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active research fields recently. Furthermore, an ML algorithm is still a ‘black-box’. This
‘black-box’ approach makes it difficult for users to understand complicated ML models. As a
result, the user is uncertain about the usefulness of ML results and this affects the effectiveness
of ML methods. This paper focuses on making a ‘black-box’ ML process transparent by
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performed to investigate the impact of revealing internal status update to users on the easiness of
understanding data analysis process, meaningfulness of real-time status update, and
convincingness of ML results. The study showed that revealing of the internal states of ML
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1

Introduction

Much of machine learning (ML) research is inspired by
significant problems from various fields such as biology,
finance, medicine, and society (Wagstaff, 2012). Various
ML algorithms offer a large number of useful ways to
approach those problems that otherwise require cumbersome
manual solution. Wagstaff (2012) presented a three-stage
model of an ML research programme. The stage 1 and
stage 2 are the preparation stages for an ML research
programme and the development of solutions for a problem,
respectively. The stage 3 aims to improve the impact of ML
algorithms on real-world applications. The current research
in ML is highly biased towards the stage 2. Most ML
researches are directed towards the invention of new
algorithms for learning. It is the stage 3 that directly affects
the effectiveness of real-world ML applications.
Despite the recognised value of ML techniques and high
expectation of applying ML techniques within various
applications, users often find it difficult to effectively apply
ML techniques in practice. One of significant obstacles
which affects an end user to use ML algorithms lies in
complicated interface between ML algorithms and users,
such as complex parameter settings and intermediate
decisions in ML algorithms. The prevailing complex
interfaces often require expert-level ML knowledge in order
to fully understand. It is also difficult for ML non-users to
understand complex ML models. Because of these
complexities, it is very hard to see ML as a general solution
for widespread applications. As a result, ML is regarded as
a large bag of tricks grasped by ML experts instead of a
universal tool for non-experts. It is necessary to get ML
techniques out of the bag of ML experts and into various
application domains from which ML could benefit.
Therefore, besides the development of ML algorithms,
the research of making ML useable is emerging as one of
active research fields recently. Making ML useable aims to
make ML easily understandable and usable by domain
professionals without requiring training in complex ML
algorithms and mathematical concepts. To this end, most of
previous work focuses on the application of visualisation
techniques in depicting a specific ML algorithm or represent
ML results (e.g., using bounding curves to represent
clustering results in data space or graphs such as bar chart,

pie chart to represent other ML results) (Fails and Olsen,
2003; Jakulin et al., 2005; Talbot et al., 2009; Witten et al.,
2011). These approaches may help users understand ML
results to some degree. However, for a domain professional
who may not have expertise in ML or programming, an ML
algorithm is still a ‘black-box’, where the user defines
parameters and input data for the ‘black-box’ and gets
output from its execution. This ‘black-box’ approach has
obvious drawbacks: it is difficult for the user to understand
the complicated ML models, such as what is going on inside
the ML models and how to accomplish the learning problem
(Zhou et al., 2013). As a result, the user is uncertain about
the usefulness of ML results and this affects the
effectiveness of ML methods. Unfortunately, there is not
much research on how to make this ML ‘black-box’
transparent so that ML approaches can be easily
understandable and usable by domain professionals.
This paper focuses on making a ‘black-box’ ML process
transparent by presenting real-time internal status update of
the ML process to users explicitly. Meaningful internal
states of ML algorithms are selected and revealed during the
real-time status update. Various visualisation techniques are
used to allow users interactively view how the final results
are obtained in ML. As a result, the ‘black-box’ ML
becomes ‘transparent’. A case study of water pipe failure
history data (simulated data) analysis for future pipe failure
prediction is presented to show the effectiveness of the
proposed approach. A user study was performed to
investigate the impact of revealing internal status update of
ML to users on the easiness of understanding the data
analysis process, meaningfulness of real-time status update,
and convincingness of the ML results.
We propose in this paper that interactive ML interfaces
must not only supply users with the information on input
data and output results, but also enable them to perceive
internal real-time status update of an ML process. As a
result, a ‘black-box’ ML process becomes ‘transparent’ to
users providing better understanding of the overall process.
With the help of a user study, we show that revealing of the
internal states of ML process can help to improve easiness
of understanding the data analysis process, make real-time
status update more meaningful, and make ML results more
convincing. Finally, we also attempt to formulate
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guidelines/standards for the user interface designers of
ML-based applications.
The paper is organised as follows: Section 2 presents the
related work in making ML useable, such as visualisation in
ML, followed by the hypotheses posed for our work.
Section 3 discusses the method and approach used for the
study. Section 4 describes the experiment task design, user
study, participants, material used, and data collected.
Section 5 presents the results and statistical analyses
performed, followed by a discussion and conclusion in
Sections 6 and 7, respectively.

2

Related work

Much work has been done to make ML more useable by
employing various approaches. Henelius et al. (2014)
proposed an iterative algorithm to find the attributes and
dependencies used by classifiers in order to get
understanding of which factors are of importance in
classifiers. Explanations to intermediate analysis results are
also investigated to make ML process transparent (Kulesza
et al., 2011).
Patel et al. (2008) evaluated the current use of ML by
non-experts and identified three difficulties they encounter
when using ML techniques, namely:
1

difficulty in following an iterative and exploratory
process

2

difficulty in under-standing the ML models

3

difficulty in evaluating performance.

Because a human usually acts as the central role in an ML
process, Fails and Olsen (2003) emphasised on the
importance of human involvement in an interactive ML.
Their presented interactive ML model allows users to
correct classifications in a continuously iterative ML loop.
Since humans have great ability to understand patterns
in the natural environment through visual perception,
various visualisation techniques are widely used in previous
work to make ML useable. For example, to assist ML
developments, much research has been done in visualising
ML algorithms, such as Naїve-Bayes (Becker et al., 2002),
decision trees (Ankerst et al., 1999), SVMs (Caragea et al.,
2001), and HMMs (Dai and Cheng, 2008). Visualisation
techniques are also frequently used to plot data instances in
the projection of feature space and visualise model
prediction boundaries (Frank and Hall, 2003). Furthermore,
visualisation techniques are used to present an ML process,
such as clustering process. Erra et al. (2011) introduced a
visual clustering approach which utilises collective
behavioural model. Each data item is represented by an
agent visualised with a metaphor in 3D domain.
Visualisation helps users to understand and guide the
clustering process. Paiva et al. (2011) presented an approach
that employs the similarity tree visualisation to distinguish
groups of interest within the dataset. The similarity tree is
built from feature spaces or similarity relationships. It is
used to visually support classifications. It has advantages for

both browsing and mining for their capacity of local as well
as global space reconstruction with valuable layouts.
Nomograms have also been employed for visualising
trained SVMs (Jakulin et al., 2005). Using nomograms,
SVMs can be effectively visualised in attribute spaces with
many dimensions. In this approach, individual attributes are
stacked vertically in a nomogram, packing multiple
dimensions into a single one. In this way, nomograms
provide a clear and comprehensive presentation of the
underlying model.
EnsembleMatrix allows users to visually ensemble
multiple classifiers together and provides a summary
visualisation of results of these multiple classifiers (Talbot
et al., 2009). It allows users to explore and build
combination models through interactions.
Fiebrink et al. (Fiebrink, 2011; Fiebrink and Trueman,
2012) used human computer interaction (HCI) techniques in
the design of end-user interfaces for interactive ML in
real-time application domains such as music composition
and performance. Their work enables domain users such as
students, composers, artists to apply ML to their work
effectively.
Besides ML process itself, the user interface for data
input and ML output may also affect usability of ML
techniques. User interface can be designed context and
changed adaptively in order to improve navigation
performance (Swamy et al., 2012). Virtual reality was also
investigated to design user interface to increase the interest
and effectiveness of users in learning advanced technology
and its applications (Tarng et al., 2011).
In summary, visualisation plays significant roles in
making ML useable. Most of previous work focused on
using visualisation in ML algorithms and results
presentations. HCI techniques are also used in ML user
interfaces. However, few studies have been done on making
ML transparent to users. We strongly believe that ML
processes with revealing internal status update to users can
improve the easiness of understanding data analysis process
and make ML results more convincible. As a result, it can
make ML more useable to various domain users.

2.1 Hypotheses
In this paper, the following hypotheses are posed for the
transparent ML:
•

Easiness: Revealing of internal states of ML processes
will make ML technologies easier to understand. Users
will show different ratings on easiness for tasks
with/without internal state update, specifically, they
will provide higher ratings on easiness for tasks with
internal states update.

•

Meaningfulness: Revealing of internal states
of ML processes will make ML technologies more
meaningful. Users will show different ratings on
meaningfulness for tasks with/without internal state
update, i.e., they will provide higher ratings on
meaningfulness with internal states update.

Making machine learning useable by revealing internal states update – a transparent approach
•

Convincingness: Users will also provide different
convincingness ratings on ML results from different
tasks, specifically, they will provide higher ratings on
convincingness for tasks that reveal internal states
update.

The visualisation that can depict changes of internal states
with historical data clearer will be more helpful for users to
understand ML process. Therefore, users will provide
higher ratings on graphic presentations of internal state
update than for numbered or textual presentations regardless
of what ML method is used.

3

Method

We designed a user study to test our hypotheses but before
we discuss the details of the study, this section first
introduces two ML approaches whose internal status
updates are revealed in the study. Then the concept of
transparent ML is presented and detailed steps used to setup
transparent ML are discussed, followed by the study design.
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predict future failure rate of water pipes: hierarchical beta
process (HBP) proposed in our previous research (Li et al.,
2014) and Weibull model (Ibrahim et al., 2005).
HBP is a hierarchical non-parametric model proposed to
predict failure of water pipes (Li et al., 2014). In this model
as shown in Figure 1, pipes are divided into K groups based
on laid years and modelled as a HBP. In the top level, hyper
parameters, which control across all groups of pipes by a
beta distribution, are set manually according to domain
experts’ experience. Then, the mean failure rate (qk) in each
group can be generated from the distribution. In the middle
level, the mean failure rate (πk,i) of each pipe asset is
generated through another beta distribution with qk as
parameter. In the bottom level, the actual failures zi,j are
generated from a Bernoulli process year by year using πk,i.
Figure 1

The diagram of HBP model (see online version
for colours)

3.1 Case study
This research used water pipe failure prediction as a case
study. Water supply networks constitute one of the most
crucial and valuable urban assets. The combination of
growing populations and ageing pipe networks requires
water utilities to develop advanced risk management
strategies in order to maintain their distribution systems in a
financially viable way (Li et al., 2014). Especially for
critical water mains (generally > 300 mm in diameter),
defining based on the network location (for example, a
single trunk line connecting distribution areas or under a
major road) or size which infers impact potential, failure of
them typically bring severe consequences due to service
interruptions and negative economic and social impacts,
such as flooding and traffic disruption (Li et al., 2014). If
high-risk pipes can be identified before a failure occurs, it is
likely that repairs can be completed with minimal service
interruption, water loss and negative reputational and
community impacts. Identification of an accurate predictor
measure that indicates imminent failure will allow utility
companies to take actions to mitigate the failure for a lower
cost than repairing a full-scale failure. As the average age of
the network increases, pipes fail easily with the decrease of
pipe strength. It will become more important to accurately
predict the risks of pipe failure and provide the right level of
pipe maintenance and renewal at the right time, according to
risks associated with each pipe. For example, utility
companies use the outcomes from the failure prediction
model to make renewal plans for pipes based on risk levels
of pipes, and thus also make reasonable budget plans for the
pipe maintenance.

In Weibull model, failure rate of an individual pipe is
assumed to grow with age. Within a class of pipes (grouped
according to pipe properties such as material, laid date,
etc.), the accumulated number of failures is proportional to
τβ, where τ is the age of a pipe, β is a positive parameter.
Larger value of β indicates that failure rate increase faster
with age. For each pipe i, the expected number of failure at
year t becomes
β
μi = E [ N i ,t ] = α li ⎡⎣( τ i + 1) − τ iβ ⎤⎦ ,

(1)

where Ni,t is the number of failure for the pipe at year t,
τi = t – ti,0, ti,0 is laid date of the pipe, li is pipe length. α is a
positive parameter influenced by various factors such as
pipe material, pipe size, soil type, water pressure, etc. The
parameters α and β could be learned from the training data.
Given the parameters α and β, the expected failure rate
(number of pipe failures per year per unit length) becomes
α[(τ + 1)β – τβ] for pipe age τ.

3.3 Transparent ML
3.2 ML approaches
Water pipe failure history data (simulated data) is used as a
case study in this paper. Two ML methods are employed to

Previous work in transparent ML mainly focuses on the
why-oriented explanation to intermediate results during ML
process in order to let users understand the analysis process
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(Kulesza et al., 2011). Such approaches still require learning
knowledge in some degree and lack an overall image of
learning process. Our study tries to make ML transparent by
using the approach of dynamic visual feedback of internal
states. In most cases, even if automatic ML algorithms give
satisfactory results, visual feedback of ML processes is very
important to offer insight into the reasons for learning
failure or success. Visual feedback is also critical to support
interfering with further learning processes, as well as
intently correcting the learning parameters. Therefore,
interactive ML interfaces must not only supply users with
the information on input data and output results, but also
enable them to perceive internal real-time status update of
ML processes with visual feedback. Based on this
consideration, a concept of transparent machine learning
(TML) is proposed in this paper. In this concept, meaningful
internal states of ML processes are selected and presented to
users visually and meaningfully. Various visualisations are
used to provide feedback and updates for internal states of
ML processes. As a result, an ML process becomes a
‘transparent-box’.
The TML includes following steps:
•

select internal state variables that are dynamically
changed and meaningful to users

•

present the changing of internal state variables visually
and meaningfully to users

•

interact with the ML process based on explicit feedback
from revealing of internal real-time status update.

TML presents selected internal states dynamically to users
meaningfully (e.g., money saved, time preserved) based on
domain knowledge. It provides a feedback loop that aids
users learn what is going on and how to accomplish with the
given learning problem. Users also have freedom to interact
with the ML based on the feedback in order to improve
models. TML provides a means for users to assess the
model’s behaviours against a variety of subjective criteria
based on domain knowledge and examples. As a result, the
users’ understanding and trust of the system could be
improved and it benefits the accuracy of learning systems as
well.

4

Experiment setup

This section sets up an experiment to study the effectiveness
of TML in making ML useable. The objectives of this
experiment are to investigate whether revealing the internal
states of a ML process makes ML techniques more usable
and meaningful, whether users get more easily convinced by
ML results from theoretically sound ML approaches than
from relatively simple ML approaches, and what effective
approaches for revealing internal states of ML processes
are.

4.1 Experiment data
The water pipe failure history data contains the failure
records of water pipes in a given region. It also includes
various attributes of water pipes, such as identification
number, laid date, length, material, diameter size, location,
protective coating, surrounding soil type, etc. The objective
of the analysis was to predict future failure rate of water
pipes based on the history data of water pipes. Two ML
methods were used in this study, which are HBP and
Weibull as presented in Section 3. In HBP, the mean failure
rate (qk) in each pipe group and the mean failure rate (πk,i) of
each pipe were revealed to show the internal state updates in
TML. In Weibull, the shape parameter of β was used to
show the internal state updates in TML.

4.2 Visualisation methods for revealing internal state
update
In this study, three visualisation methods of bar-chart, full
number text and partial number text are used to present
changes of internal states of ML processes. These three
methods are commonly used by data analysts and
programmes. These visualisation methods are easily to
understand and easily accepted by users.
•

Bar-chart [Figure 2(a)] presents changes of internal
states with graphical visualisations dynamically. It
allows users easily perceive changes of internal states,
but lacks details of each change.

•

Full number text [Figure 2(b)] presents changes of
internal states with text numbers. The presented
information includes group numbers and average
failure rate of pipes. This method provides details of
changes of internal states on each step. However,
because of too many details, it makes users difficult to
grasp the overall patterns of changes.

•

Partial number text visualisation method [Figure 2(c)]
only presents group numbers and the average failure
rate of the selected group to users. This method allows
users easily to perceive changes of internal states, but
lacks details of changes such as detailed values and
patterns of changes.

These visualisations were designed to be interactive so the
user can also select a specific data point or slice to view
more details about that chunk.

4.3 Task design
As mentioned, two ML methods and three visualisation
approaches were used for setting up tasks in the experiment.
Therefore, there were six tasks all together performed by
each participant. The task configurations are shown in
Table 1.

Making machine learning useable by revealing internal states update – a transparent approach
Figure 2

Different presentation methods for real-time status update (see online version for colours)

(a)
Figure 3

(b)

Task #

(c)

Screenshots of two tasks performed in the study (see online version for colours)

(a)
Table 1

383

(b)

Tasks performed by participants
ML method

Presentation method

1

HBP

Partial number text

2

HBP

Graph (bar-chart)

3

HBP

Full number text

4

Weibull

Partial number text

5

Weibull

Graph (bar-chart)

6

Weibull

Full number text

Participants were required to do water pipe failure rate
prediction based on historical data using two ML methods
with three conditions (revealing internal states with partial
number text, bar-chart, or full number text). All participants

were provided training on the concept used in the
experiment and how to interact with the system before
performing the six tasks. During the training, each
participant was also introduced about the water pipe failure
history data and data analysis goals of the study. Then an
example task was practised by each participant to
experience the data analysis process and get familiar with
the user interface used in the experiment. Figure 3 presents
screenshots of the custom user interaction system showing
two of the tasks used in the study. The six tasks were then
performed separately and questionnaires were also
answered after each task. Finally, a questionnaire on the
overall experiment was answered to complete the
experiment. During the experiment, names of ML methods
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were not known to participants; they were presented with
only the task numbers as in Table 1. The order of tasks was
also randomised to avoid bias and/or any possible learning
effects.

4.4 Participants
A total of 30 participants were involved in the study. Ages
of participants range from early 20s to 40s. Participants
were rewarded movie voucher or chocolate bars after the
experiment for the compensation of their time. Participants
were from three groups with different background (ten
participants from each group respectively):
1

researchers who are not doing ML or data mining
research (i.e., non-ML researchers)

2

researchers who are doing ML or data mining research
(ML researchers)

3

administrative staff.

Each group of participants has their own specialities, for
example, ML researchers were good at using ML algorithms
while administrative staffs were good at analysing
information in different forms. Various groups of
participants were included in order to analyse differences of
responses with different knowledge background.

4.5 Data collection
In this study, participants were required answer
questionnaires after every task to rate the TML using a
seven-point Likert-scale (1 = totally disagree, and
7 = totally agree) on three aspects of each task:
•

easiness of understanding the analysis process

•

meaningfulness of real-time status update

•

convincingness on the analysis results.

Participants were also required to compare which
presentation method gives more easily understandable and
meaningful information on changes of internal states. They
also ranked which task makes the participant feel most
confident about the results of the water pipe prediction
based on the overall experiment.

5

Results and analyses

We performed Friedman test with post-hoc analysis using
Wilcoxon signed-rank tests to analyse the mean differences
in participant responses. The Friedman test is the
non-parametric alternative to the one-way ANOVA with
repeated measures and is used to test for differences
between groups when the dependent variable being
measured is ordinal, e.g., a seven-point Likert-scale from
strongly disagree through to strongly agree (Field, 2009).
Because our experiment used non-parametric ordinal
ratings, we used Friedman test and post-hoc Wilcoxon
signed-rank tests to analyse experiment results.

5.1 Analyses of overall ratings
Firstly, we analysed the overall ratings from 30 participants
in all groups. Figure 3 shows the overall comparison of
ratings on meaningfulness, convincingness, and easiness of
understanding of the real-time status update during ML
processes for the six tasks presented in Table 1. Differences
in easiness, meaningfulness, and convincingness were
analysed respectively with Friedman test and post-hoc
pair-wise tests (Wilcoxon signed-rank tests).

5.1.1 Easiness
Friedman test showed that there was a statistically
significant difference between the six tasks for the
easiness of understanding, χ2(5) = 56.226, p = 0.000; < 0.05.
Post-hoc analysis with Wilcoxon signed-rank tests was then
conducted with a Bonferroni correction applied resulting in
a significance level set at p < 0.008 for all pair-wise
differences. The tests show that task 2 (HBP + Graph) was
significantly easiest to understand than any other tasks
(Z < –3.880, p = 0.000), followed by task 5 (Weibull +
Graph), which was significantly easier than task 1
(Z = –2.886, p = 0.004) and task 4 (Z = –3.251, p = 0.001)
where both tasks 1 and 4 used only partial number output.
Task 6, which used full number output without any
graphical visualisation, was easier to understand than
task 4 that used only partial number output (Z = –2.691,
p = 0.007). There were no other significant differences
found for the ratings of easiness. These results suggest that
ML methods that reveal the internal states update of the
process graphically and interactively are significantly easier
to understand for the end users, as we hypothesised.

5.1.2 Meaningfulness
There was a statistically significant difference between the
six tasks for the meaningfulness too, χ2(5) = 89.777,
p = 0.000. Post-hoc Wilcoxon tests with Bonferroni
correction showed that task 2 was significantly the most
meaningful than any other tasks (Z < –3.985, p = 0.000),
followed by task 5, which was significantly more
meaningful than task 1 (Z = –4.087, p = 0.004) and task 4
(Z = –4.064, p = 0.000). Although, both tasks 2 and 5 used
graphical visualisation for the results, participants found
task 2 that involved HBP ML method the most meaningful.
Task 3 was significantly more meaningful than task 1
(Z = –3.063, p = 0.002), and task 6 was significantly more
meaningful than task 1 (Z = –3.225, p = 0.001) and task 4
(Z = –3.093, p = 0.002). Both tasks 3 and 6 used textual but
full detailed number output, so the statistics suggest that
even though the results are textual only (i.e., no graphical
representation), still the participants find the full numbered
text output more meaningful overall than partial number
text. All these findings are in line without hypotheses. There
were no other significant differences for ratings on
meaningfulness between any other tasks.

Making machine learning useable by revealing internal states update – a transparent approach

5.1.3 Convincingness
For convincingness, there was a statistically significant
difference between the six tasks, χ2(5) = 78.448, p = 0.000.
Post-hoc tests showed that task 2 was significantly the most
convincing than any other tasks (Z < –3.304, p < 0.001).
Task 5 was significantly more convincing than task 1
(Z = –3.981, p = 0.000) and task 4 (Z = –4.146, p=0.000).
Once again, both tasks 2 and 5 that use graphical
visualisations are found to be more convincing than other
tasks but task 2 with HBP method is the most convincing.
Task 6 was significantly more convincing than task 1
(Z = –3.225, p = 0.001) and task 4 (Z = –3.450, p = 0.001).
Task 3 was significantly more convincing than task 4
(Z = –2.931, p = 0.003). Similar to previous results for
easiness and meaningfulness, these results suggest that in
the absence of graphical visualisations, full number text
output makes the ML method results more convincing than
partial text output. There were no other significant
differences found for ratings on convincingness between
other tasks.
Figure 4
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groups for ratings on easiness, meaningfulness, and
convincingness, respectively.
Figure 5

Comparison of easiness of understanding among
various groups (see online version for colours)

Figure 6

Comparison of meaningfulness among various groups
(see online version for colours)

Figure 7

Comparison of convincingness among various groups
(see online version for colours)

Comparison of meaningfulness, convincingness,
and easiness of understanding of real-time status
update in the six tasks based on the ratings from
all 30 participants (see online version for colours)

5.2 Analyses of responses of individual groups
As mentioned in Section 4.4, there were three groups of
participants: administrative staff, non-ML researchers, and
ML researchers, each group with ten participants. Different
participant groups have different knowledge background.
For example, administrative staff are more experienced in
detecting changes in number values and may not have
knowledge in ML at all, non-ML researchers are
experienced in various data representations but may not
have extensive knowledge in ML, while ML researchers
have more knowledge in ML, such as models used and
detailed performance evaluation approaches. Therefore, we
are also interested in finding whether there were any
significant differences in responses from individual
groups in order to understand the effects of knowledge
background on responses. We performed Friedman test
with post-hoc tests (Wilcoxon signed-rank tests) on group
ratings for easiness, meaningfulness, and convincingness.
Figures 4, 5, and 6 illustrate the comparison between

5.2.1 Easiness
•

Administrative staff: Friedman test showed that for
the participants of administrative staff, there was a
statistically significant difference between the six
tasks for the easiness of understanding, χ2(5) = 15.768,
p = 0.008; < 0.05. For pair-wise differences, post-hoc
analyses with Wilcoxon signed-rank tests were
conducted with a Bonferroni adjusted alpha level set at
0.008, instead of 0.05). However, at this adjusted
significance level of 0.008, the tests did not show any
pair-wise differences for tasks. This could be due to a
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smaller group size (ten subjects) which may have
reduced the overall statistical power (Nakagawa, 2004).
Also, the Bonferroni adjustment is used to avoid any
possible Type-I errors, but it is known that Bonferroni
adjustment over corrects the alpha level and may cause
Type-II errors and hence reduce the overall statistical
power (Perneger, 1998; Rothman, 2010). Therefore, to
avoid any potential Type-II errors we used a readjusted
significance alpha level of 0.017 to see if we can find
any other pair-wise differences that we expected.
This adjusted significance alpha level of 0.017 was
calculated by dividing the original alpha level of 0.05
by 3 based on the fact that for each ML method we
have three conditions to test. Using this new alpha
level of 0.017, the results showed that task 2 was
significantly easier to understand than task 5
(Z = –2.588, p = 0.010). Task 2 was also found to be
significantly easier to understand by the group than
task 1 (Z = –2.446, p = 0.014) and task 4 (Z = –2.395,
p = 0.017). These results are in line with our previous
ones and suggest that ML methods revealing internal
state update using graphical visualisation are easier to
understand than non-graphical and textual number
results and HBP ML method is easier to understand
than the Weibull method regardless of what
visualisation method is used. There were no
significant differences between other tasks.

•

•

Non-ML researchers: For non-ML researchers also,
the Friedman test showed a statistically significant
difference between the six tasks for the easiness of
understanding, χ2(5) = 16.199, p = 0.006; < 0.05.
Post-hoc Wilcoxon signed-rank tests with adjusted
alpha level of 0.017 found only one pair-wise
significant difference between task 1 and task 2 with
task 2 ratings being significantly higher than ratings for
task 1 (Z = –2.536, p = 0.011), suggesting that
non-ML researchers also find HBP ML method
with graphical visualisation significantly easier to
understand than any other method. There were no other
significant differences between tasks found for non-ML
researchers group.
ML researchers: For ML researchers as well, we found
a statistically significant difference between the six
tasks for the easiness of understanding, χ2(5) = 26.976,
p = 0.000; < 0.05. Post-hoc tests showed that at
Bonferroni adjusted alpha level of 0.008, task 2
was significantly easier to understand than task 1
(Z = –2.699, p = 0.007) as well as task 4 (Z = –2.699,
p = 0.007). With the readjusted alpha level of 0.017 as
mentioned before, the results showed that task 2 was
also significantly easier to understand than task 3
(Z = –2.508, p = 0.012), task 5 (Z = –2.410, p = 0.016),
and task 6 (Z = –2.539, p = 0.011). Task 5 was also
found to be easier to understand than task 4
(Z = –2.401, p = 0.016). There were no other significant
differences found between other tasks for this group.
Like previous results, these results also suggest that

even for the most technical ML researchers group, the
task 2, which uses HBP ML method with graphical
visualisations to reveal the internal states, is the easiest
method to understand and that the methods that use
graphical visualisations are overall rated easier than
textual results.

5.2.2 Meaningfulness
•

Administrative staff: As usual the Friedman test for the
meaningfulness for the participants of administrative
staff group showed a significant difference between the
six tasks, χ2(5) = 34.474, p = 0.000; < 0.05. Post-hoc
Wilcoxon tests at Bonferroni adjusted alpha level of
0.008 showed that task 2 was significantly more
meaningful than task 1 (Z = –2.680, p = 0.007). With
the readjusted alpha level of 0.017, the tests showed
that task 2 was also significantly more meaningful than
all other tasks. Task 5 was also found to be more
meaningful than task 1 (Z = –2.388, p = 0.017). There
were no other significant differences between tasks.

•

Non-ML researchers: For non-ML-researchers, the
ratings for the meaningfulness using Friedman test also
showed a significant difference between the six tasks,
χ2(5) = 27.230, p = 0.000; < 0.05. Post-hoc Wilcoxon
pair-wise tests with Bonferroni corrected alpha level at
0.008 showed that task 2 was significantly more
meaningful than task 1 (Z = –2.677, p = 0.007) as well
as task 4 (Z = –2.823, p = 0.005). With the readjusted
alpha level of 0.017 as mentioned before, it showed
that task 2 was also significantly more meaningful than
task 3 (Z = –2.501, p = 0.012), task 5 (Z = –2.599,
p = 0.009), and task 6 (Z = –2.448, p = 0.014). Task 5
was also found to be significantly more meaningful
than task 1 (Z = –2.565, p = 0.010) and task 4
(Z = –2.410, p = 0.016). There were no other significant
differences found between tasks.

•

ML researchers: For ML researchers, the results
showed that there was a statistically significant
difference between the six tasks for the meaningfulness,
χ2(5) = 33.238, p = 0.000; < 0.05. Post-hoc analysis at
Bonferroni adjusted alpha level of 0.008 showed that
task 2 was significantly more meaningful than task 1
(Z = –2.831, p = 0.005), task 3 (Z = –2.848, p = 0.004),
and task 4 (Z = –2.829, p = 0.005). With the readjusted
alpha level of 0.017 task 2 was also found to be
significantly more meaningful than task 5 (Z = –2.388,
p = 0.017) and task 6 (Z = –2.536, p = 0.011). Task 5
was also rated significantly more meaningful than
task 4 (Z = –2.565, p = 0.010). There were no other
significant differences found between tasks.
These group-wise results for the meaningfulness also
confirm our hypothesis and suggest that revealing the
internal states update using graphical visualisations
increases the meaningfulness of the real-time status
update of ML process for all groups, and the best under
the HBP ML method.
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5.2.3 Convincingness
•

•

•

Administrative staff: For convincingness, the subjective
ratings by the participants of administrative staff group
showed a statistically significant difference between the
six tasks, χ2(5) = 33.852, p = 0.000; < 0.05. Post-hoc
analysis at Bonferroni adjusted alpha level of 0.008
showed that task 2 was significantly more convincing
than task 1 (Z = –2.818, p = 0.005) as well as task 4
(Z = –2.814, p = 0.005). Task 5 was also found to be
significantly more convincing than both task 1
(Z = –2.701, p = 0.007) and task 4 (Z = –2.724,
p = 0.006) at that level. With the readjusted alpha level
of 0.017, we also found both task 2 and task 5 to be
significantly more convincing than task 1, task 3, and
task 4, respectively. There were no other significant
differences found between tasks.
Non-ML researchers: The results for non-ML
researchers’ ratings also showed a statistically
significant difference between the six tasks in the
convincingness, χ2(5) = 21.845, p = 0.001; < 0.05.
Post-hoc analysis at Bonferroni corrected alpha
level of 0.008 showed task 2 to be significantly more
convincing than task 4 only (Z = –2.677, p = 0.007).
Using readjusted alpha level of 0.017, we found that
task 2 was also significantly more convincing than
task 1 (Z = –2.536, p = 0.011). Task 5 was also
found to be significantly more convincing than task 4
(Z = –2.565, p = 0.010). There were no other significant
differences found between tasks.
ML researchers: The results for the ML researchers
group showed a statistically significantly difference
among the six tasks in the convincingness, χ2(5) =
28.075, p = 0.000; < 0.05. Post-hoc analysis with
Wilcoxon signed-rank tests at Bonferroni adjusted
alpha level of 0.008 showed that task 2 was
significantly more convincing than task 1 (Z = –2.699,
p = 0.007) and task 4 (Z = –2.714, p = 0.007). With
readjusted alpha level of 0.017, task 2 was also
found to be significantly more convincing than task 5
(Z = –2.555, p = 0.011) as well as task 6 (Z = –2.456,
p = 0.014). There were no other significant differences
found between tasks.
Based on these group-wise results for the subjective
ratings of convincingness, we can suggest that
revealing the internal states update using graphical
visualisations, especially with HBP ML method,
increases the convincingness of ML prediction for all
groups.

6

Discussion

In our previous study (Li et al., 2014), HBP showed better
performance than Weibull in water pipe failure rate
prediction. HBP was therefore considered as an advanced
ML approach and Weibull was considered as a classical ML
approach. Furthermore, from the study in this paper, we
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found that HBP method with the graph-based visualisations
got higher ratings than any other task configurations
in the three aspects of easiness, meaningfulness, and
convincingness. Weibull with graph-based real-time status
update got higher rates than HBP without graph-based
real-time status update. This result showed that advanced
ML approaches along with graphical presentations can help
improve the easiness of understanding the ML data analysis
process, meaningfulness of real-time status update, and
convincingness of ML results. Even if classical ML
approaches were used, users still gave higher ratings when
graphical presentations were used than advanced ML
approaches without graphical real-time status update. From
this result, we can conclude that:
1

it is obvious that the ML approach used affects users’
ratings on easiness, meaningfulness, and
convincingness

2

the visualisation method used also greatly affects users’
overall ratings on ML’s easiness, meaningfulness, and
convincingness of an ML approach, regard-less of what
ML method is being used.

Differences were also shown in responses from
different participant groups. For example, regarding the
convincingness, administrative staff found that task 5
was significantly more convincing than task 1 and task 4.
Task 5 was slightly more convincing than task 3
(Z = –2.388, p = 0.017). Non-ML researchers found that
task 5 was significantly more convincing than task 4 only.
However, ML researchers did not find any significant
differences between task 5 and other tasks. These
differences of responses maybe due to the ML knowledge
background of participant groups. The ML knowledge may
have contributed to the understanding of ML based data
analysis, meaningfulness of real-time status update, and
convincingness of ML results.
Besides ratings of various aspects of easiness,
meaningfulness, and convincingness, participants also gave
interesting open comments on making ML useable further.
It was interesting to find that different groups had different
opinions. For example, in order to make ML-based data
analysis more convincing, administrative staff suggested to
use more graphical visualisations for extra information;
non-ML researchers suggested to use static plotting but not
dynamic plotting (that changed in response to user’s
selection) for the easy comparison, while ML researchers
suggested to use higher refreshing rate to present real-time
changes in graphical visualisatoins and show cost function
changes with time. Some comments from different groups
may seem conflicting with one another because of their
knowledge background, for example, ML researchers
focused more on cost functions, while administrative staff
were more interested in number changes. However, they
also had same views in some aspects, for example, all of
groups suggested that more interactions with parameters and
visualisations would make ML results more convincing.
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Based on the results of this study, several guidelines are
suggested for the design of user interfaces and interactions
in ML-based applications:
•

present real-time internal status update of ML processes
to users when possible

•

use graphical approaches to present ML results and
internal status update of ML processes

•

allow users to interact with parameters and ML results
based on real-time status update.

7

Conclusions and future work

This paper focused on making a ‘black-box’ ML process
transparent by presenting real-time internal status update of
the ML process to users explicitly. A case study of water
pipe failure history data analysis for future pipe failure
prediction was presented to show the effectiveness of the
proposed approach. A user study was performed to
investigate the impact of revealing internal status update of
ML to users on the easiness of understanding the data
analysis process, meaningfulness of real-time status update,
and convincingness of the ML results. The study showed
that revealing the internal states of ML process can help to
improve easiness of understanding the data analysis process,
make real-time status update more meaningful, and make
ML results more convincing. Finally, we also attempted to
formulate guidelines/standards for the user interface
designers of ML-based applications.
The future work of this research will focus on
conducting more experiments using different datasets and
ML methods in order to learn differences in datasets and
ML methods for making ML useable. Interactions will also
be analysed in making ML useable, such as interaction
methods, parameters to be interactively changed in ML
process. Various visualisation methods in real-time status
update will be compared further in making ML useable.
Objective evaluations based on user’s responses such as
Galvanic Skin Response (GSR) and eye-tracking will be
investigated to find factors both from ML methods and user
interfaces for making ML more useable. Emotional
information (Hung et al., 2011) from video, text or other
ways may also be investigated to find solutions for making
ML more useable.
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