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Abstract

Gamification has been  proposed as a possible solution to low user engagement in open collaboration
communities.  However,  most  studies  do  not  present  statistical  analyses  and  few  studies  analyze  the
criterion  validity  between  behavioral  and  self-reported  engagement  measures.  This  study  seeks  to
understand whether gamification contributed to greater behavioral and self-reported engagement in an
open collaboration community. We conducted an online field experiment to analyze user engagement in
two versions of a new feature, with or without a game design element (Progress bar), with 36 and 37
users, respectively. A subset of the participants (18 users) answered an online questionnaire about their
engagement with the system. We found that the group of users with the highest self-reported engagement
scores  performed the most  actions,  and  users  who  accessed  the  Progress  bar  performed  the  highest
number of actions.  More studies are needed to better understand the relationship between each action
and the engagement. 
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Introduction

A major  challenge  in  open  collaboration  systems is  fostering  a  sense  of  community  around artifacts
(O’Brien and Toms, 2008). The community also needs to attract a sufficient number of participants, i.e., a
critical mass (Burke et al., 2009). Galleries, Libraries, Archives, and Museums (or GLAMs) around the
world are leveraging the potential of outsourcing specific activities to the community, i.e., crowdsourcing
(Oomen and Aroyo, 2011). In this context, participation can be fostered by inviting users to assist in the
selection,  cataloging, contextualization,  and curation of collections (Lankes et  al.,  2007).  These active
ways of interacting with collections can lead to a higher level of engagement (Huvila, 2008), which is key
to community sustainability (Oomen and Aroyo, 2011). In creating online communities, designers face the
critical mass problem: the system does not yet have content capable of attracting new members and, at
the same time, there are few participants to create content that attracts other users. In small communities,
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the impact of members actions is limited, reducing motivation to contribute (Kraut and Resnick, 2011).
Consequently,  communities  focused  on  open  collaboration  (Forte  and  Lampe,  2013)  need  to  engage
participants.  Gamification,  which  describes  the  use  of  game  design  elements  in  non-game  contexts
(Deterding et al.,  2011), has been employed to promote engagement in a variety of contexts (Hamari,
2017; Seaborn and Fels, 2015). Adopting gamification aims to encourage participation and engage people
(Deterding  et  al.,  2011).  The  literature  has  shown  positive  effects  for  gamification,  but  few  studies
compare gamified and non-gamified system versions. There is also a need to explore how gamification can
be  implemented  in  specific  domains  and  real  settings  (Seaborn  and  Fels,  2015).  Studies  about
gamification lack statistical treatment of empirical data, meaning that standard measures of effect size are
unavailable (Seaborn and Fels, 2015).  This study seeks to fill this gap, aiming to understand whether a
specific  game design element (the progress bar) contributed to fostering user engagement in an open
collaboration  online  community  about  architecture  and  urbanism  in  the  context  of  a  GLAM.  We
conducted  an  online  field  experiment  comparing  two  versions  of  the  Arquigrafia  system
(  http://arquigrafia.org.br  ):  with and without gamification. We measured behavioral metrics for users in
both versions.  A subset  of  the participants  reported their  engagement  with the system answering an
online questionnaire based on User Engagement Scale (UES) (O’Brien et al., 2018). We finally analyzed
whether relationships exist among behavioral and self-reported user engagement metrics.

Background

Measuring Online User Engagement: Concepts

O’Brien and Toms (2018), define user engagement as “a quality of user experience characterized by the
depth  of  an  actor  ’s  investment  when  interacting  with  a  digital  system”.  Engagement  is  a  process
comprised  of  four  stages  (O’Brien  and  Toms,  2008):  point  of  engagement,  period  of  sustained
engagement, disengagement, and reengagement. The process is characterized by attributes of engagement
that  pertain  to  user,  system,  and  user-system  interaction.  Overall,  engagement  is  a  quality  of  user
experience characterized by attributes of  challenge,  positive affect,  endurability,  aesthetic and sensory
appeal,  attention,  feedback,  variety/novelty,  interactivity,  and  perceived  user  control.  Subjective
measurements are useful for capturing users’ motivations, beliefs, and attitudes but may be susceptible to
self-reporting biases (O’Brien and Lebow, 2013). Objective measures may be behavioral or physiological.
Behavioral metrics include number of distinct and returning users, number of visits and page views, and
time spent interacting with a website per session and over several days. These metrics have been used as
indicators of user engagement, activity, loyalty, and popularity of websites. Physiological metrics can help
to  understand  an  individual’s  experience  because  they  provide  “high-resolution,  continuous
representation”  of  subjects  over time (Lin et  al.,  2008).  Behavioral  and physiological  metrics  explain
“what” user’s behaviors are, but not “why” users behave in certain ways. Subjective measures, such as self-
report questionnaires, address the “why” as they explore users’ motivations, preferences, and attitudes. As
a counterpoint, users may under- or over-report their experiences (O’Brien and Lebow, 2013). 

Besides that, there are two levels of engagement: micro level involvement and macro level involvement
(Calleja,  2011).  For  Calleja,  2011,  p.  40,  micro  level  involvement  relates  to  “the  moment-by-moment
engagement of gameplay”, whereas the macro level relates to “longer-term motivations as well as off-line
thinking and activities that keep players returning to the game”, covering both “postgame and pregame
experiences”.  Iacovides  et  al.  (2015)   present  that  macro  level  expectations  are  informed  by  prior
experience,  other  players  and  the  wider  community;  and  Repeated  micro  involvement  depends  on
expectations being met, in-game factors, such as rewards, and external factors. In the context of online
communities, the participation of users differs when considering access from newcomers users, those who
visit  the  website  for  the  first  time,  and  existing  users  (Kraut  and  Resnick,  2011).  Studies  have
distinguished the engagement from existing users and newcomers (Backstrom et al., 2008; Burke et al.,
2009). According to Feild and Allan (2009), frustration is a function not only of the current interaction
but  of  the  previous  state  of  frustration.  This  behavior  may  imply  that  users  who  have  experienced
frustration in a system in previous accesses are prone to having a frustrating experience in new accesses.
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Theoretical foundations of Gamification

Common  purposes  for  gamification  relate  to  motivation,  behavior  change,  and  engagement.  The
psychological  theory  of  intrinsic  and  extrinsic  motivation  developed  by  Ryan  and  Deci  (2000)  is  a
consistent choice among authors. Gamification is consistently positioned as a tool for fostering extrinsic
and intrinsic motivation to accomplish specific tasks through the selective use of game elements (Seaborn
and Fels, 2015). Liu et al. (2017) offer a list of disciplinary perspectives that can be applied to the future
gamification studies, including information systems, marketing, organizational behavior, psychology, and
social  psychology.  From  the  psychology  perspective,  authors  describe  Flow  Theory  and  Self-
Determination  Theory  (SDT)  for  gamification  research.  The  Flow  Theory  (Csikszentmihalyi  and
Nakamura, 1979) describes a mental state of focus and immersion in one activity. According to the Flow
Theory, the feedback people experience by doing one activity should be ideal. The activity must be neither
too difficult nor too easy, so the user is engaged, focused and absorbed, in a state of flow. Therefore, it is
important  to  confront  the  user  with  interesting  challenges  (Groh,  2012).  The  scaffolding  for  those
challenges  should  increase  the  difficulty  for  reaching  the  next  level.  Also  it  is  desirable  to  vary  the
difficulty inside the flow region, where people are neither underchallenged nor overchallenged.  The SDT
proposes  that  if  one  of  the  three  psychological  needs  of  intrinsic  motivation  -  autonomy,  competence  or
relationship  -  is  not  supported within  a  social  context,  the well-being of  those  involved will  be  negatively
impacted (Ryan and Deci, 2000). Based on the tenets of SDT, the mechanism by which either of these systems
motivates effort and enjoyment may depend on whether relatedness and connectedness are relevant factors
within the context. We examine our research questions in light of SDT, Flow Theory, and aspects of micro and
macro player involvement.

Related work

We highlight in this section studies performed with the game design element Progress Bar, on which the
analysis will be developed in the following sections. According to Kim (2012), the progress dynamic is
often responsible  for  making people go through all  steps of  the signup process  for  an online service
because people like to move a progress bar to 100 percent.  The progress bar makes people feel  goal
oriented  and  it  is  a  positive  feedback.  Progress  bars  are  used  to  track  and  display  the  overall  goal
progression. In an educational game, progress bars are used as a display mechanism to motivate people
who are close to achieving their educational goal or sub-goals. Besides that, progress bar was defined as a
enhancing service that increases the perceived value of filling in all details by making use of progress-
related psychological tendencies (Huotari and Hamari, 2017). 

Pedro et al. (2015) conducted a case study with two groups of students to investigate their behavior during
their interaction with a system with and without gamification. The gamified version presented points,
progress bar, badges and ranking of each student logged in. The results indicate that the gamification
implemented contributed to improve student performance in the case of boys. Yet, improvement was not
observed in the case of girls. Codish and Ravid (2014) performed two quasi-experiments in an academic
course with students. Game elements used were the immediate feedback game mechanics such as points,
rewards,  and  badges,  and  comparative  feedback  mechanics  or  presentation  mechanics  such  as
leaderboards and progress bars. Progress bars were related to the goal setting theory (Locke and Latham,
2002) since they are a form of “summary feedback that reveals progress in relation to their goals” (Locke
and Latham, 2002, p. 708). Kim (2012) presented recommendations for how to, and how not to gamify
the library experience, and one of the recommendations was: ”Show the progress bar in library catalog”.
We analyzed progress bar in the domain of a GLAM. We aim to analyze behavioral  and self-reported
engagement  metrics  to  understand how self-reported  user  experience  relates  to  user  behavior  in  the
context of a small open collaboration community about architecture and urbanism. 

Method

The online field experiment was designed to collect behavioral engagement metrics. In addition, an online
questionnaire was designed to collect self-reported engagement metrics. The overall goal of our online
field experiment is to investigate whether gamification increases engagement in an open collaboration
online community.  We thus aim to answer the following research questions:  RQI) Does gamification
contribute  to  increased  behavioral  engagement  with  the  content  of  an  open  collaboration  online
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community?; RQII) Does gamification contribute to increased self-reported engagement with the content
of an open collaboration online community?; and RQIII) How does self-reported user experience relate
to  user  behavior?  We  planned  this  experiment  in  the  context  of  the  Arquigrafia  online  community.
Arquigrafia is a public, nonprofit digital collaborative community dedicated to disseminating architectural
images (www.arquigrafia.org.br). Since Arquigrafia is still small, it needs to foster a community around
images and information. The system makes available images from institutional collections as well as user
images. However, many images from institutions are old and lack some of the data about the architecture
presented in them. A Data Review feature was developed to mitigate this problem; it fosters collaboration
among system members by reviewing and editing data on the architectures portrayed in images posted by
users and institutions. This is the target feature of the online field experiment. Originally, the experiment
was designed to evaluate three game elements: the Progress Bar, Points and Enduring play, according to
definition from (Deterding et al.,  2011). However, only one person accessed the Points element (after
entering the data review interface) and none accessed the interface which Enduring play had been applied
(after the completion of a data review). Points and Enduring Play were pieces of Data review feature, and
there  were  no users  who  reviewed  data  from an  image  during  the experiment  period.  However,  the
Progress Bar is presented in the page that displays information about a selected architecture image by a
user.  Therefore,  we focused our analysis  on the Progress Bar.  The Progress Bar in the context of  the
Arquigrafia  system  presents  how  far  the  architecture  image  is  from  reaching  the  goal  of  100%  of
completed and reviewed data. Two versions of the system were analyzed:

Gamified version (Treatment) Data Review Feature with Progress bar.

Non-gamified version (Control) Data Review Feature without Progress bar. 

Data Collection

The online field experiment was performed over 20 days (from November 16, 2017 to December 5, 2017).
The metrics were calculated based on a mean for the number of days of the experiment. According to
Zichermann and Cunningham (2011), engagement can be best analyzed  through a series of interrelated
metrics that are combined to form a whole. We adopted two types of metrics: self-reported and behavioral
as can be noted in Table 1. 

Table 1. User engagement metrics used in this study.
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The self-reported engagement metrics used in this experiment  were drawn  from the User Engagement
Scale  (UES)  (O’Brien  et  al.,  2018).  UES can  be  analyzed  concerning  its  sub-scales  or  dimensions  —
focused  attention  (FA),  perceived  usability  (PUS),  aesthetic  appeal  (AE),  and  reward  (RW)  —  or
aggregated as an overall engagement score. For self-reported metrics, an online questionnaire was sent to
users who used the system in the experiment period. This questionnaire collected user profile data and
the  UES.  The  behavioral  engagement  metrics  —  frequency,  recency,  duration,  virality,  ratings
(Zichermann  and  Cunningham,  2011),  and  actions (Hamari,  2017;  Iacovides  et  al.,  2015)  —  can  be
aggregated as a pragmatic score. For behavioral metrics, event logs were inserted in the system to collect
real usage data. We developed an algorithm (in the Java programming language) to convert  event logs
into behavioral engagement metrics. According to the metric “Average session duration”, collected from
Google Analytics, 90% of the Arquigrafia user sessions are up to 600 seconds (or 10 minutes). For this
reason,  we define  a  single  user  session  as  600 seconds,  and it  was  used  to  calculate  frequency and
duration metrics. 

Data Preparation and Analysis

In our experiment, Group 1 comprises users who logged into the system during the experiment period
(n = 73). Group 2 is a sub-group of Group 1 users that answered the online questionnaire with the UES
(n = 18). Group 1 (73 users) has 36 users that accessed the gamified version and 37 users that accessed
the non-gamified version. Behavioral metrics were analyzed for Group 1 and behavioral and self-reported
metrics were analyzed for Group 2. Only 18 out of 73 participants answered to the self-reported user
engagement questionnaire due to low response rate. However, several profiles of typical users of different
age groups are represented in this sample: professional architects, architecture and urbanism students,
architecture  and  urbanism  professors,  librarians,  library  science  students,  and  professional
photographers; with ages between 20-68 years old; and 59.3% male.

In this study,  existing users (n = 16 for gamified version; and n = 17 for non-gamified version) are
users who visited the system before the experiment period (from November 16, 2017 to December 5,
2017) and after the insertion of actions logs in the system (June 14, 2015). Newcomers (n=20 in each
version) are users who visited the system for the first time during the experiment period or users that
accessed for the first time since actions logs were inserted in the system, i.e., users who have not accessed
the system for 2 years and 5 months, which is a period that the system has been completely reformulated.
We also  divided  users  according  to  the overall  score  for  the UES:  high-UES-score  users  (n  =  3  for
gamified version; and n = 2 for non-gamified version) had scores above 4.02;  medium-UES-score users
(n = 4 for gamified version; and n = 3 for non-gamified version) had scores between 3.27  and 4.02; and
low-UES-score users had scores below 3.27 (n = 4 for gamified version; and n = 2 for non-gamified
version). We calculated Cronbach’s alpha (∂) for the self-reported metrics and examined the internal
consistency of subscales based on guidelines from DeVellis (2003): 0.7–0.9 is optimal. The mean for FA
subscale was 2.7 (sd 1.2) and ∂ 0.95; the mean for PUS was 3.7 (sd 0.89) and ∂ = 0.86; the mean for AE
was 3.6 (sd 0.61) and ∂ = 0.84; the mean for RW was 4 (sd 0.83) and ∂ = 0.91. For overall engagement,
the mean was 3.5 (sd 0.74) and ∂ = 0.92. Therefore, the UES was highly reliable. Originally, 12 items
were considered in the UES. After the analysis of Cronbach’s alpha (∂), one item was dismissed from AE
(AE3) to improve the value of Cronbach’s alpha for the AE (from 0.65 to 0.84) subscale. According to the
Shapiro-Wilk normality test, the data for the self-reported engagement were fairly normally distributed.

Results

Does gamification increase engagement? RQI and RQII results

Although both groups accessed the Data Review feature, no user performed a data review over the 20-day
experiment period.  The total number of actions in the system during the Experiment Period was 553
actions  from 37  users  who accessed  the non-gamified  version  and 783 actions  from 36 users  in  the
gamified version. The group who accessed the gamified version was the one that performed the higher
number of actions (230 more actions) when compared to the non-gamified group. Of the 36 users who
accessed the gamified version, 16 were in the group of existing users and 20 in the group of newcomers
Users. Of 37 users who accessed the non-gamified version, 17 were in the group of existing users and 20 in
the group of newcomer users. Existing users (Table 2) performed 308 and 389 actions in the gamified and
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non-gamified versions, respectively. Newcomers performed 475 actions in the gamified version and 164
actions in the non-gamified version. The analysis (Table 2) was performed with Wilcoxon rank sum test,
and it presents scenarios between gamified and non-gamified versions from newcomer and existing users.

Table 2. Behavioral metrics from Group 1 (73 users).

Table 3. Overall UES scores from Group 2 (18 users).

Cohen (1988) reported the following guideline to interpret the effect size r: 0.1 for a small effect; 0.3 for
an intermediate effect; 0.5 and higher for a strong effect. There were small effect sizes for the comparison
between gamified and non-gamified versions of existing users:  duration (-0.27),  frequency (-0.28), and
recency (-0.15). There were small effect sizes for the comparison between gamified and non-gamified
versions  of  newcomers:  duration (0.23),  frequency (0.10),  virality (0.25),  and  actions (0.20).  The
comparison of overall UES scores (Table 3) presented a mean for gamified/existing users (3.24) lower
than the mean of non-gamified/existing users (3.75). For newcomers, the comparison for UES total scores
presented a mean for gamified/newcomer users (3.70) higher than the mean of non-gamified/newcomer
users (3.60). This behavior is in accordance with Table 2, where higher behavioral metrics were collected
for  non-gamified/existing  users  and  gamified/newcomer  users.  Cohen  (1988)  reported  the  following
guideline to interpret the effect size d (Cohen’s d): 0.25: small effect; 0.5: medium effect; 0.8 and higher:
large effect (Keppel and Wickens, 2004). A medium effect size was identified for the comparison between
gamified and non-gamified versions for UES total scores from existing users (-0.62).

How does self-reported user experience relate to user behavior? RQIII Results

Table 4 presents results from the Kruskal Wallis Test for behavioral metrics classified according to high,
medium, and low UES total scores.  The group high-UES-score users was related to higher  frequency,
lower recency, higher virality, and higher actions. The duration was lower for the group high-UES-score
users. However, the standard deviation is high for the mean of duration. We used guidelines to interpret
Epsilon-squared (ε²) effect size (Keppel and Wickens, 2004) presented in Table 4: 0.01 for a small effect;
0.06 for a medium effect; 0.15 and higher for a large effect.  Frequency (0.06) and recency (0.14) show
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medium effect sizes.  duration (0.03) and actions (0.02) present small effect sizes. Only virality present
large effect size (0.18). However, the Kruskal Test has not presented statistically significant results, which

Table 4: Behavioral metrics according to high, medium, and low overall UES scores.

indicates the need to analyze a higher sample size because there are indications of medium and large
effects sizes between behavioral  metrics and high, medium, and low scores from overall UES. For the
metric of actions from high-UES-score users in Group 2, 245 actions were performed, among which 182
actions are from users that accessed the gamified version. For medium-UES-score users, 187 actions were
performed, among which 52 actions are from gamified version. This behavior can explain the highest
duration from medium-UES-score users.  For low-UES-score users,  50 actions were performed and 17
which belonged to  the gamified version.  For medium and  low-UES-score users,  users who performed
more  actions  (135 for  medium-UES-score  users,  and  33  for  low-UES-score  users)  accessed  the  non-
gamified version. Table 5 presents the correlation between UES subscales and behavioral metrics through
Spearman’s rank correlation rho (ρ). 

Table 5: Correlations between UES and behavioral metrics (high, medium, and low scores).

There  are  statistically  significant  correlations  for  medium-UES-Scores  Users:  (1)  the  larger  AE,  the
smaller  frequency (-0.98,  p-value  4.41e-05);  (2)  the  larger  FA,  the  smaller  recency (-0.76,  p-value
0.04566);  (3)  the larger  AE,  the larger  duration (0.79,  p-value 0.03432);  and (4)  the larger AE,  the
smaller actions (- 0.79, p-value 0.03432). For UES total and behavioral metrics, there are no statistically
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significant correlations. However, it is interesting to note that, for high-UES-Scores Users, the larger UES,
the larger frequency, duration, virality, and actions. For medium-UES-Scores Users, the larger UES, the
smaller  frequency, recency, duration,  and actions. High-UES-Scores Users and low-UES-Scores users
present the same behavior, except for the metric recency, for which a positive correlation with UES was
measured  for  low-UES-Scores  Users.  This  may  occur  because  recency  is  calculated  only  for  the
experiment period. Therefore, users who had one access during the period had recency equal to 0 (zero).
For high-UES-Scores Users,  recency is not applicable (NA) because all users in this group accessed the
system  only  once  in  the  experiment  period.  For  low-UES-Scores  Users,  users  with  higher  recency
accessed the system more than once during the experiment period, and had higher UES scores. 

Discussion and Implications

Only users who were already intrinsically motivated (Self Determination Theory) to view complete and
correct information about the architecture could be influenced by the Progress bar, and users engage in
activities that they have sufficient knowledge to perform (Flow theory). In this case, the Data Review was
impaired by relying on previous users’ knowledge to be willing to contribute. For aspects of micro and
macro player involvement, macro level can be related to self-reported engagement metrics,  and micro
level can be related to behavioral engagement metrics. In the context of this study, Progress Bar relates to
the progress feedback on a goal: to complete the data review of an architecture image. Intrinsic motivation
is the self-desire to do something because it is inherently interesting, which it is distinct from extrinsic
motivation, which describes taking an action because it leads to a separable outcome (Ryan and Deci,
2000). Our progress bar seeks to engage users in reviewing image data that are incomplete or incorrect. 

Intrinsic  motivation  relates  to  data  reviews  because  they  can  be  seen  as  inherently  interesting,  and
perceived as valuable for the community. In accordance with Siemens et al. (2015), Progress bars may be
perceived as goal-oriented motivators, in that they may motivate users to exert effort toward the goal. If
intrinsic motivation is increased, this would, in turn, lead to more positive attitudes associated with the
system.  However,  based  on the  Self-Determination  Theory,  the  mechanism  by which  either  of  these
systems motivates  effort  and  enjoyment  may  depend  on whether  relatedness  and  connectedness  are
relevant factors within the context. For example, users motivated by the Progress Bar may seek to fill in
the image data because incomplete and incorrect information personally bothers them. Neither version
has led users to perform data reviews in the experiment period. This can be explained because the Data
Review feature depends strongly on the users’ knowledge about the architecture represented in the image.
This assumption makes it more difficult to act on data review, since accessing it depends on knowledge of
architecture information and verification that the information presented in the system is either incorrect
or incomplete. 

According to flow theory (Csikszentmihalyi and Nakamura, 1979), the feedback people experience from
completing an activity should be ideal. The activity must be neither too difficult nor too easy, so that the
user is engaged, focused and absorbed - in a state of flow. If users who accessed the system over the
experiment period had no knowledge about architecture for images they accessed, they only explored the
system,  looking  for  other  actions  that  they  could  collaborate  on  or  other  images  that  they  knew
information about. However, users in the gamified version performed more actions in the system. This
behavior could indicate that the Progress Bar played the role of motivator, leading users to search other
possible goals. This explanation can be reinforced when comparing existing users and newcomers. 

The gamified version contributes to increased objective engagement for newcomers, although with small
effect sizes. Newcomers do not know the system and the behavior of searching to achieve other possible
goals  makes  sense  for  this  group.  For  existing  users,  the  non-gamified  version  presented  increased
objective engagement. Nevertheless, the gamified version has not reduced user engagement. This can be
observed from the fact that among the high-UES-score users are existing users that accessed the gamified
version.  The  medium  effect  size  identified  for  the  comparison  between  gamified  and  non-gamified
versions for UES scores from existing users (-0.62) indicates that Progress bar have not contributed to
increased engagement in the context of this study. However, users with high UES scores performed more
actions in the system (Group 2), and users who accessed the gamified version presented higher number of
actions (Group 1). Therefore, for RQI and RQII, we have not found statistically significant evidences that
the Progress Bar has contributed to increased user engagement. However, the effect sizes founded for the
comparison of behavioral metrics between gamified and non-gamified versions can indicate the need to
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analyze a higher sample size in future studies. For RQIII, since users from the two versions of the system
did not use the Data Review feature, they evaluated the system based on the use of other features and
prior experiences, as macro-level expectations. Aspects of both micro and macro user involvement have
been investigated (Calleja, 2011; Iacovides et al., 2015), but there has been little consideration of how they
relate to each other. The highest UES scores from Group 2 were related to users who performed more
actions and the user with more actions accessed the Progress bar. In the Group 1, the highest number of
actions was performed by users who accessed the Progress bar (230 more actions). Therefore, we realized
that for the users who accessed the Progress Bar there was an increased interest in exploring the system
and performing more  actions,  or  greater micro-level  involvement.  This may suggest  that this  version
meets user expectations. 

Limitations

This analysis is limited by the size of the sample: 73 users for analysis of behavioral metrics and 18 users
for comparison of behavioral and self-report metrics. Therefore, other factors may have impacted the self-
reported engagement, which may explain why the UES total score does not differ significantly between the
two versions. For example, only 8 of 18 respondents are newcomer users, with 4 users for each version of
the system. Therefore, most participants had already formed a perception of the system, and this may
have contributed to their experience. This perception, whether positive or negative, can be difficult to alter
only by the entry of a new feature, with or without Gamification. Additionally, the study was performed in
a  naturalistic  configuration  which  is  dependent  of  user  accesses,  and  in  a  system  with  engagement
problems to evaluate the actual use and not a simulated environment in a laboratory. Besides that, the
study  was  short-term  and  one-off  in  nature  (Seaborn  and  Fels,  2015).  One-off  studies  need  to  be
replicated, comparative and longitudinal designs employed, to draw stronger, generalizable conclusions.

Conclusion and Future work

The metric  actions had an important role in understanding the exploratory behavior of users over the
experiment  period.  However,  according to O’Brien et al.  (2018), multiple measures  of  experience are
important  because  it  is  difficult  to  infer  users’  motivations  and  perceptions  and the  quality  of  their
experience solely from their actions.  In the context of this study,we found that  users who accessed the
Progress bar performed the highest number of actions (Group1), and the group of users with the highest
self-reported engagement scores performed the most actions (Group 2).  However, there was a negative
correlation between the overall UES scores and actions for Medium UES-Score Users. Actions performed
by users are directly related to user frustration or engagement. Future work could investigate each action
performed in these three groups to better understand why more actions in some groups lead to lower UES
scores,  but  in  other  groups  lead  to  higher  UES  scores.  Besides  that,  different  actions  (e.g.,  photo
evaluations vs. leaderboard views) might indicate varying amount of effort and thought put into the task.
This might result  in different categories of  action based on the amount of effort,  existing knowledge,
experience, and the accessed user interaction element (e.g., collaborative or game design elements). The
isolation of actions and user interaction elements can improve the analysis of the real effects from an
intervention in the system on the user engagement.
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