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Abstract: Profiles of millennial reviewers and gamification can contribute to digital sustainability as
a driver of innovation and growth. The study aims to detect if there are profiles of reviewers that can
be grouped together, in order to apply a specific gamification to them and to make it sustainable over
time. In this way, more information will be generated through the reviews that will help responsible
consumers to choose better in their purchase decisions. The objective of this study is twofold.
First, it aims to characterize online product reviewers based on their intrinsic motivations and selfperception when they comment, identifying their main motivations. Second, it aims to classify these
individuals based on the acceptance of gamification elements while commenting on and relating them
to the intrinsic attributes that determine their behaviors. A survey method design was used to capture
responses from 187 millennial reviewers of Amazon in Spain. The relationships between motivations
and the types of reviewer were extracted from the accommodation of the dataset using decision trees
(DTs), specifically, the J48 algorithm. To contribute to the second objective, this paper elaborates a
typology of reviewer analysis based on cluster analysis and DTs. It is confirmed that online product
reviewers can be characterized based on their intrinsic motivations, which are mainly egoistic motives,
competence and social relatedness. The obtained results show that the J48 DT provides excellent
classification accuracy of approximately 95% in identifying reviewers based on intrinsic motivations.
Similarly, egoistic intrinsic motives are decisive in focusing gamification strategies.
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1. Introduction
Online consumer reviews are having an increasingly high impact on e-commerce and
digital sustainability. We define digital sustainability as the organizational activities that
seek to advance the sustainable development goals through creative deployment of technologies that create, use, transmit, or source electronic data as, for example, gamification [1].
In this line, digital sustainability technologies can be broadly defined as electronic tools,
systems, devices and resources that generate, store or process data in their business models
to leverage social and environmental value creation [2]. They manifest in the form of three
distinct, but related, elements—digital artifacts, digital platforms and digital infrastructures [3]. Many studies contribute to explaining why digital sustainability remains—and
always will remain—a contested concept [4] and according to many scientific studies little
evidence exists, so far, for a genuine contribution of digital paradigms to sustainability
and besides, their role in tackling the Sustainable Development Goals (SDGs) remains
barely explored. The Sustainable Development Goals (SDGs) within the United Nations
2030 Agenda emerged in 2015, becoming an unprecedented global compass for navigating
extant sustainability challenges. Nevertheless, it still represents a nascent field enduring
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uncertainties and complexities. In this regard, the interplay between digitalization and
sustainability unfolds bright opportunities for shaping a greener economy and society,
paving the way towards the SDGs [5]. In this aspect, reviewers through online reviews
could be a key factor and of great use to facilitate pursuing the SDGs [6], through enhanced
analytical capacities, collaborative digital ecosystems and better knowledge of their profiles.
Reviews are autonomously updated by customers themselves and they are perceived as
a sustainable form of electronic word of mouth (eWOM) [7]. Prior studies suggest that
reviewers desire to make an impact on the world [8,9] and that they make this impact by
helping other consumers choose the best products [10]. Customer reviews have a strong
influence on consumers’ purchase decisions, and they impact product sales [10–12]. In fact,
online reviews help consumers to avoid bias in their understanding of products and allow
for the formation of evaluation criteria, minimizing the cognitive costs associated with
these choices [13]. According to consumer surveys, they trust opinions and comments
posted on the web, and 88% of customers read online reviews before making purchases [14].
A typical online review consists of a short text of more detailed information about the
consumption experience and about the product, and it normally includes a numeric star
rating summarizing the product evaluation. When the average rating score increases,
or a favourable review is added, it could have a positive impact on product sales [15,16].
However, knowledge about reviewers and their motivations remains limited.
Online reviewers have become a form of consumer engagement [17], occurring when
they voluntarily generate reviews within a controlled reviewing platform. This research is
focused on volunteer reviewers and is based on the motivators of engagement starting from
self-determination theory [18]. Gamification is the application of game-design elements
to non-game contexts [19]. It has mainly been applied in the areas of business and commerce [20,21]; marketing and advertising [22]; education [23,24]; health [25]; environmental
behavior [26]; and social change [27].
The effect of gamification has become a popular research topic in recent years [28].
Gamification tools are used on e-commerce web pages to encourage users to generate
content, to motivate them and to promote engagement and user loyalty [29]. Important
companies worldwide, such as Amazon or eBay, are taking advantage of the potential
of game elements for these purposes. In particular, this work aims to analyse the user
profiles on the e-commerce platform www.amazon.es (accessed on 3 November 2019).
Amazon uses a reputation points system (RPS) that reflects the results of users’ actions
as reviewers. The “online reputation” generated is key for the impact of online reviews
because, for the user, not only is what is said very valuable but also who says it [30].
In this sense, e-commerce companies are concerned that motivated reviewers make more
comments of higher quality, resulting in building their reputations.
This research expand the focus in e-commerce, looking at how gamification can be used
for the generation of quality content, increasing information, and details about products
and helping consumers to consume more responsibly. Detecting groups of individuals and
the characteristics that identify them will allow to apply gamification in a customized and
specific way to each type of reviewer. Gamification would be managed in a more reasonable,
sustainable and focused way for those individuals who are more receptive. This will avoid
annoying reviewers who do not like gamification or whom it affects differently, being able
to change the game elements for these typologies. Besides, more respectful and betteroriented gamification will be used towards the reviewer. On the other hand, customers
respond more positively to attribute-based online reviews for searched products [31]. If the
attributes are well-defined thanks to the good work of the reviewers, they will allow the
most sustainable products to be detected by responsible consumers [32–34].
In this line, social, ethical and environmental issues arising from the acquisition of
products and services are increasingly considered in purchase and consumption behavior.
This is what has come to be called socially responsible consumption. The study and analysis
of this behavior, closely linked to the individual’s conscience, should be of great interest
since it enables us to learn how to evolve the traditional consumption patterns and reflect
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upon its consequences. In this way, it could facilitate both policies of social intervention
and the design of business strategies for companies wishing to connect with consumer
values and give them greater satisfaction [35].
Business-to-consumer (B2C) e-commerce continues to increase exponentially annually
in Spain. Millennials, also called Generation Y, are digital natives and are accustomed to
using technology in a natural way. Currently, 21.37% of online purchases are generated in
Spain by them in 2019 [36]. Millennials know well the game elements used in gamification,
given their familiarity and contact with video games. A characteristic of gamers, and therefore of millennials, is their facility in reaching a state of flow. One study of more than
2000 users in U.S. revealed that 85% of millennials write online reviews after a standout
experience [37]. The high connectivity, the detailed information about the products that
they have and the great collaborative efforts of the millennials indicate that, in general,
their comments have a greater impact and reach more than those of other consumers.
At the same time, young people are more likely to be market mavens, and they are eager
to share their comments [38], making them fantastic brand advocates and a very valuable
segment for study.
Although the research concerning millennials, e-commerce and online reviews has
been extensive, there has been surprisingly little written about relating the profiles of
individual reviewers and gamification. Expanding on previous studies of types of profiles,
in which classification algorithms have grouped individuals into clusters [39], the classification of reviewers of this study also regards how they consider themselves. That is,
in addition to the information obtained about their motivations, individuals choose the
class of reviewer that best defines them, thus checking whether their motivations coincide
with the chosen class. To the best of our knowledge, there have been no research studies
relating these intrinsic motivation variables to profiles that evaluate the selected gamification elements. The purpose of our study is to examine the characteristics of millennials
with regard to their motivations and gamification. Specifically, three research questions
are examined:
Could millennial online product reviewers be characterized based on their intrinsic
motivations? What intrinsic motivations would mainly serve to identify them?
Can intrinsic and extrinsic motivations, such as gamification, be associated with
groups of individuals with similar characteristics?
Can gamification elements be targeted to specific profiles, or should they be implemented generically?
2. Theoretical Framework
2.1. Online Reviewer Motivation
Reviewing communities are a type of service environment in which the co-creation
value is a result of interactions among people, technology and the information shared [40].
Researchers have differentiated behaviors in online communities depending on participant
competence, social relatedness and permanence over time [39,41]. Consumer groups operate independently in social media environments based on underlying motives. These motives include intrinsic motives associated with the desire for identification or interaction
with others and altruistic or egoistic motives [42].
The motivations of individuals have been widely studied through self-determination
theory [43], which was developed later by [44]. The SDT has its roots in psychology;
it follows [45] hierarchy of human needs and differs from other theories in that it studies motivations by type and not by quantity. This theory covers the motivations of the
individual studying different possibilities of motivation, differentiating between intrinsic
and extrinsic motivations. Intrinsically motivated behaviors refer to those performed for
the mere satisfaction of doing them, without the need for external incentives or results.
Intrinsically motivated individuals become engaged in activities because they bring them
enjoyment or are fun or interesting [43]. In contrast, extrinsically motivated behaviors
are performed expecting a separate benefit, such as a reward [46]. The SDT is based on
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three psychological needs: autonomy, competence and social relationships [44,47]. Autonomy refers to the feeling of having freedom of action and being able to make one’s own
decisions. Increasing the options and possibilities of choices of a user will increase his or
her intrinsic motivations. Competence consists of the human being’s need to feel that they
have the possibility to practice their skills and improve them [48]. Positive feedback on a
task would increase the user’s intrinsic motivation [49]. Finally, social relatedness refers to
being connected with other people and the feeling that the individual occupies a place in
society. If the three needs are satisfied when performing an activity, intrinsic motivation
increases, while in the opposite case, states of anxiety or anger might appear, affecting
motivation [18,50,51]. Recent studies have confirmed that the greatest contributors to
enjoyment of games are autonomy, competence and social relationships, regardless of the
content, type or genre of the game [50,52]. Conversely, certain studies have shown that
extrinsic motivation is autonomously associated with greater engagement, achieving lower
abandonment rates and better levels of development in tasks [44]. By analogy with games,
the combination of these motivations would be present in gamified environments.
Other authors, such as [53], have categorized motivations into egoist (reputation
and reciprocity), altruistic (enjoyment of helping others), collectivist and principalistic
motives. Reviewing activities are framed in market helping behavior, in which altruistic
and egoistic motives are present [54]. Altruism is one of most significant motives for
consumers’ willingness to share online in the absence of tangible returns [54,55]. At the
same time, the need to help society and the community favours eWOM (electronic wordof-mouth) activity. In contrast, egoistic helping motives are associated with hedonistic
rewards and show a desire for reputational enhancement and self-gratification [53]. In this
research, egoistic motives are defined in terms of desire for social recognition, reputation
or attraction of attention.
Research has found engagement types in reviewing communities depending on
longevity of contribution [39]; participant competence (e.g., novice vs. expert; [41]), and social relatedness (e.g., tourists, devotees and insiders; [56]). These include egoistic motives,
altruistic concern about others and intrinsic motives.
2.2. Gamification
To influence the behavior of individuals in e-commerce, a multitude of gamification elements are used, such as points, badges, leaderboards, levels, competitive bidding systems,
real-time feedback and progress bars [57,58]. It is very common to find a set of gamification
elements called PBL points, badges and leaderboards; [59]. Points influence the status of
the user and affect their reputation based on the assessments of other users. The reputation
points system (RPS) is the most complex system, and it reflects the degree of integrity and
consistency of a user [60]. Reputation is the perception by others or the inferred external
image of the individual [61]. Obtaining the confidence of the user to purchase sustainable
products on the e-commerce page is essential, since online environments involve situations
of uncertainty and generate a perception of vulnerability [62]. Besides, the reviewer reputation is associated and is positively correlated to review helpfulness [63]. Amazon’s RPS
harnesses the useful votes that are received in the form of points and the percentage of the
utility of the comments that are made by the user. These scores, the badges obtained when
commenting and the position that a user occupies in a ranking of opinions (leaderboard)
are shown in the user’s profile.
The use of gamification elements, such as badges and rankings, is particularly recommended to maximize engagement and other user activities in e-commerce [64]. Reviewers are part of the rankings when they comment, becoming empowered consumers [65].
They engage in helping the market in an altruistic form or can satisfy their egoistic desires
or intrinsic motivations [42,54]. Amazon.com’s top reviewer community uses a public
ranking system to motivate, recognize and influence reviewer behavior.
Player typologies and game research provide points of departure for studies outside what can traditionally be seen as games [20]. One of the main theoretical theory
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adopted in gamification research is that of self-determination [28,66,67] which can lead
to autotelic behaviors [68,69] point out four gaming motivations: control, context, competency and engagement. In recent years, researchers have employed a five-factor model to
understand the psychological and behavioral natures of video game users [70,71]. It was
determined that users’ experiences of video game playing, such as competence, immersion
and autonomy, are associated with personality traits including agreeableness, extroversion,
conscientiousness, openness and emotional stability [70,72] mention six motivations including competition, challenge, social interaction, diversion, fantasy and arousal. In short,
it is observed that there are a multitude of psychological variables of the players that are
associated with gamification.
3. Methodology
3.1. Data Collection and Sample, Research Context
In this research, a questionnaire was used and administered as a pretest to a sample of
30 individuals, which was extended to a sample of 187 Spanish nationals. The survey was
conducted by an investigation team consisting of three experts in market research from the
University of Córdoba and Loyola Andalucía University. The data sample was obtained
through purposive sampling in which individuals were selected due to their expertise on
the field. In this regards, all participants were frequent reviewers, with a positive attitude
towards responsible consumption and have shown their interest in its own ranking. In this
regards, the sample is representative of the population under study (avoiding a potential
bias in the recruitment process). The individuals were invited to participate in the study
via email (in June 2019). The recruitment process and the study were approved by the
Ethical Committee of the university. Specifically, the sample selected consisted of millennial
e-commerce users who visited the www.amazon.es webpage during the week prior to the
questionnaire (the second week of December 2019) and who wrote reviews of products
during the 12 previous months on the web with a personal computer, thus ensuring direct
contact with the elements of gamification. All of the participants declared that they agreed
with the fairness of the public ranking of Amazon. The sample universe was distributed
to 52.4% of Spanish men and 47.6% of Spanish women born between 1984 and 2001.
Regarding the level of studies, 64.1% had university or higher education, and 62.03% of
those surveyed were working. Information about the demographic profile of the sample is
provided in Table 1.
3.2. Instrument and Measures
A survey was used to gather information. The development of the instrument was
based on a literature review to identify the characteristics of individuals: motivations
and acceptance of gamification. The research instrument consisted of six variables. In
relation to intrinsic motivations, five variables were considered: autonomy, competence,
social relatedness [44,73], and altruistic and egoistic motives [9,74]. For the study of
gamification, the PBL triad (points, badges and leaderboards) was used [59]. The research
instrument consists of 25 items and the sources are shown in the Appendix A (Table A1).
A Likert scale was used to evaluate the responses to the elements. Likert scales
measure the degree of acceptance or rejection of the presented statements. All of the items
were 7-point Likert-type items ranging from 1 for “strongly disagree” to 7 for “strongly
agree”. Additionally, some questions were asked about the importance of reading reviews
and the evaluation of other users, the frequency of writing reviews, and familiarity with
video games.
Additionally, the participants were asked to choose a single class that best defined
them as reviewers among three alternatives based on their perceived psychological need
fulfilment and their degree of altruism or selfishness, following [9]. However, unlike these
authors, when using egoistic motives, the questionnaire focused on the egocentric personality of the individual, leaving the perception of the community rank aside to analyse it
later along with the rest of the gamification elements (points and badges).
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Table 1. Demographic profile of the sample.
Demographic

Group

Frequency

Percentage

Age

18–35 (Millennials)

187

100%
Millennials

Gender

Frequency

Percentage

Male
Female

98
89

52.4%
47.6%

Some high school
High school diploma
Completed some
college
Bachelor’s degree
Master’s degree

14
33

7.49%
17.65%

20

10.70%

92
27

49.19%
14.44%

High
Medium-high
Medium
Medium-low
Low

17
55
84
26
5

9.09%
29.41%
44.92%
13.90%
2.67%

Single
Married

163
24

87.16%
12.84%

Paid full-time
Paid part-time
Unemployed
Student

98
18
23
48

52.41%
9.63%
12.30%
25.67%

Frequency

Percentage

Education

Social status

Marital status

Employment

Characteristic

Millennials
Frequency

Percentage

Sometimes
Always

50
137

26.74%
73.26%

Read product reviews
Never
Sometimes
Always

2
43
142

1.07%
22.99%
75.94%

Reviews of other users
Never
Sometimes
Always

18
90
79

9.63%
48.13%
42.25%

9

4.81%

178

95.19%

158
29

84.49%
15.51%

Make product reviews

Importance of reviews
Not important/indifferent
Important/very
important
Videogame Player
Yes
No
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3.3. Data Analysis
It is important to mention that additional experiments with other machine learning
models were also performed (Bayesian networks, logistic regression, or neural networks
among others). In those experiments, it was obvious that linear models were not able to
reflect non-linear relationships among input variables, which is necessary for performing
a robust classification of the problem under study. Within the umbrella of non-linear
models, the J48 model was the one yielding the best trade-off between performance and
interpretability and for that reason, it was the one employed in the empirical study.
To achieve the first objective of the research, a J48 decision tree (C4.5) was implemented
to characterize reviewers based on their intrinsic motivations and their self-perception
when they commented. This technique is one of the most commonly used machine learning
techniques [75]. The decision trees generated by the C4.5 algorithm can be used for classification, and for this reason, C4.5 is often referred to as a statistical classifier. C4.5 is known
as an evolution and refinement of the Interactive Dichotomize 3 algorithm with very good
classification accuracy [76]. This method represents a simple hierarchical structure in which
nodes indicate the attribute tests, and the terminal nodes show decision outcomes [77].
Classification is generally used in supervised datasets in which there is a class label for
each instance, as occurred in our case of study. J48 uses splitting criteria based on the Gain
Ratio (a normalized version of Information Gain) for building trees. It has both reduced
error pruning and normal C4.5 pruning options. For validation, k-fold cross-validation
was used. The advantage of this method is that all observations are used for training and
validation, and each observation is used for validation exactly once. As pointed out in the
literature, J48 is a reliable model to classify a set of nominal values into categories, unlike
neural networks, which require that the input variables be continuous. In this case, all of
the input variables are on a 7-point Likert scale, making the model perfect for addressing
the problem and justifying the use of decision trees. In our analysis, we selected algorithm
J48 with default parameters from Weka [78]. Weka is open-source software for data mining
developed at the University of Waikato in New Zealand that is widely used in classification
and clustering by communities of researchers.
Pursuing the second objective, a cluster analysis and a new J48 were performed. Clustering analysis creates and discovers a group of similar data items, in our case, based on the
reviewers and their degree of acceptance of gamification while they are reviewing. In machine learning, there are many clustering models, and the most widely implemented is
K-means. K-means is a partitioning clustering algorithm, and this technique is used to classify the given data items into k different clusters through iterations, and it tends to converge
to a minimum. The outcomes of generated clusters are independent of each other [32,34,79].
This study used K-means based on Elbow Criteria to determine optimal values [80,81].
Subsequently, the decision tree was developed to detect the main characteristics of the
profiles obtained and based on gamification, relating them to intrinsic motivations.
4. Results
The J48 machine learning model has played a main role in fields such as engineering,
climate, social sciences and medicine due to its simplicity and intuitive interpretation [82].
The main limitation of the model is its predictive power which appears to be not a problem
for this case of study (as the decision tree achieve almost a perfect classification of individuals with a very simple model). The results obtained in this study are shown below.
Figure 1 shows the correctly and incorrectly classified instances of classification algorithms
of J48 decision trees using the WEKA tool. In both cases, it can be observed that there are
very good accuracy and performance of classification algorithms for the dataset.
For the first classification algorithm J48 (1), of 187 datasets supplied to the system,
178 were correctly predicted, and only 9 were incorrectly predicted. It is important to note
that the global accuracy obtained by the model was 95.18%. This accuracy is quite high
and guarantees very good classification of individuals. Table 2 shows the confusion matrix
(C.M.) for the three-class classifier.
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Figure 1. Accuracy Figure
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for classification
algorithms.
1. Accuracy
measure for
classification algorithms.

For the first classification algorithm J48 (1), of 187 datasets supplied to the system,
Table 2. Confusion matrix of J48 (1) classifier.
178 were correctly predicted, and only 9 were incorrectly predicted. It is important to note
Confusion
MatrixThis accuracy is quite high
that the global accuracy obtained by the model
was 95.18%.
and guarantees very good
Table 2 shows
the confusion maa classification of individuals.
b
c
trix (C.M.) for the three-class
classifier.
57
0
3
a = cluster II
1
2

61
2

1
60

b = cluster CS
c = cluster CC

The information contained by C.M. concerns the actual and predicted classifications
performed by a classification system. The diagonal elements are the number of correctly
classified instances. Based on the C.M., we can find the specific accuracy of the classifier as
Acc1 = 0.95, Acc2 = 0.96 and Acc3 = 0.93, according to each class.
A summary of our findings is shown in Table 3, which shows the correctly and
incorrectly classified instances, TP rate (true positive), FP rate (false positive), precision,
recall, F-measure, receiver operating characteristics (ROC), Kappa statistics and error rates.
Table 3. Accuracy measure and error rate of the J48 (1) classifier.
Algorithm

Correctly
Classified
Instances

Incorrectly
Classified
Instances

TP Rate

FP Rate

Precision

Recall

F-Measure

ROC Area

Kappa
Static

J48

178
(95.18%)

9 (4.82%)

0.952

0.024

0.952

0.952

0.952

0.970

0.9278

Algorithm

MAE

RMSE

RAE

RRSR

J48

0.0389

0.1786

8.758%

37.89%

The TP and FP values (0.95 and 0.024) are optimal because they have a high degree
of accuracy in positive cases and very low value in false positives [83,84] (Fawcett, 2004;
Witten et al., 2009). With respect to precision, the percentage of accuracy of the model after
performing the classifications is very high (0.952) [85], showing that the model measures
in the best way the correctly recognized instances with respect to the total of predicted
instances. In the recall results, it can be seen that they are high and favourable because the
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model recognizes the instances correctly in real terms. Conversely, the error rate values of
RMSE, MAE and RAE obtained are 0.17, 0.03 and 8.75%, respectively. These low results
reflect good fit of the model. To determine the global performance of prediction models,
ROC curve analysis is used [86]. The global performance of the model is quantified as 0.970.
The qualitative correlation between this value and the prediction capability of models is
considered excellent if it is between 0.9 and 1 [87]. It can be concluded from the results that
the developed classifier is very reliable.
The attributes chosen for classification were five intrinsic motives: autonomy, competence, social relatedness, altruism and egoism; and the predicted output for a given
reviewer was one of these options—Challenge Seekers (CS), Community Collaborators
(CC) and Indifferent Independents (II)—based on and adapted from [9] classification.
Figure 2 is the graphical representation of the generated classification tree. This data
Sustainability 2021, 13, x FOR PEER REVIEW
visualization shows the information clearly and efficiently. The decision tree structure
consists of a root node, three internal nodes and five leaf nodes.
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competence and developing their skills. Table 4 summarizes the values towards the deci
sion tree nodes for each reviewer profile.
Table 4. Values for each reviewer profile according to motivation.

Egoism
Social Relatedness

CS
>3
≤4

CC1
>3
≤4

CC2
>3
>4

CC3
≤3
-

II
≤3
-
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Table 4. Values for each reviewer profile according to motivation.

Egoism
Social
Relatedness
Competence

CS

CC1

CC2

CC3

II

>3

>3

>3

≤3

≤3

≤4

≤4

>4

-

-

≤6

>6

-

>6

≤6

To achieve the second objective, individuals were classified based on their acceptance
of the gamification elements. For this purpose, a second-order gamification construct was
developed, the variables of which were points, badges and leaderboards (PBL). Using the Kmeans algorithm and considering the Elbow Criteria, two groups were considered since the
percentage of the variance explained was greater than 90% for two classes, making it unnecessary to switch to three groups. Consequently, the sample was classified into two groups
of individuals based on their degree of acceptance of gamification: those who showed a
positive attitude towards PBLs and those who were not attracted to such elements.
Subsequently, the groups were related based on gamification obtained with the five
intrinsic motivations using the J48 algorithm (2). In this way, if the model has a good classification percentage, we understand that there is a certain relationship between intrinsic
motivations and the types of individuals who are pro-gamification or anti-gamification.
Below, we analyse the statistical performance of the implemented decision tree. It is important to note that the global accuracy obtained by the model is 90.90%, which in our
humble opinion emphasizes the competitive performance of the implemented model. Of
187 individuals, 170 were correctly predicted, and 17 were incorrectly predicted. Table 5
shows the confusion matrix for the two-class classifier.
Table 5. Confusion matrix of J48 (2) classifier.
Confusion Matrix
a

b

111
13

4
59

a = Gamific “+”
b = Gamific “−”

In this case, the incorrect number of individuals classified as “a” with “b” (13 patterns)
is higher than the erroneous ones classified as “b” with “a” (4 patterns). That is, it better
classifies those patterns that have a positive attitude towards gamification. We can determine the specific accuracy of the classifier to be Acc1 = 0.965 and Acc2 = 0.819, according
to class. A summary of our findings about the J48 (2) decision tree is shown in Table 6.
Table 6. Accuracy measure and error rate of the J48 (2) classifier.
Algorithm

Correctly
Classified
Instances

Incorrectly
Classified
Instances

TP Rate

FP Rate

Precision

Recall

F-Measure

ROC Area

Kappa
Static

J48

170
(90.90%)

17 (9.10%)

0.909

0.124

0.911

0.909

0.908

0.856

0.803

Algorithm

MAE

RMSE

RAE

RRSR

J48

0.1652

0.29

34.85%

59.59%

The values of TP and FP (0.90 and 0.124) are very good since they present a high degree
of success in positive cases and a low value for false positives. Additionally, regarding the
precision of the model, the value observed is very good (0.911). In real terms, the model
recognizes the instances well (recall equals 0.90). Kappa statistics (KS) determine the
attribute measure of agreement. The KS value obtained (0.80) reflects fair agreement
because it is near 1. The error rate values of RMSE, MAE and RAE are 0.29, 0.16 and 34.85%,
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respectively. Since the RMSE is less than 30%, the goodness of fit of the model is considered
to be very good. The ROC curve with a value of 0.85 has good discriminating ability and
is considered useful because it is between 0.7 and 0.90. In light of these results, we can
conclude that the developed classifier is quite reliable.
Again, the attributes chosen for classification were the five original intrinsic motives:
autonomy, competence, social relatedness, altruism and egoistic motives. In this case,
the predicted output is one of the two classes associated with gamification: users with
Sustainability 2021, 13, x FOR PEER REVIEW
positive or negative attitudes towards gamification. Figure 3 shows the decision tree
structure developed. It consists of a root node and two leaves.
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and the attributes respect the original variables. In this research, the egoistic motives
attribute is focused on one’s own reputation, attracting attention and a desire for social
recognition. It is important to note that reputation is often cited as an important determinant of information sharing behavior [88]. The questionnaire isolates the rankings and
classification tables in matters related to reputation so as not to distort the subsequent
relationships with the elements of gamification. It was intended to determine the authentic
personality of the individual to later observe whether it was related to extrinsic motivations,
as was verified.
When classifying the reviewers, egoistic motives should be studied mainly and the
attributes of competence and social relatedness considered. The decision trees allowed
us to identify the determining attributes for the classification and their cut-off values.
In this sense, we not only know the class of reviewers to which an individual belongs,
but also, as in the case of CC reviewers, it allows us to differentiate them into three other
new subcategories.
The clustering performed showed that reviewers can be classified based on their
positive or negative attitudes towards gamification. By applying the J48 algorithm on
motivations, the classification criterion was greatly simplified since it fell back on selfish
motives. That is, if the individual presents selfish characteristics, they will be more likely
to receive gamification more effectively because their attitude will be positive towards it.
Therefore, the linchpin on which the classification depends is the egoism of the
individual. This statement clashes with the altruism and collaborative eagerness that
millennials generally show [38,89]. In fact, the willingness to help others is one of the
strongest antecedents of online review writing frequency [90], which is not to say that
altruism is not important to define the characteristics of young millennials. However,
to classify reviewers, it is not a relevant attribute.
Regarding the elements of gamification points, badges and leaderboards, a priori,
they could have been analysed independently. In practice, the elements and game mechanics are applied in a personalized manner and according to the objectives pursued [91].
On the Amazon website, the points reflect the usefulness of the comments, the badges show
the prestige of the reviewer, and the ranking indicates the reviewer’s position with respect
to others, so its implementation in a grouped way is logical. In addition, when analysing
the PBLs, they presented high correlations, they could be grouped into a second-order
construct, and it was found that they could be treated as a unit in subsequent works. In environments in which the system requires trust between two or more parties, and it cannot
be explicitly guaranteed or cannot be managed, the reputation points system becomes a
key element [60]. On the other hand, we can conclude with the fact that the gamification in
itself does not generate a more socially responsible consumption. However, it could create
space for responsible behavior by the consumers.
5.2. Implications
The impact of product reviews on sales has been widely studied by academia. However, limited attention has been paid to the antecedents. We believe that this research
contributes to the conceptual and empirical understanding of reviewer profiles and their
characteristics. This study contributes to existing reviews of e-commerce and gamification
research in several ways. It has been confirmed that we can characterize online product
reviewers based on their intrinsic motivations. Specifically, the intrinsic motivations that
mainly serve to identify types of millennial commentators are egoistic motives, competence
and social relatedness, with egoistic motives being the main discriminator. However,
although the intrinsic motivation of autonomy does not serve to determine the type of
reviewer, we cannot forget its importance in terms of self-satisfaction [44].
Intrinsic motivations, in turn, can be associated with extrinsic motivations, such as
gamification, in groups of individuals with similar characteristics. In fact, the three groups
of reviewers analysed (CS, CC and II) are correctly sorted into two groups with welldifferentiated characteristics (those who like game elements and those who do not). Us-
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ing extrinsic rewards, such as gamification offers, we can connect with the intrinsic motivations of individuals. In fact, the points affect the status of the user and their reputation.
For those reviewers seeking recognition, earning points continually will foster their continued engagement with the platform. Obtaining badges helps reviewers to satisfy their
intrinsic desire for recognition before the rest, and the badge obtained allows them to be
identified and stand out from others. Rankings serve as personal achievement and allow
prominence for some reviewers (CS and CC); for others, they create a fun environment and
reflect quality and integrity. In contrast, for reviewer II, the leaderboards will normally
have no value or utility. In this sense and in a general way, we can say that CS and CC
reviewers will positively accept gamification elements. In summary, we can conclude that
the extrinsic motivations provided by gamification are associated with profiles that are
intrinsically selfish. In particular, it seems that reviewers’ motivations are egocentric in
nature and primarily based on the hedonic desire to gain a reputation and social recognition
or to draw attention.
Gamification elements should be targeted at specific profiles, rather than implementing
them generically. PBLs can be used generically due to their internal consistency, but results
will be obtained if the reviewers are not segmented. We have been able to observe that
two groups of individuals appear with clear attitudes (positive or negative) towards
gamification. Targeting gamification at individuals who reject it does not make any sense
since it would incur unnecessary costs of time, money, and monitoring and could even have
adverse effects. To optimize resources, e-commerce companies should propose specific
marketing strategies. For those individuals with high selfish motivations, the gamification
application has a high probability of working. It is therefore important to detect egocentric
profiles as soon as possible to guide gamification towards them. Actions such as offering
different landing pages depending on the type of user (pro-gamification versus antigamification) would favour the success of gamification. Furthermore, if the interface is easy
to use and shows what attracts the individual the most, it will result in their engagement,
generating more participation and activity [64,92].
The elements of gamification, such as the points obtained, medals and positions in
the ranking, should always be visible for individuals who show a positive attitude and be
in the background for those who are reluctant to accept them. Using tutorials or guided
videos can help in this regard. Additionally, new additional gamification elements, such as
progress bars, can be used to show progress in terms of competence or degree of fulfilment
of certain challenges of the reviewers. For those reviewers driven by selfish motives,
more striking badges can be used, and highlighting more their positions in the ranking
could satisfy their desire to attract attention.
In contrast, care must be taken because, if gamification is implemented in a generic
way in individuals with low selfishness and who have a negative attitude, it can create
demotivation or fatigue. Other possible approaches to gamification to attempt to influence
individuals who are not motivated by selfishness would be through social relatedness or
altruism. Applying game mechanics and components that benefit the community could
motivate these reviewers.
Regarding the models used for classification, the good results obtained in terms of
accuracy support their use in subsequent studies. In this sense, the J48 (C4.5) algorithm is
presented as a very good tool to classify the reviewers of products of e-commerce pages,
endorsing the good classification of a new reviewer with high reliability. This algorithm
presents user-friendly results that can be easily interpreted by the community, and it has
allowed the model to be pruned. It was possible to classify the first problem with only
three attributes and the second problem with only one attribute. Furthermore, its use also
made it possible to detect subcategories within one of the individual profiles (e.g., CC).
Another advantage that the use of decision trees has offered us has been in detecting the
values based on which individuals can be categorized according to their characteristics.
All the previous considerations generate implications of interest both for the design
of educational policies that promote the SRC as well as business management through
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gamification. For the companies, the knowledge generated could be useful as it expands the
possibilities to line up with the ethical concern of the consumer and promote sustainable
engagement. Further, gamification allow to adapt the marketing strategies, both for
companies that decide to tend to socially responsible consumers, and for institutions that
aim to promote more responsible consumption. This is something rather important for
making it easier to design strategies better adapted to their target, from institutions or
from other companies that consider this market segmentation. We cannot hide that the
purpose of this investigation emerges from personal concern for all the consequences and
the limits of consumption. The vast literature regarding this is proof that is not about an
irrational or poorly stated uneasiness, which means it is subject for debates and critics.
Today, however, very few deny the important economic, social and environmental effects
that are closely linked to the phenomena of consumption and the new digital era, such as
the gamification phenomenon.
5.3. Limitations and Future Research Directions
The sample size was relatively small, although it was representative of the Spanish
reviewers. Future research should include a more diverse sample of reviewers of different
age generations (Generation X or Generation Z), for example, to study possible differences
and cross-cultural factors. A larger sample size could also bring more statistical power
for analysis, and including qualitative questions in the survey could allow for a better
interpretation of the results.
RPS systems reflect the reputations of users and the recognition of other users, but it is
essential that the mechanisms for obtaining them be clear. Amazon uses its own algorithm
to determine the positions in the rankings of reviewers. Although the reviewers trust its
fairness, perhaps they should offer more transparency when calculating it, in favour of
greater motivation of users based on knowing the rules of the game better.
Individuals with high egocentricity, along with a positive attitude towards gamification, might come to comment compulsively, and the quality of the comments could be
diminished. It would be interesting to study in future lines of research the extent to which
gamification becomes the end and not the means to promote online product reviews.
In this study, we assessed participants’ perceived competence and relatedness, that are
included in the Intrinsic Motivation Inventory Scale [44]. In future works, the authors of this
study will consider the use of a complete Intrinsic Motivation Inventory (IMI) framework
for ensuring the analytical validity in more traditional terms. This is a multidimensional
measurement grounded in the Self-Determination Theory (SDT) used in assessing the
subjective experiences of participants.
The relationship of the reviewers’ profiles with other constructs would be very useful
to future work. For example, in the case of egoism, in addition to the reasons for the
need for self-enhancement, reciprocity could be considered a benefit for individuals to
engage in social exchange [93,94]. Millennials are also prone to reaching flow states while
making comments or browsing e-commerce pages. It has been shown that the state of flow,
together with extrinsic motivations, such as gamification, in millennial users generates
positive effects on their behavioral intentions [42]. Finally, since the use of e-commerce
systems based on eWOM pursues brand loyalty and trust [95–97], we propose their future
observation. Despite the studies on social sustainability and gamification progressively
acquiring greater relevance within the literature on consumer behavior, we are still facing
a topic that needs to be better understood. More research and new evidence on these
aspects are necessary for the design of policies that effectively promote a more committed
consumption. It is not only important to create conscience but also assist the means to
materialize it. This precisely constitutes one of the concerns in Social Marketing, an area
that could be key to work on all these matters. Hence, the study of gamification and
sustainability would appear to us as an object of investigation that is socially urgent and
relevant. We hope that with this investigation we add at least a little more knowledge
to advance the understanding of a complex reality to be apprehended and promoted.
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However, that is in addition to what, with more or less success, we have attempted to
respond to in these lines.
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Appendix A
Table A1. Constructs, Elements, Measures and Sources.
Construct

Element

Measure

Autonomy

I have complete freedom to decide the
way I review products
I don’t feel pressured when I comment
on products
I feel free to express my opinions
when reviewing.

Competence

Improving my reviewing skills is very
important to me.
I think that I have developed my
competence by reviewing products
Reviewing helps me to develop my
skills (reading and comprehension)

Social Relatedness

I like to contact with people when
posting reviews.
I find it gratifying to be able to interact
with people in Amazon community
I enjoy interacting with people
from Amazon

Intrinsic Motivation

Reis et al., 2000; Ryan and Deci, 2000.
Egoistic Motivation

I need to be recognized by others
My reputation is very important to me
I like to attract people’s attention
Self-developed.

Altruistic motivation

Helping others make informed buying
decisions is important to me
I review because I want to be helpful to
other people.
I feel good when I help the community

Clary et al., 1998; Mathwick and Mosteller, 2017.
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Table A1. Cont.
Construct

Element

Measure

Points

Receiving votes for considering my
comments helpful rewards my efforts
The points/votes system correctly
reflects my efforts to comment
on products
I like to receive points/votes when
commenting on products

Badges

The badges that can be obtained from
Amazon (for example: Top
Reviewer 1000)
reflect the good work done as
a reviewer
I like badges and I seek them
My efforts to comment on products are
perfectly reflected with the badges

Gamification

Leaderboards

Improving my ranking in the reviewer
system is important to me
The reputation that I have as a reviewer
can be easily checked in the ranking
The ranking of Top Reviewers reflects
my status when I comment
I think that it is important to know the
percentage in which users consider
my comments helpful, so that I can
compare with others

Werbach and Hunter, 2012. Self-developed.
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