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Abstract. This article proposes an adaptive gamification approach based
on a Multi-Criteria Recommendation System (MCRS) for Collaborative
Location-based Collecting Systems, adapting the gamification to each
user, taking into account her preferences and the project’s objectives as
a multi-criteria scenario. Specifically, the potentially recommended items
are dynamically generated gamification elements, and the recommenda-
tion criteria are defined considering two points of view: user preferences
and project objectives. Finally, the article includes an evaluation of the
proposal and then a discussion of the results.
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1 Introduction

Citizen science encompasses a range of methodologies that encourage and sup-
port the contributions of the volunteers to the advancement of research and
monitoring. Contributions may include co-identifying research questions; co-
designing/ conducting investigations; co-designing, building, and testing low-cost
sensors; co-collecting and analyzing data; co-developing data applications; and
collaboratively solving complex problems [22]

Gamification is a widely used strategy to engage, retain users and direct their
participation. It is about using game elements and mechanics in systems and
domains that are not naturally games. Despite the rapid growth of the gameful
design research area and the current level of success in user engagement, these
findings cannot be generalized to all domains and all users. The one-size-fits-all
approach presents several limitations because of the users’ different motivations,
personalities, needs, and playing styles [4, 11, 3]. Currently, the research stream
on adaptive gamification is considering how to dynamically adapt the game
elements and mechanics each user needs in each context. Citizen science projects
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may apply adaptive gamification to have greater participation from the general
public and reach a higher project efficiency. The gamification approach could
be adapted to the community members and the project’s objectives to achieve
better participation and sustained user engagement.

The research on adaptive gamification reveals two main adaptation strategies
of game elements. On the one hand, the adaptation approach can recommend
at different moments gamification elements corresponding to different types, de-
pending on the estimated user preferences. On the other hand, the gamified
system can adapt by adjusting a single gamification aspect according to the
player’s performance or behavior. Adapting a game element is a change in the
features or traits of the specific gamification element. Adapting the game me-
chanic is an adaptation of the game that generates a rule change, mainly related
to difficulty adaptation (i.e., adjusting the time factor, the reward, or enabling
an action). [10]

Collaborative location-based collecting systems (CLCS) are collaborative sys-
tems where the community of users collects timestamped, geotagged data; this
is usually done by using a mobile application [7]. CLCS are found in citizen
science projects, such as the AppEar project[5], GeoVin [6], or iNaturalist [17].
In these CLCS-supported projects, volunteers carry out survey tasks (frequently
known as check-ins) using mobile technologies that allow images, timestamps,
and spatial coordinates to be associated with the reports. Usually, CLCS have
specific space-time coverage objectives. For example a project may look to max-
imize coverage of a certain area, or making sure that samples are collected at
all hours [7]. A possible approach to specify the needed coverage is to divide the
territory into static areas and define a set of time restrictions, indicating how
many samples are needed in each area and time. Any attempt to gamify a CLCS
should have it’s objectives in mind.

To implement an adaptive gamification approach, a strategy for the dy-
namic generation of game elements considering the user’s profile and the current
project’s coverage objectives is needed. If the user profile is made up of, among
other data, user preferences, these can be considered a set of criteria. Similarly,
the objectives of the citizen science project can derive another set of criteria. In
this way, the adaptation can be addressed through a multi-criteria recommen-
dation system. Although there have been advances on the subject, such as the
one presented in [16, 1], they do not consider either the spatial-temporal aspect
that affects the user’s profiling or the project’s objectives.

This article proposes an adaptive gamification approach based on a Multi-
Criteria Recommendation System (MCRS) for CLCS-supported projects, apply-
ing clustered-based collaborative filtering [2] technique. It adapts the gamifica-
tion to each user, taking into account her preferences and the project’s objectives
as a multi-criteria scenario. Specifically, the potentially recommended items are
dynamically generated gamification elements, and the recommendation criteria
are defined considering two points of view: user space-time behavior and project
objectives. Finally, the article includes an evaluation of the proposal and then a
discussion of the results.
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2 Related Work

Since it has been observed that users do not like repetition or uniformity, re-
search has been conducted on the adaptation of gamification elements to users.
Particularly, there are approaches of dynamic content generation to adapt the
gaming experience based on the profile of the users’ characteristics [8], but they
still lack a strategy to incorporate user feedback.

One possible strategy could be the use of recommender systems, which takes
from a repository of gamified items the one that the person might like the
most -using explicit or implicit information about the user-, and there have
already been scientific progress on this, such as the general framework for de-
signing adaptive systems in [20] or the proposal in [23] that personalizes activity
recommendations by a player model based on activity tracking. Nevertheless,
these approaches do not fully meet the needs of citizen science projects as men-
tioned above, related to modeling spatial and temporal collaborative activities
or project objectives.

On the other hand, the application of multiple criteria during the recommen-
dation task has been explored in [16]. However, the application of a multi-criteria
recommender system requires its adaptation to the dynamics of gamification,
considering aspects such as reward and difficulty level in order to maintain the
flow and the user’s engagement [24].

From another point of analysis, one of the most used game elements in gam-
ified collaborative systems is game challenges [10], wich is a task or problem in
which difficulty depends on the user’s skills, abilities, motivation, and knowl-
edge and count toward progress and outcomes[13]. While there is a wide range
of types of challenges detailed in the literature[21], to present a gamified ap-
plication for CLCS, those challenges that require endurance faculties or those
that require sustaining a temporality and rhythm must be considered. To de-
velop challenges of this type in a personalized way, it is necessary to model users
based on how they interact with the CLCS in terms of how they behave spatially
and temporally [7].

3 Space-time game challenges domain

An example domain is used in the following sections to explain this approach,
where a CLCS is gamified through game challenges generation and recommen-
dation.

The space-time game challenges are actions a user must fulfill within an area
and a time restriction. Particularly to CLCS, these actions are the previously
mentioned sampling tasks, which are registered with a geographically referenced
location and a timestamp. For instance, a possible game challenge is to gather
two samples in area a; on a weekend morning. Additionally, the game challenge
is also described with a difficulty estimation and a reward that can influence
user preference.
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Therefore, the following criteria set C',, describes user preferences using 5
aspects of the game element:

Cy = {area, time_restriction, di f ficulty, reward,

sample_number}

On the other hand, project priorities can be described through the game
challenge’s area and time restriction.

C, = {area, time_restriction}

The criteria set C}, allows prioritization of challenges associated with specific
areas or time restrictions, thus approximating the project’s objectives.

An example of a scoring matrix is shown in Table 1, where it can be seen,
for example, that the game element gey has been rated by users ug and us. User
ug scores 2 points for the challenge’s area, 3 points for its time restriction, and
2 points for difficulty, reward, and sample number. According to the project’s
objectives, both the area and the time restriction of game element gey received
a score of 5 points, meaning that it has a great priority.

‘ uo ul Uo ‘Global‘
geo|(23222) ? (33452)| (55)
ger[(11211)(55443) 2 (3 5)
ges| 7 (23344) 2 (14)

ge3[(01300) ? (55422)| (34)
Table 1. Multi criteria ratings with 5 user criteria and 2 project (global) criteria

The scoring in ', may include explicit user preferences, e.g., multi-criteria
scoring for game challenges, or implicit user preferences, such as selecting a
game challenge from an ordered list recommended to the user. The values in
C, (global column in Figure 1) may describe the project’s criteria in terms of
priority sampling areas and time restrictions.

4 Problem statement and approach

Recommendation systems are software tools and techniques providing sugges-
tions for items that are most likely to be interesting to the user or to be relevant
to her needs. In computing these item suggestions, recommendation systems try
to predict what the most suitable items are, based on the user’s preferences.
The system collects information from users regarding their preferences which
are either explicitly expressed or are inferred by interpreting the actions of the
user[18]. One possible approach is collaborative filtering, which is based on the
fact that if the active user matched in the past with certain users, then the
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new recommendations coming from these similar users should be relevant and
of interest to the active user.

The problem of adapting game elements in the context of collaborative
location-based collecting systems is presented in terms of a Multi-Criteria Rec-
ommendation System (MCRS) where the recommended items are game ele-
ments, such as the game challenges that were presented in Section 3. MCRS
are systems that use multiple criteria to support recommendation [2]. The per-
formance of alternatives in the game elements set is analyzed upon a set of
criteria that may refer to the multiple dimensions upon with the item is being
evaluated. These criteria can be related to the game element’s attributes but also
to other aspects that may be interesting to the user or the project. This work
considers two subsets of criteria: the one that expresses the (implicit or explicit)
preferences of the user, namely C,, and the one that expresses the project’s
criteria, namely C,.

Start
mmmmmall  Random GE List

Game
@ elements
mmmmmm——  GE selection

selected ¢
game element 3.

Profile update

User
profile
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User
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Game
@ elements
Project
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Fig. 1. Multi-criteria recommendation approach

This article presents a multi-criteria recommendation system based on a
clustering based collaborative filtering technique with an item selection scoring,
which is a less intrusive technique with respect to multi-criteria rating -where
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the user is asked to rate an item on multiple criteria-. The approach consists of
3 main steps. First, the scores of those elements that the user has not yet rated
(unscored game elements) are predicted, calculating also a confidence level for
each estimate that gives an idea about the quality and quantity of the available
information was used to estimate. Secondly, a recommendation of the N best-
scored elements is made, considering (or not) the confidence level. Finally, the
user’s opinion is incorporated, which is implicitly expressed by the selection of
one of the recommended game elements. These steps are depicted through score
prediction, recommendation and profile update boxes in figure 1. Notice that in
the figure, the workflow begins with a random selection of game elements to
present to the user a first recommendation.

The score prediction step is based on a clustering-based collaborative filter-
ing, with space-time clusters. The recommendation step considers the previously
estimated criteria scores and applies an aggregation function to have an unique
overall score of each element for the target user and be able to build a game ele-
ment ordered list. The profile update step uses a pairwise computation technique
to update the predicted overall score given the user’s opinion that is expressed
by a game element selection from the ordered list.

This steps are further detailed in following sections.

4.1 Preliminar definitions

Definition 1 (Criteria score). The score for an specific criteria ¢; (for ¢; €
C,) in game element ge; given by the user u, is denoted as 155, € [0..5].

Definition 2 (Game element score). The score tuple for a game element ge;
given by the user u, is defined as

Rj_r =< T1jzs- Thjz >
where k is the size of set C,.

To include multi-criteria rating information in the calculation of the similarity
between two different users, k£ different similarity values are obtained by using a
variation of the Manhattan distance. The overall similarity then can be computed
by aggregating the individual similarities into an average function, as is explained
in Definitions 3, 4 and 5.

Definition 3 (Scoring similarity). The similarity between scoring Ry, and
Ry, is defined as follows:

k
SdiSt(Ryx, Ryv) = X Z |7’cyu — Teyw
c=1

Definition 4 (Users distance). The distance between users u and v is defined
as follows:

T =

1 .
m X Z Sd'LSt(Rgu, qu})
’ g€C(u,v)

udist(u,v) =
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where C(u,v) is the set of common game elements between users u and v. This
are the game elements that both u and v have rated.

Definition 5 (Users similarity). The similarity between users u and v is a
transformation over the notion of distance:

. 1
usim(u, v) = 1+ udist(u,v)
Definition 6 (Overall score). The overall score of a game element given by
a user is a value:

O(uz, gej) = f(Rjz)

where [ is a linear function, R;, is the score for the game element ge; given
by user ug.

It is well known that recommender systems exhibit significant user or item
bias, which is explained by some users’ tendency to give higher scores than others
and some items to be rated higher than others [15]. Mathematically, the average
rating per user can be expressed as the summation of nonzero ratings given by
the user divided by the user’s number of ratings. However, this formula does not
consider the number of game elements the user rated. It puts on the same page
users who have rated hundreds of game elements and users who rated only one
game element. To correct this bias and give statistical significance, a C term is
added to the denominator. The C term is called shrimp term, and it is a constant
value chosen depending on the properties of the data.

Definition 7 (User bias). The user bias is a description of how the user tends
to score the game elements. It is computed as follows:

deERu O(ua ge)
|Ru|+C

u =

where O(u, ge) is the overall score of game element ge given by user u, R, is the
set of game elements rated by user u, C' is the shrimp term.

Finally, in relation to the modeling of the user’s space-time behavior, the
last two definitions are needed. To synthesize the user activity within the time
frame in a single value and thus be able to shape historical activity as a time
series, a K-means clustering was executed in order to detect behavioral atoms
[9]. The aforementioned behavioral atoms are generated from aggregating a set
of sampling events in a given time interval.

Definition 8 (Behavioural Atom). A behavioral atom is a categorical value
that describes the user’s space-time activity within a time frame. They are dis-
covered through a clustering process over a sample task-derived data set.

With these elements, the UTB (User Traveling Behaviour) series are com-
posed, as described in the following definition.
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Definition 9 (UTB). The User Traveling Behaviour series for a user u is a
sequence

UTB, ={a1,..,an}
where each a; is a behavioral atom corresponding to the timeframe 1.

These UTB time series can be grouped to give a notion of similarity between
people based on their spatial and temporal behavior [7].

4.2 (Game elements score prediction

GCGGCG

Scores

Game elements
Game elements

Game elements

S & -
Project Users o
criteria  criteria

Fig. 2. Score prediction. Dark squares are the predicted scores

This multi-criteria score prediction problem can be approached as multiple
predictions by taking each criterion as an independent dimension of estimation
and then aggregating this data into an overall score per game element [1]. Con-
sidering the criteria in isolation allows the estimation of missing data using any
one-dimensional approach (see Figure 2) and then integrating all the score ma-
trices related to the different criteria using an aggregation strategy, as will be
discussed in the recommendation step.

Using a clustering-based collaborative filtering approach, to estimate
the score of an unknown item (here, game element) for a given user, the neigh-
bors’ scores must be considered. These neighbors are users belonging to the same
cluster, which is computed based on their space-time behavior (the UTB time
series introduced in Definition 9).

The Definition 10 presents the function S(), that estimates the individual
criterium score in game element g for user u as a weighted average of the known
scores of the k nearest neighbors in the cluster. The users’ similarity -as defined
in 5- is used to weigh the score of each of the other users.

Definition 10 (Adjusted weighted sum). The adjusted weighted sum S is
defined as follows

1

S(uyi,g) =7+ [Z(rm-g — ) X usim(u,v)] X Toerlsim(v)]

veK
where K is the set of k nearest neighbors in the cluster, usim(u,v) is a value of
similarity between users w and v, u is the user bias, and ;g s the known score
or criteria c; in the game element g for user v.
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Similarity matric User biases

‘uo Uy uz‘ User‘ u ‘
uo| 1 0.8 0.5 ug 10.75
U1 1 0.7 uy 1,76
U2 1 uz |1,56

Table 2. Sample scenario

For instance, assume the user similarities and user biases described in the
table 2, and that K set is composed by u; and us. Then, the estimation of the
score for criterion ¢y in the game element geq for user ug is as follows:

sum = (7“100 — LTl) x 0.8 4+ (7’200 — 172) x 0.5
sum
0.8+ 0.5

Notice that 7199 and 7999 are the scores given by user u; and us to criterium cg
in game element geq, respectively.

In addition, the score corresponding to the other criteria of set C,, must be
estimated. Once all the individual scores are estimated, it is possible to carry
out the recommendation stage, as is described in the next section.

S(UQ,CQ,geo) = %+

4.3 Game elements recommendation

C; Cﬁ c5 ca C; cz C| Overall Score

Game
= Elements

Game elements
\
Game elements

Sl Users

Fig. 3. Recommendation

When providing a recommendation for user u, it is necessary to estimate
the value of the utility function R;, for every game element ge; for which it is
undefined, and to choose game element ge; that maximizes R;,;, or otherwise, to
build an ordered list with top-scored game elements[14].

For this purpose, it is necessary to have an overall score from the individual
scores assigned to the different criteria, which allows the establishment of a total
order among the game elements. The aggregation function is the relationship be-
tween the overall rating and the underlying criteria scores roje = f(71jzs -+ Thjz)-
Figure 3 highlights in dark blue color the score given by a player to each criterion
within a game element.

There are many approaches to this, but in this work, the O() function defined
in 11 is used. It aggregates the values of the individual criteria into a linear



10 Dalponte, Ferndndez and Torres

function whose weights are approximated by linear regression. Each weight w;
is associated with criterion ¢ and can be interpreted as the importance of this
criterion in determining the overall rating.

Definition 11 (Aggregation Function).
O(us, gej) = [Ziywi X rija] +c

where ;55 1s the score of the criteria i in the game element ge;, given by the
USET Uy .

The weights w; and constant c are estimated based on the set of known ratings
through a linear regression in a batch process that is executed offline, according
to the system configurations. The system could consider users who have had
a certain load of participation to mark their weights outdated or ’dirty’. See
section 4.5 for further details.

The output of this recommendation step is presented to the user as a de-
scending score list of game elements, as defined below.

Definition 12 (Recommendation list).
L, = [lo.15]
where l; are game elements and O(u,l;) > O(u,l;) for every i > j.

The user has then the opportunity to choose one of them, thus expressing
her preference and giving feedback to the system. The impact of this interaction
is explained in the next section.

4.4 User feedback

GCGGC

max selected by user min

max selected by user min

Fig. 4. User feedback: game element selection

Once the recommendation of game elements for a user has been resolved, the
user can choose an element from the ordered list to express her preferences. The
underlying idea is to derive the user’s preferences by having her choose a game
element from a list sorted by overall score in a descending order. This action



© 00~ O U Wi

Title Suppressed Due to Excessive Length 11

makes it possible to correct if needed the estimates that established the order in
the list of the recommended game elements. Since the chosen element may not
be the best scored, it is possible to adjust the user’s profile by considering that
by such a choice the user is indicating that the previous items in the list (i.e.,
for which a higher score had been estimated) should be adjusted to have a lower
score than the selected item. Formally, let be [,, the selected element at position
p in the list. If p > 0 then there is a subset of elements L' = [ly..[,—1] with the
elements that are previous to l,. The scores of the game elements in L’ should
be updated according to their relative position with respect to the selected item.

In this approach, a pairwise computation with non-transitive decomposition
by difference is applied[16]. The main idea is to update the rating of the items in
L' and finally disaggregating these changes into individual criteria preferences.

Asuming that the preference between an object a and an object b does
not depend on the attributes in common of a and b (principle of preferential
independence), the non-discriminating criteria between the selected object and
an object above must be removed. The discriminating criteria (i.e. equally scored
criteria) is the set defined in equation 1

euij = {C c Cu L Teiu 7£ T'cju} (1)

Listing 1.1. Pairwise computation

For prev: 0 to p

dcSet = discCriteria(gt,prev)

cNum = len(dcSet)

IpScore = partialScore(gt,dcSet)

prevScore = partialScore (prev,dcSet)

delta = prevScore — IpScore

critDelta = delta/cNum

alpha = 1/p

update_profile (prev ,alpha, critDelta)

To update the overall score of elements in L’ their distance to I, must be com-
puted, but only considering the discriminating criteria set (see line 2 in algorithm
detailed in Listing 1.1).

With this set, a partial game element score can be computed through function
Oy defined in equation 2 and implemented in line 4 of Listing 1.1.

. YeeoTciu
Oe(uvl) #(0) (2)
In equation 3 the function A(u,1i,g) is defined as the difference between the
partial scores of game elements g; and g;. Notice that A(u,, g) is positive in any
case, given that g; is first in the game element list than g;.

A(U,’L,g) = 09(’”71) _09(u7g) (3)
Thus, Delta is used to obtain the score of each criterion composing the tem-

porary vector, through the delta() function defined in equation 4 (these are
implemented in lines 6 and 7 of Listing 1.1).
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Au, i, g)
#(C) @

Finally, the user profile is updated as is described in equation 5. In order to
maintain an efficient system -with a balanced impact- the number of pairwise
computations that have been done need to be taken account. For this aim, the
variable a = 1/pos(g) is used (lines 8 and 9 in Listing 1.1).

d(u,i,g) =

i = Teiw + 0,1 X log(1 + a x §(u,i,g)) (5)

Notice that « relativizes the change in the score according to the position of
the chosen element. The more distant the element g; is from the first element
(which has a higher score), the smaller the alpha value. Indeed, a logarithmic
function is used to reduce the impact of high values. A coefficient of 0.1 is used
to control the impact of the new data on the system. Lastly, in order to avoid
the negative values obtained with the logarithm, the value of 1 is added.

With this profile update, the system is able to make more suitable scoring
predictions.

4.5 Batch processes

It is well known that the computation of user clusters as well as the distance
between all users in each cluster is computationally demanding. That is why
this processing must be able to be done offline to the workflow described in the
Figure 1 and that this does not compromise the usability of the recommender
system. The same policy is applied in the calculation of the weights that are
part of the score estimation, as indicated in the Definition 11.

The situation that triggers the execution of each of these processes is an
orthogonal configuration to the system that we propose here. For the case of
clusters, in particular, a quality parameter such as mean square error or intra-
cluster cohesion can be used.

5 Evaluation and results

In this preliminary version, while lacking a dataset with the needed characteris-
tics related to playing behaviour and space-time information, the evaluation of
this proposal had to focus on the collaborative filtering aspect. This was done
using an existing dataset, for which a single cluster is considered, with the ex-
pectation that the current implementation behaves adequately according to the
literature in evaluation of collaborative filtering recommender systems.

Examples of decision support metrics are precision at k and recall. The
first one is the proportion of recommended items in the top-k set that are rel-
evant, and the last one is the proportion of relevant items found in the top-k
recommendations. Moreover, the F1-score measure is a harmonic mean of preci-
sion and recall.
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Definition 13 (Precision at k).

(Lu N Ry)
#(Lu)

Where L., is the set of recommended game elements for active user u and R,, is
the set of relevant game elements.

Py =

Definition 14 (Recall at k).

(Lu N Ry)
#(Ru)

Where L, is the set of recommended game elements for active user u and R, is
the set of relevant game elements.

Ry, =

Definition 15 (F1 score).

Fl:QXRkXPk
Ry + Py

Where Ry, is the recall at k and Py is the precision at k.

In the computation of precision at k, as the divisor can be a zero value,
because the recommendation list can be empty, in that case the precision at k
must be set to 1 [12, 19]. Similarly, when computing recall at k a similar situation
can occur when the total number of relevant items is zero. In this case the recall
at k is set to value 1.

Given that the development progress of this proposal is preliminary, the
aspects to be evaluated are those related to accuracy and recall through offline
tests using datasets with historical scoring information. The possibility of using
synthetic data was discarded as it presents a significant risk of being biased to
favor the algorithms and it is only recommended to use them in the performance
tests of the tools [14].

To evaluate this approach, a set of test scenarios were developed, and for
all of them, an adaptation of the MovieLens data set was carried out, which
contains the scoring of 10681 movies given by 71567 users. The multi-criteria
suitability was done replicating the score given by the user in each of the criteria
of the set C,,. Relevant elements were also marked, this is, their score exceeds a
certain threshold, to then separate 20 percent of the relevant records in a test
set. The test scenarios are described below.

— Scenario A: For this test, N=10 iterations were performed where each time
a user was taken at random and the score prediction and recommendation
were performed considering k=6 neighbors within the cluster. The project
criteria were not considered, i.e. the values are set to zero.

— Scenario B: Similar to A, but with random project’s criteria scores.
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The maximum precision at k obtained was 0.75 in scenario A and 0.9 in
scenario B. The maximum recall value obtained was 0.2 in A, and 0.15 in B. The
recall value can be seen as too low but is related to the evaluation parameters.
As long as the size of the recommendation is limited to a few elements, it will
always be much smaller than the full set of relevant game elements.

Recommendation systems have a variety of properties that may affect user
experience, such as accuracy, robustness, scalability, and so forth, but the task of
evaluating a recommender system must be based on the set of relevant properties
for the application [19]. Particularly, numerous strategies have been proposed
and used in the literature to evaluate the accuracy, including statistical accuracy
metrics (e.g., mean absolute error and mean square error), as well as decision
support system metrics that determine how well the recommender algorithm can
predict high-relevance items (i.e., items that the user would rate highly)[12].

6 Conclusions and future work

This article presented a framework to adapt the gamification of a CLCS-supported
project through a multi-criteria recommending system, with awareness of user’s

and project preferences/priorities. The proposed system satisfies the objective of

this work, as it incorporates elements of gamification, the criteria of the CLCS

project, and the possibility of incorporating space-time behavior in the predic-

tion of preferences.

The evaluation of the approach, as was mentioned, is limited to offline test
scenarios, focused in collaborative filtering performance metrics. To carry out
evaluations with real users, it is necessary in the first place to implement this
proposal in a citizen science project that will allow to collect space-time data.

The disaggregation function approach supports the implicit formulation of
the user’s preference model based on the selection of a game element from a list of
recommended. This is a less intrusive technique concerning multi-criteria rating,
where the user is asked to rate an item on multiple criteria. Nevertheless, the
possibility of multi-criteria scoring is a future work, to allow users to provide the
feedback about the game element on specific criteria. Finally, another pending
but very promising work is to improve the gamification strategy, incorporating
the increase of difficulty and reward as part of the project’s objectives based on
the user’s progress on the selected challenge.
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