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Development and Usability Evaluation of VulcanH, a CMMS
Prototype for Preventive and Predictive Maintenance of Mobile
Mining Equipment
Simon Robatto Simard *, Michel Gamache and Philippe Doyon-Poulin

Department of Mathematical and Industrial Engineering, Polytechnique Montreal, Montreal, QC H3T 1J4, Canada
* Correspondence: simon.robatto-simard@polymtl.ca

Abstract: This paper details the design, development, and evaluation of VulcanH, a computerized
maintenance management system (CMMS) specialized in preventive maintenance (PM) and predic-
tive maintenance (PdM) management for underground mobile mining equipment. Further, it aims
to expand knowledge on trust in automation (TiA) for PdM as well as contribute to the literature
on explainability requirements of a PdM-capable artificial intelligence (AI). This study adopted an
empirical approach through the execution of user tests with nine maintenance experts from five
East-Canadian mines and implemented the User Experience Questionnaire Plus (UEQ+) and the
Reliance Intentions Scale (RIS) to evaluate usability and TiA, respectively. It was found that the
usability and efficiency of VulcanH were satisfactory for expert users and encouraged the gradual
transition from PM to PdM practices. Quantitative and qualitative results documented participants’
willingness to rely on PdM predictions as long as suitable explanations are provided. Graphical expla-
nations covering the full spectrum of the derived data were preferred. Due to the prototypical nature
of VulcanH, certain relevant aspects of maintenance planning were not considered. Researchers
are encouraged to include these notions in the evaluation of future CMMS proposals. This paper
suggests a harmonious integration of both preventive and predictive maintenance practices in the
mining industry. It may also guide future research in PdM to select an analytical algorithm capable
of supplying adequate and causal justifications for informed decision making. This study fulfills
an identified need to adopt a user-centered approach in the development of CMMSs in the mining
industry. Hence, both researchers and industry stakeholders may benefit from the findings.

Keywords: preventive maintenance; predictive maintenance; computerized maintenance manage-
ment system; usability; trust in automation

1. Introduction

Initially introduced in the 1960s, Computerized Maintenance Management Systems
(CMMSs) offered a punch-card-based approach to digitalize routine maintenance tasks.
They were, however, limited to the large and profitable enterprises that could afford them.
Advancements in technology throughout the subsequent decades increased CMMSs’ af-
fordability, functional usefulness, and, incidentally, their popularity. CMMSs proved to
be an indispensable tool in industries such as manufacturing, aeronautics, power, and
mining. In the 2000s, CMMSs experienced another evolution, engendered by the Internet’s
increasing availability. By then, these systems supported multimedia assets and Web-based
communication and offered an overall improved set of functionalities and computational ca-
pabilities [1–6]. However, CMMSs offer poor decision support for equipment maintenance
because of their “black-box” nature, complexity, and general lack of user-friendliness [7].
In fact, the most cited drawback of CMMSs are their “Black Hole” nature [7], meaning
that, similarly to black holes, they ingest data at high rates without returning information
on their decision-support capabilities. Even to this day, their usability constitutes a major
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hindrance to their successful integration in the maintenance workflow [8]. As a result,
CMMSs are mostly used as databases to store equipment and maintenance information, and
external solutions are implemented for data analysis and decision making [7,9,10]. In the
mining industry, the addition of sensors on underground equipment and the installation
of wireless infrastructure into the mine has introduced the Internet-of-Things (IoT) to the
industry, which drives the approach of predictive maintenance (PdM) for mobile mining
equipment [10]. However, available CMMSs are not equipped to handle such practices [11],
and a transition to human-oriented CMMS development and design is direly needed [10].

In an earlier study, we mapped maintenance activities for underground mining equip-
ment to discover CMMSs’ pitfalls and identify improvement avenues [10]. As a direct follow
up, this paper builds on our previous findings by detailing the user-driven development and
testing of VulcanH, a CMMS proof-of-concept specialized in preventive and predictive main-
tenance management for underground mobile mining equipment. The main contributions of
our study were to evaluate the usability of the proposed CMMS prototype and to analyze the
level of explainability in a PdM-capable artificial intelligence (AI).

The rest of this article is structured as follows. Section 2 reviews background knowl-
edge on maintenance and CMMSs, usability, and trust in automation. Section 3.1 presents
the developed CMMS prototype while Section 3.2 details the methodology used to conduct
user tests, and Section 4 details the main results found. Section 5 puts our findings into
perspective with the current state-of-the-art and Section 6 concludes the work.

2. Background and Related Work
2.1. Maintenance

Maintenance constitutes the combination of a diverse set of actions aimed at restoring
or maintaining equipment into a state in which it may perform its required function [1].
Even though many types of maintenance exist [12], preventive maintenance (PM) and
predictive maintenance (PdM) are the most relevant for this study. PM relies on a mainte-
nance plan, where intervals for maintenance scheduling and execution are detailed based
on predetermined equipment-related, time-related, or cost-related factors [12,13]. During
maintenance execution, components are replaced or repaired regardless of their condition.
On the other hand, PdM, also known as condition-based maintenance or statistical main-
tenance, comprises jobs dependent on equipment status [12,14]. PdM relies on wireless
sensors on the equipment and an IoT infrastructure to provide consistent streams of data.
Then, algorithms are used to analyze the data to predict when the equipment may require
servicing. The use of machine learning or artificial intelligence (AI) to achieve this goal is
most common [15], and PdM practices have already been associated with a reduction in
maintenance-related costs [16,17].

PM is the predominantly implemented type of maintenance for mechanical systems
and has ensured the implementation of a constant workflow in many industries [18,19].
In the mining industry, maintenance-related costs constitute between 30% and 50% of a
company’s expenditures [20–22]. Thus, an efficient maintenance process is crucial. The
maintenance literature identifies four key steps in successful maintenance implementation
(see Figure 1).

The first step of the process is the identification of maintenance needs. This is the
process by which members of the workforce pinpoint servicing jobs needing to be executed
and catalog them in a document known as a “Work order”. Work orders are the main
transaction document in a maintenance process and contain useful information pertaining
to the job, such as its description, its priority, the targeted equipment, and the expected
date of execution. Work orders have priorities which can vary between mining companies.
The second step of the maintenance process is the planning of maintenance. A maintenance
planner is mainly responsible for validating the active work orders, ordering and managing
required parts, and establishing the workforce needed to complete the maintenance job.
In many cases, the planner is also responsible for the third step of the process: mainte-
nance scheduling. During the scheduling phase, necessary work orders are identified by
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maintenance stakeholders, and the equipment in need of servicing is assigned to a garage’s
bay. Assignment of individual tradesmen is generally not a concern of the planner but
is, instead, performed by the general supervisor on-site. For an in-depth overview of the
maintenance management process in East-Canadian mines, see [10].
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Once the job is executed, the tracking of maintenance Key Performance Indicators
(KPIs) is an essential step to ensure continuous improvement of the maintenance process.
A 2006 study queried 12 mines and compiled a list of maintenance KPIs, most of which are
still relevant to this day [23]:

• Equipment usage;
• Equipment availability;
• Mean time to repair (MTTR);
• Maintenance rate;
• Mean time between failures (MTBF);
• Etc.

With the digitalization of mining operations, work orders, calendars, maintenance
information, KPIs, and more are stored in specialized software known as a CMMS.

CMMS

A CMMS is a collection of integrated programs aimed at assisting with maintenance
management activities [24]. While there is no explicit standard on CMMS functional require-
ments, the maintenance literature commonly identifies their most-expected features [12,24]:

• Manage the company’s assets;
• Provide a level of automation for jobs and inventory management;
• Manage human resources;
• Manage maintenance transaction data such as work orders;
• Handle accounting and finance;
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• Control and schedule PM routines;
• Manage data for process improvement (reliability analysis);
• Integrate with other systems.

Of the listed features, however, only those related to data management are generally
implemented by most CMMS providers, leaving control for scheduling and maintenance
decision support to the buyer [7]. Hence, CMMSs’ main purpose being that of a database.
A concrete example can be studied from an underground mine in Québec, Canada, where
three custom software solutions were developed, besides the CMMS, to satisfy their main-
tenance needs [10]. Different in-house tools were needed to collect equipment data for
reliability analysis, to generate reports from real-time equipment data streams, and to create
and update the maintenance schedule. The creation of custom scripts to fulfill specific
maintenance needs serves as an indicator of the disconnect between maintenance service
providers and the users of these systems [7]. In fact, a study benchmarking CMMS devel-
opment noticed how CMMSs were not able to adequately support both PM and PdM [11].
Therefore, a human-oriented approach is greatly needed to optimize CMMSs’ usage for
current PM practices and future PdM approaches. Usability evaluation constitutes a crucial
step in the application of a human-oriented approach.

2.2. Usability Evaluation

Usability is defined in ISO 9241-210 as the “extent to which a system, product or ser-
vice can be used by specified users to achieve specified goals with effectiveness, efficiency
and satisfaction in a specified context of use” [25]. Multiple means to evaluate subjective
usability have been proposed in the past. The most popular methods include the System
Usability Scale (SUS) [26,27], Computer System Usability Questionnaire (CSUQ) [28], Us-
ability Metric for User Experience (UMUX) and its variants [29,30], and the User Experience
Questionnaire (UEQ) [31]. These standard evaluation methods evaluate usability by lever-
aging a predetermined list of scales and propose a standardized result which allows for a
facilitated analysis and comparison with the existing literature. However, such methods
are not specific to a particular research context and may not be suitable for the objectives
of a particular study [32]. To solve this problem, the authors of [32] have developed a
modular extension of the UEQ, known as the UEQ+. Like the UEQ, each UEQ+ scale
contains four Likert items that analyze the user’s perception of the scale’s prominence in
the tested product. This method allows researchers to construct a custom questionnaire
that concentrates on aspects that users consider important without sacrificing clarity or
concision. A key performance indicator (KPI) is calculated to obtain a score for the final
usability of the product and to display users’ overall satisfaction. Unfortunately, due to the
UEQ+’s novelty and modular design, no benchmarks have been established at the time of
writing. Nevertheless, the UEQ+’s authors stipulate that it may be possible to develop KPI
benchmarks that are independent of the selected scales [32].

When it comes to complex systems, ease-of-use and usefulness have been studied
more extensively [33] but are incomplete when conducting a proper and detailed evaluation
of these systems [34]. Adequacy, adaptability, and core-task orientedness were highlighted
as the basis of the usability evaluation technique proposed by [35]. Studies that analyzed
the usability of complex systems often used SUS [36–38] or implemented a custom ques-
tionnaire [39]. However, their usability evaluations are limited to the overall SUS score (or
the respective custom score) and its benchmark interpretation. We believe that the use of
the UEQ+ will allow for a more in-depth analysis of usability results and that it is the best
fit due to the comparative nature of our study [32].

Usability Evaluation of CMMS

CMMS usability issues are well documented in research. In a 2014 study, 10 industry
experts were interviewed to document CMMS usability issues and a list of seven pitfalls of
CMMSs was compiled: hard-to-access documentation; incompatibility with other systems;
lack of input automation; unintuitive User Interface (UI); lack of guidance; poor decision
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support; and high complexity [40]. Interestingly, even though the interviewed experts
worked in different industries and used different CMMSs, the usability issues mentioned
were similar amongst the respondents. Similarly, ref. [41] surveyed 133 maintenance
personnel in the petrochemical industry and recorded a feeling of dissatisfaction about the
CMMS used. Results from [8,42–44] further affirm the unacceptable level of usability in
current CMMSs. CMMSs are regarded among operators as systems that rarely provide
value to the company and, in some cases, even hinder efficiency and productivity [45–47].

2.3. Trust in Automation

Practices in PdM require that the expert user relies on an automated system. Whether it
be in the selection of an automatically generated schedule or in the review of automatically
generated and prioritized work orders, automation plays an essential role in PdM. However,
most CMMSs lack transparency when it comes to exploring and understanding the system’s
decisions and are most often regarded as “black boxes” [7]. In the handbook “Aviation”,
the author expresses how the opaque or “black-box” nature of a complex automated
system may reduce the operator’s ability to understand its decisions [48]. This lack of
understanding may lead to disuse, misuse, or even abuse of the system. In a similar
fashion, [49] indicated that AI recommendations should be accompanied by the logic from
which they were derived. The field of eXplainable AI (XAI) has also made a point of
targeting expert users. A 2021 study showed how expert chess players would rely more in
a system when explanations were provided [50]. Similarly, ref. [51] documented medical
doctors’ higher trust in medical applications that offered more transparent AI suggestions.
The paper stipulates that XAI may facilitate implementation of AI systems in medical-
related contexts. In later studies, the same author introduced and explored the concept of
“causability” where it is proposed that medical-related AI should understand the current
context and offer actionable and causal explanations [52,53]. Such causal explanations
are more closely related to real human-to-human or, more specifically, expert-to-expert
communication and may help shift the explainability paradigm from system-oriented
to human-oriented [52,54]. All in all, explanations have proven to be necessary when
interacting with complex systems and constitute a means of increasing trust and reliance
on automation.

Trust in automation (TiA) and its evaluation are highly active subjects in Human–
Machine Interaction (HMI) research. While the exact model for trust is still being debated by
researchers, the TiA community has generally adopted the model proposed by Mayer et al.
in 1995 [55]. This model makes a point of differentiating between factors that cause trust,
trust itself, and the consequences of trust which need to be measured collectively [56]. To
enlighten researchers on means to measure trust, a recent study conducted a comprehensive
narrative review and found that three types of trust-related measures were used: Self-
Report, Behavioral, and Physiological [57]. Self-Report measures seemed to be the most
popular method with custom scales being the most frequently used means to analyze TiA.
However, it was found that custom scales rarely accounted for the trust model theory and,
instead, treated trust as a single global construct [57].

Building on self-report measures, ref. [58] validated the Reliance Intentions Scale
(RIS), a 10-item scale targeting the user’s intention to rely on an automated system to
perform its tasks. This scale has been consistently used by researchers to evaluate TiA
for unmanned ground vehicles [59], security checkpoint robots [60], and other robotic
systems (i.e., refs. [60–63]). In fact, results from [64] showed that RIS is an effective and
reliable way to evaluate TiA in robotic systems after comparison with other popular
methods like the Trust-Perception-Scale for Human-Robot Interaction (TPS-HRI) [65] and
the Multidimensional Measure of Trust (MDMT) [66]. As per its usage in complex software
systems, however, this scale has yet to be applied to maintenance solutions such as CMMS
and to expert participants, due to most papers having tested the scale on students (i.e.,
refs. [59–62]).
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2.4. Synthesis and Research Objectives

Both scholarly and industrial sources indicate that PdM for mobile mining equipment
is just around the corner. However, few CMMSs offer support for PdM integration and
are commonly associated with an unsatisfactory user experience. Our literature review
highlighted the pressing need for user-centered CMMSs whose primary concern is usability.

The nearing of PdM also implies an increased reliance on automation. Notions of TiA
are therefore critical to the correct integration of PdM in the mining industry, but, at the
time of writing, few papers are available on the subject. A research opportunity is therefore
that of evaluating TiA in CMMSs. On this topic, this literature review has shown how the
RIS may be a reliable method of evaluating TiA.

Closely coupled with trust is explainability. Our review has pointed out the link
between causal explanations and increase in trust but has offered no insights on the types
of explanations necessary for expert CMMS users. Hence, an opportunity arises in the
study of PdM algorithms’ explainability and the level of details required.

The main objective of our study was to evaluate the usability of VulcanH, a CMMS
capable of assisting the user in maintenance planning and scheduling for both PM and
PdM practices. Concurrently, we analyzed the impact of PdM on the maintenance process
where we hypothesized that PdM integration would not lead to a significant disruption of
current PM practices. We also focused on the evaluation of experts’ TiA where we tested
the RIS’s applicability to expert users’ trust towards CMMSs and the analysis of the level of
details expected in PdM explanations.

3. Method

The method is separated into two sections. First, we present VulcanH and its features for
maintenance planning and scheduling. Second, we present the test plan for its usability evaluation.

3.1. VulcanH

We created VulcanH for the purpose of this study and named it so in tribute to
Vulcan, the Roman god of fire and inventor of smithing and metal working, and his Greek
equivalent Hephaestus. It is a working prototype of a CMMS that can be customized for
both PM and PdM planning and offers functions for job planning and scheduling. It was
important to use the same software to alternate between PM and PdM and to obtain control
on the explicability levels of optimizer functions. For portability purposes, we implemented
the prototype as a Web Application operating on a browser. User requirements constituting
the basis of our design choices are identified in Table A1 of Appendix A.

Figure 2 shows the planning dashboard whose main content offers an overview of
the current state of the fleet. The right panel presents the current week’s KPIs for fleet
management, garage occupation and planning evaluation, with the acceptable range for
each value. The left panel offers organizational actions on the equipment list, such as
searching and filtering.

Figure 3 shows the scheduling calendar which facilitates the creation of a given week’s
maintenance schedule. The most notable feature of this view is its Drag and Drop capabilities.

All equipment is shown on the left panel which is divided into 4 sections:

1. Equipment flagged for maintenance planning;
2. Equipment whose preventive maintenance is expected for next week;
3. Equipment with “DOWN” status;
4. All other equipment.

A list of maintenance KPIs is accessible from the right informational panel. The first
tab (Figure 4a) presents equipment availability compared to weekly operational objectives.
Also presented are types and durations of active stoppages (Figure 4b), garage information
(Figure 4c), and a graphical representation of the Schedule Completion KPI (Figure 4d).
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A variant of the prototype was created to simulate the introduction of PdM. Table 1
summarizes the changes introduced in the variant.

Table 1. VulcanH changes due to the addition of PdM.

Change Description

Estimated residual lifetime
of equipment

Instead of displaying the upcoming preventive
maintenance date, PdM will predict the number of

engine-hours remaining before the equipment will need
to be serviced. A confidence score is given to indicate

the prediction’s reliability.

Equipment maintenance
suggestions

Actionable suggestions in the left panel to allow for
quick flagging of an equipment according to the

AI predictions.

Work order suggestions

Whereas, in PM, the work orders table organizes work
orders into preventive and Backlog, the PdM variant

will spotlight critical work orders from the Backlog. A
complete shift from preventive to predictive implies the
removal of preventive maintenance work orders. Thus,

the variant will not show preventive work orders.

Schedule optimization

From the interactive calendar, users may choose to
automatically generate a schedule. Once this option is

selected, the user enters hard constraints such as
mandatory garage exit/entry times for specific

equipment and clicks on “Generate”. In our test, the
scheduler outputted a predetermined schedule that

overwrote the calendar for the current week.

For more information on VulcanH and its functionalities, see Appendix B.
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3.2. Usability Evaluation
3.2.1. Philosophy

Our methodology is based on ISO 9241-210:2019 [25]. The standard describes four
steps in a successful implementation of human-centered design. These steps are the
specification of the usage context, the designation of user requirements, the production of
design solutions, and the evaluation of said solutions. The first two steps were completed
in [10]. In this study, we developed VulcanH as a working prototype and evaluated
its usability with expert maintenance personnel from 5 mining sites across East-Canada:
LaRonde Complex (Gold, 11.9 tons, ref. [67]), Westwood (Gold, 1.1 tons, ref. [68]), and
Renard (Diamond, 1.6 million carats/year, ref. [69]), one mining site in the Nunavut
province: Méliadine (Gold, 12.2 tons, ref. [70]), and one open-pit site in Ontario: Côté Gold
(Gold, site in construction, ref. [68]).

3.2.2. Participants

A total of 9 participants (7 male and 2 female) took part in this study. Participants’
ages were 39 years old on average, with 30 being the youngest and 50 the oldest. Most
participants had more than 13 years of experience in the mining sector and their exper-
tise was distributed as follows: 5 General Supervisors (or any supervisor role associ-
ated with maintenance), 1 Maintenance Planner, 1 Maintenance Assistant Specialist, and
2 Maintenance Data Managers. This study received the approval of Polytechnique Montréal
Ethics Research Board (CER-2223-32-D), and all participants verbally agreed to an informed
consent form prior to the test.

3.2.3. Materials

User tests were conducted remotely via Zoom or MS Teams, depending on participants’
preferences. The tests were recorded to facilitate notetaking throughout the test.

3.2.4. Procedure

We conducted VulcanH user tests with and without PdM. The version without PdM
constituted the baseline while the version with PdM was considered as the dependent
variable. The PdM analytics showcased for the dependent variable were hard-coded by
leveraging a non-real-time Wizard of Oz method [71] and presented an automation system
whose suggestions are reliable.

The test was divided into 4 sections. Section 1 was the demographics questionnaire
asking questions related to the age of the participant, the number of years they occupied
their current job, and the number of years they spent working in the mining industry.

Section 2 was the execution of two scenarios: PM or PdM planning. Participants were
instructed that they needed to schedule next week’s maintenance for the loaders’ fleet from
a fictitious mine composed of 17 pieces of equipment distributed as follows:

• 7 Loaders (Scoops);
• 5 Tractors;
• 3 Haul Trucks;
• 2 Jumbo Drills.

In the PM scenario, participants used VulcanH for PM planning. In this scenario, partici-
pants had to manually identify the equipment for maintenance, select its relevant work orders,
and schedule the maintenance on the calendar view. It established the baseline performance
for the prototype as PM is the maintenance type most implemented in mining. In the PdM
scenario, participants used VulcanH for predictive maintenance planning. In this case, the
predictive algorithm automatically selected the equipment for maintenance and highlighted
the work orders that should be accomplished with priority. Users could review the selection
and modify it, if needed. Then, the scheduler would optimize the maintenance sequence in
the calendar view. Once again, users could adjust the schedule if needed.



Mining 2024, 4 335

In both scenarios, participants had a familiarization stage to introduce the different
features of the CMMS. Then, they were asked to execute the same 3 tasks:

1. Identify 3 Scoops for maintenance in the next week;
2. Prioritize 4–5 work orders for each equipment identified for maintenance;
3. Schedule the equipment into the maintenance calendar.

To prevent a learning effect, the order of presentation of the PM and PdM scenarios
was inverted between participants. Work orders were shuffled between scenarios such that
a user would be exposed to a different set of work orders every time.

Once the execution was completed, the participant filled out 2 questionnaires. First,
was the UEQ+ for which we selected the following dimensions: Efficiency, Perspicuity
(ease-of-use), Trustworthiness of Content, and Usefulness. Second, was a questionnaire
adapted from the RIS [58] to evaluate trust in automation. The adapted RIS consisted of
10 questions evaluating participant’s tendency to rely on the system. The questionnaire is
displayed in Appendix C.

Section 3 of the test was the ranking of different levels of explanation of the PdM
algorithm. Figure 5 shows the AI explanation levels numbered from 1 to 4 which the user
was asked to rank by preference. Level 1 showed the estimated remaining lifetime of the
equipment in engine-hours. Level 2 added the confidence interval of the remaining lifetime
prediction. Level 3 provided a plain-English description of the remaining lifetime and
confidence interval. Level 4 presented the normal distribution of the equipment’s residual
lifetime and a timeline for the expected maintenance scheduling. In the prototype, we
implemented level 2 for the PdM scenario. However, for the ranking, we hypothesized that
level 3 would be the most popular among our participants due to its concise, actionable
instructions and easily understandable presentation.
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Section 4 was the debriefing questionnaire containing questions to evaluate the overall
experience and scenario preferences. We also asked participants to state aspects of the
system that helped in their decision making and aspects that could be improved. Finally,
we invited participants to ask questions or to share additional commentary on the test.

3.2.5. Data Analysis

We analyzed UEQ+ responses by using the sheet provided by [32]. The analysis
tool provided methods to establish means, variances, and confidence intervals for each
scale. Once transcribed, the original 1 to 7 scores are transformed into a −3 to 3 interval
to mimic the original UEQ’s data format. A global KPI was calculated by averaging the
score of all responses among participants. We surmised participants’ understanding of
each questionnaire item by using Cronbach’s alpha coefficient. However, due to the alpha
coefficient’s acute sensitivity to low sample sizes (N < 20), no final interpretations were
made [72,73]. We used similar analysis methods for the RIS. Although participants provided
answers for both scenarios, we only documented RIS answers for the PdM scenario. This
is due to participants’ confusion regarding automation questions for a scenario where
explicit automation was not provided. Regarding AI explanation ranking, we organized
the results by popularity. Each rank (1 most appreciated, 4 least appreciated) was given
a unique value where the value for rank R equals 5 − R. We multiplied the number of
occurrences of an explanation level by the respective ranking’s value for all ranks. Then,
we calculated the cumulative sum, which resulted in the final score. For the debriefing
questionnaire, we transcribed the key moments of each recording and divided our notes
into 3 categories. Category 1 consisted of aspects that were appreciated by users. Category
2 consisted of suggestions to improve the prototype. Category 3 comprised all the general
comments concerning the experience of the participant. The mentioned categories respect
those identified in the debriefing questionnaire.

4. Results

We organized our results into four sections directly derived from the user tests’ format.
Sections 4.1 and 4.2 display user responses to the UEQ+ and RIS, respectively. Section 4.3
presents the rankings of different levels of AI explanation. Section 4.4 summarizes partici-
pants’ responses during the debriefing questionnaire.

4.1. UEQ+

Table 2 presents the consistency for all scales among both scenarios. Consistencies are
generally strong (alpha > 0.70) except for the Trustworthiness of Content scale in the PM
scenario, which obtained a poor alpha coefficient of 0.49.

Table 2. Alpha coefficient per UEQ+ Scale.

Alpha Coefficient

Scale PM Scenario PdM Scenario

Efficiency 0.89 0.85
Perspicuity 0.89 0.91

Trustworthiness of Content 0.49 0.98
Usefulness 0.79 0.92

Further evaluation of this scale is shown in Table 3.

Table 3. Item correlation of the scale “Trustworthiness of Content” for the PM scenario.

Item 1–Item 2 Item 1–Item 3 Item 1–Item 4 Item 2–Item 3 Item 2–Item 4 Item 3–Item 4

0.42 0.15 −0.12 −0.18 0.31 0.55
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Table 2 suggests the presence of two subgroups in the targeted scale, namely a sub-
group composed of items 1 (useful) and 2 (plausible) and another with items 3 (trustworthy)
and 4 (accurate). The corresponding data validate this claim in that some participants
tended to assign high values to data usefulness and plausibility but assigned lower values
to data trustworthiness and accuracy.

Figure 6 shows the UEQ+ means score and 95% confidence interval for both scenarios.
Usual UEQ+ results range from −3 to 3 but, due to the absence of negative results, we
limited the interval to only display positive numbers.
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Perspicuity was unchanged between the two scenarios while the other three scales
presented slight differences. For the PM scenario, the Perspicuity scale scored highest
with items “easy to learn” and “easy” obtaining 2.56. For the PdM scenario, the Efficiency
and Perspicuity scales obtained similar results with the item “organized” of the Efficiency
scale, scoring 2.67. Regarding scale importance, the difference between the PM and PdM
scenarios was minimal with importance for all scales being 2.56 on average. Finally, the
KPI for the overall UX impression of the product was 2.00 ± 0.43 for the PM scenario and
2.28 ± 0.61 for the PdM scenario.

4.2. RIS

Consistency for the PdM scenario was alpha = 0.69, which is hardly inferior to the
accepted value of 0.7. Trust scores per participant for the RIS are shown in Figure 7. Scores
were calculated according to [58]. Questions Q1 and Q3 were reverse-coded and, therefore,
adapted accordingly.
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As highlighted by Figure 7, the PdM scenario displays an elevated reliance tendency
with an average score of 4.83 ± 1.07 out of 7.

4.3. AI Explanation Ranking

The ranking of AI explanation levels is shown in Figure 8. A higher score is desirable.
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The most popular explanation levels were levels 3 and 4. The highest score was attributed
to level 4, having been placed in first place by six out of nine participants. The main reason
for this choice is that level 4 presented the most detailed explanation. In fact, according to
participants, the more information the system provides, the more enlightened their decision
making. Additionally, the visual aid was greatly appreciated by participants, who commented
that it was a necessary addition to the explanation. Level 3 was selected as the second
preferred explanation by five out of nine participants, as it indicated both a confidence score
and a suggested action. Level 2 was selected in third place by seven out of nine participants
as it did not display the information required for sound decision making. In last place can
be found explanation level 1 which shows that a minimal amount of explanation is required
by experts. Concerning outliers, two participants stated that the visual aid in explanation
level 4 was hard to understand and therefore useless to them. This sentiment was voiced
mostly by participants who did not occupy a managerial job. In fact, participants occupying a
non-supervisory role preferred level 3. Two participants stated that level 3 added redundant
information claiming that an expert user would not need action suggestions. Hence, they
prioritized level 2 above level 3 mainly due to its conciseness.

4.4. Debriefing Questionnaire

We divided debriefing responses into three themes inspired by those highlighted
in the questionnaire: the preferred scenario, the effect of PdM on decision making, and
participants’ willingness to integrate the prototype in their mine. Figure 9 displays a
summary of participants’ responses to these themes.
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As shown in Figure 9, most participants (6/9) preferred the PdM scenario over PM
for maintenance planning. According to participants, the advantages of PdM on decision
making were most notable during equipment selection and work order prioritization,
and it was linked to a faster and simpler decision-making process. On the prototype’s
integration in the participants’ mines, seven out of nine participants answered positively.
Participants’ comments on this choice mentioned the prototype’s great user-friendliness
(5/9), UI cleanliness (4/9), and high learnability (3/9). On the other hand, one participant
stated that the prototype may not be optimized for larger mining operations, while another
participant did not provide a definitive answer.

5. Discussion
5.1. Summary

The main objective of this study was to evaluate the usability of VulcanH. At the
same time, we clarified TiA constraints related to PdM through the analysis of reliance
intentions and level-of-detail recommendations of explainability via rankings of PdM
suggestions. From our results, we concluded that VulcanH shows great potential in terms
of usability, with intuitiveness and ease-of-use being among the most appreciated aspects.
Concerning participants’ tendency to rely on automation, our results displayed a generally
acceptable level of trust towards PdM. As for explainability ranking, we recommend the
implementation of complete and actionable suggestions related to the context at hand with
emphasis on graphical means to convey information.

5.2. Usability

The overall UEQ+ score for the PM scenario was 2.00 ± 0.43 whereas it was 2.28 ± 0.61
for the PdM scenario. This shows that the prototype had good usability for both preventive
and predictive maintenance. Indeed, the authors of [32] correlated general satisfaction
of products to the KPI to demonstrate its effectiveness. The portrayed values seem to
indicate that KPIs between 0 and 1 offer an acceptable user experience, while values
above 1 are satisfactory. For purposes of comparison, Netflix’s and Amazon Prime’s
KPIs were 1.73 ± 0.74 and 1.35 ± 0.87, respectively. Similarly, a recent study concluded
that a KPI value of 1.53 reflected a positive usability of the system [74]. This value was
accompanied by a SUS score of 69% which can be considered slightly above average
according to SUS benchmarks [75]. In the same vein, a recent thesis evaluated the usability
of online management systems for university students and associated KPI values between
0.48 and 0.99 to an average experience [76]. Our results on UEQ+ scale importance were
considerably elevated (2.56/3) and consistent. Hence, we believe that the chosen scales
correctly represent users’ usability expectations towards a CMMS. Overall, the usability
of our prototype may be deemed more than satisfactory, which consolidates the primary
objective of our study.

The expected method of evaluating UEQ+ responses is via product comparison [32].
However, our usability results are too similar to identify a superior solution between PM
and PdM. This similarity may be due to two factors. First, we previously found the user
experience of participants’ maintenance management tools to be noticeably improvable [10].
We suppose this had an impact on participants’ perception of our prototype’s usability
although a formal comparison is required to effectively prove this hypothesis. Second,
the integration of PdM in our design seemed to have had little impact on participants’
decision making with three of nine participants noticing no difference between the proposed
scenarios. Yet, most participants (6/9) preferred being aided by the PdM analytics.

Alpha coefficients for UEQ+ responses were generally above the expected threshold
of 0.7 [32]. As stated, due to our low sample size (N = 9), we did not extract any final
conclusions regarding each scale’s consistency [73]. Cronbach’s coefficient was used mainly
to validate participants’ understanding of the measured items and comment on unexpected
results, as was the case for the scale of Trustworthiness of Content for the PM scenario.
Addressing this scale’s low alpha coefficient, we suspect it to be related to the prototyped
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nature of the test. In fact, some participants (3/9) stated that contextual information
was missing from the scenarios to realistically ascertain the content’s trustworthiness or
accuracy, most importantly manpower, costs, and materials availability. This was the case
even if participants felt that the content was useful for their decision making and plausible
in the given picture.

On a per-scale basis, participants’ comments concerned mostly Perspicuity and Effi-
ciency. Perspicuity was appreciated by all participants. During the debriefing phase, all
participants commented on the prototype’s ease-of-use and clarity, with one participant
stating that the tool he or she used for maintenance planning was less user-friendly than
our prototype. Additionally, this participant mentioned that, compared to the evaluated
prototype, the aforementioned tool offered little visual aid to help in decision making.
Another participant commented on the efficiency and simplicity of the prototype stating
their enjoyment of the “Drag&Drop” feature for equipment scheduling and expressing a
feeling of wonder towards the visual aspect of our solution. Efficiency-wise, all participants
appreciated the prototype’s speed during task execution as well as the practical way in
which information was presented. However, one of the most mentioned improvements
concerned the practicality aspect. In fact, seven participants noted how the work orders
table could offer functions such as sorting or filtering to better aid in task completion.

5.3. Trust in Automation

We measured TiA for the PdM scenario using the RIS from [58] and obtained a score
of 4.83 ± 1.07 (out of 7). The alpha value for our measurement was 0.69 which is close to
the accepted threshold of 0.7 [73]. Previous literature associated a score of 3.61 ± 1.05 to a
moderate amount of trust [77]. This association is supported by [58], where values between
3 and 4 were portrayed as being acceptable, albeit the authors made no explicit comments
regarding absolute trust. Hence, based on score alone, we concluded that participants
generally trusted VulcanH. Our study adds to the body of knowledge on expert users’ trust
on automation.

Qualitative results from participants’ comments throughout the test or during the
debriefing phase consolidated our conclusion. One participant stated that it would be
pointless to implement PdM if one were not ready to trust it. Additionally, almost all
participants (7/9) based their decisions on the system’s suggestions without questioning it.
We believe that this may be due to the analytics’ elevated confidence score, the complex
nature of the task, and the confined amount of contextual information. On the other
hand, one participant expressed needing to thoroughly test the system before a trusted
relationship may be established, while another stated that the PdM suggestions were too
unclear to be able to rely on them.

Our results highlighted a common trend among participants, who generally trusted
the system, to select a high value for the reverse-coded question: “I really wish I had a
good way to monitor the decisions of the system”. Admittedly, participants tended to rely
on the system but expressed a need for explanation before committing to it. This result
respects current findings on TiA research targeting expert users [48] and findings in expert
related XAI studies [50–53]. We believe that accountability plays an important role in the
expert’s interaction with automated systems. In fact, the creation of a poor maintenance
schedule may lead to the loss of millions of dollars in unplanned equipment breakage or
production downtime, and maintenance experts are responsible to ensure the quality of
said schedule [10].

On the topic of explanations, we found that the more information is presented to
the expert users, the better. This finding contradicted our initial hypothesis that expected
explanation level 3 to be the most popular. When commenting on their choices, participants
mentioned how the residual lifetime graph was preferable even if they did not understand
it entirely at first glance. It was stated multiple times that a graphical approach would
be more appreciated than a textual one. This finding suggests that explanations should
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be conveyed to the maintenance expert by leveraging graphical means as opposed to
explaining recommendations through text.

5.4. PM and PdM Integration

During the debriefing phase, we were able to ascertain that six out of nine participants
preferred the PdM scenario. These participants were greatly satisfied by the increase in
decision-making speed considering AI suggestions. Admittedly, one participant stated that
this kind of system is exactly what the industry needs for the future. The remaining three
participants did not find enough difference between the proposed scenarios to soundly
express their preference. Similarity between scenarios was an aspect of our tests that all
participants highlighted. This was surprising, as it was the first time that participants
were exposed to PdM whereas they were all familiar with PM. In our previous study,
maintenance planners stated that the passage from PM to PdM needed to be accomplished
in an exclusive manner [10]. Our results suggest that a gradual adaptation of the process is
possible. Indeed, the high level of usability and trust towards VulcanH suggest an overlap
between PM and PdM practices. It is also plausible that the similarity between the two
scenarios is due to limitations in our methodology, specifically concerning the absence of
workforce management and schedule proposition. The inclusion of these aspects in future
studies may offer insights into the issue of PdM integration. Overall, our results validated
our objective to integrate PdM into the current maintenance workflow while ensuring
minimal disruption of active PM practices.

5.5. Limitations and Future Work

There are three main limitations to this study. First, our choice to ignore workforce
availability and parts management removed a substantial portion of the planning phase.
The choice ensured that all participants completed the test regardless of their familiarity
with maintenance planning but sacrificed the realism of the experience. Thus, participants’
decisions were oftentimes less rigorous than expected in real circumstances. Future studies
should conduct user tests including these aspects of the planning phase. Second, since
this study focused on the usability evaluation of VulcanH, we developed test-cases that
did not account for the quality of the final schedule. To analyze a CMMS’s usefulness,
measures for performance and error-rate are essential [34]. Hence, future research should
establish a baseline for performance analysis through error detection for complex systems
such as CMMSs and compare the user’s schedule to this baseline. Third, our evaluation
was limited to the prototype stage. An actual implementation of the system within the
maintenance process would allow for a clearer understanding of the prototype’s capabilities
for maintenance planning and scheduling on the field and would enable an accurate
comparison with existing CMMSs. Furthermore, evaluating the system’s usage in a high-
stakes scenario would most likely yield more accurate results from which researchers may
better identify avenues for improvement.

The nearing of PdM practices into the everyday mine emphasizes the need for user-
oriented research. CMMSs capable of providing an exciting user experience will generate
an increased level of productivity, a reduction in human-related error, and an overall greater
symbiosis between the expert and the automated system. This work has shown how to
bring this vision into practice.

6. Conclusions

In this study, we conducted user tests with nine participants from five mining sites
to evaluate the usability of our PM and PdM CMMS prototype, VulcanH. Simultaneously,
we measured experts’ TiA through the analysis of their reliance intentions and explored
user-dictated constraints regarding the level of detail of PdM explanations. Our main
contribution is the proposal and development of a CMMS prototype aimed at providing
improved decision support for current PM and future PdM practices for mobile equipment
in the mining industry. We found that the usability and efficiency of VulcanH were satis-
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factory for expert users and encouraged the gradual transition from PM to PdM practices,
with participants appreciating the prototype’s learnability and ease-of-use. Concerning TiA,
our results indicated an elevated tendency to rely on the PdM’s suggestions. Quantitative
and qualitative results allowed us to conclude that the participants were willing to rely on
predictions if suitable explanations are provided. On PdM explanations, most participants
preferred graphical explanations covering the full spectrum of the derived data. This
finding may guide future research in PdM to select an analytical algorithm capable of
supplying adequate and causal justifications for informed decision making, preferably
leveraging graphical means.
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Appendix A

Table A1 displays the respected requirements adapted from [10].
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Table A1. User requirements for VulcanH.

General

• Displayed information:

◦ All mobile equipment in the fleet;
◦ Detailed information about the equipment;
◦ Reason and duration of active stoppages;
◦ Operational objectives (amount of equipment needed to reach production goal);
◦ Work orders for each piece of equipment;
◦ Maintenance KPIs and their trends;
◦ Available workforce.

• * Allow ordering of parts and materials for maintenance;
• * Allow managing of workforce calendar;
• Allow managing of the maintenance schedule.

Equipment Information

• Displayed information:

◦ Number of equipment in the fleet;
◦ Equipment ID, name, and description;
◦ Equipment status (available, in maintenance, inactive, or down);
◦ Number of engine-hours since last maintenance;
◦ Work orders executed in the last maintenance;
◦ Equipment Backlog;
◦ * Equipment parts available and ordered;
◦ * Real-time sensor data.

• If down, display the reason of the stoppage;
• Allow to mark equipment for maintenance.

Work Order Information

• Displayed information:

◦ Workforce types needed to complete work order (mechanics, electricians, welders, etc.);
◦ Total amount of hours needed to complete the work order, organized by workforce type;
◦ Work order ID, description, criticality, creation date, and estimated execution date.

• Allow to set a custom criticality to the work order to facilitate scheduling meetings;
• Prevent the modification of a work order’s duration once it is established.

KPIs

• Fleet availability;
• Equipment usage;
• Work order criticality;
• Planned vs. unplanned maintenance jobs underway.

Scheduling

• Overview of the current schedule;
• Creation and modification of future schedules;
• * Assignment of manpower to individual work orders.

Legend: (*)—Requirements that were not selected for the creation of VulcanH.

Appendix B

This section presents more information on VulcanH’s functionalities such as how they
were explained to participants.
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Figure A1 shows VulcanH’s architecture diagram. As it was implemented as a web applica-
tion, we used React for the front-end interaction and Firebase for the back-end operations.
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tion number, status (available, broken, or in maintenance), remaining time before next 
planned maintenance, and whether the equipment is marked for maintenance. Additional 
equipment information may be shown by clicking on the respective card. This opens the 

Figure A1. VulcanH architecture diagram with arrows representing the flow of information.

The planning dashboard’s main body lists all the mobile equipment of the mine,
grouped by categories. Each piece of equipment is presented as a card with its identifi-
cation number, status (available, broken, or in maintenance), remaining time before next
planned maintenance, and whether the equipment is marked for maintenance. Additional
equipment information may be shown by clicking on the respective card. This opens the
equipment sheet (Figure A2), where users can evaluate the state of the equipment, obtain
information on previous maintenance jobs or indications for future maintenance jobs, and
can assess the remaining maintenance workload by analyzing the work orders table. The
table is split between work orders for the next preventive maintenance and the backlog.
Each work order has a priority which can either be 1 (immediate action required), 2 (execu-
tion in the current week), or 3 (job planned). The most important priority for maintenance
planning is 3 because 1 and 2 represent unplanned jobs.

Work orders can be prioritized by clicking on the prioritization icon and selecting
the planning priority desired (Figure A3). The planning priority constitutes a sub-priority
which differs from a work order’s actual priority. Whereas a work order’s priority deter-
mines the lifecycle of the work order, its planning priority indicates when a work order
should be scheduled. Some mines have implemented their own work order sub-priorities,
for example by labeling a work order P3.1 to indicate a priority 3 work order with level 1
sub-priority. In the prototype, users have access to three planning priority levels:

• Level 0: No planning priority;
• Level 1: To be scheduled for next week;
• Level 2: To be scheduled in 2 to 3 weeks.

This reflects the common practices observed in Canadian Mines [10].
A user can flag a piece of equipment for maintenance by clicking on the respective

button or on the purple flag on the sheet’s header (Figure A4).
From the scheduling view, the user can view a maintenance’s scheduled work orders

by clicking on the equipment header’s arrow in the calendar. It is also possible to change
an equipment’s bay by dragging the calendar’s entry header on the wanted bay. The same
action is used to remove an equipment from the calendar if the equipment is dragged
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towards the initial left panel. Additionally, the user can modify the maintenance’s start
time by dragging horizontally on the calendar entry. When adding an equipment to the
calendar, the work orders selection screen opens (Figure A5).
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Users can select work orders to add to the schedule and information on total stoppage
time is presented on the bottom left corner of the screen. Clicking on the blue “Schedule”
button will add the maintenance to the calendar.

Appendix C

Table A2 displays the questions adapted from the original RIS [58] to fit the needs of
our study.

Table A2. RIS Questionnaire.

# Question

1 If I had my way, I would NOT let the system have any influence over important scheduling issues.
(Reverse-coded)

2 I would be comfortable giving the system complete responsibility for the planning of maintenance.
3 I really wish I had a good way to monitor the decisions of the system. (Reverse-coded)
4 I would be comfortable allowing the system to implement the schedule, even if I could not monitor it.
5 I would rely on the system without hesitation.
6 I think using the system will lead to positive outcomes.
7 I would feel comfortable relying on the system in the future.
8 When the task was hard, I felt like I could depend on the system.
9 If I were facing a very hard task in the future, I would want to have this system with me.

10 I would be comfortable allowing this system to make all decisions.
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