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Abstract
Background: An increasing number of software companies work according to the agile software development method, which
is difficult to integrate with user-centered design (UCD) practices. Log file analysis may provide opportunities for integrating
UCD practices in the agile process. However, research within health care information technology mostly has a theoretical approach
and is often focused on the researcher’s interpretation of log file analyses.
Objective: We aimed to propose a systematic approach to log file analysis in this study and present this to developers to explore
how they react and interpret this approach in the context of a real-world health care information system, in an attempt to answer
the following question: How may log file analyses contribute to increasing the match between the health care system and its
users, within the agile development method, according to agile team members?
Methods: This study comprised 2 phases to answer the research question. In the first phase, log files were collected from a
health care information system and subsequently analyzed (summarizing sequential patterns, heat mapping, and clustering). In
the second phase, the results of these analyses are presented to agile professionals during a focus group interview. The interpretations
of the agile professionals are analyzed by open axial coding.
Results: Log file data of 17,924 user sessions and, in total, 176,678 activities were collected. We found that the Patient Timeline
is mainly visited, with 23,707 (23,707/176,678; 13.42%) visits in total. The main unique user session occurred in 5.99%
(1074/17,924) of all user sessions, and this comprised Insert Measurement Values for Patient and Patient Timeline, followed by
the page Patient Settings and, finally, Patient Treatment Plan. In the heat map, we found that users often navigated to the pages
Insert Measurement Values and Load Messages Collaborate. Finally, in the cluster analysis, we found 5 clusters, namely, the
Information-seeking cluster, the Collaborative cluster, the Mixed cluster, the Administrative cluster, and the Patient-oriented
cluster. We found that the interpretations of these results by agile professionals are related to stating hypotheses (n=34), comparing
paths (n=31), benchmarking (n=22), and prioritizing (n=17).
Conclusions: We found that analyzing log files provides agile professionals valuable insights into users’ behavior. Therefore,
we argue that log file analyses should be used within agile development to inform professionals about users’ behavior. In this
way, further UCD research can be informed by these results, making the methods less labor intensive. Moreover, we argue that
these translations to an approach for further UCD research will be carried out by UCD specialists, as they are able to infer which
goals the user had when going through these paths when looking at the log data.
(JMIR Hum Factors 2020;7(1):e14424) doi:10.2196/14424
https://humanfactors.jmir.org/2020/1/e14424
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Introduction
Background
User-centered design (UCD) is a vital determinant of health
care informatics’ success, as it leads to quality improvement,
resource savings, increased user satisfaction, and, ultimately,
better patient care [1,2]. However, an increasing number of
software companies work according to the agile software
development method (agile), which is difficult to integrate with
UCD practices [3]. Agile is defined in the Oxford Dictionary
as “Able to move quickly and easily,” and it also refers to
multiple methods within software development, which act as a
counterpart to the previously used waterfall method. Examples
of these agile methods within software development are Scrum,
Extreme Programming, and dynamic systems development
method. Waterfall methods follow predefined steps in a fixed
order, whereas agile is characterized by its small software
releases, with rapid iterations of 2 to 4 weeks. Every iteration
can be seen as a small project in itself, and after every iteration,
the product is shown and tested, and the product and process
are evaluated [4]. Two explanatory factors are regularly
mentioned in the literature as a cause of the difficult integration
of agile and UCD.
The first one is that agile focuses on customer input instead of
user involvement [3,5,6]. In the study by Gulliksen et al [6], it
is explained that while working with agile, hardly any distinction
is made between the customer and end user, raising the question
whether the variation in user groups is overlooked. Moreover,
the question may be asked as to how the needs of the customer,
the one who pays for the health information technology, must
be prioritized, given the presumable differences with users’
needs.
The second explanatory factor is that, although a resemblance
between agile and UCD is the incorporation of iterations, there
are large differences in the interpretation of these distinct
iterations [7]. To begin with, agile focuses on testing code
effectiveness during very short iterations, adding small pieces
of very high-fidelity pieces to the health information technology.
In UCD practices, we see that a Big Design Upfront approach
is often used, using low-fidelity prototypes to communicate
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large pieces of the health information technology. When these
UCD practices are fitted into agile, the costs for developing
health care information technology strongly increase; therefore,
the integration of UCD within agile is problematic and mostly
lacking.
Log file analysis may provide opportunities for integrating UCD
practices in the agile process. Log files give an objective view
of users’ behavior in software systems and provide valuable
insights in how health care information technology is used [8].
Gaining insight into users’ behavior may give indirect clues
that are relevant to the objective of UCD, without actually
having to involve the user in all the phases of development.
Thus, the user perspective is added within the agile process,
without the need to apply labor-intensive test methods. However,
to our knowledge, no studies have been reported on if and how
log file analyses can be used in practice within this agile
development process. Therefore, we propose a systematic
approach to log file analysis (including preprocessing, analysis,
and various visualizations) in this study and present this to
developers to explore how they react and interpret this approach.
An important question is whether their perception of this
information has the potential to increase the focus on the
intended user within an agile development process.
To further substantiate our expectations regarding the added
value of log file analyses in the agile process, we will elaborate
on the elements described above. In Figure 1, these elements
and their relations are summarized. Here, we see that UCD
practices in developing software systems means that end users
have an influence in the development throughout the design
process. Thus, the focus is on the users’ mental model of the
system, comprising their expectations of how the system works.
Within agile, the customer influences the development of
software systems throughout the design process, which
consequently influences the designer’s mental model, thereby
guiding his development of the software system. This system
then modifies the user’s mental model. In the following sections,
we first introduce the reader to the relation between log file
analysis and users’ mental models. We then describe an
approach to log file analysis, which fits with describing users’
behavior on the macroscale. Finally, the aim of this study is
described.
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Figure 1. Graphical representation of the focus of the agile method (customer input and effective coding), user-centered design (mental models of the
user), and log file analysis. This study focuses on the user’s behavior on the macroscale. UCD: user-centered design.

Log Files and Users’ Mental Models
Log files are an automatically produced documentation of users’
behavior within a particular system [9]. These files provide
information about the time of the event, the URL visited, and
either posting or retrieving information from the system. Log
files provide insight into the users’ real-life complex behavior
while they are in their natural environment, and they are based
on passive, unobtrusive monitoring. These characteristics are
desirable in the increasingly complex world of health care
informatics, and they compare favorably with laboratory testing,
which is dependent on active, obtrusive monitoring and
simplified, unengaging, and artificial use case scenarios [10].
Furthermore, log files can provide detailed information about
individual users (intraindividual patterns), allowing for valid
generalizations about patterns that might hold for groups of
people (interindividual data) [11].
Users’ behavior is strongly impacted by their mental model of
the technical system [12]. These mental models are the internal
representations of the system, on which users make inferences
on how to carry out tasks [12]. These tasks are carried out within
the target system, on which an interface is created, allowing the
user to interact with the system. When working according to a
user-centered approach, agile team members try to fit the
software to the users’ mental models. However, developers’
mental models mainly comprise how the system works, whereas
users’ mental models comprise beliefs on how to use the system,
leading to software that does not regularly fit with the mental
models of the user [13]. A way to prevent this difference
between the developers’ and users’ mental models is to get users
in front of the interface and employ research methods to see
whether this mental model is different from the developers’
mental model [13].
These research methods can be divided into several dimensions
to gain insight into the characteristics and added value of these
https://humanfactors.jmir.org/2020/1/e14424
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methods. In the study by Barkhuus and Rode [14], it is suggested
to classify these methods as empiric or analytic and as
quantitative or qualitative. A useful addition to this is the
classification of methods on different time scales. On the basis
of Newell’s bands of behavior [15], earlier research explored
how insights into users’ behavior differ on the micro(second-to-second), meso- (min-to-hours), and macroscale
(week-to-month) [16]. To illustrate this, observing users’
behavior on the microscale provides insights into usability
issues, mostly in lab settings, thereby allowing to collect data
about the participants and control variables while they interact
with the system. Another approach is observing users’ behavior
on the mesoscale, in which data are collected on the affective
responses to the system in a more natural setting. The most
natural approach is collecting users’ data on the macroscale,
providing an objective insight into the entire range of users’
behavior over long periods of time [16]. Given the advantages
of analyzing users’ behavior on the macroscale, and the small
usage of analytical quantitative methods in previous research
[14], we used an analytical quantitative approach on the
macroscale in this study.

Log File Analysis
A method that fits well with describing users’ behavior on the
macroscale is analyzing users’ behavior as a sequence of events
[17]. This way of analyzing provides insight into the order in
which the user navigates the system, whereas the more classical
approach to log file analysis for health care information systems
only describes quantities of usage (eg, number of times pages
are visited, mean duration of visiting a page). In this analysis,
there are some key concepts that play a role. First, a user session
is a set of page views between logging into the system and
logging out of the system, for a particular user at 1 particular
website. Second, page categories are the distinct URLs in the
log files grouped into categories.
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Summarizing Sequential Patterns
Summarizing sequential patterns can be done by obtaining
insight into the number of times that page categories and
transitions between these page categories appear within users’
sessions. Moreover, it describes how many times page categories
appear at a specific step within the user session. For example,
the number of times that a specific page is visited as a first step
within all users’ sessions. In earlier research related to health
care information technology, these analyses provided insight
into the efficiency of users navigating through the system [18].

Heat Mapping
Heat mapping provides functionalities to predict which page
category a user will navigate to when he or she is visiting a
specific page category. The probabilities of navigating from a
specific page category to the other page categories are
calculated, and these probabilities are shown on a heat map.
The probabilities are calculated by means of Markov Chain
modeling, meaning that, in contrast to summarizing sequential
patterns, the purpose is to predict future usage behavior.
Probabilities can be calculated by using zero-, first-, and
higher-order Markov Chains [17]. These orders differ in that
the next page category is predicted only on the basis of the
current page category that is visited by the user (first order) or
on a combination of the current page category with the page
categories that the user was visiting before the current page
category (higher order). A comparable approach was deployed
in the study by Elizabeth and Cimino [19], where the insights
were used to find clinicians’ information needs, which can be
used to improve the design.

Clustering
In complex health care systems, it can be assumed that the users
are heterogeneous, meaning that there is variation in their
behavior [17]. Therefore, these user sessions can be clustered
on the basis of the transitions between page categories. With
clustering, the user behavior can be described in a global way,
meaning that the focus is not on transitions between the distinct
page categories. Instead, it focuses on all transitions between
page categories, and subsequently, complete user sessions can
be typified by their cluster name on the basis of the similarity
of these user sessions. In the study by Vest and Jasperson [20],
it was concluded that clustering provides a more thorough
understanding of variation in users’ behavior, thus in the
individual patterns that emerge.
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opening to a coupling of these interpretations with concrete
steps in the agile process is missing.
Therefore, the aforementioned 3 log file analyses were assessed
in the context of a real-world health care information system,
in an attempt to answer the following question: How may log
file analyses contribute to increasing the match between the
health care system and its users within the agile development
method, according to agile team members. First, these log files
were summarized, heat mapped, and clustered, respectively, to
illustrate how users’ behavior can be described on the
macroscale. Second, this study explored through a focus group
interview whether and how agile team members can use these
results within the agile software development method.

Methods
Phase 1: Collection and Analysis of the Log Files
Before the first phase of this study was carried out, permission
was obtained from the Ethics Committee of the University of
Twente, regarding collecting log files and analyzing these log
files. The log files were treated as confidential and only kept
on secured self-owned servers in Enschede, the Netherlands.

Data Collection
The log files were collected through an internet-based support
system that serves as an extension of the general practitioner
information system (GPIS). For privacy reasons, this system is
appointed by the fictitious name Extendia. It provides general
practitioners (GPs) with a comprehensive range of conceptually
distinct services. It is a closed system, meaning that users are
required to purchase a subscription before they can use it. When
users directly log in via the browser, he or she will start within
the Declarations area. When a user logs in via another connected
system, he or she does not have to log in, and he or she starts
on a different page, depending on the link the user has clicked
on. Through the menu, users can download TeamViewer, open
manuals, and navigate to their own profile. Depending on which
parts they purchased, users can use the services Collaborate,
Patients, Declarations, Dashboards, and Practice Web. They
can navigate to these services via a main menu at the top. Within
these services, users can navigate to the related subfunctions.
Below, we briefly describe these distinct services.
1.

Aim of the Study
Overall, we see that analyses of users’ behavior through log
files is used in several domains and that a small number of
studies extended analyses related to quantities of usage with,
for example, cluster analyses or analyzing sequential patterns.
Moreover, research within health care information technology
is focused on the researcher’s interpretation of these log file
analyses, or a theoretical approach is used, in which log file
data are correlated with other demographic data, so that the
concrete approach toward improving health information
technology development is not suggested. Finally, to our
knowledge, no studies have been reported on the agile
professionals’ interpretation of log file analyses; therefore, an
https://humanfactors.jmir.org/2020/1/e14424
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2.

3.

Collaborate: Within collaborate, users can consult another
specialist to ask a question about a patient. Second, users
can refer a patient to a mental health group, while keeping
the opportunity to gain insight in the treatment of that
patient.
Patients: The patient area is strongly connected to the
collaborate area, and it offers users the opportunity to gain
insight in patients’ historical and current medication, as
well as their measurement values. Moreover, historical care
activities of the patient are clearly displayed in
chronological order on the patient timeline.
Declarations: The declarations area includes 4 services for
doing declarations between different health care providers
and insurers. Within this area, users do declarations, and
these subsequently appear in the declaration overview. Next
to this, the attention page gives an overview of rejected
JMIR Hum Factors 2020 | vol. 7 | iss. 1 | e14424 | p.5
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4.

5.

declarations. On the page Manual Invoices, users find and
print (to send or provide) all patient invoices that are created
in the health care systems’ mutation screen. Finally, there
is an option for creating passant invoices and third-party
invoices.
Dashboards: The dashboard area offers users the opportunity
for GPs to benchmark their results. They can make reports
for insurance companies and reflect their results in
comparison with colleagues on a financial level, as well as
on practice and patient data.
Practice Web: This part of the system offers functionalities
to the users to support daily practice. The main parts are an
address book, a to-do list, and messages. In the address
book, contact details of the institutions and care providers
who are often approached with regard to the care
surrounding the patients or the practice can be saved and
be seen by all employees. Second, with the to-do list, actions
can be assigned to the various employees, and users can
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keep track of who carried out the tasks and when these tasks
were carried out. Finally, through the message component,
internal communication is digitally recorded.
Log files were collected through this system at server side from
September 18, 2017, to October 17, 2017. They were chosen
for a set of data, covering a period of 1-month, to fit well in
agile (with a maximum duration of sprints of 4 weeks).

Data Preparation
There were 17,924 user sessions obtained from the health care
system. These were cleaned before user sessions were analyzed,
following the process described below. An example line of the
log files collected at server side can be seen in Figure 2. This
line of data comprises the date, the time, the method, the URL
requested, the status code, and the session identification number.
In this specific example, the user requests the timeline within
the patient area for a specific patient on September 3, at around
a quarter past 4.

Figure 2. Example of a line in the collected log data.

The columns date, time, URL, and session id were used. To
ensure privacy of the users, data were anonymized while keeping
the opportunity to distinguish between sessions. Second, the
URL variables were separated to allow for editing these
variables separately, in subsequent steps of cleaning the data.
Background processes were removed, to ensure that log data
only comprised page views initiated by the users. Moreover,
when users visit a page for a specific patient, a unique page
identifier is inserted. To analyze these pages for all users
together, these identifiers were removed. At last, date and time
were combined into 1 variable to use these data in detail.

As a subsequent step, each URL was precategorized into 62
page categories (eg, Upload Patient File, Patient Timeline, and
Address Book) and grouped by session numbers ordered by the
variables date and time. This way, data of user sessions are
formed. This is a set of views in a user session for a particular
website [21], between logging into the system and logging out
of the system. The server session ends when there is user
inactivity for at least 30 min. The cleaned data comprise
comma-separated strings representing user sessions. An example
can be seen in Figure 3.

Figure 3. Cleaned data comprising comma-separated strings representing user sessions.

Data Analysis
Descriptive statistics were calculated, and a process map was
obtained in Disco version 2.2.0 (Fluxicon) [22]. Subsequently,
the log files were analyzed using the statistical software R (R
Core Team) [23], within RStudio, version 1.0.143 (RStudio,
Inc). Descriptive statistics were plotted using the ggplot2
package version 3.0.0, developed by Wickham [24]; a heat map
was made, and log files were clustered using the Clickstream
package version 1.3.0, developed by Scholz [17]. The number
of clusters was chosen on the basis of an “elbow test.” These
clusters were then typified on the basis of the pages that mainly
occur within user sessions that fall within the distinct clusters.

conversation pattern, so that it closely resembles a setting, as it
occurs daily within agile.

Participants
The participants were obtained through purposive sampling.
An invitation was sent via a digital calendar to all agile team
members who worked at the collaboration department. In total,
10 Dutch-speaking employees worked at this department, of
whom 7 participated in this study. Their mean age was 31.14
years (SD 4.88 years, range: 5-39 years). A total of 6 participants
were male and 1 participant was female. Moreover, 3
participants were developers, 2 were designers, and 2 were
information analysts.

Phase 2: Focus Group and Qualitative Analysis

Materials and Procedure

To explore how agile team members can use a description of
users’ behavior on the macroscale obtained through log file
analyses, a focus group interview was carried out. A focus group
interview lends itself to questioning people in a more natural

The focus group interview was carried out in an office within
the software company. At the beginning of the focus group
interview, the participants were asked whether they agreed with
recording the interview, and they were told that these data would
be processed anonymously. All the participants agreed with
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this; thereafter, the recording of the focus group interview was
started. Notes were made during the interview, which served
as a backup in case the recording was not usable.
Subsequently, the researcher introduced the focus group
interview, and results of the log file analyses were shown. In
the introduction, the participants were told that the results of
the log file analyses were going to be presented and that the
focus was on increasing the match between the system and its
users and not on the performance of the system. A number of
examples were given, and they were told in which period the
data were collected. To increase their input, they were told that
they could respond to the analyses that they were going to see
and that there were no right or wrong responses. After this
introduction, the results were presented on a beamer in the
following order: frequency overview of pages developed by the
collaboration department, heat maps (only pages of the
collaboration department included), and the process map of all
pages. The clusters were not used during the interview, as this
would make it necessary to include results related to parts
developed by other departments. The focus group interview
continued until there was no more input from the participants.
This way, it was decided that sufficient data had been collected.

Analysis
Before the analysis, the focus group interview was literally
typed out using the F5 program. These transcriptions were
imported into Atlas.ti version 8.1.3 to analyze the qualitative
data. The data analysis took place by means of the coding
method described in the study by Onwuegbuzie et al [25]:
constant comparison analysis. The statements made by
participants were evaluated by interpreting the meaning and
assigning it a value code (open coding). A code was assigned
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to relevant information per fragment. (Parts of) Fragments
received a maximum of 1 code. These codes were then grouped
into overarching codes. Thereafter, links were sought among
the concepts, associations, and combinations. This resulted in
main groups and subgroups (axial coding). A total of 10% of
the data was double coded: once by the researcher and once by
a colleague of the researcher. The interrater reliability was
calculated by means of Cohen kappa in SPSS version 23, and
it was found to be acceptable at 0.81.

Results
Phase 1: Collection and Analysis of the Log Files
To illustrate analyses that were shown to the agile team
members, we describe the results of the first phase of this study.
In this phase of the study, log files that were collected on server
side were analyzed.

General Results
In total, 176,678 activities were conducted within 17,924 user
sessions, an average of 9.86 activities per user session. In
Multimedia Appendix 1, an overview of the distribution of these
user sessions over the days is given. On weekdays, the number
of user sessions is higher (mean 776.14) than during weekend
days (mean 96.38).
The page Patient timeline was the most visited page within these
user sessions (n=23,707), on which historical care activities of
the patient are displayed in chronological order. In addition, the
page Insert Measurement Values was then the most visited page
(n=21,215). Table 1 shows the frequency and percentage of
visits of the 6 pages that were visited most.

Table 1. Most visited pages within the health care system between September 18, 2017, and October 17, 2017 (N=176,678).
Page

Times visited, n (%)

Patient Timeline

23,707 (13.42)

Insert Measurement Values for Patient

21,215 (12.01)

Patient Settings

20,306 (11.49)

Load Messages Collaborate

17,284 (9.78)

View Report

15,472 (8.76)

Patient Treatment Plan

14,814 (8.38)

The least visited page was Change conversation topic (n=3).
This page within Collaborate is used for conversations among
several health care providers. Here, the various care providers
can consult each other about the care they give to a patient.

Changing the subject of these conversations was done least
within the health care system. Table 2 shows the frequency and
percentage of visits of the 5 pages that were least visited.

Table 2. Least visited pages within the health care system between September 18, 2017, and October 17, 2017 (N=176,678).
Page

Times visited, n (%)

Add Participants

20 (0.01)

Insight Number References to Mental Health Group

17 (0.01)

To-Do List

10 (0.01)

Delete Participants

7 (0.00)

Change Conversation Topic

3 (0.00)

https://humanfactors.jmir.org/2020/1/e14424

XSL• FO
RenderX

JMIR Hum Factors 2020 | vol. 7 | iss. 1 | e14424 | p.7
(page number not for citation purposes)

JMIR HUMAN FACTORS

Summarizing Sequential Patterns
In total, 6111 unique user sessions were found within all 17,924
user sessions. Overall, there is a lot of variation in how users
navigate through the system. This section focuses on the paths
that generally occur within user sessions. To begin with, the
main unique user session occurred in 5.99% (1074/17,924) of
all user sessions; this comprised Insert Measurement Values
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for Patient and Patient Timeline, followed by the page Patient
Settings and, finally, Patient Treatment Plan. To gain an
understanding of the sequence of all user sessions, a process
map was obtained in Fluxicon Disco. This process map can be
seen in Figure 4, in which the level of detail for Activities (or
page categories) was set to 8.8% and Paths (or transition
between pages) was set to 3.7% in Fluxicon Disco.

Figure 4. Overview of how users generally navigate through the system. The start of the process is illustrated by the triangle symbol at the top of the
process map. Similarly, the end of the process is illustrated by the stop symbol. Pages are represented by boxes and the process flow between 2 pages
is visualized by an arrow. Dashed arrows point to page visits that occurred at the very beginning or at the very end of the process. The absolute frequencies
are displayed in the numbers at the arcs and in the boxes. The thickness of the arrows and the coloring of the activities visually support these numbers.

In Figure 4, we can see that there are 7254 user sessions in the
dataset, which all start with the page Insert Measurement Values
for Patient. Moreover, users navigated to the page Insert
Measurement Values for Patient from the pages Patient
Treatment Plan (n=4236) and Referral Configuration (n=1368).
Thereafter, the user sessions split into 2 alternative paths: In
18,180 user sessions, the page Patient Timeline was visited after
Patient Treatment Plan. The other 2439 user sessions navigated
to Patient Settings instead. In total, the page Insert Measurement
Values was visited most often (in total 21,215 times), which is
more than the number of user sessions within the data
(n=17,924). This comes from the dominant loop that goes
indirectly through the Patient Timeline. Repeatedly, the Patient
Treatment Plan was reanalyzed while observing and inserting
measurement values for the patient.
Another remarkable result in this figure is how and where the
pages View Report and Download Reports occur in the user
sessions, as they are graphically far removed from the other
page categories. Moreover, there is an arrow pointing from and
toward both categories, indicating repetition in visiting these
page categories. The page View Report was visited 15,472
times, which allows users to make reports for insurance
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companies and reflects their results in comparison to colleagues
on a financial level, as well as on practice and patient data. From
this page, 2177 users continued their path with visiting
Download Reports. This page (Download Reports) was visited
5494 times, from which 1080 users visited View Report.
Similarly, after downloading reports within the health care
system, 2850 users continued their path with downloading
reports. There are a number of such patterns in the process map.
For the readability of this study, these are not all mentioned in
the text (see Figure 4 for patterns). Figure 4 also shows that,
generally, user sessions ended with visiting the page Patient
Treatment Plan.

Heat Mapping Log Files
To explore how users’ behavior can be described by a heat map,
log files were modeled with a first-order Markov Chain. A heat
map was plotted for this transition matrix, with the y-axis
representing the current page category and the x-axis
representing the next page category. In Figure 5, we see that
users often navigated to the pages Insert Measurement Values
and Load Messages Collaborate. Moreover, we see that there
is a high probability of users repeatedly navigating from page
Address Book toward the page category Address Book again.
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Figure 5. Heat map of log files. The pages on the vertical line show from which page the user navigates, and the horizontal line shows the pages toward
which page a user navigates, where yellow squares stand for low transition probabilities, red squares stand for high transition probabilities, and orange
squares stand for intermediate transition probabilities. GPIS: general practitioner information system.

This page was visited for a total of 133 times in a 1-month
period. A page visited for a small number of times such as this,
relatively, would not appear quickly in a process map that gives
an overview of the main visited pages.

Clustering User Sessions
Finally, the user sessions were divided into clusters with similar
browsing patterns (see Table 3). First, 1 randomly chosen day
in the log files was picked for the cluster analysis because of
limited computational power. These data were then divided into
5 clusters, on the basis of the “elbow test.” The clusters were
typified on the basis of the pages that appear in these clusters.
The 5 clusters are named as the Information-seeking cluster
(sum of squares [SS]=96.16), the Collaborative cluster
(SS=99.27), the Mixed cluster (SS=193.40), the Administrative
cluster (177.57), and the Patient-Oriented cluster (SS=378.02).
The total SS within groups was 944.42 and the between SS was
561.49.
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Cluster 1, the Mixed cluster (n=311), shows a clear variance of
events from event categories View Report, Registration Message
Application, and Conversations Application Collaborate. As
most user sessions belong to this cluster, these can be interpreted
to be the most typical sessions. This shows that the most typical
user session involves a variety of tasks that can be performed
within the system, meaning that users value the wide range of
tasks offered by the system.
Cluster 2, the Patient-oriented cluster (n=277), is also a very
dominant cluster, as it is the second most common among the
user sessions. User sessions that fall within this cluster are
oriented around the patient. Users are actively searching for a
patient’s timeline, changing the settings of the patient, and
entering measurements for that patient. This cluster seems to
coincide with the layout of the system, of which a part is divided
into searching and inserting patient data.
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Table 3. Clusters with similar browsing patterns, along with the number of user sessions that were grouped into these clusters and the 3 most visited
pages within the clusters.
Cluster

User sessions
within cluster, n

Most visited page

Second most visited page

Third most visited page

Mixed

311

View Report

Registration Message Application

Conversations Application Collaborate

Patient-oriented

277

Patient Timeline

Patient Settings

Insert Measurement Values for Patient

Information-seeking

64

Download Reports

View Report

Population Dashboard

Collaborative

54

Load Messages Collaborate

Registration Message Application

Conversations Application Collaborate

Administrative

15

Download Declaration

Overview Rejected Declarations

Download Referral Letter

Cluster 3 is the Information-seeking cluster (n=64). This cluster
shows a dominance of page categories Download reports, View
Report, and Population Dashboard. It is the most information
behavior–related cluster, as it reveals the users searching for
which patients have visited the GP and what they have done
there through reports.

Finally, the Administrative cluster (n=15) is the pattern that is
least dominant in the user sessions. This cluster is typified by
the administrative purposes that are performed within the
sessions. The page categories are related to downloading
declarations, looking at an overview of rejected declarations,
and downloading referral letters.

The Collaborative cluster (n=54) shows a dominance of sessions
involving collaboration with other care providers. The pattern
of loading messages within Collaborate, followed by doing
registrations for the message app and visiting this message app,
shapes a picture of users looking at their notifications from other
care providers and being actively involved in contacting these
other providers.

Phase 2: Focus Group and Qualitative Analysis
A total of 4 main codes were found in the qualitative data,
namely, Hypotheses, Path comparison, Benchmarking, and
Prioritize. The number of times codes were found in the data
can be found in Table 4. In this section, these codes will be
defined, and the variance will be described using prime
examples.

Table 4. Main categories and subcategories found in the qualitative data.
Main category and subcategory

Count (n)

Hypotheses

34

Usability problems

19

User requirements

6

Other systems

10

Path comparison

31

Logical paths

13

Illogical paths

12

Incomplete paths

4

Benchmarking

22

Page visits

19

Users

3

Prioritize
Redesign

4

Making improvements

13

Hypotheses
The code Hypotheses was found 34 times in the data obtained
through the focus group interview. On the basis of the results
of the quantitative phase of this study, participants mainly
communicated ideas about the cause of these results. These
hypotheses of the participants were related to usability problems,
user requirements, or the way of working in combination with
https://humanfactors.jmir.org/2020/1/e14424
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other systems. Usability problems were often mentioned while
discussing the heat maps. Participants focused mainly on the
diagonal line of the heat maps to think of usability problems.
On this line, participants could see how often a specific page is
followed by loading the same page again. Examples of usability
problems that were mentioned are lack of feedback, lack of
clarity as the system is often adjusted, or entering incorrect
JMIR Hum Factors 2020 | vol. 7 | iss. 1 | e14424 | p.10
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passwords. An example of a usability problem related to the
lack of feedback was mentioned by participant 1:
Yes, we have just made a disable for that. Because
Teledia received double or triple registrations. You
had to press “sign up” there and then you had to wait.
But there was nothing to indicate that it was logging
in at that time. That’s why they clicked again: they
thought “nothing happens.” [Participant 1,
information analyst]
Participants also formulated hypotheses that were related to
user requirements related to functions that are unavailable within
the system, on the basis of the heat maps and frequencies of
page visits. For example, respondents mentioned that deleting
messages occurred much more often than leaving the
conversation. Moreover, the heat map revealed that after opening
a conversation, users are inclined to directly delete the message.
When a message is deleted, users cannot obtain the information
about these messages anymore, whereas when leaving a
conversation, this possibility is retained. Thus, according to the
participants, there is no need for an archive function. An
example of a participant mentioning this is the following:
Well, if you leave the conversation then you say: “Ok,
I have nothing to do with this conversation, but I want
to be able to read it later.” [Participant 1, information
analyst]
Finally, participants formulated hypotheses related to the way
the system is used along with other systems, as well as reasons
for this way of working with the other systems. Usability
problems are also formulated on the basis of these hypotheses.
Participants are focused on the page from which users go to
another system or the other way around. The movement toward
another system indicates missing parts in the system. Moreover,
when users move toward the system from another system, this
is an indication for functions that users find valuable. They
inferred this because of the fact that users have to take extra
steps from another system to use these functions. Moreover,
based on the heat map, participants form hypotheses on the
basis of the diagonal line. When there is a lot of repetition, users
see another system as the starting point for carrying out their
tasks. An example is the repetition of navigating to Extendia
page categories from a GPIS. On the basis of this, the
participants also formulate usability problems, for example,
there is not a possibility to search on the basis of maiden name.
Participant 6 mentioned this (this quotation is related to a loop
that occurred in the process map):
The user is working from GPIS, and goes to Extendia
via health portal with a button navigating to Extendia.
When you do this a new tab opens with that patient
information. And when you’re done, you close that
tab again and then you go to your GPIS again, where
the user searches the next patient. From there the
user goes back to the Extendia button and then
Extendia opens again. [Participant 1, information
analyst]
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Path Comparison
The code Path comparison was found 31 times in the data
obtained through the semistructured interview. On the basis of
the results of the quantitative phase of this study, participants
compared the paths that occurred in the log data with their
expectations of how users navigate through the system. Paths
are defined here as a sequence of requests to the server in time
(as shown in the heat map and process map). The comparison
of paths in the results with their expectations was logical,
illogical, or incomplete. Participants mentioned logical paths
through the system, by which they mention that users carry out
the steps in the right order to fulfill their tasks. This gives reason
to state that certain parts of the system must be maintained in
the same way. An example of a participant mentioning this is
the following:
But that is to be expected right. You start a
conversation with someone. You get an answer, and
then you’re done. [Participant 3, developer]
Contrary to mentioning paths that match their expectations,
participants also mentioned paths through the system, which
did not match their expectations (process map and heat map).
Moreover, they mentioned results indicating that users carry
out certain steps toward fulfilling a certain task, but users do
not complete these tasks (do not go through the final steps). An
example of such an incomplete path was described as follows:
But now it becomes very complicated because the
user does not close the referral. At a given moment
this patient still appears to be in the overview. Then
that user calls us to ask how this referral can be
closed, and then we have to search for a long time,
and then we finally come to the conclusion that the
user has not closed the referral at the end. [Participant
3, developer]

Benchmarking
Third, participants formulated thoughts related to the frequencies
that were displayed, regarding the use of the system. They
wanted to compare these frequencies with other frequencies to
obtain valuable clues about possible navigation problems within
the system. These comments were coded as Benchmarking, and
these appeared 22 times in the qualitative data. First, the
participants compared the number of page visits with another
number of page visits to get an idea of the use relative to another
function. For example, they compared the number of times the
conversation topics were changed with the total number of
messages that were opened. This gave indications for whether
users find these functions valuable. Second, it seemed useful
to the participants to compare frequencies of the use in the past
with the current frequencies of use. For example, they could
see whether recent developments concerning new users led to
a logical increase in the number of page visits. An example of
a participant mentioning this is the following:
So, if you analyze the frequencies, there is an
opportunity to see whether the usage increases
enough when a new care group is added to the system.
If not, this gives reason to think something is not
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going well with the implementation of the system for
the new users. [Participant 1, information analyst]

Prioritize
Finally, participants indicated opportunities for the results to
be used for prioritizing within the agile development process.
This code, Prioritizing, occurred 17 times in the data. First, they
mentioned some cues in the results for prioritizing a redesign
of the system. To illustrate, if users had to navigate to a
frequently visited page via a drop-down menu, this would give
priority to redesigning this page. Navigating to this page should
then be possible via a main menu. This was also the opposite
for less visited pages. Second, they mentioned that the frequency
of page visits provides clues for increasing or decreasing priority
for making improvements to the system. An example of this is
a participant mentioning the following:
Well, I think this is a very interesting result, because
my colleague is doing a lot to improve that page. That
is adjusted every time, and uhhhh, that kind of things,
but this page is almost never used. [Participant 1,
information analyst]

Discussion
Principal Findings
The goal of this study was to explore the usefulness of log file
analyses within the agile development method to increase the
match between the health care system and its users. We have
found that analyzing log files seems to provide agile
professionals valuable insights into users’ behavior. This is in
line with previous research related to health information
technology, in which it was shown that researchers interpreted
log file analyses into valuable insights into users’ behavior
[8,18,26]. The important innovation of this study is that
researchers looked at what you can do with these log file
analyses and professional agile team members were also asked
about how they can use these in practice. This is obviously very
valuable, as health care information technology is mostly
developed in software companies working according to agile.
Below, we will elaborate on the contribution of our study.
First, we illustrated the results of summarizing sequential
patterns, which provided insight into the prominent order that
occurs within user sessions. In our view, the prominent order
was related to the effectiveness with which users navigate
through the system, which is in line with the research carried
out in the study by Sieverink et al [18]. For example, the loop
between View Report and Download Reports indicated that
users repeatedly download reports after having viewed them.
If the system would have offered an option to download several
reports at once, these navigation paths could be more efficient.
Agile team members were mainly interested in comparing
expected paths with the actual paths in which users navigate
through the system, while looking at summaries of sequential
patterns.
Second, we described how, in our view, heat mapping log files
provided insight into the transitions between lesser visited pages
within the system. Thus, this was a more detailed overview of
the simplified representation of summarizing sequential patterns.
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The addition of the heat map gave valuable prompts for possible
bottlenecks in key functions within the system. It may be that
a page is not visited often, but it also may be that it does have
an important function. For example, the link between GPIS and
the health care system only needs to be made once, but if this
does not work, the health care system will be virtually unusable.
The agile team members focused mainly on the diagonal line
for stating hypotheses concerning usability problems. On this
diagonal line, agile team members saw repetitions in page visits
by the users. This approach is different from the one used in
the study by Elizabeth and Cimino [19]. In that study, they tried
to find out information needs on the basis of this sort of analyses,
where we found that it mainly provides insight into possible
usability problems. The reason for this is probably the different
form of log data (search query logs), which was used in that
study [19], as Web logs of search queries are only related to a
specific part of the system. Moreover, analyzing search queries
is not necessarily related to existing components within the
system.
Third, the clusters provided insight into groups of user sessions
led by similar mental models of the system, which is in line
with the study by Huerta and McAlearney [26]. The variation
that exists between user sessions could be summarized in 5
clusters, creating an understanding of differences in user
behavior. In this way, the user behavior can also be looked at
in a more personalized way. We also saw a clear example of
how mental models can change during the use of a system. For
example, the Administrative cluster was the least dominant
cluster, whereas in the first instance, the system only offered
tasks related to administration. The current approach of log file
analysis differs from, for example, clustering user groups on
the basis of survey and medical record data [27], as well as on
the basis of interview data [28]. Although these approaches all
aim for a description of user groups, the approach used in this
study has the advantage of not requiring labor-intensive data
collection that is often unfeasible within the agile process.
However, the current approach can only be realized once (a part
of) the system is already developed and available to its users.
Therefore, one of the approaches, as described in the studies by
Holden et al [27,28], is recommended when one is at the start
of the health care informatics development process. When this
initial stage of the development process has passed, the current
approach might be used as a solution to the lacking distinction
that is made between the customer and the user within agile
[3,5,6]. By creating insight into the variation in user behavior,
agile professionals are forced to see whether the input from
customers and users within agile provides enough insight into
users’ behavior, by comparing this with the full range of user
behavior observed in the cluster analysis.
These findings give rise to recommending several ways in which
log files analyses can be fitted into the agile process. To begin
with, in the study by Russell [16], investigating user behavior
at all 3 levels (micro, meso, and macroscale) was suggested so
that a more complete picture is obtained to improve or evaluate
the system. For example, usability problems can be found on
the microscale, and this can be supplemented with affective
responses found on the mesoscale to obtain a more complete
view. However, in this study, it was found that on the basis of
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analyzing user behavior on the macroscale, hypotheses can be
drawn about users’ behavior on the other scales. Therefore, we
argue that not all scales should be described at the same time
but that insight in macroscale users’ behavior should be used
to adjust the methods for collecting data about users’ behavior
on the other scales. To illustrate this, a hypothesis concerning
usability problems related to the main menu, on the basis of log
file analyses (macroscale), will then result in an interview with
users about their response to this specific main menu
(mesoscale). In the study by Gulliksen et al [6], it was claimed
that the iterations of the agile process are too fast for adopting
UCD methods properly, and by giving directions to these UCD
methods with log file analyses, the time to collect data on
specific parts can be largely shortened by only focusing on
specific parts. We argue that these translations to an approach
for further UCD research will be carried out by UCD specialists,
as they are able to infer which goals the user had when going
through these paths, while looking at the log data [29]. At the
same time, analyses of macroscale users’ behavior enable the
UCD specialists to be heard more in agile software development
[6], as we found that agile professionals received the log file
analyses positively during the interview.

Limitations
The qualitative part of this study was based on an elaborate
focus interview with relevant stakeholders. However, no
follow-up or additional interviews were done to establish
saturation with respect to the themes suggested here. It is
important to note that the focus interview continued until all
stakeholders felt they had contributed all they could, and in this
way, it was established that enough data had been collected.

ten Klooster et al
Nevertheless, now that we have put forward a method to
integrate the log files in the agile process, it would be of value
to replicate our qualitative themes in a similar environment.
A further limitation is the generalizability of this study. The
data of this study were collected at a large-scale software
company developing health care software. However, no data
were collected of small-scale (1 team) or very large-scale (more
than 10 teams) software companies. Agile team members of
small-scale and very large-scale software companies might have
different views on ways in which insights into users’ behavior
might be used because of the differences in coordination
approaches during software development [30]. However, the
goal of this study was to explore how a description of users’
behavior within a complex health care system can be of added
value within the agile development method. Complex health
care software systems are defined as systems that comprise
several components, which must also be able to function
independently. On the one hand, it can be assumed that the more
complex health care systems are developed within larger
software companies. On the other hand, the cluster analysis
could be useful in small software companies, as they work with
less separate departments on the software, allowing agile team
members to understand the meaning of the clusters. Importantly,
this study provides a framework on how to examine the
usefulness of and provides a starting point for integrating log
file information in agile development in a variety of contexts.
To overcome the previously mentioned limitations, this
framework can be used in follow-up research investigating the
added value in small-scale and very large-scale software
companies.
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Number of user sessions over the days between September 18, 2017, and October 17, 2017.
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Abstract
Background: Sickle cell disease (SCD) is a hematological genetic disease affecting over 25 million people worldwide. The
main clinical manifestations of SCD, hemolytic anemia and vaso-occlusion, lead to chronic pain and organ damages. With recent
advances in childhood care, high-income countries have seen SCD drift from a disease of early childhood mortality to a neglected
chronic disease of adulthood. In particular, coordinated, preventive, and comprehensive care for adults with SCD is largely
underresourced. Consequently, patients are left to self-manage. Mobile health (mHealth) apps for chronic disease self-management
are now flooding app stores. However, evidence remains unclear about their effectiveness, and the literature indicates low user
engagement and poor adoption rates. Finally, few apps have been developed for people with SCD and none encompasses their
numerous and complex self-care management needs.
Objective: This study aimed to identify factors that may influence the long-term engagement and user adoption of mHealth
among the particularly isolated community of adult patients with SCD living in low-prevalence, high-income countries.
Methods: Semistructured interviews were conducted. Interviews were audiotaped, transcribed verbatim, and analyzed using
thematic analysis. Analysis was informed by the Braun and Clarke framework and mapped to the COM-B model (capability,
opportunity, motivation, and behavior). Results were classified into high-level functional requirements (FRs) and nonfunctional
requirements (NFRs) to guide the development of future mHealth interventions.
Results: Overall, 6 males and 4 females were interviewed (aged between 21 and 55 years). Thirty FRs and 31 NFRs were
extracted from the analysis. Most participants (8/10) were concerned about increasing their physical capabilities being able to
stop pain symptoms quickly. Regarding the psychological capability aspects, all interviewees desired to receive trustworthy
feedback on their self-care management practices. About their physical opportunities, most (7/10) expressed a strong desire to
receive alerts when they would reach their own physiological limitations (ie, during physical activity). Concerning social
opportunity, most (9/10) reported wanting to learn about the self-care practices of other patients. Relating to motivational aspects,
many interviewees (6/10) stressed their need to learn how to avoid the symptoms and live as normal a life as possible. Finally,
NFRs included inconspicuousness and customizability of user experience, automatic data collection, data shareability, and data
privacy.
Conclusions: Our findings suggest that motivation and engagement with mHealth technologies among the studied population
could be increased by providing features that clearly benefit them. Self-management support and self-care decision aid are patients’
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major demands. As the complexity of SCD self-management requires a high cognitive load, pervasive health technologies such
as wearable sensors, implantable devices, or inconspicuous conversational user interfaces should be explored to ease it. Some of
the required technologies already exist but must be integrated, bundled, adapted, or improved to meet the specific needs of people
with SCD.
(JMIR Hum Factors 2020;7(1):e14599) doi:10.2196/14599
KEYWORDS
mHealth; wearable devices; self-management; sickle cell disease; patient engagement; adoption; motivation; user computer
interfaces; health behavior; persuasion

Introduction
A Tsunami of Mobile Health Apps for Chronic Disease
Self-Management
Mobile health (mHealth) apps are flooding the app stores, with
200 new apps each day [1]. Many apps can significantly improve
health outcomes [2,3] by supporting people with diverse medical
conditions [4]. However, little is known about the app usage
frequency and long-term engagement among chronic patients
[5,6]. Indeed, Robbins et al [7] underlined that people who
would most benefit from such apps underuse them. To promote
mHealth usage, app developers need to comprehend what could
motivate patients to engage in mHealth [8]. The theory of
reasoned action [9,10] demonstrates that the likelihood to engage
in a specific behavior is a function of the motivation to perform
it. Authors, such as Coa et al [11], confirmed that calculating
baseline motivation levels could predict retention rates for apps.
To influence people’s motivation through persuasion rather than
coercion, the field of persuasive technology offers novel
user-centered approaches (ie, cocreation) [12-18].

The Case of Sickle Cell Disease: One of the World’s
Most Neglected Chronic Diseases
In this paper, we focus on sickle cell disease (SCD). SCD is the
most common monogenic blood disorder in the world. Studies
approximate 400,000 neonates per year [19,20] and between
25 and 100 million patients worldwide living with the disease
[21,22]. In this study, we specifically target populations from
low-prevalence areas of high-income countries. In these settings,
the disease is underresourced, research-derived evidence is
lacking, and patients are particularly isolated [23].
SCD is still a serious illness. Hemolytic anemia and
vaso-occlusive pain crises (VOCs) are the hallmarks of the
disease [24]. Patients may suffer severe and potentially lethal
complications
[25].
Hydroxyurea,
the
preferred
disease-modifying treatment, is underutilized and not effective
for every patient [26]. Furthermore, the only curative option,
bone marrow transplant, is largely inaccessible [27].
However, public health interventions such as regional screening
programs, preventive care, coordinated care and comprehensive
care plans have been introduced in the major regions of
high-prevalence, high-income countries [28]. These
interventions drastically reduced early childhood mortality and
made SCD shift to a chronic disease of adulthood [29].
Nevertheless, such programs have not been implemented widely
and remain virtually absent in most low-prevalence, high-income
http://humanfactors.jmir.org/2020/1/e14599/
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countries [20,30]. In addition, there are few trained physicians
and access to specialized health care is suboptimal [31-33].
Indeed, patients with SCD are particularly prone to confront
stigmatization, to suffer unequal treatment, and to experience
health care injustice (ie, perception as drug seekers) [33-35].
This often leads to mistrust between patients and health care
providers [36,37]. As several studies demonstrated [38-44],
when patients arrive in emergency departments, the lack of
objective hematological findings and little awareness of those
findings make health care providers suspicious of the veracity
of a VOC. This distrust makes the SCD community infamously
difficult to recruit in research initiatives and hard to engage in
interactions with medical providers, and the distrust also lowers
adherence to medical recommendations [36,45-48].
Consequently, most patients are left to self-manage and rely on
poor-quality health care, and they report low levels of quality
of life [49,50].

Persuasive Mobile Health Interventions to Support an
Undersupported Population
To make matters worse, as several studies demonstrated [51,52],
self-care management is challenging for people with SCD.
Indeed, managing the numerous potential precipitating factors
of VOCs requires high levels of self-efficacy [52-55].
Well-known triggers [56] include inadequate diet, stress (ie,
exertional, oxidative, and psychological), infections,
inflammations, acidosis, dehydration, fatigue, chronic hemolysis,
hypoxia, smoke inhalation, alcohol intoxication, pregnancy,
and environmental factors (ie, altitude, pollution, extremes of
temperature, climate, and wind speed). As a consequence, SCD
self-care management practices require patients to pay special
attention to everything. In a usual day, extreme temperature
changes, bad weather, and high altitudes should be avoided;
eating behaviors should be optimized with regular hydration;
exercise should be moderate and not exhausting; rest should be
sufficient; prescribed drugs should be taken; and stress should
be managed and avoided as much as possible [50,57-59].
Finally, as in all diseases, socioeconomic factors such as
education levels, occupation, or income play an important role
in empowering patients [60,61].
mHealth apps, because of their relatively low cost and wide
reach, could offer a potential route to support patients’ numerous
self-management tasks [62]. Little work has been done to design
tailored mHealth interventions for the comprehensive
self-management needs of patients with SCD [63,64]. Today,
most existing apps and research focuses on medication
adherence [65]. Consequently, solutions encompassing the
JMIR Hum Factors 2020 | vol. 7 | iss. 1 | e14599 | p.17
(page number not for citation purposes)

JMIR HUMAN FACTORS

Issom et al

multiple components of SCD self-management are absent. Shah
et al [66] suggested that patients with SCD could be interested
in such tools. However, as with other chronic diseases, little is
known about those patients’ mHealth app adoption and
long-term engagement.
This paper is the last component of a study from which
preliminary results have already been published [67]. This prior
publication was the first to elaborate on mHealth long-term
engagement among patients with SCD. The authors explored
common motivational patterns for mHealth use between patients
with SCD, patients with diabetes, and healthy people.
This paper focuses on adults with SCD living in low-prevalence
areas of high-income countries. It was aimed to assess patients’
requirements in terms of value-adding digital health tools and
to guide the development of future mHealth interventions that
people with SCD would want to use.

Methods
Inclusion Criteria
To be part of the study, applicants had to be diagnosed with
SCD or be the caregiver of a person with SCD. Participants had
to be at least 18 years old and able to understand French or
English. People who had been cured (ie, bone marrow
transplantation) were excluded.

Recruitment
The sample for this study was a convenience sample from
Switzerland and Norway, two very low-prevalence, high-income

countries. Indeed, compared with an average in the European
Union of 2.5 cases in 10,000 people [68], these two countries
have less than approximately 1 to 4 cases per 100,000 people
[69-71] and a total of approximately 100 adult patients with
SCD. We recruited participants through the national patient
associations’ online support groups. In all, 64 individuals with
SCD were invited to participate. One week after the initial
invitation, nonresponders were sent a reminder.

Instrument
The first author (DI), an expert patient, conducted most of the
semistructured interviews using the guide presented in Table
1. The choice of an insider interviewer was made to build a
trusted, warm, and open rapport with the interviewees and to
maximize the reception of honest and open responses. In
addition, the interviewer was already familiar with some
participants. JR conducted the test interviews. Both interviewers
have many years of interview experiences. Interviews were
conducted in locations convenient and comfortable for the
participants (ie, university and private address).
The interview guide was developed previously as a joint effort
by all coauthors [67]. It was divided into five themes: (1)
preliminary questions, (2) goals, expectations, and attitudes, 3)
electronic health literacy and data integration, (4) wearables
and sensors, and (5) data sharing. Data saturation was reached
and determined by no new information emerging after
conducting interviews with all participants. Interviews were
audiotaped and lasted approximately 60 min. Questions were
open ended, and discussions were conducted flexibly. Questions
were ignored or adapted relative to the context.

Table 1. Overview of the questions asked during the interviews.
Themes

Questions

Preliminary questions

•
•

What is most important for you in your life?
If you had access to a new health technology, which purpose or features should it have?

Goals, expectations, and attitudes

•
•
•

What motivates and demotivates you to access Web-based health information?
What are the most difficult things about your self-care?
What could help you become more autonomous with your self-care?

Electronic health literacy and data integration •
•

Have you ever used an app that collects health data?
What factors would discourage you from using such an app?

Wearables and sensors

•
•

What indication would you expect from wearable sensors for health self-monitoring?
What is the most valuable indication you would want from devices collecting your data?

Data sharing

•
•

What would you share with other patients, caregivers, and doctors and why?
What feedback should be provided by the system?

Data Analysis
First, transcriptions of the resulting interviews were deidentified.
Second, an inductive thematic analysis was conducted using
the guidelines and checklist from Braun et al [72]. Codes were
extracted by reading the interviews recursively. Third, emerging
patterns were clustered together and checked for variability and
consistency. Themes were interpreted by reading the codes back
and forth. Once saturation was reached, themes were mapped
across the capability, opportunity, motivation, and behavior
http://humanfactors.jmir.org/2020/1/e14599/
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model (COM-B), hub of the behavior change wheel (BCW)
framework [73]. The BCW is a fairly recent, theory-driven
approach that helps to design health interventions for preventive
care [73]. With the specific reading grid it provides, it allows
us to identify barriers and enablers of engagement in any
intervention and in our particular case, to identify factors that,
if implemented together, may elicit the long-term engagement
and user adoption of mHealth apps [74-76]. Transcripts were
organized and coded using ATLAS.ti version 8.3.20.0
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(ATLAS.ti Scientific Software Development GmBH, Berlin,
Germany).
Finally, to make it easier for software developers to comprehend,
themes were categorized into functional requirements (FRs)
and nonfunctional requirements (NFRs) [77]. In software
engineering, FRs are descriptions of the specific behaviors and
functions of an information system. They make explicit the
features a software should offer to the end user. In other words,
it describes what the system should do [78]. NFRs are
descriptions of how the system should operate, which is not
linked to the functionalities. To put simply, NFRs define how
the system should be (eg, responsive, intuitive, fast, and secure).

Ethics and Study Approvals
The Norwegian Regional Committees for Medical and Health
Research Ethics and the Swiss Regional Research Ethics

Issom et al
Committee approved the study protocol and interview questions.
As required by committees, all participants gave informed
consent before the interview, and responses were anonymized.

Results
Participant Characteristics
A total of 11 participants (7 males and 4 females) agreed to join
the study. In all, 8 patients and 3 caregivers took part in the
study, but 1 patient withdrew because of a VOC. This led to a
total of 7 patients and 3 caregivers participating in the study.
Patients were aged between 21 and 55 years. A total of 7
participants were residing in Switzerland, 3 in Norway, and 1
was partly residing in the Democratic Republic of the Congo
and in Switzerland. Table 2 presents the demographics of the
population studied.

Table 2. Distribution of characteristics of the studied sample (N=10).
Characteristics of respondents

Value

Gender, male, n (%)

5 (50)

Age (years)
Mean (SD)

35.6 (9.41)

Median

37

Country of residence, n (%)

a

Switzerlanda

7 (70)a

Norway

3 (30)

Democratic Republic of the Congoa

1 (10)a

One respondent was partly residing in the Democratic Republic of the Congo and in Switzerland.

Interview Results
This section shows extracted themes from the interview data.
The themes were classified into 31 FRs and 30 NFRs. We
organized them with the COM-B framework and illustrated
them with quotations from interviewees. Table 3 presents some
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of the most frequent themes that appeared during interviews.
Each theme is an FR or an NFR and belongs to a COM-B system
category. In the table, themes are sorted by COM-B system
attribute, type of requirement, and then by the number of quotes.
The complete list is available in Multimedia Appendix 1.
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Table 3. Overview of potential influencers of adoption through the capability, opportunity, motivation, and behavior (COM-B) lens.
Requirement

Quotes

COM-B system

Type

Prevent crises by avoiding symptoms

12

Automatic motivation

Functional

Family and social community support (shareability)

15

Automatic motivation

Nonfunctional

Gain more control on disease through daily self-care support 28

Physical capability

Functional

Limit management

9

Physical capability

Functional

Importance of information trustworthiness

17

Physical opportunity

Nonfunctional

Invisibility or inconspicuousness

9

Physical opportunity

Nonfunctional

Similarity with messaging apps

8

Physical opportunity

Nonfunctional

Automatic reminders and automatability

5

Physical opportunity

Nonfunctional

Simplicity

3

Physical opportunity

Nonfunctional

Learn trigger factors

14

Psychological capability

Functional

Predict health outcomes

11

Psychological capability

Functional

Receive threshold alerts

10

Psychological capability

Functional

Feedback on self-care practices

17

Psychological capability

Nonfunctional

Customizable

8

Reflective motivation

Nonfunctional

Privacy

4

Reflective motivation

Nonfunctional

Learn what other patients do

14

Social opportunity

Functional

Physical Capability
All participants were concerned about not being able to better
predict the onset of VOCs or avoid chronic complications.
Another point to consider is that many differentiated general
daily self-management skills (ie, pain management) from
preventive care (ie, symptoms prevention). As one patient said:
It’s difficult when the situation changes in a short
time and prevents you from being active, without
warning. When suddenly you cannot do anything.
[Patient 5, 49 years]
In addition, a couple of interviewees said they would want novel
technologies that automatically regulate their hematologic
parameters (ie, hemoglobin concentration, leucocyte adherence
to vascular endothelium) [79]. Accordingly, a participant
proposed a very innovative solution:
I would like nanorobots that help my blood stay
normal, self-regulate. [Patient 9, 30 years]

Psychological Capability
The majority of participants desired to receive feedback about
SCD self-care tasks. Most emphasized the difficulty of managing
their own limits. Some wished to be warned before exceeding
their physical limitations. Namely, an interviewee proposed:
A sensor that informs me if I can go into the water
or…when I play sport, a sensor that allows me to
know what I have to limit, if there is a threshold not
to exceed. [Patient 1, 21 years]
Importantly, most of participants suggested that such warnings
should be detected with wearable sensors, releasing their
cognitive load. This can be illustrated by the following quote:

http://humanfactors.jmir.org/2020/1/e14599/

XSL• FO
RenderX

Something that shows my limitations. For example,
I would not want something that tells me 'if you go
on like this, you're going to have a crisis'. But
something configurable. Because, I like pushing my
limits. For example, when I’m walking, well... first it
must realize that I’m walking, but it could ask me how
I feel, learn my limits. [Patient 9, 30 years]

Social Opportunity
For most participants, learning about other patients’ self-care
practices was a very important concern. A majority of the
participants said they would like to share their own experiences
on digital platforms. For example, one participant said:
An indication of good health. And see what influences
what in whom. Compare what people do to feel good.
[Caregiver 1, 37 years]
Many participants stressed the importance of social support.
Some stated that mHealth could help them communicate their
needs. As one participant suggested:
Help family members to better understand the
problem, but also for crisis prevention, teach people
how to manage the disease. [Caregiver 3, 49 years]
A majority of participants reported using social media for
information sharing, communication, or entertainment. Only a
minority of them used social media to get health information.
Many participants deplored the absence of mechanisms to easily
access and control the quality of information. As one participant
said:
How to check the veracity of information sources and
information. How to demonstrate that it is validated
information. We can already see that fake news may
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[Patient 2, 37 years]

Physical Opportunity
For several interviewees, it was crucial to receive trustworthy
information. Many suggested that wearable sensors could
support this. As one participant highlighted:
Indications that support my decisions, based on sensor
data or collected data. An alert, a barometer that
allows me to refocus and would say: “be careful, be
careful, your temperature is high, your hemoglobin
is low, your CRP is high, your oxygen is low, you
should rather be at this level.” [Patient 9, 30 years]
Several participants stated that information overload would
demotivate them for long-term engagement, specifying that
mHealth apps should be as discreet as possible. Furthermore,
most participants recognized the potential usefulness of
notifications, but only if discreet and not disturbing. As one
participant stressed:
Yes, but not frequently, not something that screaming
“you're sick! you're sick!” [Patient 7, 55 years]
Notwithstanding, the majority of participants preferred user
interfaces that are simple to use and do not require a high
learning curve. Some participants believed messaging software
was the best inspiration because of its intuitive interface. As
one caregiver said:
A technology that is easy to use, user-friendly for the
digital illiterate. A system using widespread
technologies. A system, an application that has a long
life cycle. Proven technology like messaging, a simple
thing that everyone can understand. [Caregiver 2, 37
years]

Motivation
Reflective Motivation
Importantly, a majority of the participants were not using
mHealth apps. One of the 10 participants reported using Apple
Health for menstruation management, hydration, and physical
activity management. Two participants reported using Samsung
Health for blood oxygen recording and physical activity
management. Another point to consider is that all participants
expressed a lack of specificity and adaptability to SCD
particularities in the usual health apps (ie, normal values for
people with SCD are the values indicating a disease in healthy
people). As one participant stressed:
Things should be adapted, for instance since oxygen
or arrythmia are usual for SCD. It should be adapted.
It's difficult to compare to normal people. [Patient 6,
35 years]
Privacy issues were also a fundamental concern for most
interviewees. Many feared to lose control on their data. As one
participant said:

Issom et al
Finally, most participants preferred customizable information
systems. As one interviewee said:
I want to be the decision maker of what I share. I want
to control what I receive. [Patient 9, 28 years]
Automatic Motivation
The three main motivators identified were (1) strengthen social
support, (2) prevent VOC, and (3) reduce the limitations to
functioning and independent living. Regarding the first
motivator, participants wished to be able to enjoy with their
families and give back to their communities. As one participant
said:
My daughter is the most important thing in my life,
because of that, I must not forget my health. If I’m
not happy she’s not happy. [Patient 7, 55 years.]
Regarding the second motivator, all participants stated their
desire to prevent the excruciating pain crises. As one participant
said:
I want to be able to regulate, to avoid health problems
before they appear, to prevent rather than to cure.
[Patient 4, 29 years]
More importantly, most participants stressed the importance of
living as normal a life as possible and stay in good health. This
can be illustrated by the following quote:
I am particularly motivated by the desire to live well,
to be like everyone else. For my self-esteem, to show
that I am able to do the same things as a normal
person, and even better. [Patient 9, 28 years]

Discussion
Principal Findings
To the best of our knowledge, this is the first study to explore
factors that could influence the long-term engagement with
mHealth interventions of adults with SCD living in
low-prevalence, high-income countries. As a result, interviewees
described how mHealth could benefit their life and detailed
what could increase their long-term engagement and motivation
toward the mHealth app usage.

Functional Requirements in the Prism of the
Capability, Opportunity, Motivation, and Behavior
Framework
To maximize the chances of eliciting behavior change and
engagement, as many patient requirements as possible should
be implemented. In other words, providing patients with
information or alerts is not sufficient to lead to behavior change.
However, through simultaneously implementing other features
such as therapeutic education (eg lessons and accompaniment),
specifically designed wearable devices could maximize
engagement. In the following sections, we propose potential
solutions and summarize what needs to be done before being
able to develop specifically designed wearable devices.

I am not against connected devices, Cloud… I just do
not want to be found and get problems. [Patient 2, 37
years]
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Increasing Physical Capability: Regulate Hematological
Parameters
Patients suggested how pioneering technologies such as
blood-regulating nanorobots could inspire future pharmaceutical
research or stimulate patient-led research initiatives [80]. By
altering hematological parameters, some innovative
pharmaceutical compounds are already aligned with patients’
suggestions [56,81]. For instance, recent clinical trials of
crizanlizumab, an antibody acting against endothelial adhesion,
have shown a significant reduction in the frequency of VOCs
[82]. However, this substance requires frequent intravenous
injections. Therefore, knowing the current underutilization of
orally administrated therapies such as hydroxyurea, intravenous
therapies bring a supplementary barrier.
In the meantime, although nonpharmaceutical strategies based
on information technologies could inform patients on how to
adapt their behaviors (ie, dietary change) to alter blood
parameters (ie hemoglobin levels, oxygen levels, and
inflammation) [83-86], novel devices, inspired from other
clinical populations, could be created. This can be illustrated
by what is happening in the Diabetes Do It Yourself (DIY)
community [87] (ie, #WeAreNotWaiting and #DIYPS). Here,
impatient patients self-organized to hack blood
glucose–monitoring system and insulin pump. They proceeded
to create a system that can, after clever calculation, automatically
inject the needed dose of insulin. In comparison, one could
foresee similar initiatives of DIY solutions supporting SCD
self-care practices. In particular, as a reminder, anemia and
oxygen desaturation are common complications among people
with SCD. As oxygen delivery by hemoglobin increases when
the number of red blood cells and the hemoglobin level
increases, one could imagine creating a closed-loop system
using a wearable hemoglobin meter or a blood oxygen meter.
This could subsequently be combined with an autoinjector filled
with ultrashort-term anemia-reducing treatments [88] (eg,
erythropoietin alpha, vitamin B12, oral folic acid, and voxelotor
[89]).
Nonetheless, it is important to consider that a significant amount
of work is required before such a system could be created and
made accurate or safe. Even if bypassing any approval from a
health authority (eg, Federal Drugs Administration), implantable
autoinjectors and specific biomonitoring devices would have
to be engineered. Then appropriate software would have to be
created to be able to analyze significant quantity of
patient-generated data. Indeed, to be accurate and effective,
such algorithm should be trained on a high quantity of data.
Afterward, the data-driven algorithm should be able to actuate
the injection of individualized doses of the adequate substances.
All of this requires a tremendous amount of skilled
bioengineering work. Another point to consider is the lower
socioeconomic status of members of the SCD community [90]
and the low awareness of SCD among the general population,
especially in high-income, low-prevalence countries. This
mechanically leads to a limited number of patient innovators
and interested independent researchers. In consequence, few
people would be skilled to build such a specialized system.
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Therefore, the SCD community could start with less invasive,
less complex, but also less cognitively unloading solutions. A
simpler system could be proposed to prompt patients to ingest
relevant drugs or dietary supplements (eg, anti-inflammatory
drugs and antioxidants), after a biosensor [91] (eg, blood oxygen
and inflammation) detects a threshold. In addition, an mHealth
app could send an alert. On the one hand, medication adherence
would then become an issue to overcome, on the other, if the
medication is taken, the effect of the substance would be delayed
compared with a direct subcutaneous injection.
To summarize, the most effective solution using today’s
technology would be a closed-loop system with an autoinjector
and smart algorithm, functioning without any patient
intervention, but there is still a long and challenging way to go
before such a system could be built.

Increasing Physical Capability: Stop Pain Fast
Quick pain relief was a very important concern for most
interviewees. In the current VOC self-management, pain crises
are treated at home with oral painkillers [92,93]. When oral
drugs are no longer sufficient or when complications surge,
patients need to visit emergency departments to receive acute
care [38]. However, despite being aware of the several
challenges they would face in emergency departments (ie, long
waiting times, recurrent stigma, unrelieved pain, and prolonged
hospitalizations), many patients choose to postpone the
admission until pain becomes totally unbearable [94,95].
These challenges could partly explain why interviewees were
highly motivated by mHealth interventions that could help them
relieve their pain as fast as possible. To this end, novel sensors
and software measuring pain levels through physiological signs
or electrical signals [96] could be combined with implantable
pumps for intrathecal opioid therapy or subcutaneous injections
[97]. However, to decrease cognitive load and avoid patients to
calculate themselves how much they should inject, smart,
accurate, safe, and individualized algorithms would have to be
developed.
In the United States, one mHealth app helps children and
adolescents with SCD to inform family, physicians, or friends
about their health status [98]. Recently, innovative digital health
interventions have been deployed to facilitate emergency care
process [99]. We could also imagine apps that allow sufferers
to support and motivate each other or to come together to share
their experience of treatment efficacies [100,101]. Existing
mHealth apps for pain management could be adapted to SCD
[102]. Finally, virtual reality could be used as a new option for
pain relief through patient distraction [103].

Increasing Psychological Capability: Quality Feedback
on Self-Care Practices
The complexity of SCD self-care tasks demands various skills
(eg, high cognitive capabilities and good disease-specific
knowledge) [59]. The literature has shown that only 1% of SCD
patients were able to master them [104]. Therefore, it is easy to
understand why most interviewees desired to receive feedback
on their self-care practices.
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For instance, a release of the cognitive load could be partially
decreased by using a natural user interface (eg, text, voice,
mixed reality, and augmented reality), gamification items [105],
and simple data visualization [106-109] when providing patients
with targeted information. The technology exists but needs to
be integrated, adapted, bundled, and improved [110-112].
Inspiration could be taken from already existing systems for
people with diabetes [113,114].
Furthermore, studies have shown that behavior change
techniques for self-management such as health coaching could
improve the outcomes important for patients, such as
self-efficacy, self-management, or medication adherence, by
80% [115-118]. For instance, collecting physiological and
behavioral data, such as eating behaviors and oxygen levels,
and then automatically reporting them to an SCD expert could
allow the latter to provide advice directly in the mHealth app.
This would not require overcoming many barriers as data could
already be collected through fitness and wellness apps and
smartwatches. However, the biggest challenge lies in the
development of smart algorithms and methods to allow the
automated interpretation of such individualized and
heterogenous data [119]. In the meantime, coaching and
high-quality electronic patient decision aids could be created
to structure information and help patients make informed
decisions [120-122].
Regarding disease-specific knowledge, studies have reported
that many patients did not follow medical recommendations
[45] but may still search for health information on the Web.
When the quality of information is poor, disparities in health
information accessibility are created [123,124]. Frost et al [125]
have already discussed the promises of Web-based health
information for people with SCD, and Breakey et al [126] argued
that information was not always adequate and of good quality.
Consequently, the use of artificial intelligence [127] with
evaluation criteria, such as Health On the Net code [128] or the
DISCERN [129] framework, could facilitate the provision of
quality material to patients. Finally, content constructed with
the help of patients with SCD and using consumer health
vocabulary, simple patient language, and thesauri could improve
the communication of health information and adequacy
[130,131].

Increasing Physical Opportunity: Receive Alerts When
Reaching Own Physical Limits
Already struggling with normal life challenges, several
interviewees strongly desired help to manage the potential
triggers of VOC. However, objective laboratory, clinical,
hematological, biochemical, and rheological data are not easy
to self-monitor [41-43,132-134]. Existing noninvasive
sport-related wearable device technologies could help monitor
some markers of hematological parameters [96]. For instance,
sport watches with pulse oximeters [135], connected bottles,
oxidative stress monitor, and pH meters [136,137] could be
used. To this end, smart algorithms could be developed to
provide patients with individualized feedback.
Studies have shown that poor physical functioning was frequent
among people with SCD, making their participation in sports
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difficult [138,139]. mHealth interventions specifically tailored
for physical activity support could be developed to assist people
with SCD. Accurate sensors could be integrated during physical
activity (ie, exhaustion) or after exercise (ie, recovery)
[140,141].

Increasing Social Opportunity: Learn What Other
Patients Do
One of the most reported motivational factors was the desire to
learn from other patients. This consideration is coherent with
the stigma and isolation faced by patients with SCD living in
low endemic areas [142]. This concern is also consistent with
the general lack of educational interventions [143] and the
limited availability of specialized health care providers [144].
It is well known that patients with a chronic disease hold
nonnegligible experiential knowledge (eg, effective dietary
supplements and where to find them, tips) and often share it on
social networks [145-147]. However, the knowledge available
on these platforms is difficult to extract, the quality is difficult
to guarantee, and the information is often unstructured, hence
difficult to mine [148].
Well-funded and organized social networks such as Patients
Like Me or Diabetes online support groups (eg, TuDiabetes,
glu, and Diabetes Daily) could serve as inspiration to structure
patients’ experiential knowledge [149]. However, in comparison
to the total SCD population, few patients with SCD use online
support groups. A study by Ragnedda et al [150] has
demonstrated that socially disadvantaged groups (eg, gender,
ethnicity, and disability) tended to use the internet less than
more advantaged groups. Conversely, a study by Issom et al
[151] suggests that patients with SCD would be willing to use
such online support groups if the quality of information is
ensured and if it is specifically tailored for people with SCD.
Consequently, SCD-specific online support groups such as
OneSCDVoice [152] could be turned into persuasive social
networks with questions and answers, ensuring the medical
accuracy of patients’ shared experiences [153]. In addition,
artificial intelligence techniques could be used to help detect
low-quality information [154]. Another issue is the multitude
of SCD online support groups (eg, hundreds of Facebook groups
and various websites). This spreads the information, fragments
messages, and complicates access to experiential knowledge.
In addition, as people with SCD and their caregivers have low
educational levels [61], their organizational skills and digital
literacy are reduced, subsequently hindering their access to
online health information.

Main Motivations: Live a Normal Life and Learn to
Avoid Symptoms
A majority of participants stated that their highest motivation
would be to be asymptomatic. When bone marrow transplant
is not possible, or when hydroxyurea does not significantly
reduce symptom frequency, alternative treatment options such
as self-management interventions, chronic transfusions, or red
blood cells exchange could be proposed [155]. Transfusions
have shown to significantly reduce the frequency of VOCs but
require high quantities of rare phenotype blood. In addition,
phenotype matching is difficult in high-income, low-prevalence
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areas. Self-management interventions require a high level of
self-efficacy. Electronic patient decisions aids (ePtDAs) could
be helpful. Indeed, ePtDAs have proven effective in engaging
patients in self-care processes and helping patients choose
alternative treatment options [156]. To date, there are no such
tools for SCD. However, a study by Kulandaivelu et al [157]
showed that people with SCD asked for such help.
To push for the development of such systems, patients would
require to be more aware of novel treatment options, innovative
solutions, or self-management support possibilities. As a result,
they could better organize to create awareness among potential
payers (eg, philanthropists and pharmaceutical companies) who
could help finance the development of such advanced solutions.
However, this remains a challenge for the socioeconomically
disadvantaged majority of people with SCD [61].

Nonfunctional Requirements
This section discusses the most frequently reported NFRs by
the interviewees. NFRs important for the patients are crucial
when developing software [158]. A mismatch between them
and the final product could lead to low adoption rates and
discourage app usage.

Automatability
Participants clearly preferred automatic health data acquisition
rather than manual data entry. To date, there is no SCD-specific
mHealth intervention using automated data capture. However,
data from electronic health records, smartphone sensors, or
wearable devices [159] could be automatically collected in
future mHealth interventions for people with SCD [160].

Invisibility
Invisibility or inconspicuousness is the ability of a system not
to attract attention. As many interviewees reported and
consistent with existing literature [161], mHealth interventions
are more likely to be adopted if they clearly reduce the
inconvenience and burden of self-management tasks, while
being discreet. Indeed, bulky and inelegant wearable devices
could indicate to other people that wearer has a disease.
Implantable devices, discreet patches, and wearables with subtle
design or integrable into daily life objects (eg, contact lenses,
implants, and bottles) could be preferred [162-165].

Similarity With Messaging Apps

Issom et al
mHealth apps could highlight valuable information that
clinicians cannot offer [169] and ease social support [170]. As
for people with rare diseases, question and answer social
networks [171] could be leveraged [172].

Privacy
In the mHealth context, privacy is the ability of a patient to
protect information about their medical condition [173]. Being
aware of the rarity of SCD in their countries, interviewees were
particularly attentive to this issue. Participants emphasized that
control should be given on what they share and to whom. Studies
for other chronic diseases showed that privacy is a very
important aspect [174]. Answering this concern by taking into
account regulations (ie, General Data Protection Regulation and
Health Insurance Portability and Accountability Act) when
designing mHealth interventions would be key to reduce poor
adoption [175]. Here, existing compliant data management
platforms with dynamic consent management [176] or personal
data cooperatives [177] could be used. Furthermore, novel
deidentification approaches could help implement this NFR
important for the patients [178].

Customizability
To maximize acceptability and inconspicuousness, most
participants proposed the customization of the timing of delivery
of push notifications. This finding is aligned with a study by
Morrison et al [179] suggesting that notifications with tailored
timing could enhance exposure to mHealth interventions.
However, several patients stressed their dislike of recurrent
notifications (ie, water intake), saying it would remind them of
their disease. This is aligned with a study by Bidargaddi et al
[180] suggesting that notifications should be sent at midday or
on weekends. The truth probably lies in between, where a system
could allow patients to choose from a range of predefined
settings.
Finally, as the interviews demonstrated, patients did not think
that existing health apps where adapted to their needs. As a
result, any new digital health solution for people with SCD
should include patients in every phase of the development and
focus on SCD particularities. Finally, the developed system
should be strongly marketed as a patient-centered solution.

Lessons Learned

More than half of the respondents called for an mHealth
intervention that provides a user experience similar to that
provided by the apps they are using the most (ie, messaging
apps). Only few studies have explored conversational designs
for mHealth interventions. However, some conversational user
interfaces have been successfully used to reduce obesity or as
support for mental health interventions [166,167]. Such systems
have been already shown to encourage behavior changes and
have high levels of acceptability. This could encourage similar
designs in future studies for patients with SCD.

Our findings highlighted the participants’ very clear expectations
toward mHealth apps. Respondents seemed undeniably
motivated to use an invisible technology that would accompany
their self-care practices (ie, personalized feedback). Participants
were very critical toward privacy issues and information quality.
Given the numerous and complex day-to-day self-care
management tasks that patients with SCD face and taking into
account the isolation of living in low-prevalence, high-income
countries, it appears that, in order to get long-term engagement
and adoption, mHealth apps must add clear value and be
particularly tailored to patients’ needs.

Shareability

From Requirements to Successful Implementation

In the context of Web-based health information, shareability
[168] is the capacity of patient-generated health data to be shared
with third parties. By allowing patients to share their knowledge,

For such an mHealth solution to have an impact once
implemented, quality and perceived value must be distinguished.
However, the digital health world still lacks a standardized
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mechanism for health app quality evaluation and certification
[181]. There is no consensus for guidelines, nor clear criteria
to help recognize what a quality mHealth app is. For instance,
people with diabetes, with more than 300 apps on the Google
Play Store, can easily struggle to find what apps they should
download. Some app curation websites [182] help end users to
find health apps ranked by quality. However, the analytic
methods vary for each website. For instance, in the United
Kingdom, the National Health Service Digital and National
Institute for Health and Care Excellence has chosen clinical
effectiveness, regulatory approval, clinical safety, privacy and
confidentiality, security, usability and accessibility,
interoperability, technical stability, and change management as
criteria. Other websites could use other criteria, for instance
apps for which there is published medical evidence.
As a result, app developers should make an effort to meet
requirements important for the patients and thrive to meet as
many quality indicators as possible. This can be summarized
with the following steps:
•

•

•

Take a patient-centered approach: make sure the app
improves patient outcomes; and the app is validated in terms
of clinical outcomes.
Offer a real solution to self-management problems faced
by patients: the app should meet patients’ requirements and
do better than any alternative and should be cheaper.
Be compatible with the existing health care information
system infrastructure: implement interoperability standards
by design; and answer privacy and safety requirements.

Key Points
Nevertheless, it is clear that there is no invisible technology yet
to support the self-care practices of patients with SCD. However,
the various technological pieces needed to build such a
ubiquitous system are largely available today. Nonetheless, they
are scattered, not bundled nor adapted to the specificity of SCD.
The following steps summarize what needs to be done before
implementing the key requirements:
•

•

•

Disease-modifying functionalities (ie, pain relief and
regulation of hematological variables) to reduce poor
adoption rates by providing patients with continuous blood
oxygen meters, specific autoinjectors, and smart software
that includes algorithms that are able to manage and make
sense of the big datasets generated.
Targeted information (eg, alerts when approaching limits
and access to other patients’ self-care practices) could
influence the long-term engagement by providing patients
with knowledge adapted to their health literacy levels, user
interface matching their digital literacy levels, and
information adapted to their disease-specific knowledge,
and if necessary, offer assistance to interpret the
information.
Controlling data flows (eg, shareability, privacy, and quality
information) could influence patients’ motivation to start
using apps by storing data on personal data cooperatives,
implementing existing interoperable standards, using
algorithms, and hiring content moderators (eg, physicians
and expert patients) to monitor content creation and the
quality of information.
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Future Plans
Given the complexity of SCD self-management, supporting
self-care needs important for the patients using mHealth
interventions will be challenging. However, such systems will
be key to fill the gaps in health care delivery service. Further
work is needed to implement patient requirements. Prioritization
could be done using participatory approaches. Tools such as
the
APEASE
(Affordability,
Practicability,
Effectiveness/cost-effectiveness,
Acceptability,
Side-effects/safety, Equity) criteria, a set of benchmarks from
the BCW framework, can be helpful to decide what content
should be included and what intervention delivery strategies
should be used. In addition to proven added value with the
effective implementation of requirements important for the
patients, other NFRs include affordability, practicability,
effectiveness and cost-effectiveness, acceptability, side effects,
safety, and equity.
In addition, Delphi surveys [183], a technique consisting of
seeking experts’ views to obtain a level of agreement by
transforming opinion into group consensus, could be sent to
expert patients [121,184].
Finally, motivational factors will have to be assessed in the long
run to maintain high user engagement levels. This could be done
using tailored frameworks for mHealth engagement analysis
such as the Analyzing and Measuring Usage and Engagement
Data framework [185].

Strengths and Limitations
The study has a number of strengths and limitations. Using the
COM-B model to identify motivational factors is a relatively
recent approach in the field of mHealth. However, in this
example, the lens offered by the model was helpful to gain a
full picture of patients’ motivations. In addition, this model
allowed us to classify patient requirements into explicit
categories and helped us to discuss potentially useful
technologies to meet patients’ unmet needs.
The age range of the sample was large; consequently, younger
patients may feel more comfortable using digital health
interventions than older ones. In addition, our sample size
approximates 10% of the adults with SCD living in the selected
low-prevalence, high-income countries. Also, because of the
notorious difficulty in enrolling patients with SCD in studies,
we were surprised by this relatively high response rate. The fact
that the main interviewer was an expert patient may have eased
enrollment and facilitated trust building but also added a bias.
Finally, the study results could be affected by the recruitment
criteria. As participants were selected inside an active SCD
community, it is possible that those who volunteered to be
interviewed were more in search of new coping solutions and
had more positive views about the disease than those who
declined or did not replied.

Conclusions
As interviewees were particularly explicit in what could benefit
them, this study provides initial insights on how to build
mHealth apps that could engage particularly isolated SCD
populations. The use of qualitative methods enabled in-depth
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exploration of interviewees’ responses. Furthermore, the BCW
and, its hub, the COM-B model could be used as a robust
framework to inform the development of future persuasive
technologies for people with SCD. As patients highlighted,

Issom et al
future research should focus on supporting their self-care
decisions. Exploring the integration, adaption, or improvement
of highly adopted mHealth interventions for other chronic
diseases could be helpful.
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Abstract
Background: Numerical anchoring occurs when exposure to a numeric quantity influences a person’s subsequent judgment
involving other quantities. This could be applicable to the evaluation of pain, where exposure to an unrelated number before the
evaluation of pain could influence pain ratings.
Objective: This study aimed to determine whether exposure to a random numeric anchor influences subsequent pain intensity
ratings of a hypothetical patient.
Methods: In this study, 385 participants read a vignette describing a patient with chronic pain before being randomly assigned
to one of four groups. Groups 1 and 2 spun an 11-wedge number wheel (0-10), which was, unbeknown to the participants,
programmed to stop on a high number (8) or a low number (2), respectively. Group 3 spun a similar letter wheel (A-K), which
was programmed to stop on either the letter C or I (control 1). Group 4 did not spin a wheel (control 2). Participants were then
asked to rate the patient’s pain intensity using a 0 to 10 numeric rating scale.
Results: The high-number group rated the patient’s pain (median 8, IQR 2) significantly higher than the letter wheel control
(median 7, IQR 2; P=.02) and the low-number group (median 6, IQR 2; P<.001). The low-number group rated the pain significantly
lower than controls 1 and 2 (median 7, IQR 2; both P=.045).
Conclusions: Pain ratings were influenced by prior exposure to a random number with no relevant information about the patient’s
pain, indicating anchoring had occurred. However, contrary to the traditional definition of anchoring where anchoring occurs
even when participants are unaware of the anchor’s influence, in this study, the anchoring effect was seen only in participants
who believed that the anchor had influenced them. This suggests that anchoring effects could potentially occur among health care
providers tasked with evaluating a patient’s pain and should be evaluated further.
(JMIR Hum Factors 2020;7(1):e17533) doi:10.2196/17533
KEYWORDS
pain; heuristics; chronic pain; pain inference; numerical anchoring; anchoring effect; mechanical Turk

Introduction
Background
Health care providers are often required to assess and treat pain;
however, it is recognized that health care provider ratings of a
patient’s pain intensity may be biased and inaccurate [1].
Patients, health care providers, and environmental or situational
factors contribute to the providers’ perception and interpretation
http://humanfactors.jmir.org/2020/1/e17533/
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of a patient’s pain intensity. Examples of factors that have been
shown to be associated with biased provider ratings include past
work experience [2], physician gender [3], and availability of
medical evidence [4]. In these circumstances, provider ratings
often do not align with patient ratings and instead tend to overor under-estimate the patient’s self-report [2,4,5]. It is, therefore,
important to consider the processes by which situational factors
contribute to biased provider ratings [6].
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Numerical Anchoring
One rarely studied situational factor that appears to contribute
to biased health care provider ratings of a patient’s pain intensity
has been termed numerical anchoring. Numerical anchoring
reflects a cognitive bias in which prior exposure to a numeric
value influences subsequent numerical decisions. For example,
Tversky and Kahneman [7] asked participants to estimate the
number of African countries in the United Nations before they
spun a rigged wheel with numbers between 0 and 100. The
wheel was designed to stop at the number 10 or 65. Participants
who spun the wheel that stopped on the number 10 estimated
that there were 25 African countries in the United Nations,
whereas those who spun the wheel that stopped on the number
65 estimated that there were 45 African countries in the United
Nations. Thus, exposure to a prior number anchored participants
to a lower or higher value and influenced their response to a
later unrelated question. It should be noted that what makes
these results especially interesting is that given the situational
context of a random spinning wheel, the numeric anchor was
totally unrelated to the estimation task. The anchor could not
possibly provide any useful information about the estimation
task, and yet it clearly influenced the participants’ responses.
Many studies have since replicated the findings of Tversky and
Kahneman [7], namely, that exposure to higher numeric anchors
is associated with higher numeric values in subsequent ratings,
whereas exposure to lower numeric anchors is associated with
lower numeric values [8-11].
Not all anchors are unrelated to the subsequent decision-making
process. Anchoring effects have also been studied in relation
to pain but to a much lesser extent. Riva et al [6] demonstrated
that there may be an anchoring bias in health care professionals’
perceptions of the patient’s pain. The researchers recruited 423
health care professionals who read vignettes describing a patient
presenting with a headache. Participants randomized to the
experimental arm were asked to rate the patient’s level of pain
immediately after reading the vignette and again after learning
of the patient’s pain rating, whereas control group participants
were asked to rate the patient’s level of pain only after learning
of the patient’s self-reported pain level. Health care professionals
in the experimental condition tended to maintain their original
pain rating or did not sufficiently alter it after hearing the
patient’s subjective pain rating. In contrast, those in the control
condition tended to agree with the patient’s subjective pain
rating. The results of the experimental condition indicate that
on the one hand, once an initial judgment of pain had been made
by the health care professionals, the patient’s self-reported pain
rating did not influence the professionals’ final decision of the
patient’s pain intensity [6]. On the other hand, under the
appropriate groups, the presence of a pain-related numeric
anchor in the form of a patient’s pain rating may unintentionally
influence a health care provider’s evaluation of the patient’s
pain.

Lewinson & Katz
remains to be seen whether a random numeric anchor, with no
relevance to the subsequent estimation task, can influence an
individual’s perception of someone else’s pain. This has
relevance to health care providers, as it would indicate that
numeric quantities unrelated to the patient may influence how
a health care provider evaluates the patient’s pain. It would also
demonstrate a novel situational factor that operates through a
cognitive bias to unwittingly influence the health care provider’s
estimate of the patient’s pain. This study aimed to provide a
preliminary assessment of whether exposure to a random
numeric anchor influences subsequent estimates of a
hypothetical patient’s pain intensity ratings.

Hypotheses
This study tested four hypotheses. The study’s primary
hypothesis (H1) was that participants who were exposed to a
random numerical anchor would be influenced by that anchor,
with the median pain rating of participants who were exposed
to a high numerical anchor being significantly higher than the
median pain rating of those who were exposed to a low
numerical anchor. The second hypothesis (H2) was that the two
groups of control participants who were not exposed to a
numerical anchor would not differ in their initial pain intensity
ratings. The third hypothesis (H3) was that participants who
were originally not exposed to a numerical anchor would instead
anchor to their original pain ratings when asked to rerate the
patient’s pain, even if they were subsequently exposed to a high
anchor. The fourth hypothesis (H4) was that participants who
were exposed to a numerical anchor would deny that the anchor
influenced their subsequent pain rating and that pain ratings
would not differ between those who reported vs those who
denied being influenced.

Methods
Participants
A total of 516 participants were recruited through Mechanical
Turk (MTurk, version May 2018; Seattle, Washington), a
Web-based study recruitment website that has millions of users
worldwide who participate in Human Intelligence Tasks in
exchange for money [12]. The inclusion criterion was that
participants must be fluent in English. Recruitment and survey
completion occurred over the period of one day in May of 2018.
Of the 516 participants, 385 participants (223 men and 162
women; mean age 35.85 years, SD 10.96; range 19-72 years)
were included in the final analysis. Figure 1 shows the flowchart
depicting participant recruitment. Participants were excluded
from analysis for incorrectly identifying the number that they
spun, for duplicate IP addresses, for discontinuing the survey
after randomization, or for inappropriate responses to
open-ended items. Some examples of inappropriate responses
included pasting portions of Wikipedia articles or writing
responses unrelated to the questions being asked.

Objectives
Pain-related numeric anchors appear to influence a health care
provider’s perception of the patient’s pain [6]. However, it
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Figure 1. Flow chart of participant recruitment.

Procedures
This study was reviewed and approved by the York University
Research Ethics Board (Human Participants Review Committee
certificate #e2018-017). Participants were recruited through
MTurk, where the study was entitled “Answer a psychology
survey about pain.” Participants would also see the brief
description: “Complete psychological questions and complete
a small task on the computer.” MTurk users were compensated
http://humanfactors.jmir.org/2020/1/e17533/
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US $1 to participate in the study, which took approximately 20
min to complete. We had no restrictions on the location or prior
approval rating of the MTurk users. In addition to the survey
responses, we also recorded the MTurk user’s internet protocol
addresses to eliminate participants who may have attempted to
complete the task more than once using multiple MTurk
accounts. At the end of the survey, participants received a
random code which they subsequently submitted to MTurk to
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survey.
The study was administered using Qualtrics software (version
May 2018, Provo, Utah), a Web-based survey management
system. Participants were directed to the Qualtrics website,
where they first provided informed consent to participate. Each
page of the survey consisted of a single question. Participants
were unable to return to previous questions after completing an
item to maintain the validity of the anchoring process.
Participants began the survey by completing demographic
questions, including questions regarding their history of pain.
We included open-ended questions for participants who
endorsed experiencing chronic pain to detail their pain history,
which also served as an internal validation question to ensure
consistency in participants’ responses. Participants who were
inconsistent in their responses were removed from the analysis
(“inappropriate responses” in Figure 1). Following demographic
and pain items, the participants were then randomized into one
of four groups using the block randomizer available in Qualtrics.
Each group was asked to read the following vignette, which
describes the journey of a hypothetical person from injury,
postinjury chronic pain, to rehabilitation:
Steve lives in a modest house on a quiet, tree-lined
street very close to a major highway. Last year, as
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Steve was driving to work one morning, he was
involved in a serious collision that nearly cost him
his life. He spent months in the hospital and
underwent multiple surgeries to repair his leg which
was shattered in the crash. After many more months
of physical rehabilitation, Steve is left with chronic
leg pain and requires a cane to walk especially when
the pain acts up. Steve sees his physical therapist once
a week for treatment and despite the increased pain
he has after each session, he feels the therapy is
helping.
Virtual spinning wheels comprised 11 wedges, were each created
using Adobe Flash (version 2018, Adobe, Seattle, Washington)
animation for the purposes of this study. Unbeknown to the
participants, these virtual spinning wheels were programmed
online to stop at a predetermined value. Participants in group 1
(n=102) and group 2 (n=93) spun a virtual wheel containing the
numbers 0 to 10, which was programmed to stop on either a
high number (8) or a low number (2), respectively. To control
for viewing numeric values, participants in group 3 (n=102)
spun a similar wheel containing the letters A to K, which was
programmed to stop on either the letter C or I. To control for
the spinning of the wheel itself, participants in group 4 (n=87)
read the vignette and initially did not spin a wheel. Figure 2
illustrates the wheels used for groups 1, 2, and 3.

Figure 2. Spinning wheels used for group 1 (A), group 2 (B), and group 3 (C and D).
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Immediately after spinning the wheel, participants in groups 1
and 2 were asked to recall the number they saw on the wheel
and to indicate if they thought the number was higher, lower,
or equal to the intensity of pain that the patient in the vignette
experiences on a typical day. Participants in group 3 were only
asked to recall the letter they saw on the wheel spin. Participants
in groups 1, 2, and 3 were then asked to estimate the patient’s
pain intensity on a typical day using a numeric rating scale
(NRS), ranging from 0 (no pain) to 10 (worst possible pain).
Subsequent questions were completed to ascertain whether
participants in groups 1, 2, and 3 believed that the anchor had
influenced their pain intensity rating of the patient, and if so,
in what way. This portion of the survey included a
multiple-choice question regarding their belief, with a
subsequent open-ended question asking participants to explain
why they believed that the anchor did or did not influence their
response. Throughout the survey, participants were not given
a chance to return to previous questions to maintain the validity
of the anchoring process. Multimedia Appendix 1 outlines the
full list of anchoring questions that participants were asked.
Participants in group 4 were asked to provide an NRS pain
rating immediately after reading the vignette. On providing a
pain rating, participants in group 4, who initially did not spin a
wheel, were asked to reread the vignette, spin the high-anchor
wheel (set to stop on the number 8), and rerate the patient’s
pain. This was done to determine whether participants in group
4 would anchor to their own original pain rating or if they would
be influenced by the numerical anchor.
After completing the experimental task, all participants
completed the Pain Catastrophizing Scale (PCS) questionnaire
and the Hospital Anxiety and Depression Scale (HADS)
questionnaire, as previous studies have indicated that both pain
catastrophizing and anxiety or depression can influence pain
ratings [13-16].

Measures
Hospital Anxiety and Depression Scale
HADS measures symptoms of anxiety and depression and has
been widely used among both clinical and nonclinical
populations [17]. It contains 14 items, consisting of two
subscales—seven items comprise the anxiety subscale and seven
items comprise the depression subscale. Each item is rated on
a 0- to 3-point Likert scale. Higher scores are associated with
a higher severity of anxiety or depressive symptoms [17].
Subscale scores range from 0 to 21, where scores equal to or
below 7 indicate no clinically relevant findings of depression
or anxiety (normal). Scores between 8 and 10 are suggestive of
a possible mood disorder (borderline abnormal), and scores
between 11 and 21 are suggestive of the probable presence of
a mood disorder (abnormal) [15]. HADS has been found to be
reliable in detecting states of anxiety and depression and their
associated severity. It has good internal consistency (alpha=.82)
and has been very well validated in a number of settings [17].
The internal consistency of HADS for this study was 0.91.
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think and worry about pain, magnify the amount of pain
experienced, and feel helpless toward painful experiences. It
consists of 13 items, each rated on a 5-point Likert scale, with
scores ranging from 0 to 52. Scores above 30 are considered to
be clinically relevant for catastrophizing [14]. Individuals who
score higher on PCS also tend to report more intense pain
experiences as well as heightened anxiety and depression
symptoms [14]. These individuals also tend to use more
analgesic medication, have longer hospitalizations, and tend to
demonstrate an increase in pain behaviors and pain-related
disabilities [14]. PCS has demonstrated good internal
consistency (alpha=.87) and has been well validated in both
clinical and nonclinical samples [14]. In this study, the internal
consistency of PCS was 0.96.

Sample Size Estimation
Sample size estimation using G*Power (version 3.1.9.4;
University of Düsseldorf, Germany) [18] indicated that 400
participants (n=100 per group) are required for an analysis of
variance with an alpha of .05, a power of 0.95, and an effect
size of 0.25.

Data Analysis
Data analyses were conducted with a significance level of .05.
Chi-square tests of independence were conducted to determine
any significant demographic group differences. A
Kruskal-Wallis test was used to determine whether the groups
differed in age.
H1 was analyzed using a nonparametric Kruskal-Wallis test, as
initial screening of the data revealed a non-normal distribution,
necessitating a nonparametric approach to data analysis (see
the Results section). The medians of the four groups were
compared to determine whether the high and low numerical
groups (groups 1 and 2) significantly differed and to determine
whether the median pain ratings of groups 3 and 4 were higher
than the median pain ratings of group 2 and lower than group
1.
H2, stating that the two control groups (groups 3 and 4) would
not significantly differ from one another, was analyzed using a
Kruskal-Wallis test.
H3, stating that participants in group 4 would anchor to their
original pain ratings rather than be influenced by the high
numerical anchor, was analyzed using a Friedman test.
H4, stating that the median pain ratings between participants
who believed they had been influenced and participants who
believed they had not been influenced by the numerical anchor
would not differ, was first analyzed using a chi-square test of
independence to determine whether the proportion of
participants being influenced by the anchor differed by group.
A Kruskal-Wallis test was used to determine if pain intensity
ratings were significantly different across groups for those
participants who reported they had not been influenced by the
anchor and those who felt they had been influenced by the
anchor.

Pain Catastrophizing Scale
PCS measures the extent to which an individual experiences
pain-related catastrophic thinking, including how much they
http://humanfactors.jmir.org/2020/1/e17533/
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Results
Demographics
Multimedia Appendix 2 shows the demographic variables for
the sample of participants in each of the four groups. The
majority of participants self-reported their ethnicity to be white
(226/385, 58.7%) or South Asian (97/385, 25.2%). The sample
was relatively well educated, with 89.4% (344/385) of
participants having at least some postsecondary education.
Moreover, 62.6% (241/385) of participants endorsed currently
experiencing an ongoing pain problem, with 32.2% (124/385)
reporting that they had been diagnosed with chronic pain by a
physician. Of the 330 participants on whom longitude and
latitude was reported, the majority were located in North
America (214/330, 64.8%) or India (95/330, 28.8%), with the
remaining participants (21/330, 6.4%) being from South
America (8/330, 2.4%), Asia (5/330, 1.5%), Europe (6/330,
1.8%), and Africa (2/330, 0.6%).

Group Characteristics
Chi-square tests of independence did not demonstrate significant
differences between groups in gender, ethnicity, education, or

pain history (see Multimedia Appendix 2). Chi-square tests also
did not show significant between groups differences in the
number of participants who scored above or below the clinical
cutoff for PCS (P=.26) or for HADS in the depression (P=.51)
or anxiety (P=.30) subscales or in self-reported chronic pain
(P=.92). A Kruskal-Wallis test demonstrated that there was no
significant difference in groups for age (H3=4.779; P=.19).
Given that this was a pilot study on the effects of random
numerical anchoring on pain inferences, no efforts were made
to stratify the sample or analysis.

Hypothesis 1: The Effects of Numerical Anchoring on
Pain Scores
Table 1 shows NRS pain intensity ratings for the four groups.
A visual inspection of the histograms shown in Multimedia
Appendix 3 indicated a non-normal distribution of the pain
intensity ratings, particularly for group 1. This was confirmed
by the Shapiro-Wilk test (P<.001, P=.01, P=.002, and P=.002
for groups 1, 2, 3, and 4, respectively). Table 2 shows the
frequency of the pain intensity scores across groups, while
Figure 3 shows the box plots of pain scores for the four groups.

Table 1. Numeric rating scale pain intensity scores for the four groups.

a

Pain intensity ratings

Wheel 8 (n=102)

Wheel 2 (n=92)

Letter wheel (n=102)

Control (n=87)

Pain intensity rating, median (IQR)

8 (2)

6 (2)

7 (2)

7 (2)

Pain intensity rating after spinning the wheel (group 4 only),
median (IQR)

N/Aa

N/A

N/A

7 (2)

Not applicable.

Table 2. Frequency (percent) of pain intensity ratings for the four groups.
Pain intensity rating (0-10)

Wheel 8 (n=102), n (%)

Wheel 2 (n=92), n (%)

Letter wheel (n=102), n (%)

No wheel (n=87), n (%)

0

0 (0.0)

0 (0)

0 (0.0)

0 (0)

1

0 (0.0)

0 (0)

0 (0.0)

0 (0)

2

0 (0.0)

3 (3)

0 (0.0)

0 (0)

3

2 (2.0)

6 (7)

4 (4.0)

1 (1)

4

6 (6.0)

12 (13)

8 (8.0)

5 (6)

5

15 (15.0)

9 (10)

13 (13.0)

7 (8)

6

12 (12.0)

25 (27)

20 (20.0)

18 (21)

7

12 (12.0)

16 (17)

27 (27.0)

26 (30)

8

40 (39.0)

15 (16)

18 (18.0)

20 (33)

9

9 (9.0)

3 (3)

10 (10.0)

8 (9)

10

6 (6.0)

3 (3)

2 (2.0)

2 (2)

http://humanfactors.jmir.org/2020/1/e17533/

XSL• FO
RenderX

JMIR Hum Factors 2020 | vol. 7 | iss. 1 | e17533 | p.40
(page number not for citation purposes)

JMIR HUMAN FACTORS

Lewinson & Katz

Figure 3. Boxplots of pain intensity ratings for groups 1-4.

Kruskal-Wallis tests showed a significant difference between
the mean ranks of at least one pair of groups in their pain
intensity ratings (H3=19.529; P<.001). Dunn pairwise tests
revealed that the high-wheel group (median 8, IQR 2) rated the
patient’s pain significantly higher than the low-wheel group
(median 6, IQR 2; P<.001) as well as the letter wheel group
(median 7, IQR 2; P=.02). There were no significant differences
in the pain rating between the high-wheel group and group 4,
which initially did not spin a wheel (P=.325). The low-wheel
group rated the patient’s pain significantly lower than both the
letter wheel group (P=.045) and group 4, which did not spin a
wheel (median 7, IQR 2; P=.045).

Hypothesis 2: Median Pain Ratings of Control Groups
Significant differences were not observed in pain ratings
between groups 3 and 4 (P=.230).

Hypothesis 3: Anchoring After an Initial Judgment
Had Been Made
A Friedman test indicated that there were no significant
differences in pain ratings for group 4 between time 1, initially
after reading the vignette (meanrank 1.55), and time 2, after

rereading the vignette and spinning the high-anchor wheel
(meanrank 1.45; χ21=3.2; P=.07).

Hypothesis 4: Influence of the Numerical Anchor
A chi-square test of independence demonstrated that there were
significant differences between groups in the proportion of
participants who believed that their pain intensity rating of the
patient had been influenced by the number they spun (χ23=11.0
P=.01).
In particular, participants in group 1 were significantly more
likely to believe that they had been influenced by the anchor,
whereas participants in group 3 were significantly more likely
to believe that they had not been influenced by the anchor. In
group 1, 35.3% (36/102) of participants endorsed being
influenced in comparison with 20% (19/93) of participants in
group 2, 16.7% (17/102) of participants in group 3, and 22%
(19/87) of participants in group 4 after these participants had
spun the high-anchor wheel. Table 3 shows the participants’
perceptions of whether they had been influenced by their group’s
corresponding anchor.

Table 3. Participants’ perceptions of whether they were influenced by the anchor that they were exposed to.

a

Influence

Group 1, (n=102), n (%)

Group 2, (n=92), n (%)

Group 3, (n=102), n (%)

Group 4, (n=87), n (%)

Chi-square (df)

P value

Yes

36 (35.2)

19 (21)

17 (16.7)

19 (22)

11.0 (3)

.01a

No

66 (64.7)

74 (80)

85 (83.3)

67 (77)

N/Ab

N/A

Significance was at an alpha level of .05.

b

Not applicable.

A Kruskal-Wallis test indicated that among participants who
indicated that they had not been influenced by the anchor, there
were no significant differences between groups in pain intensity
http://humanfactors.jmir.org/2020/1/e17533/
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participants who indicated they had been influenced by the
anchor (H3=13.644; P=.003). Dunn pairwise tests indicated that
participants in group 2 (median 6, IQR 5), who spun the
low-anchor wheel, rated the patient’s pain significantly lower
than participants in group 1 (median 8, IQR 1), who spun the
high-anchor wheel (P=.003), as well as participants in group 4
(median 8, IQR 2), who initially did not spin a wheel but later
spun the high-anchor wheel (P=.03). Participants in group 1
who indicated they had been influenced by the anchor reported
significantly higher pain intensity ratings than participants in
group 3 (median 7, IQR 2), who spun a wheel containing letters
(P=.006). Finally, among those who believed they had been
influenced by the anchor, participants in group 4 rated the
patient’s pain significantly higher than participants in group 3
(P=.046). In addition, a Kruskal-Wallis test indicated that after
participants in group 4 had spun the high-anchor wheel and
rerated the patient’s pain, those who indicated that they had
been influenced by the anchor tended to rate the patient’s pain
as being significantly higher than those who believed they had
not been influenced by the anchor (H1=5.881; P=.02). In
addition, among those who believed that they had been
influenced by the anchor in group 4, there were no significant
differences in pain ratings between time 1 (meanrank 1.56) and
time 2 (meanrank 1.44; χ21 0.50; P=.480).

Discussion
Principal Findings
This study examined whether prior exposure to a pain-unrelated,
random numerical anchor would influence the participants’
ratings of a hypothetical patient’s pain intensity. This was done
by asking participants to read a vignette depicting a hypothetical
patient with chronic pain, before asking the participants to spin
a wheel, which was programmed to land on a high numerical
anchor (8), a low numerical anchor (2), or a letter (C or I). A
fourth group served as a control condition and did not spin a
wheel initially before rating the patient’s pain intensity but was
later asked to spin the high-anchor wheel and rerate the patient’s
pain.
The findings supported the main hypothesis in that exposure to
a numerical anchor influenced the participants’ estimations of
a hypothetical patient’s pain intensity. Participants who spun a
high numerical anchor estimated that the hypothetical patient
experienced a much higher pain intensity than did the other
three groups. In addition, participants in the low numerical
anchor condition had the lowest estimation of pain intensity for
the hypothetical patient. Importantly, H2 was supported, as
there was no difference in pain intensity ratings between
participants who spun a wheel containing a letter and the control
group that did not spin a wheel, indicating that the spinning of
the wheel itself had no effect on pain intensity ratings. These
results are in line with studies that have also used a spinning
wheel or similar devices to anchor their participants to a random
numerical anchor [7,19].
The third hypothesis was supported in that participants who
were originally not exposed to an anchor anchored to their
original pain rating when asked to rerate the patient’s pain, even
http://humanfactors.jmir.org/2020/1/e17533/
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when subsequently exposed to the high anchor. Participants did
not adjust their second pain rating when asked to rerate the
patient’s pain. This was expected, given the results from the
study by Riva et al [6], who similarly found that health care
providers did not significantly adjust their ratings when asked
to rerate a patient’s pain, even when given additional
information about the patient’s own subjective pain rating.
The fourth hypothesis, that the median pain ratings in each
group would not differ between those who did and did not
believe they had been influenced by the anchor, was
unsupported. In the high-anchor group, those participants who
believed they had been influenced had a significantly higher
median pain rating than those who did not believe they had been
influenced. Similarly, in the low-anchor group, those participants
who believed they had been influenced had a significantly lower
median pain rating than those who did not believe they had been
influenced. Although the majority of participants in all four
groups indicated that they had not been influenced by the anchor,
participants who spun a high-anchor wheel were also more
likely than any other group to indicate that they had been
influenced by the anchor. This may relate to the abovementioned
suggestion. The vignette may have depicted a higher pain rating,
and after spinning the wheel and rating the patient’s pain as
higher, the participants may then have inferred that they must
have been influenced. This has been discussed later in detail.
The results also demonstrate that participants who acknowledged
the anchor’s influence on their pain rating were, in fact,
influenced. Among participants who reported that they had been
influenced by the anchor, the results were very similar to the
overall study findings in that participants who spun a
high-anchor wheel rated the patient’s pain as being more intense
than all other groups. In contrast, the median pain ratings for
all four groups were not significantly different among those
participants who indicated that they had not been influenced by
the anchor. In other words, the anchoring effect was seen only
in participants who reported being aware of the anchor’s
influence on their decision making. These results deviate from
previous studies that have examined the role of influence on
anchoring effects. Although only one study has looked directly
at whether participants believed they had been influenced or
not [20], both Chapman and Johnson [21] and Quattrone [22]
investigated whether being warned would inhibit the anchoring
effect. In all three studies, the anchoring effect was present in
all participants who were exposed to the anchor, but anchoring
effects were consistently stronger in cases where the anchor
was relevant or informative to the target. However, in none of
the three studies were the anchors completely random, as they
were in this study, despite being uninformative. In the study
conducted by Chapman and Johnson [21], participants were
anchored to a random dollar amount before being asked target
questions about whether they would sell a lottery ticket for that
dollar amount. Therefore, although the anchor was random and
uninformative, it was not irrelevant to the task at hand. In this
study, the anchors used were both irrelevant and random. As
such, the results of the previous studies by Chapman and
Johnson [21], Wilson et al [20], and Quattrone [22] do not
provide a concrete description of the role of influence on random
numerical anchoring effects.
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The effect of influence that was seen in the three anchoring
conditions was also seen in participants in group 4, who initially
did not spin a wheel. After rereading the vignette, the
participants were asked to spin the high-anchor wheel and rerate
the patient’s pain. Overall, the participants did not change their
pain intensity rating after rerating the pain, which was expected.
Riva et al [6] found similar results in that their participants did
not change their pain rating when asked to reevaluate a patient’s
pain and instead anchored to their original rating. In this study,
however, after spinning the high-anchor wheel, participants in
group 4 were also asked whether they believed that the number
they spun had influenced their response. Similar to the other
three groups in this study, the anchoring effect was seen only
in participants who indicated that they had been influenced by
the anchor, whereas those who indicated they had not been
influenced tended to evaluate the patient’s pain as being less
intense and remained consistent with their original pain rating.
However, given that the overall participant pain ratings for
group 4 did not change between the two time points, it is
possible that those who indicated that they had been influenced
were the participants who had rated the patient’s pain as being
more intense to begin with.

Interpretations
By taking into consideration the entire sample, the results
suggest that anchoring has occurred. However, when considering
the effect of influence, anchoring only appears to have occurred
in those who reported that they had been influenced. These
findings are contradictory to the traditional definition of
anchoring, where anchoring is conceived as an implicit cognitive
process and is thought to occur regardless of the participant’s
awareness of the anchor’s influence on their subsequent
decisions.
The effect of influence rarely has been studied in anchoring.
Given the traditional anchoring template as designed by Tversky
and Kahneman [7], where influence is not explored, the majority
of anchoring researchers typically have not included a question
aimed at determining the role of influence on participants’
decision making [23]. However, Wilson et al [20] did explore
the role of influence on anchoring. In a series of two studies,
participants were asked to rate how much they believed their
answers had been influenced by the anchor on a 9-point Likert
scale. Similar to this study, the majority of their participants
believed that the anchor had no influence on their response, and
higher anchor values were associated with more belief of the
anchor’s influence. However, in both the studies conducted by
Wilson et al [20], anchoring effects were found even in those
who did not acknowledge the anchor’s influence. We were
unable to replicate these results in this study, in that, across
groups, the anchoring effect was diminished when participants
did not believe that the anchor had influenced them. In other
words, the anchoring effect was contingent upon the
participants’ acknowledgment that they had been influenced by
the anchor.
It is possible that these influence effects seen across groups are
because of a confirmatory search mechanism, as proposed by
Chapman and Johnson [21], in that, after being exposed to a
numerical anchor, participants focus on reasons why that number
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is consistent with the hypothetical patient’s pain, rather than on
reasons why the anchor may be inconsistent with the patient’s
pain intensity. In this way, the numerical anchor may have
influenced their decision making. It is interesting, however, that
participants in group 3 who spun a letter wheel indicated that
they had been influenced by the anchor, despite the anchor being
a letter value rather than a numeric one and, therefore, holding
no possible relevant information for an NRS. This finding may
be because of a demand effect [24,25], where participants may
have inferred that they would not have been asked to spin a
letter or had their attention subsequently drawn to it through
the questions asked of them, if the letter was not relevant or
informative in some way. Finally, as noted by Nisbett and Ross
[26], these influence effects do not necessarily indicate that
those who believed that they were influenced, actually were
influenced. Rather, it may be that after being exposed to the
anchor, the participants inferred that their judgment must have
been influenced based on the response that they gave [20].

Limitations
This study has a number of limitations that are important to
consider. Given that the study was completed online, it is
possible that participants were not able to fully attend to the
vignette, the wheel, or the subsequent questions. As a result,
the anchoring effects and influence effects seen may be instead
due to the fact that the participants had very recently been
exposed to a number rather than the true anchoring effects, ie,
if participants were not attending fully, they may have rated the
participant’s pain according to the numerical anchor they were
exposed to simply because of the availability of the anchor in
their memory rather than because that is the pain intensity rating
they believe the patient experiences or because of anchoring
effects. These same participants might subsequently indicate
that they had been influenced by the anchor, as their response
was based on the number they had been exposed to. Previous
studies have demonstrated that data collected through MTurk
are as reliable as data collected in a laboratory setting, with the
exception of attention paid to the study itself [27,28]. Typically,
this limitation is overcome through the use of validity questions
to ensure that the participant is attending the study [27]. This
study did contain validity questions, such as asking the
participants which number or letter they spun; however, it is
possible that additional validity questions regarding the vignette
would have helped to more effectively screen out inattention.
A second limitation is that this study has no pilot data on the
vignette that was used to give a description of the hypothetical
patient. As a result, it is unknown what the patient’s baseline
pain intensity would be rated as. This information would help
to ensure that the vignette itself was not a confounding variable.
For instance, if the vignette was shown to depict a pain intensity
that is higher without the presence of a numerical anchor, it is
possible that the influence effect that was seen in the
high-anchor group may have been because of participants
inferring that they had been influenced, given the pain intensity
rating that they had given.
Finally, this study is limited by the fact that it is one of the first
anchoring studies to look at the effect of influence on anchoring
effects. As such, the questions regarding influence had not been
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previously tested and may not have been valid or may have
unwittingly created biased responses.

better understand anchoring effects as a whole as well as its
underlying cognitive pathways.

Strengths

Future Directions

Despite the abovementioned limitations, the study also has a
number of strengths. First, with a relatively large sample size
of participants who were recruited globally, it is likely that the
data are not only reliable but also cross-culturally validated.
Participants were diverse in their age, education, ethnicity, and
pain history, which also helps to ensure that the data are valid
and generalizable. Although participant characteristics are often
unreported in studies that use crowdsourcing such as MTurk
[29], these data allow this study’s findings to be more easily
replicated and interpreted. To ensure that the results would be
generalizable, MTurk was chosen as the primary recruitment
method for this study, as previous studies have shown that the
data collected through MTurk is as reliable as data gathered
from undergraduate participants [30,31] or other
laboratory-sourced participants [32].

Future studies should attempt to clarify the role of influence on
numerical anchoring. Namely, attempts should be made to
replicate anchoring studies while also considering the
participant’s perception of influence. It may be that the current
definition of anchoring is not suitable if the effects of influence
are reliably seen across studies, given that the current definition
implies that participants are not aware of the anchor’s influence
on their judgment. Future studies should also expand on this
research about how random numerical anchoring might affect
the pain response. It would be interesting to determine whether
these same random numerical anchors would affect a
participant’s judgment of their own pain experience in both
acute and chronic pain patients. Future studies may also look
at how numerical anchoring may be evident in the health care
context in relation to how random numerical anchors may
influence a health care provider’s judgment and treatment of a
chronic pain patient’s experience.

Second, this study is strengthened by the presence of two control
conditions. In this way, both the effect of spinning a wheel and
the effect of having the wheel land on a number could be
controlled. This helps to ensure that the anchoring effects seen
are, in fact, because of anchoring effects, as opposed to being
because of a confounding variable.
Finally, this study is one of the only studies to have looked at
the effect of influence and found that anchoring effects were
contingent upon the participant’s belief that they had been
influenced. Anchoring research has been very robust and well
established, but there has been very little research on the effect
of influence on anchoring and what these findings mean for the
definition of anchoring itself. This study’s results may help to

Conclusions
The results of this study are consistent with previous studies of
numerical anchoring. Exposure to a high numerical anchor
influenced participants’ subsequent rating of a hypothetical
patient’s pain to be higher, whereas exposure to a low numerical
anchor influenced participants to rate the patient’s pain as lower.
However, although the majority of participants across groups
did not believe they were influenced by the anchor, the
anchoring effect was seen only in participants who did indicate
that the anchor had influenced their judgments. Further research
is necessary to determine the role of influence on anchoring
effects and the applicability of anchoring effects in the health
care context.
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Abstract
Background: Adolescence is a challenging period, where youth face rapid changes as well as increasing socioemotional demands
and threats, such as bullying and cyberbullying. Adolescent mental health and well-being can be best supported by providing
effective coaching on life skills, such as coping strategies and protective factors. Interventions that take advantage of online
coaching by means of chatbots, deployed on Web or mobile technology, may be a novel and more appealing way to support
positive mental health for adolescents.
Objective: In this pilot study, we co-designed and conducted a formative evaluation of an online, life skills coaching, chatbot
intervention, inspired by the positive technology approach, to promote mental well-being in adolescence.
Methods: We co-designed the first life skills coaching session of the CRI (for girls) and CRIS (for boys) chatbot with 20
secondary school students in a participatory design workshop. We then conducted a formative evaluation of the entire
intervention—eight sessions—with a convenience sample of 21 adolescents of both genders (mean age 14.52 years). Participants
engaged with the chatbot sessions over 4 weeks and filled in an anonymous user experience questionnaire at the end of each
session; responses were based on a 5-point Likert scale.
Results: A majority of the adolescents found the intervention useful (16/21, 76%), easy to use (19/21, 90%), and innovative
(17/21, 81%). Most of the participants (15/21, 71%) liked, in particular, the video cartoons provided by the chatbot in the coaching
sessions. They also thought that a session should last only 5-10 minutes (14/21, 66%) and said they would recommend the
intervention to a friend (20/21, 95%).
Conclusions: We have presented a novel and scalable self-help intervention to deliver life skills coaching to adolescents online
that is appealing to this population. This intervention can support the promotion of coping skills and mental well-being among
youth.
(JMIR Hum Factors 2020;7(1):e16762) doi:10.2196/16762
KEYWORDS
life skills; chatbots; conversational agents; mental health; participatory design; adolescence; bullying; cyberbullying; well-being
intervention

Introduction
Background
Adolescence is a challenging period characterized by rapid
changes [1] and increasing emotional and social demands.
Interventions that foster life skills, coping, and well-being are
http://humanfactors.jmir.org/2020/1/e16762/
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particularly important during adolescence; virtual coaching
solutions could greatly enhance delivery of these interventions
in both school and out-of-school settings. The aim of this study
was to co-design a life skills coaching intervention with
adolescents to be delivered by a chatbot; this would be done by
conducting an initial participatory design workshop followed
by testing the feasibility of the whole intervention with another
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convenience sample of adolescents. The life skills virtual
coaching intervention was meant to be used either in
out-of-school settings for individual training on life skills or in
combination with school interventions on life skills provided
by a human coach (ie, teacher or domain expert).

Literature Review
Several challenges and emotional demands characterize
adolescence, often affecting the mental well-being of youths.
Among these, bullying and cyberbullying is recognized
nowadays as a major social problem, affecting 37% of
adolescents [2,3], with extensive negative consequences for the
victims involved. Research has shown that adolescent bully
victimization is associated with poorer school achievement [4];
lower self-esteem; and increased loneliness, depression, and
anxiety [5], whose consequences persist into adulthood [6].
Interventions that foster life skills [7], coping, and well-being
are particularly important during adolescence as protective and
preventive strategies against the consequences of bullying and
cyberbullying. Life skills include the ability to exhibit adaptive
and positive behaviors that enable individuals to deal effectively
with the demands, challenges, and stress of daily life [8].
Childhood and adolescence are the developmental stages during
which one acquires these skills through various methods and
people [9]; a positive technology approach [10,11] can support
the design of such experiences in a digital format. These
solutions have the potential to be highly scalable, since almost
three-quarters of adolescents (73%) have a mobile phone or
have access to one [12]; as well, digital interventions have been
proven to be effective at changing a range of health behaviors
[13]. Digital assistants or chatbots are conversational agents
that can be easily used to support the delivery of educational
interventions for mental health and well-being [14]. A chatbot
conducts an interaction through conversation with its users by
simulating humans’ dialogue patterns and behaviors. However,
there is still a paucity of research showing the design and
effective usage of chatbot interventions for supporting mental
well-being of adolescents [15].

Methods
Phase 1: Co-Design Workshop and Participants
The co-design phase of the study involved a sample of 20
adolescents (age range 14-15 years) attending a first-year class
of a secondary school in Northeast Italy. A participatory design
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workshop was organized and led by a research staff of four
psychologists. The staff involved the students in using and
commenting upon a prototyped session of the chatbot
intervention to collect their needs and preferences on the
following: the chatbot’s look and feel, the type of content and
duration of the session, their unmet expectations regarding the
prototype, and suggested improvements. Participants provided
signed parental consent. Discussions held during the initial
co-design workshop were audio-recorded and transcribed.
Qualitative data collected were analyzed using a modified
version of Braun and Clarke’s guidelines [16] for thematic
analysis. Specifically, two members of the research team read
the transcripts and independently developed categories of
responses. Agreement on the proposed categories was reached
through discussion.
Based on the co-design results, the research staff developed the
entire life skills coaching intervention, including eight online
sessions, delivered by means of a series of coaching dialogues,
exercises, and video cartoons presented by the CRI (for girls)
and CRIS (for boys) chatbot—the chatbot was named CRI and
CRIS as abbreviated forms of the Italian names Cristina (female)
and Cristiano (male), respectively. As shown in Figure 1, each
session starts by chatting with the CRI or CRIS chatbot, which
looks like an older peer—boy or girl—of the user. The chatbot
asks the user to watch a 1-2-minute video cartoon about a
bullying or cyberbullying situation involving adolescents, which
is relevant to the skill addressed, embedded within the
conversation system. The chatbot then continues the
conversation by asking questions and proposing exercises to
trigger user self-reflection on how to cope and behave in such
a situation. By the end of the session, the chatbot asks the user
to watch another video cartoon where the CRI or CRIS coach
provides advice on constructive strategies for coping well with
the challenges and emotions triggered by the situation (see
Multimedia Appendix 1 for an example of the coaching session).
Each session was designed to stimulate self-reflection on life
skills and coping strategies relevant to bullying or cyberbullying
situations [9], including emotional self-awareness, social
awareness, interpersonal relationships, conflict resolution,
assertive communication, sadness and loneliness, leadership,
and positive emotions. Each session lasted between 5 and 15
minutes. To facilitate engagement, the coaching sessions were
personalized according to gender; the chatbot represented a peer
of the same gender—girl or boy—as the participant (see Table
1).
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Figure 1. Screenshots of the chatbot conversation with a female user during the coaching session on conflict resolution: (a) initial video on challenging
situation, (b) example of coaching questions triggering self-reflection, and (c) final video coaching the user on coping strategies.

Table 1. Sample content of the coaching sessions.
Life skill session

Sample of dialogue messages

Emotional self-awareness

... understanding how our feelings and emotions work is the first step to feel better equipped for life and more selfconfident ... have you ever thought about this?
... we can learn how to give room to anger, to knowing it, watching it with calm and curiosity as we may watch new
things. My hint is to use breathing as a means ...

Social awareness

Take a look at your mobile phone and your messages: which are the emoji you use the most? Which are the ones
you receive most often?
Let’s exercise by playing a game! I’ll show you an emotion, you guess which one it is by choosing one of three options.

Interpersonal relationships

Our relationships depend very much on the way we give meaning to the characteristics of people we meet. We are
generally attracted to people who are similar to us, or to those we would like to be like.
Learning to recognize and accept these traits in ourselves or others may help us to overcome prejudice and improve
our relationships with others.

Conflict resolution

... in life when someone hurts you, you are tempted to react in the same way, but this can only make things worse
... in this video, I show you a better way of dealing with these situations ... OK?
Often interpreting a situation is easier than just observing it in terms of facts ... but this can really help us to not be
overwhelmed by negative emotions, like anger and jealousy ... do you agree?

Assertive communication

When you communicate in an assertive manner, your feelings are closely related to the situation you are experiencing
at that time and you act constructively.
I issue you a challenge: next time you speak with someone, pay attention to the words you are using, to the feelings
you experience, to your body language ...

Sadness and loneliness

Sadness and loneliness are basic feelings, but very often we find it hard to express them, because in our society, especially on social networks, most people tend to be happy and smiling ... in short, it looks cooler to be happy ...
right?
Trying to change our thoughts or do something pleasurable is a good way to feel better ... try to do this in the next
few days when you feel sad for any reason ...

Leadership

Although we often think about leaders as popular people, each of us can be a leader, by nurturing the right qualities.
Watch this video to better understand the story of Matteo ...
Being a good leader is not a trait we need to have from birth, but we can achieve it by being committed and doing
our exercises! How? Watch this video ...

Positive emotions

We need to train our brains to see and value positive things. Let's see an example ... Try to write below at least one
positive thing that happened to you (even small things, such as “a buddy was kind to me,” “there is sunshine today,”
...).
The good news is that we can learn to be happy, by nurturing optimism, openness, and trust!
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Phase 2: Feasibility Test Participants and Setting
A convenience sample of 21 adolescents (13/21, 62% male;
8/21, 38% female) in the age range of 12-17 years (mean 14.52)
were invited to use the entire coaching intervention over 4
weeks, participating in two sessions per week. The aims of this
formative and qualitative study were as follows: (1) to assess
the perceived value of the coaching intervention for a population
of adolescents having a wider age range with respect to the
group involved in the co-design workshop and (2) to check the
user experience with the full set of online coaching sessions in
order to refine and finalize their content. Due to the focus of
our study—assessing human factors of the virtual coaching
experience provided—and the homogeneity of our target group,
a sample size of around 20 adolescents was considered
appropriate [17,18].
After providing signed parental consent, participants were
instructed to access the chatbot from any preferred device by
visiting a website where the coaching sessions had been
published for the formative evaluation. An anonymous 10-item
satisfaction questionnaire was delivered online at the end of
each coaching session; a 5-point Likert scale was used to rate
overall usefulness, ease of use, and the value of the program,
and suggestions for improvements were provided via open-ended
questions. Descriptive statistics were calculated for satisfaction
items.

Results
Phase 1
Regarding the interaction with the prototyped session in the
co-design phase, three main themes emerged. First, participants

found the educational video cartoons provided in the session to
be appealing and helpful in triggering self-reflection on the
challenging situation presented: “The black and white video
presenting a real-life setting helped me to reflect more on
myself, how I would react in that case ...” Second, participants
reported that the need to type answers during the chat when
replying to the chatbot’s questions helped them to reflect on
their feelings and thoughts relevant to the topic, even if they
knew that the chatbot was not able to understand their replies
as a human being: “Even if I know that the chatbot cannot reply
as a real person, since it is not able to understand everything,
the fact of typing in the chat what I think about the situation
helps me to reflect ...” Third, participants said that the chatbot
looked like a nice, smart old friend, someone you can trust and
talk with when you want to address important issues: “I like
this chatbot, he looks like a boy, just a bit older than me, but
not an adult; he is sensitive and very smart.”
With respect to potential improvements, participants found that
some parts of the dialogue with the chatbot were a bit unclear
or were missing empathy from the chatbot side: “I got confused;
after a video, I don’t know what I should say to go on with the
session” and “It would be great if the chatbot would reply with
something more relevant and empathic to my comment.”
Second, some participants reported that parts of the session
were too redundant or the chatbot provided too much text that
required scrolling up the chat window: “... at some points, the
bot gets a bit repetitive, it repeats the same thing many times”
and “When the bot sends too much text in a turn, I need to scroll
up not to miss the first lines and this is a bit annoying.”
Supporting quotes are displayed in Table 2.

Table 2. Examples of participant quotes supporting the themes.
Theme

Frequency of Examples of supporting quotes
quotes

Videos support self-reflection

5

I think the video contents were more useful than written sentences.
The black and white video presenting a real-life setting helped me to reflect more on myself, how
I would react in that case.

Typing answers to reply to the
chatbot supports self-reflection

6

I understand that the chatbot doesn’t read what I am typing for real, but this is not a problem because
typing makes me think about something and this is important per se.
... even if I know that the chatbot cannot reply as a real person, since it is not able to understand
everything, the fact of typing in the chat what I think about the situation helps me to reflect ...

The chatbot looks like a nice,
smart, trustworthy old friend

4

I like this chatbot, he looks like a boy, just a bit older than me, but not an adult; he is sensitive and
very smart.
... this chatbot is serious, since the things he talks about are important, it makes me think about
something I normally do not reflect upon.

Unclear dialogue and chatbot not 5
empathic

It's not nice to write something personal ... and then the chatbot goes on without considering it ... it
would be nice if he could react in a more empathic way to what I type.
I got confused; after a video, I don’t know what I should say to go on with the session.
It would be great if the chatbot would reply with something more relevant and empathic to my
comment.

Redundancy in some sessions
6
and the chatbot provided too
much text that required scrolling
up
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When the bot sends too much text in a turn, I need to scroll up not to miss the first lines and this is
a bit annoying.
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Phase 2
All 21 participants involved in the feasibility test completed the
eight coaching sessions and the relevant questionnaires. For all
eight sessions, on a scale of 1 (very little) to 5 (very much), the
majority of participants (16/21, 76%) gave a rating of 4 or 5 in
response to the question “How useful was this session for you?”
Ratings were also 4 or 5 for ease of use (19/21, 90%) and
innovativeness (17/21, 81%) of sessions. Participants' ratings
on usefulness and ease of use for each specific session are
reported in Table 3. Note that all sessions have a mean rating
above 3, corresponding to the positive side of the scale, for both
usefulness and ease of use.

Regarding the design of the contents provided in the sessions,
71% (15/21) of participants reported a preference for the
coaching videos and 66% (14/21) expressed a preference for
having each session last between 5 and 10 minutes. Among the
possible improvements, participants mentioned a wider range
of answer options to some of the chatbot questions and
suggested removing redundancy in the dialogue of the longer
sessions. Regarding perceived value, 95% (20/21) of the
participants indicated they would recommend the CRI or CRIS
chatbot to a friend.

Table 3. Ratings for usefulness and ease of use for the eight coaching sessions.

a

Coaching session

Usefulness, mean (SD)a

Ease of use, mean (SD)a

Emotional self-awareness

3.60 (0.60)

4.15 (0.45)

Social awareness

3.70 (0.66)

3.92 (0.54)

Interpersonal relationships

4.06 (0.60)

4.53 (0.64)

Conflict resolution

4.33 (0.69)

4.56 (0.71)

Assertive communication

4.14 (0.71)

4.50 (0.75)

Sadness and loneliness

3.89 (0.65)

3.98 (0.66)

Leadership

4.00 (0.66)

4.44 (0.70)

Positive emotions

3.09 (0.53)

4.58 (0.61)

Rating scores range from 1 (very little) to 5 (very much).

Discussion
Principal Findings
To our knowledge, today there is still a paucity of chatbot-based
interventions for life skills training and well-being promotion
among adolescents, as well as a lack of data and guidelines on
how to effectively design the user experience with educational
chatbots for this intervention domain. However, use of Internet
and digital solutions by youth is increasing worldwide, providing
cost-effective opportunities for reaching this population with
the delivery of self-help educational programs. Also, recent
studies support our findings, showing that digital interventions
based on chatbots or videogames can be highly engaging,
improve well-being, and reduce stress for this population and
for nonclinical populations [19-21].
The chatbot intervention that was co-designed and evaluated in
this study was rather easy and fast to implement and was
well-received by adolescents. The two phases of our
participatory design process took into account the feedback and
suggestions of an overall sample of 41 adolescents; the results
reported can guide the future development of virtual coaching
solutions for adolescents’ training, solutions that have been
found to be acceptable and appealing to use for this target user
group. The deployment of educational video cartoons and
dialogue-based interaction with the chatbot turned out to be
very engaging and useful for self-reflecting on the challenging
situations presented, making the virtual coaching sessions a
very promising digital environment for experiential forms of
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learning in youth. The virtual coaching experience that was
designed could easily be integrated into existing school
programs and interventions for bullying and cyberbullying
prevention; this coaching experience could also be considered
a practical way of providing out-of-school interventions for life
skills training.
This study is limited by the participant sample size and by
having been conducted only in Northeast Italy, which impacts
the generalizability of our results to other countries and settings.
However, mental health promotion programs for adolescents
provided by a variety of delivery platforms, including digital
media, are strongly recommended by public health policies in
many countries and by the World Health Organization [22].
These recommendations support the international relevance of
our study.

Conclusions
In summary, this study presented the co-design and formative
evaluation of a chatbot-based coaching intervention for
adolescents’ life skills training, which was grounded in a
positive technology approach and was well-received by
adolescents. Further research is needed for a more in-depth
evaluation of the efficacy of this intervention in strengthening
coping strategies and resilience.
A future step of this study consists of integrating our chatbot
intervention on life skills into the Cyberbullying Effects
Prevention (CREEP) platform for cyberbullying prevention,
which will be tested for efficacy by involving approximately
200 secondary school students in Italy and France.
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Abstract
Background: Recent evidence in mobile health has demonstrated that, in some cases, apps are an effective way to improve
health care delivery. Health care interventions delivered via mobile technology have demonstrated both practicality and affordability.
Lately, cognitive behavioral therapy (CBT) interventions delivered over the internet have also shown a meaningful impact on
patients with anxiety and depression.
Objective: Given the growing proliferation of smartphones and the trust in apps to support improved health behaviors and
outcomes, we were interested in comparing a mobile app with Web-based methods for the delivery of CBT. This study aimed to
compare the usability of a CBT mobile app called MoodTrainer with an evidence-based website called MoodGYM.
Methods: We used convenience sampling to recruit 30 students from a large Midwestern university and randomly assigned
them to either the MoodGYM or MoodTrainer user group. The trial period ran for 2 weeks, after which the students completed
a self-assessment survey based on Nielsen heuristics. Statistical analysis was performed to compare the survey results from the
2 groups. We also compared the number of modules attempted or completed and the time spent on CBT strategies.
Results: The results indicate that the MoodTrainer app received a higher usability score when compared with MoodGYM.
Overall, 87% (13/15) of the participants felt that it was easy to navigate through the MoodTrainer app compared with 80% (12/15)
of the MoodGYM participants. All MoodTrainer participants agreed that the app was easy to use and did not require any external
assistance, whereas only 67% (10/15) had the same opinion for MoodGYM. Furthermore, 67% (10/15) of the MoodTrainer
participants found that the navigation controls were easy to locate compared with 80% (12/15) of the MoodGYM participants.
MoodTrainer users, on average, completed 2.5 modules compared with 1 module completed by MoodGYM users.
Conclusions: As among the first studies to directly compare the usability of a mobile app–based CBT with smartphone-specific
features against a Web-based CBT, there is an opportunity for app-based CBT as, at least in our limited trial, it was more usable
and engaging. The study was limited to evaluate usability only and not the clinical effectiveness of the app.
(JMIR Hum Factors 2020;7(1):e14146) doi:10.2196/14146
KEYWORDS
cognitive behavioral therapy; mHealth; mental health; heuristics; usability
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Introduction

Mobile Apps for Delivering Mental Health
Interventions

The Need for Digital Interventions in Mental Health

Globally, health systems need effective and scalable methods
that are cost-effective for delivering CBT to patients suffering
from depression. Mobile health (mHealth) is rapidly gaining
importance and acceptance and thus presents an exciting
opportunity for delivering mental health care [22]. Recent
research has found that we can attribute a user’s personality to
the way they use their mobile phones [23]. This makes us
wonder whether monitoring the user’s real-time data and activity
[24,25] in a self-directed CBT can be a supplement to the
clinical interventions as depressive adults might show unique
traits in mobile phone usage. Few researchers have claimed that
CBT delivered via an mHealth app is equally valid and also
convenient [26,27]. By tracking the patient’s behavior using
mHealth apps, health care providers can gain great insights
regarding the patient’s condition and their response to
psychotherapy [28]. More recently, CBT for patients with
incurable cancers showed anxiety and mood improvements [29].
A systematic review by Rathbone et al on the efficacy of
mHealth apps for CBT suggested collaboration, which is our
starting point with the use of existing validated evidence [30].
As part of our research in this study, we developed a mobile
app that included real-time user location, motion, and voice
pitch tracking. However, because of the lack of accuracy of
sensors across different smartphones, we had to disable those
features as we have reported elsewhere [31].

According to the World Health Organization, depression is a
widespread chronic mental health issue, affecting over 350
million individuals globally [1]. About 16.1 million adults over
the age of 18 years in the United States had at least one
depressive episode in the past year [2]. Globally, between 2011
and 2030, the impact of depression on the aggregate economic
output is estimated to be around US $5.36 trillion [1]. The
reduction of costs related to diagnosis, management, and
treatment of mental health issues, including depression, is a
crucial target for global health system partners [3-6].
Prevalent methods for the management of depression include
the use of both pharmacological (medication) and
nonpharmacological (psychotherapy) interventions. The use of
antidepressant medications is common and cost-effective;
however, its clinical efficacy can be impacted by poor patient
compliance to the medication regimens, which often have
undesirable side effects (eg, weight gain) or take up to 6 weeks
of use, upon initiation, to begin making a measurable impact
on depressive symptoms [7-10]. Thus, current literature suggests
supplementing pharmacological interventions with cognitive
behavioral therapy (CBT) as the most effective combination
treatment for the management of major depression in most
patients [11,12]. Some studies have suggested that CBT, on its
own, is as effective as antidepressant medications for depression
[8].
Typically, a psychotherapist delivers CBT during in-person
therapeutic encounters at regular intervals. During these
interactions, the psychotherapist typically assesses the past and
current psychological status of the client using validated
instruments such as questionnaires. CBT can provide long-term
protection against the relapse of depression [13], but at the same
time, this is highly dependent on the skills of the psychotherapist
delivering the CBT [14]. Training therapists to deliver effective
CBT is expensive and can take 2 to 6 years of additional training
[15]. The lack of resources to provide such training and the lack
of availability of trained professionals are the most critical
limiting factors restricting the widespread uptake of this type
of therapy [16,17]. Thus, there is much interest in Web-based
CBT as it may remove the above-mentioned barriers [18-21].
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Methods
MoodGYM—An Interactive Cognitive Behavioral
Therapy Website
MoodGYM [32] is a popular, evidence-based interactive CBT
website designed for the prevention, treatment, and management
of depression in young people with internet access. When we
conducted the study, MoodGYM was a free website, and we
had access to it until March 2018. Currently, it requires an
annual subscription fee for access. This website can be accessed
using a computer with a standard Web browser, and it utilizes
interactive and multimedia features to deliver CBT. MoodGYM
requires user registration and collects basic demographics such
as age group, gender, locality of residence, and the highest level
of education. MoodGYM provides depression assessment scales
for evaluating the progress of the user. Figure 1 contains
screenshots of the version of MoodGYM used in this study.
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Figure 1. Screenshot of the MoodGYM user interface.

MoodTrainer—A Smartphone Cognitive Behavioral
Therapy App
We developed a smartphone app called MoodTrainer, inspired
by MoodGYM, and incorporated all the modules that were
available in the earlier version of MoodGYM. The current
version of MoodGYM in its terms of use describes intellectual
property rights, similar to the version we used, which allow for
noncommercial use. Our adaptation of the questionnaire is from
published material, with appropriate references to the original
authors. Before beginning the development of our app, we
requested permission from the MoodGYM team to develop a
mobile app for usability research purposes. We believe that the
MoodGYM content was already relevant to young adults in the
US context and did not need any contextual adaptation. We
developed certain smartphone-specific features such as location
tracking, offline storage, reminders and notifications, voice
pitch and motion tracking. The voice pitch and motion tracking
were not accurate as a measure of anxiety, based on the research
team’s tests (see User Interface Development). So, we eventually
removed these features.
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App Development
MoodTrainer is a cross-platform, hybrid app that utilizes Web
technologies, such as HTML, Cascading Style Sheets, and
JavaScript, which allow us to create packages for platforms
such as Android, iPhone Operating System, and Windows [33].
We used the Android package (APK) of the app for heuristic
evaluation. By using the Cordova framework [34], we leveraged
smartphone Application Programming Interfaces (API) such as
location tracking, offline storage, reminders, and notifications,
which are smartphone-specific features that are unavailable in
a Web-based CBT.

User Interface Development
The user interface (UI) was developed in HTML5 by going
through iterative cycles of prototyping, user feedback, and
further development. We included a mental health expert with
8 years in practice, an informatics expert with 10 years of
experience in mobile app development, and a clinically
depressed student as users to provide prototyping feedback. The
student was already being treated through MoodGYM and thus
confirmed that it could be used in our context. Overall, we
conducted 63 prototyping cycles before finalizing the version
used in the heuristic evaluation. We initially used JQuery Mobile
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to design the app’s UI. Although the app was fast and
responsive, preliminary UI testing with a small group of users
made us rethink our app’s usability.
On the basis of this early feedback, we reimplemented the app
using Polymer components that use Material Design principles
[35], as can be seen in Figure 2. Material Design is a design
language developed by Google for a unified interface across
platforms. Material Design utilizes grid-based layouts,
responsive transitions, and animations, and it utilizes lights and
shadows to showcase depth [36]. By using Polymer components,
we got the native Android look and feel in the app and also a
design language that was familiar to the users.
We added Google Analytics (GA) to track the time spent by
the user on the app, the number of screens viewed per session,
session duration, app crashes, and page exits. Our app’s APK
was compiled using CrossWalk [35], a Cordova plugin that
bundles Chromium WebView [37] along with the app to provide
the app with the up-to-date features on any device. The
WebView bundled by CrossWalk facilitates the use of all device
APIs and enables the utilization of all the HTML5 features on
older Android phones. Despite these advantages, the plugin
increases the APK size.

Purkayastha et al
Literature suggests that smartphone-specific features were not
utilized in any of the previous apps used for the management
of depression [38]. Following are the innovations that
differentiate MoodTrainer from other available CBT apps:
•

•

Tracking user location has never been implemented in a
CBT app before, as far as we know. The user location is
captured at 1-min intervals. The user can see the location
history on a map from the user profile page. This location
tracking is not shared with anyone by default but could be
shared with the provider if the user allows it. Patients with
depressive episodes usually spend time alone in secluded
places with many risks. Our app’s location tracking feature
is a reminder to the user or, when shared with a clinician,
is a potential data point in decision making.
Notifications and reminders have been combined with
evidence-based modules in MoodTrainer. Users can set
reminders from the app if their mood scores are lower than
the baseline. We also pushed notifications to users if they
did not complete a module, nudging them to go through the
mood training.

Figure 2. User interface of MoodTrainer.

Cognitive Behavioral Therapy Delivered by
MoodTrainer and MoodGYM
The CBT aspect of MoodTrainer uses 6 modules, with each
module focusing on a specific type of intervention. Previously
http://humanfactors.jmir.org/2020/1/e14146/
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mentioned evidence from MoodGYM suggests that the
sequential format of the modules helps to improve depressive
mood [39]. The modules available in the app, in the order of
appearance, are as follows:
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•

•

•

•

•

•

Assessment module: The primary purpose of this module
is to identify the severity of depression and anxiety
symptoms experienced by the users before starting the CBT
program.
Feelings module: This module has tasks which make the
users aware of their feelings and how they respond to
routine life events. Later, this module associates moods
with feelings.
Thoughts module: This module provides examples of
different negative thoughts. Later, in a series of activities,
the user is asked to identify the thoughts that they usually
experience.
Unwarping module: This module identifies the negative
thoughts experienced by the user, and the evidence-based
mental health survey instruments guide the user to counter
these with positive thoughts.
Destressing module: The main goal of this module is to
equip the user with destressing strategies and also help the
users in applying these strategies in real-life scenarios.
Relationship module: The final module focuses on building
relationships and suggests the user to look at the bright side
in a relation. This module also analyzes the users’ relation
with their parents and helps them in having a better
relationship with their parents.

In addition to these modules, CBT also provides scales to
evaluate the user’s depression and anxiety status using Goldberg
Depression and Anxiety Scales [40]. These scales are designed
to aid general physicians and nonpsychiatrists in detecting
depression. These scales have a specificity of 91% and a
sensitivity of 86% [40]. The CBT aspect also helps in identifying
dysfunctional thoughts with the help of warped thoughts scale.
Parslow et al developed this scale and implemented it in
MoodGYM [41]. This is a 20-item scale that covers 7 different
areas such as the need for approval, love, influence on others,
the need to succeed, perfectionism, external requirements for
happiness, and expectations of rights. Research suggests that
the warped thoughts scores correlate with the levels of
depression and anxiety symptoms [41]. In addition to these
scales, there are other evidence-based questionnaires integrated
into the CBT modules such as (1) the Life Whacks
Questionnaire [42], (2) the Measure of Parenting Style [43],
and (3) the Pleasant Events Schedule [44].

Research Design
The study received ethics approval from the institutional review
board of Indiana University, with protocol number 1708867512.
We used a 2-arm randomized trial design, where the enrolling
participants are randomized into 2 groups—the Web-based CBT
group or the mobile app–based CBT group.
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Participants
The mobile app for CBT is targeted for the management of
depression in adolescents and young adults. Although it might
be beneficial to exactly target clinically depressed adolescents
and young adults, it was not feasible for this study, as that would
require Food and Drug Administration approval for 510(k), a
US market approval rule, as a mobile medical app and would
require the trial to be conducted under the supervision of a
mental health practitioner. The student population from which
we selected our participants matched the target audience age
group, including the 18+ years requirement by the MoodGYM
instruments. As CBT aims to improve mood and reduce anxiety,
we conducted the trial during the week of final exams, which
is, as shown in previous studies, usually the time when students
experience anxiety for 2 to 4 weeks [45,46]. This also informed
our trial study period of 2 weeks [47].

Recruitment Strategy and Randomization
The participants in the study were recruited by convenience
sampling. We approached the participants in usual congregation
areas such as waiting areas, cafeterias, and designated
workstations. During the initial meeting, the participants were
provided with the study details and recruited if they fulfilled
the inclusion criteria and consented to participate in the study.
The inclusion criteria were as follows:
•
•
•
•

The participants should be enrolled as students at Indiana
University at the time of recruitment.
The participants must be aged 18 years or above.
The participants must own an Android smartphone.
To mitigate risks/harm, the participants should have no
history of a major depressive episode within the past 5
years.

The study participants were randomized into 2 groups, with one
group receiving a link to download the app and another group
receiving log-in information to the MoodGYM website.
Participants were given identifiers that were used as username
in MoodGYM and as GA ID in MoodTrainer. There were 15
male and 15 female subjects, with age ranging from 24 to 44
years and a median age of 32 years. All the recruited subjects
were graduate students from the health informatics program
and had clinical background in pharmacy, nursing, dentistry,
or medicine.

Evaluation
We collected data on the usability of MoodTrainer and
MoodGYM using a heuristics survey with a 5-point Likert scale
for responses based on Nielsen heuristics [48]. The heuristic
characteristics which were studied are summarized in Table 1.
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Table 1. Summary of Nielsen heuristics evaluated in the study.
Heuristics

Aspects evaluated

Visibility of system status

This category evaluates if the user can view all the modules and access the different features present in the
app.

Match between the system and the
real world

This heuristic evaluates if the app can perform the task which it is expected to do.

Control and freedom

This category evaluates if the user can perform different tasks on the system and if the user has performed any
unwanted task was able to recover from that without any consequences.

Consistency and standards

This heuristic evaluated if all the user interface elements of the app were consistent and if the cognitive behavioral therapy aspect of the app was straightforward.

Error prevention

This heuristic evaluated if the user had experienced any of the error prevention features and whether they
helped the user in preventing errors.

Recognition rather than recall

It is better to suggest what action should be performed next rather than allowing the user to think what the
next action should be. This can be achieved by having all the navigation options visible to the user.

Flexibility and ease of use

This heuristic evaluated if the app’s users were able to access the app with minimal or no external assistance.

Aesthetic and minimalistic design

This heuristic evaluated if the app’s design is minimal and the functionality that supports the task and goals
of that interface.

Help users recognize, diagnose, and
recover from errors

Errors are a common phenomenon when a user navigates through an app or an interface, and this heuristic
evaluated if the app helped the users in recognizing and recovering from errors.

Help and documentation

This is a very important aspect of any user interface. If the user has reached a point where he is no longer coherent with what is going on in the app, the user interface must provide enough information to put the user
back in place.

Procedures
We evaluated the feasibility and acceptability of the mobile
CBT using a heuristic evaluation survey and evaluated the user
engagement through GA in MoodTrainer and modules
completed in MoodGYM. At the end of the 2 weeks, participants
received an email with the heuristic evaluation that was
developed using REDCap [49]. This survey included questions
regarding the features of the mobile phone–based and the
Web-based CBT and the self-reported usage of the interventions.
The participants were also asked to submit the summarized
scores of both the depression and anxiety scales present in the
app using the settings page available in the app. These data
included details about when the form was completed, and scores
were reported anonymously to a research-hosted District Health
Information Software v2 instance, a popular open-source health
management information system.

Results
The MoodTrainer Mobile App
The MoodTrainer app was designed with a focus on improving
user engagement. The app provides location-based feedback
and visual feedback of the progress of the user’s CBT module.
The progress visualization of MoodTrainer was developed using
Chart.js, a JavaScript library for interactive visualization. On
the basis of the scores generated by the CBT scales, a chart was
generated to indicate the user's progress across different
modules.
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Providing location feedback is one of our main innovations, a
feature never implemented in a CBT app before. This feature
captures the location of the user using the native device API at
regular time intervals and displays it to the user on a map.
Google Maps API was used to generate a map and create
markers of the various locations where the user had been in the
past 24 hours. On the basis of this, the user will be able to get
appropriate feedback if they are spending more time in an
isolated place. Initially, we planned to build a motion-sensing
feature using the device’s accelerometer to detect agitations or
violent movements. However, integrating this feature did not
work as anticipated and had to be removed from the final version
of the app. MoodTrainer also provides interactive feedback to
the users regarding their performance across different CBT
modules. These unique features of MoodTrainer ensure that the
user is constantly engaged with the app. The level of real-time
feedback provided by MoodTrainer is unique and has not been
implemented previously in a CBT. The literature suggests that
smartphone-specific features were not utilized in any of the
previous apps that were designed for the management of
depression [50].

Heuristic Evaluation of MoodTrainer and MoodGYM
The participants were given these applications for 2 weeks to
use, and at the end of the 2-week period, the participants were
provided with Nielsen heuristic evaluation survey. The results
of the survey are as given in Table 2, which summarizes the
responses of the heuristic evaluation survey respondents who
responded Yes and Fisher exact test results for the responses.
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Table 2. Summary of the responses and the statistics of the heuristic evaluation survey.
Heuristic and question

MoodTrainer
(n=15)

MoodGYM (n=15) P value (2tailed)

Is the app home screen clearly depicting the features and modules?

15

12

.22

Are the buttons clear and of appropriate size to select?

14

14

>.99

Visibility of system status

Were you able to access the location feedback provided by the app?

a

12

—

—

Do the actions provided by the system match the actions performed by user?

15

12

.22

Does the activity scheduling match a real-time experience in scheduling activities?

12

11

>.99

Are the activities for identifying warped thoughts effective enough?

14

15

>.99

Are the modules effective enough in identifying positive thoughts?

14

15

>.99

Is it easy to navigate across the various modules and features present in the app?

13

12

>.99

Are the navigation controls easy to locate?

10

12

.68

Are all the screens consistent in format (font, color, and layout) across the application? 12

13

>.99

Are all the questions in the application easy to understand and straightforward?

12

10

.68

Is navigation to the next screen prevented until the current task is completed?

9

13

.21

Can you randomly navigate across the modules?

10

9

.68

Are all the buttons used relevant?

15

12

.22

Are the buttons and icons used consistent and similar across the application?

14

15

>.99

Are the buttons navigating you to the appropriate location?

15

15

>.99

Is the application easy to use and navigate with minimal or no external assistance?

15

10

.04 b

Does the alignment of input boxes and buttons look appropriately spaced?

12

15

.22

Are the colors (window/button) aesthetic to look?

10

13

.38

Is the error message understandable?

12

13

>.99

Does the error message provide feedback with instructions?

14

12

.59

Does the button provide enough help in completing the task?

15

15

>.99

Do the buttons provide enough information to reflect what they are intended to do?

15

15

>.99

Match between the system and the real world

User control and freedom

Consistency and standards

Error prevention

Recognition rather than recall

Flexibility and efficacy of use

Aesthetic and minimalist design

Help users recognize, diagnose, and recover from errors

Help and documentation

a

The location feedback is only available in MoodTrainer and not in MoodGYM.

b

Statistically significant difference between MoodTrainer and MoodGYM.

Heuristic 1—Visibility of System Status
Most participants agreed that both the interventions were clear
and that the UI depicts all the features and modules of the
application. However, some MoodGYM users commented that
the website’s home screen was not very intuitive and did not
show all the features at the onset.
http://humanfactors.jmir.org/2020/1/e14146/
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Heuristic 2—Match Between the System and the Real
World
All participants agreed that both the systems performed their
intended actions. Some MoodGYM participants commented
that the navigation buttons were not intuitive and that they had
to click a button twice to get the desired action. Furthermore,
73% (11/15) of MoodGYM participants agreed that the activity
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scheduling (activity in the CBT program) provided a real-time
experience, whereas 86% (13/15) of the MoodTrainer users
agreed that this activity matched the real-time experience.
Overall, 93% (14/15) of MoodTrainer and 100% (15/15) of
MoodGYM participants agreed that warped thought activities
were effective. Both MoodGYM and MoodTrainer users agreed
that the modules were effective in identifying positive thoughts.

Heuristic 3—User Control and Freedom
Overall, 13 of the 15 participants responded that it was easy to
navigate across the various modules present in MoodTrainer.
However, 12 of the 15 participants responded that it was easy
to navigate across MoodGYM, although some of them
commented that they could not locate the navigation menu, and
it was difficult to navigate to the previous page as the browser
back would not produce the same action. Participants had to
browse through a lot of pages to find the different CBT modules.
Overall, 80% (12/15) of the participants agreed that the
navigation controls were easy to locate for MoodGYM, and
66% (10/15) found that the navigation controls present on the
MoodTrainer app were easy to locate.

Heuristic 4—Consistency and Standards
Overall, 80% (12/15) of the users commented that all the screens
of the MoodTrainer app were consistent with regard to font,
color, and layout. One participant commented that these screens
“could be more colorful and interesting” and another participant
did not think that the screens were consistent. Although all
MoodGYM participants agreed that the screens were consistent,
some of them additionally commented that the layout could be
improved for a better user experience. Furthermore, 80% (12/15)
of the MoodTrainer participants agreed that all the
questionnaires in the app were easy and straightforward, but
some commented that they were too lengthy and required effort
to understand. We believe that these validated psychological
instruments are hard to understand for the uninitiated user but
did not want to change for obvious clinical efficacy reasons.

Heuristic 5—Error Prevention
Overall, 60% (9/15) of the MoodTrainer participants and 86%
(13/15) of the MoodGYM participants agreed that the navigation
to the next task was prevented until the current task was
completed. Furthermore, 73% (11/15) of the MoodTrainer
participants agreed that they were able to navigate across
different modules compared with 60% (9/15) among the
MoodGYM participants.
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external assistance compared with 66% (10/15) of the
MoodGYM participants.

Heuristic 8—Aesthetic and Minimalist Design
Overall, 80% (12/15) of the MoodTrainer users and 100%
(15/15) of the MoodGYM users felt that the input boxes and
buttons were appropriately placed in the UI. Furthermore, 66%
(10/15) of the MoodTrainer users and 86% (10/15) of the
MoodGYM users agreed that the colors, windows, and buttons
were aesthetic.

Heuristic 9—Help Users Recognize, Diagnose, and
Recover From Errors
Overall, 80% (12/15) and 86% (10/15) of MoodTrainer and
MoodGYM users, respectively, felt that the error messages were
understandable. Some commented that they did not encounter
any errors. Furthermore, 53% (8/15) of MoodTrainer users
agreed that the error messages guided them to recover from the
error. A total of 2 participants mentioned that the error messages
must be framed better. In addition, 73% (11/15) of the
MoodGYM participants found that the error messages were
helpful. Furthermore, 93% (14/15) and 80% (12/15) of the
MoodTrainer and MoodGYM users, respectively, agreed that
the error messages provided sufficient feedback with
instructions.

Heuristic 10—Help and Documentation
Overall, 100% (15/15) of the MoodTrainer and MoodGYM
participants agreed that there was enough information provided
throughout the CBT to understand the tasks that had to be
performed in the apps.
We performed Fisher exact test on the survey responses to check
for statistically significant differences between the MoodGYM
and MoodTrainer survey responses. It was found that easy
navigation (heuristic number 7) was the only feature with a
statistically significant difference. However, application usage
statistics showed a larger difference between MoodGYM and
MoodTrainer, highlighting a difference in user engagement.

Application Usage Statistics

Heuristic 7—Flexibility and Efficacy of Use

The app usage statistics were generated using GA can be seen
in Figure 3. GA provided detailed metrics of app usage, such
as the number of sessions logged, screen views, number of
screens per session, and session duration. During the study
period, compared to 52 in MoodGYM, a total of 67 sessions
were logged by the MoodTrainer users, and there were 608
screen views during this period. On an average, the users viewed
about 9 screens per session, and the average session duration
was 3 min 34 seconds. During the study, it was also observed
that the location feedback screen was the second most-viewed
screen, with 6.0% (37/608) of the total screen views. This
indicates that the study participants were interested and often
looked at the location history. The progress page was among
the top 5 most viewed pages during the study period, and it had
about 3.8% (23/608) of the total views.

Both MoodTrainer and MoodGYM participants agreed that the
buttons were navigating them to the appropriate location.
Furthermore, 100% (15/15) of the MoodTrainer participants
agreed that the application was easy to use with minimal or no

As can be seen in Table 3, 25% of the sessions lasted for about
3 min to 10 min, with an average session duration of 6 min.
Furthermore, 10% of the sessions lasted between 10 min to 30
min, with an average session duration of 15 min and 24 screens

Heuristic 6—Recognition Rather Than Recall
Overall, 100% (15/15) of the MoodTrainer and 80% (12/15) of
the MoodGYM users agreed that the buttons were visible and
understandable. Furthermore, 93% (14/15) of the MoodTrainer
participants, compared with 100% (15/15) of the MoodGYM
participants, agreed that the icons and other UI elements were
similar across the application.
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per session. During the study duration, it was found that 16%
of the sessions had a screen depth of 3 screens and lasted about
1 min 30 seconds min, and 11% of the sessions had a screen
depth of 20+ screens and lasted about 8 min 30 seconds min. It

was also observed that out of the 5 modules, on an average,
MoodTrainer users completed about 2.5 modules and
MoodGYM users completed only 1 module.

Figure 3. Distribution of screen views.

Table 3. Number of sessions by session duration for the app and web cognitive behavioral therapy.
Duration per session, seconds

MoodTrainer app sessions, n

MoodGYM web sessions, n

0-10

15

10

11-30

8

11

31-60

5

8

61-180

15

10

181-600

17

11

601-1800

7

2

Discussion
Differences in User Engagement Between the Two
CBTs
This study is among the first to develop a mobile phone–based
CBT on the basis of a Web-based CBT and compare the
differences in the medium of CBT delivery. We selected
MoodGYM as it is widely used in a global context. Its focus
on mood disorder allowed us to apply it to the student context,
where we have seen mood issues come up often. The results of
our limited trial indicate that the MoodTrainer app is more
usable when compared with MoodGYM. Previous studies, such
as a study by Watts et al [51] in 2013, demonstrated the efficacy
of delivering CBT over mobile phones. Our study affirms the
computer-based versus the mobile phone–based CBT
comparison for the same CBT content, with additional
smartphone-specific features. More recent reviews [52] and
studies [53] also show that app-based CBT is more usable and
http://humanfactors.jmir.org/2020/1/e14146/
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engaging. However, it is important to highlight that as more
users get comfortable with smartphone interfaces and more
accustomed to spending time on devices, this might simply be
a reflection of user familiarization. The time spent on the app
and the number of sessions logged indicate that MoodTrainer
is more accepted by the users compared with MoodGYM. The
usability evaluation of the app reveals that it has a user-friendly
design. The app can be monotonous after a while and needs to
be designed with more colors and better imagery. As we took
most of the graphics and content without much change from
the Web-based CBT, there is an opportunity to customize the
content for delivery through mobile phones in the future. The
users of the MoodTrainer app were able to access the location
feedback feature. This page was also the most-viewed page
during the study period. This might indicate that location
tracking was useful and might improve user engagement. The
statistical analysis of the survey responses showed that there
were no differences in the responses between the MoodGYM
and MoodTrainer users, except for a statistically significant
JMIR Hum Factors 2020 | vol. 7 | iss. 1 | e14146 | p.62
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difference in the navigation of the application. The mobile app
was easier to navigate than the Web application. The session
durations which were logged by the users showed that most
sessions were between 3 min to 10 min. In terms of
self-monitored CBT or note-taking, this may be considered
usual time of daily activity. The median age of the subjects was
32 years, with the youngest at 24 years and the oldest at 44
years. So, even though our study was conducted among student
population, the sample was not millennials. We also reflected
that even though our subject population were not identified as
depressed or having mood disorders, referring to them as
mentally healthy was also not accurate. Mood disorders are
fairly prevalent among college students, and many do not seek
help as these are fairly temporary. Thus, we avoid the claim
that our subjects are healthy, as we deliberately did not compare
their clinical scales as this was only a usability study.

Limitations
This study was restricted as a usability study and did not
evaluate the clinical efficacy of the application because of cost
and time constraints. The study included healthy young adults,
although including young adults with depression would have
given an appropriate understanding of the clinical efficacy.
Depressed adults might also have cognitive issues, but there is

Purkayastha et al
no clear evidence on this yet. The apps were provided to users
only for a brief period of 2 weeks.

Future Work
We have attempted to make modifications based on user
feedback and released the app to Google Play Store. Evaluating
the app for clinical efficacy in a depressed population is the
next step.

Conclusions
We presented the first evaluation of a mobile phone–based CBT
delivery, where we implemented smartphone-specific features.
The study also revealed that CBT delivered by this method was
more intuitive and user-friendly than Web-based CBT. This
method of CBT delivery might thus be more accessible and
cost-effective, with improved user engagement. Such apps being
more accessible have great potential in limited-resource settings,
where access to face-to-face CBT is a challenge. The
MoodTrainer app does not aim to replace a clinical care provider
but can supplement it as a self-supporting tool. This app might
be utilized by clinical psychologists as a continuum of care to
prevent the relapse of multiple episodes. It can also be used as
a monitoring aid to track a patient’s progress after the therapy
or during the therapy.
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Abstract
Background: Lack of knowledge and poor attitude are barriers to colorectal cancer screening participation. Printed material,
such as pamphlets and posters, have been the main approach in health education on disease prevention in Malaysia. Current
information technology advancements have led to an increasing trend of the public reading from websites and mobile apps using
their mobile phones. Thus, health information dissemination should also be diverted to websites and mobile apps. Increasing
knowledge and awareness could increase screening participation and prevent late detection of diseases such as colorectal cancer.
Objective: This study aimed to assess the effectiveness of the ColorApp mobile app in improving the knowledge and attitude
on colorectal cancer among users aged 50 years and older, who are the population at risk for the disease in Kedah.
Methods: A quasi-experimental study was conducted with 100 participants in Kedah, Malaysia. Participants from five randomly
selected community empowerment programs in Kota Setar district were in the intervention group; Kuala Muda district was the
control group. Participants were given a self-administered validated questionnaire on knowledge and attitudes toward colorectal
cancer. A mobile app, ColorApp (Colorectal Cancer Application), was developed as a new educational tool for colorectal cancer
prevention. The intervention group used the app for two weeks. The same questionnaire was redistributed to both groups after
two weeks. The mean percentage scores for knowledge and attitude between groups were compared using repeated measure
ANCOVA.
Results: There was no significant difference in age, sex, highest education level, current occupation, and diabetic status between
the two groups. The number of smokers was significantly higher in the intervention group compared with the control group and
was controlled for during analysis. The intervention group showed a significantly higher mean knowledge score compared with
the control group with regards to time (Huynh-Feldt: F1,95=19.81, P<.001). However, there was no significant difference in mean
attitude scores between the intervention and control groups with regards to time (F1,95=0.36, P=.55).
Conclusions: The ColorApp mobile app may be an adjunct approach in educating the public on colorectal cancer.
(JMIR Hum Factors 2020;7(1):e15487) doi:10.2196/15487
KEYWORDS
colorectal cancer; mobile app; effectiveness; knowledge; attitude
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Introduction

were more than 7000 apps developed for health education and
promotion purposes [20].

There were 1.7 million new cases of colorectal cancer in 2015,
with 832,000 deaths globally [1]. It is the third most commonly
diagnosed type of cancer. However, colorectal cancer was
reported by the National Cancer Registry as the second most
common cancer in Malaysia between 2007 and 2011. The total
number of cancer cases registered was 13,693 or 13.2% of all
cancer types. The age-standardized rate of colorectal cancer
was 14.6 per 100,000 population for males and 11.1 per 100,000
population for females [2]. There is a wide disparity in the
country-specific incidence in Southeast Asia, with the highest
incidence reported in Singapore (age-standardized rate 33.7 per
100,000 population) [3]. However, trends for both the incidence
and the mortality rates for Singapore have been stable and even
declining since 2000. Other countries, such as Indonesia,
Thailand, Vietnam, and Myanmar, have comparatively lower
incidence rates of colorectal cancer than Malaysia [4].

A mobile app named ColorApp (Colorectal Cancer Application),
intended for the population at risk in Malaysia, was developed
as a new tool for health education and promotion on colorectal
cancer [21]. Its usability has been shown in a usability study
published previously [21]. However, we do not know whether
this usable mobile app can improve the knowledge and attitudes
of users on colorectal cancer. Therefore, this study aimed to
assess the effectiveness of the ColorApp mobile app in
improving the knowledge and attitudes on colorectal cancer
among users aged 50 years and older who are the population at
risk for the disease in Kedah.

People living in Malaysia, Singapore, India, and Brunei were
reported to have a significantly more negative response toward
and lack of intention to undergo colorectal cancer screening
compared with people in the Philippines and Japan. The public’s
low knowledge and awareness, as well as their poor attitude
toward screening, may explain the negative perception and lead
to a low rate of screening [5]. Those at high risk of getting
colorectal cancer were also reported to have low intention; only
38% of them were willing to be screened [6]. Furthermore, the
intention to go for screening among people aged 50 years and
older is the lowest compared with younger age groups. Lack of
knowledge or education is the most critical barrier reported in
many studies [5,7-11]. Poor knowledge by the general public
about the risk factors, signs, symptoms, and screening tests
available leads to low awareness of the importance of preventive
action including taking a screening test. In addition, background
education level plays an important role in determining health
literacy, especially in rural areas. Health education and
promotion on colorectal cancer are still not as rigorous as the
lung, breast, and cervical cancer prevention activities in
Malaysia despite increasing incidence from year to year [11].
Therefore, the awareness program for colorectal cancer and
health promotion and education need to be strengthened in
Malaysia.
Mobile phone usage is on the rise leading to high demand for
mobile phone apps [12]. These apps could be used for social
interaction, education, entertainment, as well as personal health.
Mobile apps have been shown to have a potential role in health
awareness and behavioral changes [13,14]. The mobile phone
has been studied as a platform for intervention programs, such
as text messaging interventions for smoking cessation [15,16],
for diabetic education [17], to monitor patient health status [18],
to increase physical activity [13], and for dietary management
[19]. The integration of multiple functions of a mobile phone
with a mobile app enables not only health education but also
the monitoring of user progress, providing health reminders,
and sharing outcomes with health care providers or friends to
maintain user motivation. A mobile app also provides a useful
and faster way to disseminate information, such as risk factors
and preventive measures, at a low cost [12]. By 2010, there
https://humanfactors.jmir.org/2020/1/e15487
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Methods
Overview
A quasi-experimental study was conducted in the state of Kedah,
Malaysia. The two most populous districts with good broadband
coverage were selected. These districts have active community
empowerment programs at different localities. This community
empowerment program, known by the acronym KOSPEN,
aimed to empower people to achieve better health by reducing
the behavioral and modifiable noncommunicable disease risk
factors [22]. Kota Setar district was chosen as the intervention
district and Kuala Muda district as the control district. Five
KOSPEN localities in each district were randomly selected.
Ten eligible program participants were randomly selected from
each locality to achieve a total of 100 participants, 50 in each
group. Eligible participants were those aged 50 years and older,
who owned an Android mobile phone and had never been
diagnosed with any type of cancer. This study was approved
by the National Medical Research Registry, Malaysia
(NMRR-17-2623-38675 [IIR]) and Human Research Ethics
Committee USM, Malaysia (USM/JEPeM/17110601).
There were two tools—one apps and one questionnaire—used
in this research study, which are described subsequently.

ColorApp Mobile App
ColorApp is a newly developed mobile app for health promotion
and education on colorectal cancer. It consists of 10 interfaces
on introduction to colorectal cancer, signs and symptoms, risk
factors, preventions, screening programs in Malaysia, and
immunochemical fecal occult blood test kits. It also has two
interactive pages to stratify the user’s risk of disease and a health
calculator that provides a recommendation on the need for
screening as well as ideal body weight, recommended blood
pressure, glucose, and cholesterol level. A video on colorectal
cancer is also available. ColorApp has been tested and proven
to be usable by the intended users. The development process
and usability study have been published recently [21].

Self-Administrated Questionnaire on Knowledge and
Attitude on Colorectal Cancer
This is a validated Malay version of a self-administered
questionnaire that consists of four sections: sociodemographic
information, knowledge of the general aspects of colorectal
cancer, attitude on colorectal cancer, and practices of lifestyle
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and colorectal cancer screening [23]. Due to time and logistic
constraints, this study only assessed the immediate changes,
which were knowledge and attitude on colorectal cancer.
Practice change on colorectal cancer screening required a longer
duration of follow-up; thus, it was not possible to be covered
during the study period. The number of items for knowledge
and attitude were 29 and 10, respectively. A 5-point Likert scale
was used: strongly agree, agree, neutral, disagree, and strongly
disagree. There were positive and negative items; scores of 5
to 1 were used for positive items and reverse scores for negative
items. Summation of the total score for each domain was
converted into a percentage score. The mean percentage score
of knowledge and attitude before and after using ColorApp were
computed and compared. The Cronbach alphas for knowledge
and attitude domain were .65 and .82, respectively. The
self-administered questionnaire on knowledge and attitude on
colorectal cancer is attached in Multimedia Appendix 1.

able to install it to avoid cross-contamination (ie, users using
the app that did not sign up as participants in our study).
Participants in the intervention group were instructed to use
ColorApp for two weeks at their own convenience. No mobile
app was introduced to the control group. The same questionnaire
was readministered after two weeks of using ColorApp during
a second community health activity at each locality. For the
benefit of the participants, they were given a health talk on
colorectal cancer. The control group participants were also
introduced to ColorApp after all participants submitted the
postintervention questionnaire. The mean percentage scores for
knowledge and attitude between groups were compared using
repeated measures ANCOVA (analysis of covariance) because
it adjusted for the age and smoking status of participants. Age
was controlled during the study design, and smoking status was
controlled because it showed a significant difference between
the intervention and control groups.

Data Collection Method

Results

Participants were invited to participate in this study through our
program coordinator. During the preintervention period,
participants were invited to a community health program at
selected localities. A health talk on local public health concerns
was conducted to gather all the participants and as an add-on
benefit for all. The participants were then given a validated
self-administered questionnaire on colorectal cancer knowledge
and attitude. On completion of the questionnaire, participants
from the intervention group were introduced to ColorApp and
asked to install it onto their mobile phone. The ColorApp
prototype was published in the Google Play store as a beta
option; only users who were provided with the app link were
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Overview
There was no difference in terms of age, sex, highest education
level, and current occupation between the control and
intervention groups. However, there was a significant difference
in smoking status; more participants from the intervention group
smoked compared with the control group (Table 1).
Comparisons of the mean percentage scores of knowledge and
attitude on colorectal cancer between the intervention and
control groups with consideration of time pre- and postusage
of the mobile app comprised three separate results.

JMIR Hum Factors 2020 | vol. 7 | iss. 1 | e15487 | p.69
(page number not for citation purposes)

JMIR HUMAN FACTORS

Yaacob et al

Table 1. Sociodemographic and health characteristics of participants by intervention and control group (N=100).
Variables

Intervention (n=50)

Control (n=50)

P value

Age (years), mean (SD)

56.0 (5.69)a

55.8 (4.76)a

.86a

Male

25 (50)

25 (50)

>.99b

Female

25 (50)

25 (50)

Tertiary

7 (14)

3 (6)

Secondary

33 (66)

35 (70)

Primary

10 (20)

12 (24)

Employed

17 (34)

22 (44)

Unemployed

33 (66)

28 (56)

Yes

17 (34)

7 (14)

No

33 (66)

43 (86)

Yes

10 (20)

6 (12)

No

40 (80)

44 (88)

Underweight

3 (6)

1 (2)

Ideal body weight

14 (28)

18 (36)

Overweight

19 (38)

20 (40)

Obese

14 (28)

11 (22)

Sex, n (%)

Highest education, n (%)
.40b

Current occupation, n (%)
.31b

Smoking status, n (%)
.02b

Diabetes status, n (%)
.28b

Body mass index category, n (%)

a

.61c

Independent t test.

b

Chi-square test.

c

Fisher exact test.

Within-Group Difference (Time Effect)
The time-effect mixed-design repeated measures ANCOVA
analysis showed that there was a significant increment in
knowledge scores among participants in the intervention group
after using the mobile app (Wilks’ lambda, F1,47=7.38, P=.007).
Participants in the intervention group had significantly better
knowledge postintervention compared with preintervention.
Within the control group, knowledge scores were observed to
be lower at postintervention; however, it was not statistically
significant (Wilks’ lambda, F1,47=0.71, P=.40).
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The time-effect mixed-design repeated measures ANCOVA
analysis for attitude showed that there was no significant change
of mean attitude score after using the mobile app. The mean
percentage score difference in attitude before and after ColorApp
usage was not significant for the intervention group (Wilks’
lambda, F1,47=0.28, P=.60) or the control group (Wilks’ lambda,
F1,47=1.68, P=.20). Participants’ attitudes from both groups did
not change significantly postintervention.
The comparison of adjusted mean percentage scores of
knowledge and attitude within the intervention group are shown
in Table 2.
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Table 2. Comparison of adjusted mean percentage scores of knowledge and attitude within the intervention and control group (n=50).a
Time

Intervention group
Adjusted mean difference (95% CI)

a

Control group
P value

Adjusted mean difference (95% CI)

P value

Postintervention knowledge
2.65 (0.75, 4.55)
score−preintervention knowledge
score

.007

0.66 (−0.91, 2.23)

.40

Postintervention attitude
score−preintervention attitude
score

.60

−3.00 (−7.65, 1.65)

.20

0.77 (−2.17, 3.70)

Two-way mixed-design repeated measure ANCOVA was applied and adjusted for smoking.

Between-Group Difference (Intervention Effect)
The intervention-effect mixed-design repeated measures
ANCOVA analysis showed that there was an overall significant
difference in mean percentage score of knowledge between
intervention and control groups regardless of time (F1,95=11.36,
P=.001). For attitude, there was no overall significant difference
between the intervention and control groups on the mean
percentage score of attitude regardless of time (F1,95=0.42,
P=.52). The adjusted mean difference between intervention and
control for percentage score knowledge was 3.34 (95% CI
1.37-5.31, P=.001) and for attitude was −0.784 (95% CI −3.18
to 1.62, P=.34).

Between-Group Difference Based on Time (Interaction
Effect)
Two-way mixed-design repeated measures ANCOVA was
applied and adjusted for age and smoking status. There was no
mean percentage score difference between groups during
preintervention (Huynh-Feldt: F1,95=1.82, P=.21); however,
there was a significant difference between groups during
postintervention (Huynh-Feldt: F1,95=19.81, P<.001; partial eta
squared=0.610). There was a significant difference in mean
percentage score knowledge between the intervention and
control groups with regards to time (Wilk’s lambda, F1,95=6.20,
P=.02). The interaction effect produced a significant difference
in mean percentage score knowledge with consideration of time
between pre and post usage of ColorApp (Figure 1).

Figure 1. Profile plot of the estimated marginal means of the mean percentage scores for knowledge between pre- and postusage of ColorApp.

For attitude, there was no difference between groups during
preintervention (Huynh-Feldt: F1,95=0.36, P=.55) and
postintervention (Huynh-Feldt: F1,95=2.24, P=.14). There was
also no significant difference in mean percentage score attitude
https://humanfactors.jmir.org/2020/1/e15487
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between the intervention and control groups with regard to time
(Wilks’ lambda, F1,95=1.98, P=.16). The interaction effect
produced no significant difference in the mean percentage score

JMIR Hum Factors 2020 | vol. 7 | iss. 1 | e15487 | p.71
(page number not for citation purposes)

JMIR HUMAN FACTORS
attitude with consideration of time between pre- and postusage
of ColorApp (Figure 2).
Based on the analysis, the intervention group showed a
significant improvement in their knowledge score after using
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ColorApp, but not their attitude score. The partial eta squared
for intervention effect was 0.610, indicating a large effect size
based on Cohen’s guidelines [24].

Figure 2. Profile plot of the estimated marginal means of the mean percentage scores for attitude between pre- and postusage of ColorApp.

Discussion
This study shows an improvement in knowledge of colorectal
cancer after the use of the ColorApp app, but it did not affect
attitude toward preventing colorectal cancer. ColorApp was
developed to be used by people aged 50 years and older who
are at higher risk of getting colorectal cancer. It was designed
to improve their general knowledge of colorectal cancer and
attitudes toward their disease susceptibility, disease prevention
through a healthier lifestyle, and taking a screening test. A
quasi-experimental study was conducted because this was a
population-based study in which it was not feasible to randomize
at the individual level without contaminating the control group
[25]. Two different districts were used to avoid
cross-contamination (participants in the control group were
unable to download and use the mobile app). However, districts
(or geographical regions) with similar population characteristics
were chosen to ensure comparability between groups, as shown
by the baseline participants’ characteristics. Factors such as age,
gender, educational level, and occupation, which may influence
the level of knowledge and attitudes on colorectal cancer, were
similar at baseline. The smoking habit was significantly different
between the intervention and control groups and was controlled
during the multivariate analysis.
The time-intervention effect showed a significant improvement
of overall knowledge on colorectal cancer among participants
in the intervention group compared with the control group. This
indicates that ColorApp can be a tool to deliver health
https://humanfactors.jmir.org/2020/1/e15487
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information on colorectal cancer even to older users. This app
provides information on the epidemiology of colorectal cancer
in Malaysia, signs and symptoms, risk factors, prevention, and
colorectal cancer screening methods, as described in detail in
the development publication [21]. Many studies have supported
the use of mobile phones in improving the user’s or patient’s
knowledge and awareness of the disease. A systematic review
of health care apps for mobile phones found more than 15 apps
that focused on disease management for chronic illness were
able to improve patients’ knowledge. Thus, mobile apps are
able to play an important role in disseminating evidence-based
health information and are a tool for disease self-management,
remote monitoring, and mobile clinical communication [26]. A
study in China suggested that the use of a mobile app could
improve the user’s experience, especially on the accessibility
to health information, leading to positive health outcomes [27].
In another study involving diabetic patients in England, the
majority of participants agreed that a mobile health app had
great potential in health promotion and was beneficial and
helpful for them to live a healthier lifestyle [28]. Therefore,
increasing mobile phone ownership should be fully used in
delivering health education and promotion to intended users. It
can be a good complement to other modalities of health
education to enhance the effect of education to change people’s
behavior.
However, this study found no significant improvement in the
overall attitude of participants on the prevention of colorectal
cancer in the intervention group compared with the control
JMIR Hum Factors 2020 | vol. 7 | iss. 1 | e15487 | p.72
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group. The participants in the intervention group were given
only two weeks to use the ColorApp app before conducting the
postintervention assessment. The duration may have been
inadequate to assess attitude change on colorectal cancer.
Changing attitudes toward perceived susceptibility to the disease
and the benefits of taking preventive action (eg, choosing a
healthy lifestyle) and health-seeking behavior (eg, taking a stool
screening test) is not as easy as improving people’s knowledge.
Attitude change also requires consistent and congruent
information that needs to be delivered through various
information dissemination methods and includes messages that
are high in affect or emotion and connect attitudes to past
behaviors [29].
Changing attitudes is even more challenging when the health
education messages contradict the user’s beliefs, ethics, and
cultural values [30]. By going through all pages of the app,
reading the information available, and using the interactive
function, users may gain more knowledge about colorectal
cancer. Early detection of cancer, even by means of a
noninvasive procedure, can also be an unpleasant life
experience. Changing attitudes toward a healthier lifestyle, such
as eating more vegetables, being physically active, and stopping
smoking, may take longer because they involve their personal
value(s).
Although this study was unable to show a significant change in
attitude toward colorectal screening, this should not be the

Yaacob et al
reason for not using mobile apps as a means of health promotion
and education because other studies have proved an association
between knowledge of colorectal cancer and colorectal cancer
screening rates [31-33]. A qualitative study was conducted with
a focus group of 55 African Americans aged 50 years and older,
which found that lack of knowledge is one of the major barriers
to screening [31]. A similar finding was seen in other studies,
such as a study involving 247 participants in New Mexico during
a community event [32] and another study involving 1060
randomly selected visitors at Razavi Hospital of Mashhad, Iran
[33]. Looking at the local context, studies have shown that
knowledge and awareness of colorectal cancer among the
Malaysian population is still low [5,34,35]. Therefore, any
means that may improve the knowledge of the population on
colorectal cancer should be fully utilized to increase screening
participation. However, a longer period of study intervention
and follow-up may provide better evidence for the effectiveness
of an educational intervention.
In conclusion, the advancements in communication technology
should be fully used by health care providers in disseminating
health education messages to the target population. A mobile
app such as ColorApp is a way forward for health promotion
and education, particularly in the prevention and early detection
of colorectal cancer. ColorApp is currently published in version
14. It can be downloaded for free from the Google Play store.
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