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based predictive analytics software is like a “black box”, to
which they simply provide their input data and (after
selecting some menu options on screen) colorful
viewgraphs and/or recommendations are displayed as
output. This “black box” approach has obvious drawbacks,
e.g. it is neither clear nor well understood that how
trustworthy is this output, or how uncertainties were
handled/manipulated by underlying algorithmic procedures
(Zhou, Khawaja, et al., 2015). The user is more or less
unconfident in the ML model output when making
predictive decisions, and thus also unconfident in the ML
methods themselves. In a word, significant barriers to
widespread adoption and local implementation of ML
approaches still exist in the areas of trust (of ML results),
comprehension (of ML processes), as well as confidence
(in recommended courses of action or decision making) by
users. As a result, the User Experience involved in real
world ML applications has been more recently identified
as an area requiring research and development
(innovation) (Wagstaff, 2012; Zhou, Khawaja, et al., 2015;
Zhou, Sun, et al., 2015; Zhou, Bridon, Chen, Khawaji, &
Wang, 2015; Zhou, Li, Wang, & Chen, 2013).

ABSTRACT

Despite the recognized value of Machine Learning (ML)
techniques and high expectation of applying ML
techniques within various applications, significant barriers
to the widespread adoption and local implementation of
ML approaches still exist in the areas of trust (of ML
results), comprehension (of ML processes), as well as
confidence (in decision making) by users. This paper
investigates the effects of correlation between features and
target values on user confidence in data analytics-driven
decision making. Our user study found that revealing the
correlation between features and target variables affected
user confidence in decision making significantly.
Moreover, users felt more confident in decision making
when correlation shared the same trend with the prediction
model performance. These findings would help design
intelligent user interfaces and evaluate the effectiveness of
machine learning models in applications.
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Therefore, in an ML-based intelligent system, it is highly
critical to know how the information presented in the user
interface on data and ML models affect user’s confidence
in order to make effective decisions. User confidence also
affects the acceptance of ML methods in practical
applications. Such investigation could help develop more
effective user interface for ML-based intelligent systems.

H5.m. Information interfaces and presentation (e.g., HCI):
Miscellaneous.
INTRODUCTION

With the rapid increase of data from various fields such
as biology, finance, medicine, infrastructure, and society,
users are looking to integrate their “Big Data” and advanced
analytics into business operations in order to become more
analytics-driven in their decision making. Much of machine
learning (ML) research is inspired by such expectations. As
a result, we continuously find ourselves coming across MLbased appealing viewgraphs and other predictions that
seem to work (or have worked) surprisingly well in
practical scenarios.

Fig. 1. ML-based data analysis pipeline.

Fig. 1 shows a typical ML-based data analysis pipeline.
In this pipeline, inputs to ML models are often historical
records or samples of some event. They are usually not the
precise description of events. ML models are also imperfect
abstractions of reality. Furthermore, from the input data
perspective, statistical information of data such as
correlation between variables also provides useful
information to let users learn relations between variables.
For example, correlation can describe how much target
values are related with features in input data of the model.
The correlation may affect users’ decision making based on
their domain experiences, e.g. domain experts may have
experiences that the older the pipes are, the higher the
failure rate is. The user might be risking too much by
completely ignoring statistical information such as

Despite the recognized value of ML techniques and high
expectations of applying ML techniques within various
applications, for many of these non-technical users, ML
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correlation from input data and having complete faith in
system output/recommended values. On the other hand,
over-confidence in such statistical information and thus
decisions may result in unnecessary economic loss.
In this paper, we aim to investigate relationships between
correlation and user confidence in decision making in order
to design more effective user interface for ML-based
intelligent systems and improve the acceptability of ML
techniques by users. A user study was performed to
investigate the impact of revealing correlation information
on user confidence in predictive decision making. In the
following sections of the paper, except the specific pointing
out, correlation refers to the correlation between a feature
variable and the target variable in input data.

neglect correlations in financial decision making. (Ye,
2013) used the weighted correlation coefficients to rank the
alternatives and get the best alternative in multi-attribute
decision making. (Liao, Xu, Zeng, & Merigó, 2015) used
correlation coefficients of hesitant fuzzy linguistic term set
in the process of qualitative decision making in traditional
Chinese medical diagnosis. However, few researches have
been carried out into the roles of correlation in user
confidence in data analytics-driven (or predictive) decision
making. Domain experts are good at utilizing experiences
in their decision making, while correlation from input data
reflects statistic summaries of historical facts. We highly
argue that the revealing of correlation between features and
target values would significantly affect user confidence in
decision making.

RELATED WORK

HYPOTHESES

The following hypotheses are posed in our study:

Making decisions is one of the most complex cognitive
processes and there is a long history of investigation in
different domain areas. For example, Morgado et al.
(Morgado, Sousa, & Cerqueira, 2015) reviewed the impact
of stress in decision making and found that this complex
cognitive process involves several sequential steps. Making
good decisions implies an estimate not only of the value and
the likelihood of each option but also of the costs and efforts
implied in obtaining it. Kahneman et al. (Kahneman &
Tversky, 1979),(Tversky & Kahneman, 1974) suggested
that people make a variety of errors when making decisions
(or solving problems) involving probability. The Subjective
Expected Utility (SEU) model suggests that the decision
weights people attach to events are their beliefs about the
likelihood of events (Kelsey, 1994). (Camerer & Weber,
1992) summarized that it was thought that people prefer to
bet on events they know more about. However, this was
shown to be otherwise by (Hsu, 2005) in their study of
neural systems responding to degrees of uncertainty. Their
experiments showed that many people are more willing to
bet on risky outcomes than ambiguous ones, when holding
the judged probability of outcomes constant.





Revealing of correlation between features and target
values would help users more confident in data
analytics-driven decision making (H1);
The pattern between correlation and performance of
model output would affect user confidence in data
analytics-driven decision making (H2);
When correlation and performance of model output
share the same trend, users would be more confident
in user confidence decision making (H3).

EXPERIMENT

There were 26 subjects recruited in predictive decision
making tasks. Ages ranged from 23 to 45 with an average
age of 30 years. Educational qualifications were largely
postgraduate (13 PhD, 6 Masters, 4 Bachelors, 3 other).
Subject subgroups comprised of nine machine learning
experts, eight non-machine learning experts and nine
administrative staff.
Water pipe failure prediction is used as a case study for
this research (Li et al., 2014). Different ML models based
on alternative water pipe features may be available
resulting in different possible budget plans in decision
making. This experiment is set up to determine what criteria
of choice are in favor of a model, and what parameters
influence the user confidence during the decision process.
Water pipe failure prediction uses historical pipe failure
data to predict future failure rate. The historical data
contains failure records as well as other attributes of water
pipes, such as laid year, length, material, diameter size,
location, etc. Actual historical data was repeatedly sampled
and customized for the simulation of this experiment.

Lee and Dry (Lee & Dry, 2006) showed that human
confidence in decision making does not depend solely on
the accuracy of the advice, it is also influenced by the
frequency of the advice. Considering that decisions are
often made based on probability evaluations of which users
are not entirely sure, Hill (Hill, 2013) developed a decision
rule incorporating users’ confidence in probability
judgments. A formal representation of the decision maker’s
confidence is also presented in (Hill, 2013). Moran et al.
(Moran, Teodorescu, & Usher, 2015) argued that a critical
property of decision confidence is its positive correlation
between confidence and decision correctness. In other
words, with higher confidence the decider is more likely to
be correct in his or her decision. In a typical decision
making scenario, once the problem scenario along with
supplementary material is presented, several other factors
can come into play as well. One such group of factors is
individual differences that were investigated by Pallier et
al. (Pallier et al., 2002). Differences in experience,
motivation, attitudinal predispositions etc. can have an
impact on decision making process.

In this study, ML models are simulated and they are
based on different pipe features (e.g. size or laid year). The
model performance curve was presented to let the
participants evaluate different models. The model
performance is the functional relationship between
proportion of the network inspected (in percent) and the
proportion of pipe failures detected (in percent) for two
different feature variables. For example, Fig. 2(b) shows
the performances of two models, where the model based on
the feature “Size” has better performance than the one
based on the feature “Laid Year”, because the formal one
detects more failures than the latter for a given pipe length.

Good decision-making often requires people to perceive
and handle a myriad of statistical correlations (Eyster &
Weizsacker, 2010). However, (Eyster & Weizsacker,
2010) found that people have limited attention and often
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As represented in Fig. 1, correlation is not associated with
a model, but associated with input data. Correlation in this
experiment refers to the correlation between one pipe
feature (e.g. pipe size) and the pipe failure rate in historical
records. The correlation is often described by correlation
coefficient. Correlation coefficient illustrates a quantitative
measure of correlation and dependence, meaning statistical
relationships between two or more random variables or
observed data values. The correlation in this experiment is
displayed as 2D bar charts with the horizontal axis being
features and the vertical axis being the correlation
coefficients (see Fig. 2(a) and Fig. 3(a)). For example, in
Fig. 3(a), the feature “Laid Year” (Year) and “Size” have a
correlation coefficient of 0.75 and 0.45 respectively with
failure rate, meaning that “Laid Year” is more related to the
failure rate than “Size”.

(NCT) only presents model performance diagram but not
correlation diagram to participants.
During the experiment, each participant was told he/she
would be a user of ML predictive systems at the local water
department. The water company plans to repair XX% pipe
failures in the next financial year. He/she was asked to
make a budget plan, i.e. a budget in network length, using
water pipe failure prediction models learned from the
historical water pipe failure records. Two ML models were
provided for each budget task. Participants were required to
make decisions by selecting one of presented ML models
and then making budget plan based on the selected ML
model. The budget plan needs to meet:



Check as short length of pipes as possible (low cost);
The budget uncertainty interval should be as small
as possible (high accuracy).

All tasks were conducted with two rounds. The first
round used the feature pair of “Size – Laid Year” and the
second round used the feature pair of “Material – Pressure”
for ML models. Except feature name differences, two
rounds used same model performance diagrams.

(a)

After each trial, participants were asked to rate the
confidence level of the budget plan they made and the
difficulty level of the task using a 9-point Likert scale (1:
least difficult/confident, and 9: most difficult/confident).

(b)

Fig. 2. Correlation and performance of model output share
the same trend.

The relations between model performance
correlation are divided into two groups:




RESULTS

and

Correlation and performance of model output share
the same trend (see Fig. 2). That is, the correlation
between a feature and the target variable (pipe
failure rate) is high and the associated model
performance is also high, or the contrary.
Correlation and performance of model output do not
share the same trend (see Fig. 3). That is, the
correlation between a feature and the target variable
(pipe failure rate) is high, but the associated model
performance is low, or the contrary.

Fig. 4. Average subjective ratings of participants’ confidence
in decision making.

We performed Friedman test with post-hoc analysis
using Wilcoxon signed-rank tests to analyze the mean
differences in participant responses. Post-hoc analysis with
Wilcoxon signed-rank tests was conducted with a
Bonferroni adjusted alpha level set at α = .017 (.05/3 = .017)
based on the fact that for all tasks we have three conditions
to test (without correlation, same trend and non-same trend
correlation). Fig. 4 shows average subjective ratings of
participants’ confidence in decision making.
(a)

A Friedman test showed that there was a statistically
significant difference among the three tasks in confidence
levels, χ2 (2) = 22.086, p<.001. The post-hoc Wilcoxon
tests found a significant difference between NoCorrelation Task and Same Trend Task (Z=167.5, p=.008).
This result suggests that revealing correlation between
features and target values helped users be more confident
in decision making, as we expected (H1). However, there
was no significant difference found between NoCorrelation Task and Non-Same Trend Task. Such results
suggest that the pattern between correlation and

(b)

Fig. 3. Correlation and performance of model output do not
share the same trend.

Based on these groups, the tasks were divided into three
categories (Same Trend Task, Non-Same Trend Task, and
No-Correlation Task). In the Same Trend Task (ST),
correlation and performance of model output share the
same trend (see Fig. 2). In the Non-Same Trend Task
(NST), correlation and performance of model output do not
share the same trend (see Fig. 3). The No-Correlation Task
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performance of model output affected user confidence in
decision making as we expected (H2).

Fig. 6. Choice of models in decision making.

By reviewing models participants chose for decisions, all
participants chose high performance models for their
decisions in the No-Correlation Task, and also most of
participants chose high performance models in other two
tasks (see Fig. 6). From Fig. 6, it was shown that the
revealing of correlation affected the choice of models and
decreased the number of participants who chose high
performance models. The result suggests that the revealing
of correlation affected both user’s decision (choice of
model) as well as user confidence in decision making.

It was also found that participants were significantly
more confident in Same Trend Task than in Non-Same
Trend Task (Z=105.0, p<.001). The result suggests that
when correlation and performance of model output shared
the same trend (i.e. the correlation between a feature and
the target variable was high and the associated model
performance was also high, or the contrary), users were
more confident in decision making as we expected (H3).
DISCUSSIONS

In order to incorporate these findings in real-world
applications, the user interface for an ML-based intelligent
system needs to include the following components:

This study found that revealing the correlation between
features and target values did help users feel more confident
in their decision making. We also found that the pattern
between correlation and model performance affected user
confidence in decision making. For example, when
correlation and model performance shared the same trend,
users tended to be more confident in their decisions. This
was maybe because of the “grounding communication”
referred to by psychologists (Clark & Brennan, 1991).
Because of grounding, confidence in decision making was
resolved through a drive towards a mutual understanding or
common ground (correlation has the same trend with the
performance) in the process.




Components which show correlation between input
variables and target variables. This could help users
feel more confident in their decisions;
Information on confidence levels which would allow
users make more informed decisions.

Furthermore, in most cases, to drive or improve decision
making is the ultimate goal of ML-based data analysis
(Helgee, 2010). When an ML approach is used to infer a
model from input data, the quality of the model can be
judged based on decision quality as demonstrated in (Zhou,
Sun, et al., 2015). Besides decision quality, users’
confidence levels in decision making could also benefit the
evaluation of ML models, which is more acceptable by both
ML researchers and domain experts.
In summary, this study showed that correlation between
features and target variables played a significant role in
affecting user confidence in data analytics-driven decision
making. The pattern between correlation and model
performance also affected users’ confidence significantly.
These findings have at least two benefits in real-world
applications: 1) to design intelligent user interface of
decision-related applications in HCI. A user interface,
which shows user confidence in decision making in realtime, would help users make informed decisions
effectively; 2) to evaluate ML models in ML research areas
by measuring how confident users are in data analyticsdriven decision making.

Fig. 5. Average subjective ratings of task difficulty in
decision making.

In a separate questionnaire, all subjects were asked to rate
the difficulty of tasks. As shown in Fig. 5, revealing
correlation data made users confused and feel that decision
making was significantly more difficult (Z=155.5, p<.001)
when correlation did not share the same trend with model
performance, which decreased the user confidence as
shown in Fig. 4. However, when correlation shared the
same trend with model performance, users did not feel the
increasing of difficulty with the introduction of correlation
in decision making. But because of the increase in
information by revealing correlations, user confidence
increased significantly.

CONCLUSIONS

This paper investigated the effects of correlation on user
confidence in data analytics-driven decision making. A user
study found that revealing the correlations between features
and target variables (in the form of bar charts) for two
competing models affected user confidence in decision
making significantly. Moreover, users felt more confident
in decision making when correlation shared the same trend
with the model performance. These confidence differences
are also reflected in the difficulty ratings of tasks by users.
These findings can benefit both intelligent user interface
design and evaluation of effectiveness of machine learning
models in applications. Our future work will focus on the
indexing of user confidence with physiological modalities
under different conditions in order to reveal user confidence
automatically in intelligent user interfaces in data drivendecision making applications.
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