
As for the MTBF (Table 10), there is an effect between MAP and MTBF (p = 0.027, η² = 
0.097), even after homogeneity correction. However, the MAP accounts for about 9.7% of 
the total variance in MAP. After plotting the results (Figure 8a), the distributions suggest 
a higher theoretical probability of increasing MTBF with advanced MAP. The normality 
assumption is not violated (Figure 8b), but Levene’s test (p = 0.022) suggests heterogene-
ous variance, which, after correction, the evidence suggests statistically significant results. 

Table 10. ANOVA analysis MAP and MTBF. 

H-C * Cases SS * df MS * F p VS-MPR * η² * η²p * ω² * 
None MDS_Coded 6.002 × 106 4 1.501 × 106 2.861 0.027 3.778 0.097 0.097 0.063 

 Residuals 5.560 × 107 106 524,565.039       
BF *  MDS_Coded 6.002 × 106 4 1.501 × 106 3.347 0.014 6.248 0.097 0.097 0.063 

 Residuals 5.560 × 107 81.283 684,075.358       
Welch MDS_Coded 6.002 × 106 4 1.501 × 106 3.850 0.010 7.697 0.097 0.097 0.063 

 Residuals 5.560 × 107 36.127 1.539 × 106       
* H-C = Homogeneity Correction; SS = Sum of Squares; MS = Mean Square; BF = Brown–Forsythe; 
VSMPR = Vovk–Sellke Maximum p-Ratio. η² = the effect size that indicates the proportion of total 
variance in the dependent variable attributed to an independent variable; η²p = similar to η² but 
adjusted for other effects; ω² = the measure of an effect size adjusted for bias. 

  
(a) (b) 

Figure 8. The distributions with point estimate results of the ANOVA considering (a) MAP (1 = None,
2 = Visual Inspection, 3 = Contamination Control, 4 = LCM, 5 = Contamination Control and PHM)
categorical predictors (y-axis) and MTBF_Est (x-axis); and (b) Quantile–Quantile plot of residuals.

The results suggest the same outcome after performing a post hoc pairwise comparison
using parametric Tukey and non-parametric Dunn’s test (Table 11) using 1000 bootstrap-
ping. Namely, in both cases, there is a statistically significant difference between MAP1 and
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MAP5 categories regarding the performance of MTBF (t = −2.823, p = 0.044; z = −2.822,
p = 0.005). After using Bonferroni correction on a post hoc Dunn’s test, the results report
statistically significant results with a large effect size (p = 0.048, RBC = −0.721). However,
Dunn’s test also suggests a significant difference between MAP1 and MAP4 (p = 0.014);
however, after subjecting the p-value to Bonferroni correction, the results are not (p = 0.141).
In sum, using advanced maintenance analysis programs, such as contamination control and
prognostics and health management [46,47], the MTBF will significantly rise, improving
the operational availability of fluid power systems.

Table 11. Post hoc ANOVA test of MAP.

Comparison Mean Diff. 95%CIL † 95%CIU † SE Bias t d * ptukey * pbonf *

1 2 −567.035 −900.745 −17.953 213.502 −5.627 −2.088 −0.764 0.233 0.392
3 −357.205 −743.86 199.218 223.14 −5.444 −1.102 −0.471 0.805 1.000
4 −792.467 −1235.963 −200.263 256.796 −3.245 −2.764 −1.074 0.052 0.067
5 −848.589 −1191.627 −262.425 230.391 −4.888 −2.823 −1.142 0.044 0.057

2 3 219.986 −163.941 528.936 173.093 0.183 0.955 0.293 0.874 1.000
4 −217.714 −676.854 171.782 213.156 2.383 −1.240 −0.311 0.728 1.000
5 −268.598 −630.812 61.548 179.665 0.739 −1.379 −0.378 0.643 1.000

3 4 −445.921 −888.478 64.831 232.464 2.199 −1.808 −0.604 0.374 0.734
5 −487.654 −881.565 −87.631 197.824 0.555 −1.907 −0.672 0.320 0.593

4 5 −46.923 −488.685 390.18 226.334 −1.644 −0.223 −0.068 0.999 1.000
† Bias corrected accelerated (95% lower and upper control limits). * d = Cohen’s d statistic; p-value adjusted using
Tukey and Bonferroni correction.

Lastly, the analysis of CMS and MTBF_Est (Table 12) and the ANOVA analysis, sug-
gests the presence of significant findings (F = 4.369, η2 = 0.109). At the same time, CMS did
not have an apparent effect on WOM and MTTR performance metrics. After performing
the normality analysis, the distributions of CMS categories (Figure 9a) and the QQ plot
(Figure 9b) suggest that normality was not violated. Next, the analysis of Levene’s test
(p = 0.897) suggests homogeneity of variances. Consequently, a Tukey post hoc pairwise
comparison is performed (Table 13).

Table 12. The ANOVA analysis of CMS and MTBF_Est.

H-C * Cases SS * df MS * F p VS-MPR * η2 η2p ω2

None MDS_Coded 6.724 × 106 3 2.241 × 106 4.369 0.006 11.878 0.109 0.109 0.083
Residuals 5.488 × 107 107 512,919.89

BF * MDS_Coded 6.724 × 106 3 2.241 × 106 4.383 0.006 11.818 0.109 0.109 0.083
Residuals 5.488 × 107 99.414 552,058.505

Welch MDS_Coded 6.724 × 106 3 2.241 × 106 3.885 0.014 6.303 0.109 0.109 0.083
Residuals 5.488 × 107 56.059 979,014.002

* H-C = Homogeneity Correction; SS = Sum of Squares; MS = Mean Square; BF = Brown–Forsythe; VSMPR = Vovk–
Sellke Maximum p-Ratio.

The post hoc analysis (Table 13) suggests a statistically significant relationship only
between CMS1 and CMS4 with a substantial effect size (ptukey = 0.005, pbonferroni = 0.006,
d = −0.928). This, in turn, suggests that, although more sophisticated condition monitoring
sensors affect the MTBF, statistically significant results are reported only for maintenance
practices that utilise and rely on a complete set of sensors (e.g., pressure, flow, temperature,
contamination, and vibroacoustic).

In sum, the influence of maintenance department staff—operators, technicians, en-
gineers, and hydraulic system specialists offer conflicting findings in improving sustain-
ability by the amount of waste oil monthly, presumably due to confounding effects. The
performance metrics used to measure overall equipment efficiency through availability,
specifically MTTR and MTBF, do not offer statistically significant results. The analysis
of maintenance analysis programs, for instance, using advanced maintenance programs
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(e.g., contamination control), significantly improves the MTBF of fluid power systems. In
contrast, the impact on other performance metrics was not documented. Lastly, using
instruments for condition monitoring of fluid power systems proposes similar findings.
Specifically, the post hoc pairwise comparison suggests the difference between the CMS1
and CMS4 (tbonferroni = −3.391, pbonferroni = 0.006), ultimately showing that contamination
control instruments affect the fluid power system effectiveness, particularly in increasing
the MTBF metric.
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Table 13. Post hoc ANOVA test of CMS.

Comparison Mean Diff. 95%CIL † 95%CIU † SE Bias t d * ptukey * pbonf *

1 2 −300.638 −695.270 116.112 205.510 3.273 −1.434 −0.423 0.481 0.928
3 −199.358 −564.709 216.667 200.520 3.055 −1.013 −0.282 0.742 1.000
4 −649.846 −1095.630 −280.948 205.606 6.667 −3.391 −0.928 0.005 0.006

2 3 105.039 −281.666 459.568 184.677 −0.218 0.518 0.141 0.955 1.000
4 −351.316 −770.825 −2.045 191.945 3.394 −1.894 −0.505 0.237 0.366

3 4 −455.082 −855.195 −108.529 183.477 3.612 −2.600 −0.646 0.051 0.064
† Bias corrected accelerated (95% lower and upper control limits). * d = Cohen’s d statistic; p-value adjusted using
Tukey and Bonferroni correction.

3.3.3. Correlation Analysis

The parametric Pearson’s and non-parametric Spearman’s correlations are performed
as the last step in the inferential statistical analysis of features. In the preliminary study, we
first perform multivariate and bivariate normality testing. The results suggest a violation
of multivariate normality (p < 0.001), while in bivariate normality, only the relationship
between time to oil refilling (TTOR) and MTBF did not violate the normality assumption
(p = 0.149). Therefore, based on Spearman’s correlation, the TTOR and FRT are eliminated
as they do not provide significant results (p < 0.05). In the following, we provide Spearman’s
heatmap (Figure 10) for a more straightforward interpretation and discussion of the results.
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The MPPM (Maintenance Personnel Per Machine) metric, which describes the number
of personnel responsible for the maintenance of assets, suggests a positive correlation
with the WOM metric (ρ = 0.234, p = 0.013, z = 0.225). As previously reported, this may be
attributed to the confounding effect of company size and type. Next, the assets’ age suggests
a positive correlation with MTTR (ρ = 0.266, p = 0.01) and a negative correlation with MTBF
(ρ = −0.409, p ≤ 0.001). This suggests a significant increase in machine downtime, while in
contrast, reduced time between failures, ultimately confirming that as an asset gets older, the
availability decreases, ultimately affecting equipment effectiveness. The NWEC predictor,
which is derived as a fluid power system capacity expressed via nominal working power
(in [kW] power unit), results in a positive correlation with MTTR (ρ = 0.320, p ≤ 0.001)
and WOM (ρ = 0.385, p ≤ 0.001). This, in turn, shows that fluid power systems with
higher capacity tend to consume repair time and produce excessive fluid waste, which is
expected in practice. Interestingly, there was no effect between NWEC and MTBF, which
was surprising given that the literature often reports an increased failure rate as the capacity
of a power system is higher [48]. Similarly, as the oil capacity or machine oil filling tends
to be related to the power capacity of fluid power systems, the positive correlation with
WOM is reported (ρ = 0.491, p ≤ 0.001), which was expected. In sum, the obtained findings
do not deviate from practical understanding considering proposed continuous predictors;
they further emphasise the problem of dealing with EoL (End of Life) issues in industrial
manufacturing and service industrial machinery [49]. However, novel conclusions are
obtained regarding features not commonly analysed in practice and will be discussed in
the following.
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4. Conclusions
4.1. Concluding Remarks

The analysis relies on questionnaire-based survey data to identify the main mainte-
nance factors affecting the performance of industrial assets, which rely on model-agnostic
interpretation. Given that three target (dependent) variables are collected via survey, we
used PCA (Principal Component Analysis) to reduce the dimensionality of response vari-
ables. The first component is used for ML regression. After obtaining features by the mean
dropout loss, the same is used for hypothesis testing to estimate individual target variables’
actual contribution.

The findings suggest that outsourced failure analysis offers the highest impact on
improving availability, specifically increasing Mean Time Between Failures (MTBF). Next,
the data analysis tool utilised alongside advanced condition monitoring sensors suggests a
positive impact on improving the MTBF of fluid power systems. The analysis of mainte-
nance analysis program predictors also supports previous claims, suggesting that using
advanced maintenance analysis programs, such as contamination control and prognostics
and health management, improves operational effectiveness expressed via MTBF. Finally,
the fluid power system’s age (i.e., HMA) significantly impacts the negative correlation
effect on MTBF, which is commonly reported.

Considering MTTR performance, the HMA estimate positively correlates with MTTR,
suggesting that age significantly impacts the time needed to return the system to its operational
state. This has been supported by the capacity of fluid power systems expressed in [kW] unit
size, suggesting that larger machines are associated with longer repair times—MTTR. Using
lubricant condition monitoring instruments reports a potential impact on MTTR; however,
the results may be uncertain due to the limited size and violation of the test’s assumption.

Lastly, the impact on sustainability performance measured by the wasted hydraulic oil
per month suggests that outsourced failure analysis improves sustainability performance
expressed in monthly waste oil. The findings also highlight the cases where maintenance
departments consisting of managers and hydraulic specialists will positively impact sus-
tainability, i.e., reducing monthly oil waste. However, it should be noted that with the
increase in company size, maintenance personnel and machine size (expressed in kW unit
power), there is a higher risk of increasing sustainability impact in terms of waste oils.
Although using lubricant condition monitoring instruments and performing oil laboratory
analysis suggests the existence of a statistically significant impact, the impact of these
variables remains inconclusive due to the violation of several assumptions and limited
sample size.

4.2. Limitations of the Study

Several limitations were identified in the study. Firstly, the resulting dimensionality
reduction from using Principal Component Analysis (PCA) suggests that the first com-
ponent accounts for about 49% of the overall variance. The commonly used combination
with PCA relies on >70% of the variance explained. However, this certainly does not
downplay our findings given that we used dimensionality reduction, i.e., PCA, only on
the first component; combining the first and second components accounts for 80% of the
variance. In addition, we then performed a hypothesis test by assessing each variable on
all three target variables to ensure the reliability and validity of outcomes.

Secondly, some predictor and target variables synthesised from the survey suggest
1–4% missing data, imputed using average values or mean imputation. This, in turn,
slightly reduced the data variability, leading to underestimation of standard errors and
overestimation of significance in predictor coefficients. That is why, in our hypothesis
testing and significance analysis, we performed bootstrapping and sensitivity analysis
to ensure the actual impact of predictors on individual target variables. This helped us
increase the robustness and generalisability of the findings.

Finally, the findings obtained may suffer from heterogeneity in applications. Since
fluid power systems are employed in different working environments and regimes, a
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hydraulic subsystem (fluid power system) in an extrusion production line and a mining
excavator significantly differ in their applications. Therefore, the findings may benefit
from isolating the target organisations to a specific application that will offer a more
homogeneous study sample.

4.3. Implications and Future Research

From a practical standpoint, the results may impact companies’ policymaking in
considering the integration of advanced digital technologies and digital competencies, as
can be observed by the benefits and, at the same time, the lack of advanced data analytic
tools and maintenance programs focused on prognostics and health management. This is
not only for operational and economic efficiency, as observed by improving availability
through the MTBF but also for sustainability reasoning. Furthermore, the significant impact
of machine age on fluid power system performance, observed by the impact on availability
metrics, offers a range of possibilities for incorporating advanced maintenance practices,
such as Energy-Based Maintenance and Sustainable Predictive Maintenance dedicated to
End-of-Life issues [50]. Lastly, and most importantly, it seems that maintenance is at the
intersection of becoming a MaaS (Maintenance as a Service) function, given that the study
reports that outsourcing maintenance failure analysis significantly contributes to the overall
process improvement and sustainability. Namely, it has been observed that outsourcing
failure analysis may be beneficial in terms of time between failures and waste oil. In conclu-
sion, the companies may consider altering their maintenance practices and incorporating
more advanced digital solutions to improve these performance metrics, which is where our
future research will reside. We will assess the impact on maintenance performance metrics
by investigating such cases and contrasting the findings to see the results.

Author Contributions: Conceptualisation, M.O.; Methodology, M.O.; Validation, M.O., I.B., N.B.
and V.V.; Formal analysis, M.O. and N.B.; Investigation, M.O., I.B., N.B. and V.V.; Resources, M.O.
and I.B.; Data curation, M.O., N.B. and V.V.; Writing—original draft preparation, M.O. and V.V.;
Writing—review and editing, M.O., I.B., N.B. and V.V.; Visualisation, M.O.; Supervision, I.B. and N.B.;
Project administration, M.O., I.B., V.V. and N.B.; Funding acquisition, M.O., I.B., N.B. and V.V. All
authors have read and agreed to the published version of the manuscript.

Funding: This research has been supported by the Ministry of Science, Technological Development
and Innovation (Contract No. 451-03-65/2024-03/200156), and the Faculty of Technical Sciences,
University of Novi Sad, through the project “Scientific and Artistic Research Work of Researchers
in Teaching and Associate Positions at the Faculty of Technical Sciences, University of Novi Sad”
(No. 01-3394/1).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data are available upon request.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Nurprihatin, F.; Angely, M.; Tannady, H. Total Productive Maintenance Policy to Increase Effectiveness and Maintenance

Performance Using Overall Equipment Effectiveness. J. Appl. Res. Ind. Eng. 2019, 6, 184–199. [CrossRef]
2. Pires, S.d.P.; Sénéchal, O.; Deschamps, F.; Loures, E.R.; Perroni, M.G. Industrial Maintenance for Sustainable Performance: A

Systematic Literature Review. In Proceedings of the 23rd International Conference on Production Research, Manila, Philippines,
2–5 August 2015.

3. Roda, C.; Voisin, I.; Miranda, A.; Macchi, S.; Iung, M. Sustainable Maintenance Performances and EN 15341: 2019: An Integration
Proposal; Springer: Berlin/Heidelberg, Germany, 2021.
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