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Performing root cause analysis in technical systems is usually challenging owing to the complex
failure associations which often exist between inter-connected system components. The recent
adoption of maintenance management systems in industry has enhanced the collection of main-
tenance data which could assist practitioners derivemeaningful failure associations embedded in
the data. However, root cause analysis in the maintenance domain is dominated by the use of
qualitative and semi-quantitative approaches. Such approaches, however, rely on expert elicita-
tions whereof this elicitation process often introduces bias in the root cause analysis process.
On the other hand, quantitative techniques for root cause analysis, for instance, fault trees and
Bayesian networks are often limited to analyzing root causes in fairly simple systems. Moreover,
the quantitative techniques seldommodel the failure dependencies linked to the empirical failure
events. Hence, to address these challenges, a novel data exploration methodology for root cause
analysis is proposed which consists of four steps: 1) data collection and standardization step;
2) data exploration framework incorporating multivariate and cluster analysis; 3) causal map-
ping; and 4)maintenance strategy selection. Themethodology is demonstrated in the application
case of thermal powermaintenance data. Moreover, themethodology is comparedwith two con-
ventional qualitative root cause analysis techniques – Ishikawa cause-and-effect diagram, and the
‘5-whys’ analysis. A detailed discussion is presentedwhereof the added value of themethodology
for maintenance decision support is demonstrated.

© 2016 Elsevier Ltd. All rights reserved.
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1. Introduction

1.1. Background

In maintenance decision making, root cause analysis (RCA) refers to a class of problem solving methods which are aimed at
identifying the focal root causes of recurrent equipment failures in technical assets. Empirical studies show that, depending on
the operating context, the cost of mitigating failures and their associated impacts often constitute a significant proportion of
the total cost of asset ownership [1,2]. For this reason, identifying the root causes of equipment failure is rather important
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because, once identified, maintenance strategies could be implemented more effectively, thereby maximizing equipment availabil-
ity. In this context, maintenance strategy refers to activities implemented with the objective of maximizing the equipment reli-
ability and availability [3]. Examples of such strategies include the time-based maintenance (TBM), condition-based
maintenance (CBM) and design-out maintenance (DOM).

Analyzing root causes of failure in technical systems is, however, challenging for several reasons. Firstly, many technical system
consists of intricately interlinked sub-systems and components' and as a result, linking the failure event to the specific root causes
is hence challenging [4]. In recent years, however, the increased adoption ofmaintenancemanagement systems (MMS) has facilitated
the collection of maintenance data which could be useful for root cause analysis [5]. Despite the data availability, the root cause anal-
ysis process is largely delinked from failure associations embedded in the empirical failure events. Importantly, few data-driven
methodologies are reported in the literature which leverage on maintenance data for decision support in root cause analysis [6,7].

By contrast, many techniques reported in the literature for aiding decision support in root cause analysis are largely expert-
driven, for instance, qualitative frameworks for root cause analysis, e.g. the Ishikawa cause-and-effect diagram, and the ‘5-
whys’ analysis. On the other hand, quantitative techniques such as the fault trees and Bayesian networks are limited to fairly sim-
ple system consisting of few interacting components, or logical failure associations. Moreover, the complex failure associations or
mechanisms underlying the empirical failure events limits the extent to which conventional statistical approaches such as corre-
lation analysis could be applied for root cause analysis [5].

In recent years, the wide adoption of maintenance management systems, hence the availability of maintenance data has en-
hanced the potential for applying multivariate analysis and clustering data mining techniques for causal analysis [8]. Indeed,
the use of data exploration approaches is reported in the literature in different domains such as, marketing, medical research,
and environmental research [9–11]. Their use is also reported for fault diagnosis in condition monitoring signal data, for instance,
in vibration signal data collected through sensors attached to mechanical drives [12,13]. However, the application of data explo-
ration approaches is under-reported in the literature, more so, where such approaches are applied with a view of exploring failure
associations embedded in the maintenance data. This motivates the work reported in this paper.

1.2. Study aim and motivation for the research

Hence this study is motivated by the need for alternative approaches or methodologies for decision support in root cause anal-
ysis. More importantly, this study is motivated by need for data-driven approach which leverages on maintenance data with the
objective of deriving meaningful association in the data. Hence from the derived associations, the cause-and-effect relations linked
to equipment failure could be mapped, and as a result, the focal root causes of failure identified. Consequently, more effective
maintenance strategies could be formulated and targeted at these focal causes.

The proposed methodology starts with data standardization step in which, taxonomical descriptions for failure modes and
component failures are adopted from the ISO 14224. Hence, from the standardization, the unstructured maintenance data at
the case power plant are interpreted into a more simplified and coherent data structure. Hence, from the simplified data structure,
the analysis of failure distribution for the failure modes, component failures, and maintenance activities is performed.

Next, multivariate and cluster analysis is applied to the structured maintenance data. For multivariate analysis, the principal
component analysis (PCA) is performed, and here, the PCA explores the failure associations through reducing the dimensionality
of the multivariate data [14]. Hence, from the dimensional reduction, the failure associations embedded in the structured data are
evaluated through covariance or correlation statistical measures [14]. Four cluster analysis techniques are also incorporated into
the data exploration framework: the hierarchical agglomerative, K-means, Fuzzy c-means and self-organizing means (SOM).
From the cluster analysis, correlated failure associations embedded in the maintenance data are grouped into distinct clusters,
and subsequently interpreted for logic from the operational perspective of the understudied engines at the case power plant.

Thereafter, the interpreted associations forms the input for the causal mapping step where, in this step, the cause-and-effect
relations linked to the equipment failure are mapped, and the resulting focal root causes identified. Consequently, appropriate
maintenance strategies are assigned to the focal root causes, and here, three strategies are suggested – failure-based maintenance,
condition-based maintenance, and design-out maintenance.

The remaining sections of this paper are organized as follows: Section 2 reviews related studies in which techniques for root
cause analysis are reported. From the review, gaps in the existing studies are highlighted, hence justifying the need for the meth-
odology proposed in this study. Section 3 enumerates the proposed methodological steps, starting with the rationale for data stan-
dardization, data exploration analysis, causal mapping and finally, maintenance strategy selection. Section 4 presents the results
derived from the proposed methodology as applied in the application case of maintenance data describing engine failures in ther-
mal power plant. Section 5 reports the results of root cause analysis based on two conventional techniques for root cause analysis
– the Ishikawa diagram, and the ‘5-whys’ analysis. Section 6 discusses insights derived from the proposed methodology, with em-
phasis placed on decision support aspects for root cause analysis and maintenance strategy selection. In addition, the added value
for decision support of the proposed methodology as compared to the qualitative conventional techniques is discussed. Section 7
draws important conclusions, study implications and possible directions for future work.

2. Review of related literature

Techniques for root cause analysis for decision support in the maintenance may be classified into three broad categories; qual-
itative, semi-quantitative and quantitative techniques [7].
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The first category consists of qualitative techniques of which, the Ishikawa cause-and-effect diagram, and the ‘5-whys’ analysis
are reported in the context of maintenance decision support. Notably, the Ishikawa diagram is discussed in Sharma and Sharma
[15] where the technique is applied for diagnosing root causes of equipment unreliability in a paper pulping machine. In the
study, the root causes are enumerated through brain storming session and consequently visualized on the Ishikawa diagram.
MA, Halawani [16] likewise analyze the root causes of repair-related delays in the failure-based maintenance strategy. In the
study, the root causes were derived through expert elicitations from which, the causes are classified into four broad categories;
machine-related, material-related, manpower-related and method-related. Nebl and Schroeder [17] also analyze the root causes
of quality and productivity losses in manufacturing systems using the Ishikawa diagram, and from the analysis, equipment
wear and aging were interpreted as important root causes. More recently, Papic, Kovacevic [18] use the Ishikawa for analyzing
the root causes of productivity losses in mining equipment from which, human-errors influencing equipment reliability was iden-
tified as an important root cause.

In addition to the Ishikawa diagram, the ‘5-whys’ analysis is reported, and in the ‘5-whys’ analysis, the decision makers follow
a deductive query process from which a series of five or more questions are asked as to the potential causes of a given undesirable
event. The query stops when no further causes can be ascribed to the event, hence here, the root causes are deduced. Notably,
studies discussing the ‘5-whys’ analysis include Viveros, Zio [19] where the approach is used for analyzing the root causes of fail-
ure for equipment used for calibrating truck engines. Guerin [20] likewise apply the ‘5-whys’ for analyzing the root causes of fail-
ures responsible for lubricant spillage in fluid handling systems. More recently, Benjamin, Marathamuthu [21] apply the ‘5-whys’
for analyzing root causes of speed losses of equipment at a steel barrel manufacturing facility. In the study, the speed losses were
largely linked to equipment deterioration or unreliability [22].

From the review of the Ishikawa diagram and the ‘5-whys’ analysis qualitative techniques, several deficiencies can be deduced.
Primarily, the two techniques are predominantly expert-driven and hence, the derived causal associations are seldom empirically-
linked to the failure events under investigation. Additional deficiencies are also enumerated in the literature. Guerin [20], for in-
stance, enumerates three main deficiencies: 1) significant time requirements; 2) expert-reliant, especially for the root cause de-
riving process; 3) considerable manpower requirements in forms of expert teams needed for the exercise. Medina-Oliva, Iung
[23] also notes similar deficiencies: 1) highly expert dependent; 2) inadequately maps the potential causal dependencies linked
to equipment failure events; and 3) inadequately explains possible measures for mitigating the root causes.

Thus, to address the aforementioned deficiencies, semi-quantitative techniques are suggested and notably, the failure mode
and effect analysis (FMEA) is proposed [7]. Primarily, the FMEA is a risk prioritization approach that prioritizes failure events
based on the risk priority number (RPN). Notably, the FMEA is discussed in Feili, Akar [24] whereby, equipment failures in a geo-
thermal power plant are prioritized through the approach. The FMEA is additionally discussed in several studies, e.g. [25–27]. In
literature, however, the FMEA as the basis for decision support of root cause analysis has been criticized. Primarily, the criticism is
linked to computation of the RPN – the main metric for prioritizing equipment failures. This is because the RPN is computed as a
product of three ordinal risk indices elicited from experts. As a result, the failures prioritized through the FMEA are seldom linked
to empirical failure events. Moreover, the FMEA fails to take into account the inter-dependencies or associations between empir-
ical failure events [28]. Yet, analyzing these inter-dependencies is a critical step necessary for analyzing the focal root causes of
equipment failure.

Hence, quantitative techniques are suggested in the literature. Examples includes the fault tree analysis (FTA), and the Bayes-
ian networks [6]. The FTA and BN are essentially graphical illustrations or diagrams which depict the cause-and-effect relations
between a specified failure event and the respective causes. In the FTA and BN, the logical associations or interaction between
the failure events are assumed as known, thus qualitatively mapped based on expert knowledge. In addition, there is often the
need for estimating conditional probabilities for occurrences of the failure events, more so, for the Bayesian networks [29]. The
fault tree analysis for decision support in root cause analysis is discussed in studies, for instance, [30–32]. On the other hand,
the use of the Bayesian network is also discussed in studies e.g. [33–35].

However, one important deficiency noted with the FTA and BN relates to the cause-and-effect-mapping of which the process is
largely expert reliant, thus delinked from failure associations embedded in the empirical failure events. Hence, this influences the
robustness of the derived root causes. More importantly, the FTA and BN suffer from the combinatorial explosion problem, espe-
cially when the techniques are applied for mapping systems with complex logical associations [29,35]. In addition, estimating the
conditional probabilities for the BN technique is not straightforward.

Thus, owing to the deficiencies discussed in this section, the need for data-oriented approach for enhancing decision support
for root cause analysis is imperative. Therefore, this need motivates the data exploration methodology reported in this study.
3. Methodology

3.1. Materials

In this study, raw maintenance data detailing failures recorded from ten thermal power plant engines is used in the analysis.
The data was recorded in free-text style form and collected over a three year period. In the initial form, the data had several in-
consistencies such as depicted in the sample in Table 1. For instance, the turbocharger vibration failure was documented differ-
ently; ‘abnormal turbocharger vibration’ and ‘high turbocharger vibration’. Owing to these inconsistencies, a standardization
step was necessary with a view enhancing the coherence of the data, and hence, simplifying the data structure.



Table 1
Maintenance data standardization process as per the ISO 14224.

Free-text style failure descriptions ISO 14224 standardization

Failure mode Component Sub-system Maintenance actions

1 Abnormal turbocharger vibration VIB Turbocharger Combustion unit Replace
2 High turbocharger vibration VIB Turbocharger Combustion unit Repair
3 Fuel oil leakage ELF Fuel piping Combustion unit Repair
4 Engine inlet valve replacement STD Engine Valves Combustion unit Replace
5 High water jacket outlet temperature OHE Coolant pump Cooling Replace
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3.2. ISO 14224 standardization

In this step, the initial failure descriptions were standardized, and here, the ISO 14224 vocabulary for the failure modes, system
components and maintenance activities were adopted. By adopting the vocabulary, inconsistent failure descriptions such as the
turbocharger failure were ascribed standard failure mode and component descriptions as depicted in Table 1. A complete descrip-
tion of the ISO 14224 vocabulary discussed in this study are presented in Appendices A and B.

3.3. Statistical procedure

Fig. 1 summarizes the three main steps of the statistical procedure, starting with descriptive statistics, principal component
analysis and cluster analysis. Here, the principal component analysis, and the cluster analysis constitutes the data exploration
framework.

3.3.1. Descriptive analysis
The descriptive distribution analysis, in this step, is performed with a view of prioritizing recurrent failure modes and compo-

nent failures. In addition, the analysis highlights the predominant maintenance activities implemented at the application case
thermal power plant. The prioritization step is mentioned as an important precursor to performing the root cause analysis [7,36].

3.3.2. Principal component analysis
The principal component analysis (PCA) is used to explore the failure associations embedded in the structured maintenance

data. Here, the associations are visualized through vectors along two principal components depicted on a loading plot. The two
principal components here, represent the linear combination of uncorrelated and weighted failure associations which explain
the maximal variability in the maintenance data [37]. In the loading plot, the length of each vector represents the magnitude
of the observed failure mode or component failure, while the separation angle between any two vectors represents the correlation
Fig. 1. Methodology for root cause analysis and maintenance strategy selection.
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strength between failures represented by the corresponding two vectors. Hence, failures represented by vectors of almost similar
length, and minimal separation angles between the respective vectors are thus strongly correlated.
3.3.3. Cluster analysis
The cluster analysis likewise explores the failure associations embedded in the standardized data, and consequently, groups

equipment failures with similar characteristics into distinct clusters. In this study, the four clustering techniques earlier enumer-
ated were applied. The first, the hierarchical agglomerative technique, clusters the equipment failures based on the correlation co-
efficient, and moreover, maximizes the inter-cluster homogeneity using the ward linkage method incorporated within the
technique [38]. The second, the K-means, clusters the equipment failures into k distinct clusters, in which, each equipment failure
is assigned to the nearest cluster centroid based on the shortest Euclidean distance. The third, the Fuzzy c-means assigns the
equipment failures into several clusters simultaneously depending on the fuzzy membership value assigned to each respective
equipment failure. Lastly, the self-organizing maps clusters the equipment failures based on their proximity to each other along
a two-dimensional hexagonal or rectangular grid [39].

In this study, the cluster analysis is performed using the Konstanz Information Mining software (KNIME). Moreover, the selec-
tion of the four techniques follows suggestions in the literature where some authors suggest the use of multiple clustering tech-
niques while exploring associations embedded in data. Notably, Nemeth [40] observes the variations in algorithms and correlation
measures embedded in different techniques, hence the clustering results often varies from one technique to another. Owing to
variations in the clustering results, complementary insights could be derived, hence the justification for multiple clustering
techniques.

Hence, following these suggestions, the four techniques were applied in the cluster analysis and thereafter, the derived asso-
ciations were interpreted from two perspectives; 1) statistical perspective based on the clustering results, and 2) operational per-
spective of the understudied engines. The latter perspective took into account expert operational knowledge of the understudied
engines.
3.4. Causal mapping and maintenance strategy selection

This step follows the interpretation process from the statistical and operational perspectives, and here, the interpreted failure
associations were applied as input to the causal mapping process. From the mapping process, the logical cause-and-effect relations
underlying the derived failure associations were mapped, from which, the focal root causes responsible for recurrent equipment
failures were systematically identified. The identification process hence formed the basis for the maintenance strategy allocation
process, whereof the focal root causes were ascribed appropriate strategies which, in the decision makers' opinion, would mitigate
the recurrence of similar failures.
4. Results

Table 2 summarizes the failure distribution analysis as per the type of sub-system, component, and the engines from which
the failures originated. The failures were also distributed over 10 engines of similar model. Of the recorded failures, 591 compo-
nent failures were interpreted as originating mainly from four engine sub-systems. Table 3, summarizes the failure distribution as
per the type of failure mode of which, 685 failure modes were interpreted and likewise distributed over the 10 engines. The
Table 2
Failure distribution as the type of sub system, component, and engine based on the ISO 14224.

Engine sub division Engines Total

Sub system Component 1 2 3 4 5 6 7 8 9 10 N %

Combustion

Fuel piping 11 7 10 5 5 4 3 5 13 12 75 13
Fuel injector 6 6 5 8 6 1 6 11 12 13 74 13
Engine valves 9 18 3 12 8 2 4 4 1 1 62 10
Turbocharger 6 11 4 4 2 9 7 4 3 0 50 8
Fuel pumps 3 6 1 7 4 1 2 3 4 7 38 6
Exhaust bellow 2 4 0 3 1 7 1 8 4 0 30 5
Fuel cam 4 4 1 1 6 2 2 3 1 2 26 4
Cylinders 0 5 2 6 1 1 2 3 1 2 23 4
Fuel filters 1 2 0 0 1 1 0 0 3 0 8 1

Lubrication
Lubricant piping 4 12 4 9 3 8 9 6 10 6 71 12
Lubricant pump 1 3 0 2 0 4 1 1 3 1 16 3
Centrifugal filter 0 1 1 1 0 0 0 0 6 6 15 3

Cooling
Heat exchanger 4 9 2 4 2 1 1 4 10 1 38 6
Coolant piping 2 2 5 4 1 0 1 7 2 3 27 5
Coolant pump 1 4 0 0 1 0 3 2 0 0 11 2

Control Control unit 7 2 6 2 1 0 2 5 1 1 27 5
Totals 61 96 44 68 42 41 44 66 74 55 591 100



Table 3
Failure distribution as per type of failure mode and engine based on the ISO 14224.

Failure mode
Engines Total

Eng 1 Eng 2 Eng 3 Eng 4 Eng 5 Eng 6 Eng 7 Eng 8 Eng 9 Eng 10 N %

ELU 12 23 11 14 8 15 11 20 33 17 164 24
PDE 4 3 3 8 2 4 3 5 51 44 127 19
OHE 10 30 6 14 17 7 11 13 7 9 124 18
ELF 15 13 14 16 5 4 4 9 12 12 104 15
LOO 10 13 6 15 4 11 9 4 11 5 88 13
INL 4 7 1 7 9 2 6 7 0 0 43 6
BRD 2 1 2 2 4 0 0 7 1 0 19 3
VIB 1 4 0 1 0 2 0 0 0 0 8 1
ERO 2 0 1 0 0 0 0 5 0 0 8 1
Totals 60 94 44 77 49 45 44 70 115 87 685 100
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summary in Tables 2 and 3 were hence applied as input to the PCA and cluster analysis steps from which the failure associations
were derived.

4.1. Failure distribution per type of engine component

Analyzing Table 2, the highest prevalence of component failures were predominantly linked to failure of four components; fuel
injector (13%), fuel piping (13%), lubrication piping (12%) and engine valves (10%). In addition, the fuel piping failures were high-
ly prevalent in engine 9 (13 failures out of a total of 75 fuel piping failures) and engine 10 (12 failures out of the total of 75 fuel
piping failures). Cumulatively, the fuel piping failures in the two aforementioned engines represented 33% of the total fuel piping-
related component failures (25 failures out of 75 piping-related failures). Similarly, the fuel injector component failures were
prevalent in engines 9 and 10, cumulatively contributing to 33% of the total fuel injector-related component failures.

At the sub-system level, the highest failure prevalence was linked to the combustion unit and accounting, cumulatively, for
64% of the total failures. This was followed by component failures in the lubrication system which accounted for 18% of the
interpreted component failures.

4.2. Failure distribution as per the type of failure mode

From the summary in Table 3, high failure mode prevalence was observed for the ELU (24%), PDE (19%), and OHE (18%). As
per the ISO 14224 standardization process, the ELU failure mode was interpreted as linked to utility medium leakage, while the
PDE failure mode was interpreted as linked to deviation of the exhaust gas temperature (see Appendix A). Similarly, the OHE fail-
ure mode was interpreted as linked to engine overheating.

Evaluating the failure mode distribution, the ELU was highly prevalent in engines 2, 8 and 9, while the PDE was prevalent in
engines 9 and 10. Cumulatively, the ELU failures mode at the three aforementioned engines accounted for 46% of the total ELU-
related failure modes, i.e. 76 out of a total of 164 ELU-related failure modes.

4.3. Maintenance activity as a function of engine repair time

Fig. 2 summarizes the analysis of maintenance activities as a function of repair hours, for a sample of six of the 10 engines. The
six engines cumulatively accounted for 80% of the total failure-related downtimes. From the analysis, the maintenance activities at
the power plant were largely reactive since 45% of the activities were linked to corrective component replacement, while 36% of
the activities involved refit strategy. According to the ISO 14224, the refit strategy refers to minor maintenance activities per-
formed with the aim of restoring the equipment to acceptable performance after failure. By contrast, proactive maintenance ac-
tivities such as service, check, or overhaul accounted for 2% of total maintenance activities implemented at the power plant. A
summary of the maintenance activity description is found in Appendix B.

4.4. Principal component analysis

The loading plot in Fig. 3 summarizes the results of the principal component analysis whereby, the first and second prin-
cipal component explain 59.5% of the total variability in the maintenance data. Hence, the principal components could be
interpreted as good indicators of the equipment failure correlations. From the plot, the vectors representing the OHE failure
mode, engine valve, and the turbocharger component failures are depicted as strongly correlated along the first component.
This is because of their comparatively similar vector magnitudes and minimal separation angles between their respective
vectors.

Similarly, the coolant pump and engine valve component failures appear as strongly correlated along the first component. The
LOO failure mode is illustrated as statistically correlated to the lubricant piping and lubricant pump component failures. However,



Fig. 2. Analysis of repair hours as per type of maintenance activity (a sample of six engines).
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the correlation between the lubrication system component failures and the turbocharger failure is subtle along the first compo-
nent. Additionally, failure associations are also apparent for the fuel system components, i.e. the fuel injector and fuel piping fail-
ures, in this instance, along the second component. The PDE failure mode likewise appears statistically correlated to the fuel
system component failures.
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4.5. Cluster analysis

4.5.1. Hierarchical clustering
Fig. 4 illustrates the hierarchical clustering results, while Table 4 illustrates the corresponding clustered failure associations.

From Fig. 4, correlated failures appear clustered in close proximity along the x-axis and moreover, with similar distance measures
along the y-axis. For example, the LOO failure mode and the lubricant piping have equal distance measures along the y-axis,
which would imply strong statistical correlation between the two failures.

Analyzing the hierarchical clustering results, several associations could be deduced, for instance, between engine overheating
(OHE), engine valve failure and coolant pump failure. Likewise, lubrication system component failures and the turbocharger fail-
ure are clustered. Other clustered failures include the fuel system component failures (cluster 4). Similar failure associations were
likewise depicted in the PCA loading plot.

4.5.2. K-means clustering
Table 5 summarizes the K-means clustering results while the corresponding Euclidean distance matrix for the cluster centroids

are depicted in Table 6. In Table 6, a small Euclidean distance between any two cluster centroids implies close statistical correla-
tion between failures in those respective clusters [41]. As an example, failures in clusters 4 and 5 with the Euclidean distance of
18.38 could be interpreted as statistically correlated.

4.5.3. Fuzzy c-means clustering
Table 7 summarizes results of the Fuzzy c-means where, depending on the assigned fuzzy membership value, the clustered

failures were distinguished as either primary or auxiliary failures. In this context, primary failures were interpreted as failures
assigned the highest Fuzzy membership value within the ascribed cluster, while simultaneously, were interpreted as auxiliary fail-
ures on the basis of the its next highest assigned fuzzy membership value. As an example, the OHE failure mode is situated in
cluster 2 as a primary failure owing to its high assigned membership value in this cluster. Simultaneously, the OHE has auxiliary
membership in cluster 3 given the comparatively lower membership value of 0.246 assigned to the OHE in this cluster.
Table 4
Hierarchical membership for each failure modes and system component.

Cluster Membership

1 ELU, heat exchanger, fuel filter
2 LOO, lubricant piping, lubricant pump, turbocharger, exhaust bellow.
3 OHE, engine valve, cylinder, VIB, INL, fuel cam, coolant pump.
4 PDE, centrifugal filter, ELF, fuel piping, fuel injector, fuel pump.
5 BRD, ERO, control unit, coolant piping.



Table 5
K-means cluster membership for failure modes and system components.

Cluster Membership

1 ELU
2 ELF, LOO, fuel piping, fuel injector, lubricant piping, engine valve.
3 OHE
4 PDE

5
INL, BRD, VIB, ERO, turbocharger, fuel pump, heat exchanger, exhaust bellow, control unit, coolant piping, fuel cam, cylinder, lubricant
pump, centrifugal filter, fuel filter, coolant pump
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From the Fuzzy c-means, failure associations were observed between the ELF (external fuel leakage) and the fuel injector com-
ponent failure. Similarly, the lubrication system related failures appear clustered together with the turbocharger component fail-
ure. In Table 7, the OHE failure mode is also clustered with the engine valve component failure, although here, the coolant pump
failure is not included in the cluster. Similar associations were likewise depicted in the PCA and hierarchical clustering results.

4.5.4. Self-organizing maps
Table 8 summarizes the clustering results in which, a learning rate (LR) of 0.3 was implemented. The learning rate was select-

ed since the clustered associations derived at the LR of 0.3 were interpreted as most logical from the operational perspective of
the equipment. From the clustering results, failure associations were interpreted between the PDE (exhaust gas temperature de-
viation) and fuel system-related component failures (cluster 4). Additional associations interpreted from the results include the
LOO (low oil pressure), turbocharger failure, and component failures in the lubrication system (cluster 2). Other associations
depicted include the OHE, engine valve failure, and coolant pump failure (cluster 3). Similar failure associations were also
interpreted in the PCA, hierarchical clustering and Fuzzy c-means clustering results.

4.5.5. Similarities and dissimilarities in the four cluster analysis
Table 9 summarizes the similarities and dissimilarities as interpreted from the PCA and cluster analysis results from which, the

failure associations were predominantly linked to engine three sub-systems, i.e. the lubrication (cluster 2), combustion (cluster
4) and the cooling sub-systems (cluster 3). For failures in cluster 3, logical associations were interpreted between the engine
overheating (OHE), engine valve failure and coolant pump failure. The associations suggested a possible link between engine
overheating and coolant pump failure. Subsequent to the overheating, engine valve failures were interpreted as occurring as a re-
sult of thermal fatigue, with the fatigue attributed to the overheating.

By contrast, from the PCA and cluster analysis, several associations were not meaningfully interpreted from the operational
perspective of the understudied engines. This is despite the failure associations appearing as statistically correlated in the PCA
and cluster analysis. Examples includes association between the exhaust bellow and engine cylinder failures. This is because
the exhaust bellow component is interpreted as functionally distinct from the cylinder, and also, distinct from the lubrication sys-
tem component failures.

4.6. Causal mapping

Fig. 5 illustrates the causal mapping process from which, the focal root causes identified through the process were traced to
the cooling, fuel and lubrication sub-systems. For the cooling sub-system, the root causes were traced to two component failures;
coolant piping and coolant pump. The OHE failure mode and engine valve component failure were subsequently situated at the
intermediate causal level.

For the fuel sub-system, the root causes were traced to three components; fuel pump, fuel filter, and the fuel cam. Also here,
the fuel injector atomization failure and the PDE failure mode were situated at the intermediate level of the causal map. Finally,
for the lubrication sub-system, the root causes were traced to failures of the lubricant pump, lubricant piping and the centrifugal
filter. Of these components, the centrifugal filter performs the function of filtering the lubricant medium prior to channeling the
medium to rotating engine components such as the turbocharger bearings. Hence, filter blockage could potentially result in sub-
optimal lubricant supply to the rotating elements, thus accelerating bearing wear which was interpreted as an important cause of
the turbocharger vibration failure.
Table 6
Euclidean distance between the K-means cluster centroids.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

Cluster 1 0
Cluster 2 45.42 0
Cluster 3 31.81 65.83 0
Cluster 4 33.14 55.88 23.99 0
Cluster 5 48.98 64.89 37.07 18.38 0

Notes: Euclidean distance between cluster centroids with small values indicating close correlation.



Table 7
Fuzzy c-means cluster membership for failure modes and system components.

Cluster
Cluster membership

Primary Auxiliary (F⁎ ≈ membership function)

1 Fuel filter, centrifugal filter, lubricant pump, coolant pump, ERO. Cylinder (0.256), fuel cam (0.245), BRD (0.232), exhaust bellow (0.206)
2 ELU, turbocharger, OHE, LOO, lubricant piping, VIB. ELF (0.248), engine valve (0.239), fuel injector (0.234), PDE (0.206).
3 INL, exhaust bellow. Heat exchanger (0.293), fuel pump (0.283), coolant pump (0.268), BRD (0.259).
4 ELF, engine valve, fuel injector, fuel piping, PDE. Lubricant piping (0.273), LOO (0.266), OHE (0.246), turbocharger (0.234), VIB

(0.212), ELU (0.195).
5 Heat exchanger, fuel pump, coolant piping, BRD, fuel cam,

cylinder, control unit.
Exhaust bellow (0.232), ERO (0.229), INL (0.219), coolant pump (0.214).

Notes: Cluster membership based on fuzzifier value of 3.5 and number of iterations equal to 1000.

28 P. Chemweno et al. / Engineering Failure Analysis 66 (2016) 19–34
4.7. Maintenance strategy selection

Table 10 summarizes the maintenance strategy selection process through which the focal root causes derived from the causal
map were assigned specific strategies. Three strategies were proposed: failure-based maintenance (FBM), design-out maintenance
(DOM) and condition-based maintenance (CBM). The selection follows the framework suggested by Waeyenbergh and Pintelon
[42], whereby the FBM strategy was assigned to non-critical failures, and the DOM assigned to components for which failures
could be mitigated through component redesign. As an example, in DOM, the fuel piping abrasion failure could be mitigated
through re-routing the fuel piping. Finally, the CBM strategy was assigned for failure modes that were measurable or detectable,
e.g. engine overheating which is detectable through high coolant temperature.

5. Comparison with conventional root cause analysis approaches

5.1. Ishikawa root cause analysis

Fig. 6 illustrates the results of the Ishikawa root cause analysis. The analysis follows the suggestions in Sharma and Sharma
[15] and Nebl and Schroeder [17]. Part of the suggestions include; a comprehensive enumeration and classification of potential
root causes, assembly of experts knowledgeable on the equipment understudy, and use of brain storming sessions to ascribe
the causes to the specific equipment failure understudy.

Hence, in the analysis, four main classes were defined through which the enumerated causes were assigned; equipment-
related, tooling-related, method-related, and workmanship-related. This classification follows the suggestion in Sharma and
Sharma [15], where four classifications are likewise proposed; man, machine, material, and method. For the analysis, the ‘engine
valve failure’ was selected and from brainstorming sessions, 11 potential root causes were enumerated for the component failure.
The aforementioned component failure was also evaluated using the methodology proposed in Section 3.

Table 11 summarizes the recommended mitigation measures for each of the identified root cause of which, a significant pro-
portion of the measures are process, procedure or knowledge/skill related. An exception, however, is the ‘engine over-heating’
root cause of which, a review of inspection intervals is proposed for the cooling system and monitoring gauges.

Moreover, one will note that the ‘incorrect torqueing’ identified as a method-related root cause is further evaluated in the
tooling-related classification from which, ‘incorrect tooling usage’ and ‘tooling calibration error’ were identified as root causes.

5.2. Five whys root cause analysis

Fig. 7 illustrates the results of the ‘5-whys’ analysis which follows suggestions in Benjamin, Marathamuthu [21] and Guerin
[20]. The suggestions include; the need for expert elicitations, brainstorming and consensus building during the query process
through which the potential root causes are derived. The ‘engine valve cracking’ component failure was likewise evaluated
from which, five main root causes were identified.

Table 12 summarizes the mitigation measures recommended for each of the root causes identified through the analysis of
which, several maintenance-related measures are proposed; for instance, reviewing the maintenance schedules for the engine
valve wear, and reviewing the inspection intervals for the cooling system failure and turbocharger rotor. Condition-based
Table 8
Cluster membership derived from self-organizing map technique.

Cluster Membership

1 Heat exchanger, exhaust bellow, BRD.
2 LOO, lubricant piping, turbocharger, cylinders, lubricant pump.
3 OHE, INL, VIB, engine valves, fuel cam, coolant pump.
4 PDE, ELF, fuel piping, fuel injectors, fuel pumps, centrifugal filter, fuel filter.
5 ERO, control unit, coolant piping

Notes: Cluster membership based on learning rate = 0.3.



Table 9
Similarities and dissimilarities in the cluster analyses.

Clustering similarities Clustering dissimilarities

1 Heat exchanger; fuel filter ELU; ERO
2 LOO; Lubricant piping; lubricant pump; turbocharger; VIB Exhaust bellow; cylinder
3 OHE; engine valves; coolant pump Fuel cam; INL
4 PDE; fuel injector; ELF; fuel piping Centrifugal filter
5 ERO; BRD; control unit; Fuel pump
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maintenance strategies were also recommended for evaluating the quality of the lubricant medium. On the other hand, skill-
related mitigation measures were likewise suggested, for instance, for addressing the ‘knowledge and skill deficiency’ and ‘ma-
chining error’ root causes.

6. Discussion

This research demonstrates an attempt to derive meaningful insights on root causes of equipment failure by exploring failure
associations embedded in maintenance data. By exploring these associations, the focal root causes of failure are thus identified,
thereby availing practitioners with the opportunity of selecting appropriate, hence more effective maintenance strategies that
are targeted at these focal root causes. The proposed methodology addresses several important deficiencies with methods so
far developed for root cause analysis in the maintenance decision making domain.

Importantly, the existing methods delink the root cause analysis process from actual observed (empirical) equipment failure
events. In particular, the existing approaches insufficiently take into account failure associations or dependencies between failure
events embedded in the maintenance data. Hence, when applied for root cause analysis, the existing techniques may not yield
robust root causes and consequently, the maintenance strategies selected as a result may be sub-optimal.

For this reason, a data exploration framework is proposed through which the embedded failure associations are explored by
using multivariate analysis and cluster analysis. However, prior to implementing the data exploration approach, the maintenance
data structure ought to be simplified, and for this reason, the ISO 14224 standardization framework is incorporated to the meth-
odology proposed in this study.

6.1. Standardizing the raw maintenance data

The standardization process is considered an important starting point for exploring the failure associations embedded in the
non-uniform and incoherent maintenance data. As demonstrated, by adopting the ISO 14224 terminologies, the decision makers
Fig. 5. Root cause causal mapping for the thermal power plant engines.



Table 10
Summary of selected maintenance strategy for the failure root causes.

Failure root causes FBM is optional if the
failure is not-critical
to the engine's
operation

DOM is optional if failure
can be eliminated by
modifying the
component

CBM is optional
if the failure mode
is measurable
and detectable

Optional selection of strategies

1 Coolant piping leakage Optional Optional Optional Combination of FBM, DOM and CBM
2 Coolant pump failure Not optional Not optional Optional CBM
3 Fuel filter clogging Optional Optional Optional Combination of FBM and CBM
4 Fuel piping leakage Optional Optional Optional Combination of FBM, DOM and CBM
5 Fuel cam failure Not optional Not optional Optional CBM
6 Fuel pump failure Not optional Not optional Optimal CBM
7 Lubricant piping leakage Optional Optional Optional Combination of FBM, DOM and CBM
8 Clogged centrifugal filter Optional Not optional Optional Combination of FBM and CBM
9 Lubrication pump failure Not optional Not optional Optional CBM

Notes: failure-based maintenance (FBM), design-out maintenance (DOM), condition-based maintenance (CBM).
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are confined to using standard terms for interpreting the engine failures, hence redundant failure descriptions were omitted. Con-
sequently, a more simplified data structure was derived whereby; the failure descriptions in the free-text style form were sum-
marized into nine failure mode types, and 16 types of engine component failures.

From the simplified structure, failure associations in the data were hence explored by using the multivariate and cluster anal-
ysis. Moreover, the simplified structure yielded useful insights on the recurrent failure modes and component failures, through the
distribution analysis discussed in Sections 4.1 and 4.2. This was in addition to useful insights on the type of maintenance strategy
implemented at the power plant. In the initial unstructured data form, exploring the associations in the data, and analyzing recur-
rent failures was not straightforward. This difficulty would explain the rather limited approaches discussed in the literature which
leverage on maintenance data for decision support in root cause analysis – this despite the availability of large volumes of main-
tenance data accumulated overtime [43].
6.2. Insights from the engine failure distributions

From the failure distribution analysis, important insights on recurrent failure modes and component failures were derived. For
instance, variations in the failure frequency between the 10 engines were observed, hence suggesting inconsistent operation or
maintenance practices. This is because the engines were of the same model type, and commissioned on the same date. The var-
iation is particularly observed for engine 6 (41 component failures), and engine 2 (96 component failures). Moreover, this varia-
tion would suggest insufficient understanding of the focal root causes since component failures such as the fuel piping (75, 13%),
and the fuel injector (74, 13%) were recurrent. This observation is supported by the analysis of the maintenance strategies of
which, reactive maintenance strategies were predominantly applied. These include the corrective replacement (45%) and refit
(36%) strategies. As mentioned in the literature, deploying reactive strategies is often associated with negative consequences on
productivity, maintenance cost, or personnel safety [44].
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Fig. 6. The results of root cause analysis derived using the Ishikawa diagram.



Table 11
Proposed mitigation measures for the Ishikawa root causes.

Identified root causes Recommended mitigation measures

Equipment-related

Wrong valve-cage design - Counter-check the valve-cage against serial number during installation.

Incorrect clearance fit
- Review the clearance fitting procedures.
- Use correct clearance fitting gauges.

Engine over-heating - Review the inspection intervals for the cooling system and temperature gauges.

Tooling-related
Incorrect tool usage

- Personnel re-training.
- Develop check-lists and tooling usage manuals.

Tooling calibration error - Recalibrate the tools.

Method-related

Incorrect torqueing
- Review the torqueing procedures.
- Personnel re-training.

Over-tightened rotator
- Review the torqueing procedures.
- Personnel re-training.

Loose cotter pin - Review the cotter pin fastening procedures.

Workmanship-related
Skill/knowledge deficiency - Personnel re-training.
Judgement error - Develop task inspection manuals and check-lists.
Task complexity - Set aside the tasks for more experienced personnel.
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The aforementioned insights were, however, not apparent where the Ishikawa diagram and ‘5-whys’ were used for the root
cause analysis. Rather, the candidate failures selected for the root cause analysis were largely selected through expert intuition.
This is because failure prioritization analysis is seldom performed prior to selecting the candidate failure event.

6.3. Principal component analysis

The PCA presented a good starting point for exploring the failure associations in the data. For instance, from the loading plot,
associations between the engine overheating (OHE), engine valve, and coolant pump component failures could be interpreted,
both from the statistical perspective (loading plot), but also the functional perspective of the understudied engines. Moreover,
the interpreted association between the engine valve thermal fatigue cracking and engine overheating owing to cooling system
failure is corroborated in the literature [45].

From the loading plot, however, several associations were difficult to interpret, for instance, between the turbocharger vibra-
tion failure and lubrication system component failures. Hence additional analysis was necessary, and here, technical manuals for
the understudied engines were evaluated, combined with expert analysis, from which, the association were interpreted. Thus,
here, the sub-optimal lubricant supply to the turbocharger bearing was interpreted as an important cause of accelerated bearing
wear, hence the observed turbocharger vibration. This association is likewise corroborated in the literature, e.g. in Gunter and
Chen [46]. The difficulty experienced while analyzing specific failure associations emphasizes the need for applying complemen-
tary data exploration approaches, and here, the cluster analysis. For instance, the association between the turbocharger vibration
failure and sub-optimal lubricant supply was more apparent in the clustering analysis, yet not clear in the PCA.

Evaluating the Ishikawa diagram and ‘5-whys’ analysis, the possible link between the engine valve cracking and cooling system
failure is determined, although qualitatively. By contrast, the data exploration framework highlights the same associations empir-
ically, thus a more robust conclusion could be derived as a result. Moreover, in the data exploration approach, the derived asso-
ciations are validated both from the statistical and operational perspective of the equipment. This is not the case for the two
qualitative techniques discussed in Section 5.
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Fig. 7. The results of root cause analysis derived using the ‘5-whys’ analysis.



Table 12
Proposed mitigation measures for the ‘5-whys’ root causes.

Identified root causes Recommended mitigation measures

1. Knowledge and skill deficiency - Personnel re-training.
2. Incorrect maintenance schedule - Review the inspection intervals for the valve wear failure.

- Implement off-line used oil analysis for the lubricant medium.
3. Cooling system failure - Review the inspection intervals for the cooling system and temperature monitoring gauges.
4. Machining error - Document the requisite machining tolerances.
5. Turbocharger rotor metallurgical failure - Inspect the turbocharger rotor for cracks or wear.

- Implement non-destructive testing for crack tests.
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6.4. Insights from the cluster analysis

The cluster analysis complemented the PCA in that several failure associations were corroborated. This is because, in cluster
analysis, the engine failures were grouped into distinct clusters as opposed to the visual loading plot in the PCA. Thus, more
meaningful interpretations were derived from the PCA and clustering results. The better interpretation affected associations
such as between the turbocharger vibration and sub-optimal lubrication as earlier pointed out.

In addition, from the PCA and cluster analysis, more meaningful interpretations were also derived for associations such as be-
tween, engine overheating (OHE), engine valve and coolant pump failures. Moreover, the association between the exhaust gas
temperature deviation (PDE), external fuel leakage (ELF), and fuel system component failure were validated. The latter association
is further corroborated in the literature, e.g. in Lowe, Wu [47] where the link between sub-optimal fuel supply to the injector, and
optimal injector atomization is highlighted. Additionally, Galle, Verhelst [48] highlight the association between sub-optimal injec-
tor atomization and exhaust gas deviation (PDE), which correlates to the conclusions derived in this study.

From the cluster analysis results, the K-means and Fuzzy c-means required more interpretative effort as compared to hierarchical
and self-organizing maps (SOM) clustering results. This is because the K-means largely grouped the equipment failures into two clus-
ters. Hence, the failure associations were indiscernible. On the other hand, the Fuzzy c-means also clustered several logical associa-
tions separately. For instance, the engine overheating (OHE), engine valve and coolant pump failure were clustered differently.

Evaluating the results of the Ishikawa diagram and ‘5-whys’ analysis, a similar conclusion with the PCA is reached whereof,
although the cooling system is perceived as the likely cause of the engine valve failure, this conclusion is not validated empirically
as the case where the exploration framework is applied.

6.5. Insights from the causal mapping

From the causal mapping, a useful visualization of the cause-and-effect associations linked to the engine failures was depicted.
Importantly, the mapping availed the opportunity for structuring the logical sequences for the associations interpreted from the
PCA and cluster analysis. Hence from the mapping, the focal root causes were identified. From the mapping, additional associa-
tions were also taken into account – this despite the associations not significantly correlated from the statistical viewpoint. This
is because such associations were viewed as logical from the operational viewpoint of the understudied engines. Examples include
the association between the coolant piping and the coolant pump. In addition, several statistically correlated failures that were
functionally indistinct were also omitted from the mapping; for instance, between the exhaust bellow failure and cylinder failure
(see also Table 9).

Evaluating the Ishikawa and ‘5-whys’ analysis, an important flaw becomes apparent. This is because, compared to the pro-
posed data exploration framework, the qualitative analysis fails to take into account the empirically derived failure associations.
Rather, expert judgement is relied on. A similar conclusion can be reached with the FTA and BN analysis, since likewise to the
Ishikawa and ‘5-whys’ analysis, the logical maps are derived qualitatively – without reference to empirical failure associations.

6.6. Maintenance strategy selection

From the strategy selection process, a combined maintenance strategy was viewed as ideal for each of the focal root causes
interpreted from the PCA and cluster analysis. However, the CBM strategy was considered for the nine root causes identified
through the data exploration framework. This was because all the root causes were associated with detectable failure modes,
for instance, the cooling system failure is detectable through high coolant outlet temperature.

On the other hand, the FBM strategy was assigned to non-critical failures, however, was assigned alongside the DOM and CBM.
This strategy mix, e.g. FBM and DOM, was considered as important with respect to more efficient deployment of maintenance re-
sources. This is because, non-critical components would be allowed to run to failure (through implementing FBM), while at the
same time, component redesign could be implemented alongside the FBM strategy. This is opposed to directing significant re-
sources, e.g. maintenance personnel for mitigating the non-critical failure. Rather, such resources would be directed at more crit-
ical failures.

Comparing the strategies proposed through the proposed methodology, and those suggested for the Ishikawa and ‘5-whys’
analysis, a more focused resource allocation is determined from the data exploration approach. This is because, maintenance effort
is directed at very specific root causes. By contrast, the mitigation strategies suggested from the qualitative root cause analysis
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approaches focuses on general aspects, for instance, personnel training, or tooling usage. Focusing on the general aspects, howev-
er, may yield sub-optimal resource allocation in this instance [3].
6.7. Approach limitations

However, two main limitations should also be mentioned regarding the proposed framework. Firstly, interpreting results of the
PCA and cluster analysis often requires in-depth understanding of the understudied equipment, more so, for functionally indistinct
failures grouped in the same cluster. This understanding implies that, despite the statistical basis of the PCA and cluster analysis,
expert-reliance is not completely eliminated. Nonetheless, the failure associations derived from the exploration framework pro-
vides a critical starting basis for the causal analysis, thus allocation of appropriate maintenance strategies. This limitation may
be addressed through more detailed analysis of large dataset of similar equipment, or inclusion of association rule mining into
the data exploration framework. Secondly, the effectiveness of the selected maintenance strategies would require real-world im-
plementation, or alternatively, evaluated through simulation studies. These aspects are, however, beyond the scope of this article
and will be considered in future work.
7. Conclusion

This paper proposes a novel methodology for decision support for root cause analysis in the maintenance domain. The meth-
odology incorporates data standardization and exploration framework that assists the decision makers' derive meaningful failures
associations embedded in maintenance data. In the study, the standardization framework adopts the ISO 14224 terms through
which, maintenance data is simplified and structured. Thereafter, multivariate and cluster analysis is applied to the standardized
data structure, through which failures associations in the data are explored. From the derived associations, the failure associations
are mapped from which, the focal root causes of failure are systematically identified, hence assigned appropriate maintenance
strategies. The methodology is demonstrated using the application case of maintenance data from a thermal power plant.
Appendix A. Description for failure modes as per ISO 14224
ISO 14224 – Failure modes

Code Description Examples

BRD Unexpected breakdown Serious failure necessitating engine stoppage
LOO Low output Output below threshold, e.g. low lubricant pressure
ERO Erratic output Oscillating engine rotational speeds
ELF External fuel leakage Fuel leakage through abraded fuel pipe
ELU External utility fluid leakage Coolant leakage from the coolant piping
INL Internal leakage Leakage internally of process or utility fluids, e.g. internal coolant leakage
VIB Abnormal vibration Turbocharger vibration
OHE Overheating Higher than normal engine operating temperature
PDE Parameter deviation Erratic parameter measurements, e.g. exhaust gas temperature deviations
Appendix B. Description of maintenance activities as per ISO 14224
ISO 14224 – Maintenance activity

Activity Description Examples Strategy
Replace Replacing failed component by a new or refurbished item Replacing worn-out turbocharger bearing. C, P
Repair Maintenance action performed to restore the

component to its initial operating state
Welding, brazing, plugging, etc. C

Refit Minor repair actions performed to restore the item
to acceptable performance

Realigning the worn-out turbocharger bearing. C, P

Check The cause of the failure is under investigation thus action
deferred

Restart, or resetting the engine C

Service Periodic service tasks Actions such as cleaning, or changing the lubricant P
Inspection Periodic inspection/check Includes actions such as minor servicing, general checks, etc. P
Overhaul Major overhaul Comprehensive actions involving extensive engine disassembly C, P
Combination Several of the above activities Opportunistic actions, e.g. brazing the fuel pipe, servicing oil filter, etc. C, P

Notes: C: corrective maintenance; P: preventive maintenance.
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