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Abstract
Background: Online hate speech on social networks and the Internet is an increasingly 
pervasive phenomenon to which both children and adolescents are exposed. Objective: 
Our study’s main objective was to ascertain whether collective intelligence can improve 
their handling of hate speech. Methods: We conducted the study on the Collective Learn-
ing platform, comparing results between three groups of Spanish adolescents aged 15–16 
years. The groups were of different sizes: one large group (G1, n = 123) and two smaller 
groups (G2, n = 18; G3, n = 23). Results: The experiment showed that the conditions for 
the emergence of collective intelligence were met within the large group (G1) but not in the 
two small groups (G2 and G3). The large group, as a collective, acquired capacities to deal 
with hate speech; however, this did not occur in the two smaller groups. Conclusions: Our 
study explains how the emergence of collective intelligence in online environments helps 
group members acquire a series of competencies. In particular, collective intelligence can 
help adolescents learn to deal with hate speech.
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Online hate speech in children and adolescents

The phenomenon of online hate speech among children and adolescents is an issue of 
growing concern in today’s society. Apart from the easy accessibility of the Internet, the 
proliferation of social networking platforms, online games, and chat rooms has acceler-
ated the speed at which hate speech can spread, while expanding its scope. This has severe 
implications for the emotional well-being and safety of young people.
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Several studies have highlighted the pervasiveness of online hate speech among youth. 
Hinduja and Patchin (2020) revealed that more than one-third of the adolescents they sur-
veyed had experienced some form of online harassment, including hate speech in the form 
of racist, sexist, homophobic, and xenophobic comments. Obermaier and Schmuck (2022) 
found that witnessing online hate speech is a common experience among young people 
and can have adverse effects on their psychological well-being. Their findings indicated 
that victimization from online hate speech is a significant phenomenon among youth and is 
associated with a negative impact on their emotional well-being.

Online hate speech can manifest itself in various forms, including verbal attacks in the 
form of comments, messages, or posts containing insults, threats, or attacks directed toward 
an individual or a specific group on the basis of their identity, such as ethnicity, gender, sex-
ual orientation, religion, or disability (Crandall et al., 2002). Defamation involves the dis-
semination of false or misleading information with the intention of damaging the reputation 
of a person or group, which may include false accusations related to personal characteris-
tics protected by law (Cohen-Almagor, 2011). Ethnic discrimination consists of comments, 
memes, or images that denigrate or stereotype people who belong to certain ethnic groups, 
thereby promoting intolerance and exclusion (Livingstone et al., 2017). Misogyny is iden-
tified with content that expresses hatred or contempt toward women, e.g., promoting sex-
ist stereotypes, reifying women, or justifying gender violence (Jane, 2014). Homophobia is 
expressed in messages or comments that denigrate, ridicule, or dehumanize people, includ-
ing lesbian, gay, bisexual, or transgender individuals (Liu and Koerner, 2017). Religious 
intolerance is reflected in postings that attack or belittle people on the basis of their religious 
affiliation, thereby promoting discrimination based on religious beliefs (Ramponi et  al., 
2022). Exposure to all these forms of online hate speech can harm the emotional and psy-
chological well-being of young people by increasing their risk of anxiety, depression, and 
low self-esteem (Canadian Human Rights Commission, 2019). Hate speech can also influ-
ence the perceptions and attitudes of young people toward certain social groups, fostering 
intolerance and discrimination while at the same time reinforcing negative attitudes, which 
children and adolescents even adopt toward those groups. This, in turn, hinders the advance-
ment of equality and social inclusion (Livingstone et al., 2017). Moreover, this type of dis-
course can prevent constructive dialogue and cooperation among adolescents and young 
people with divergent opinions and perspectives. This, in turn, hinders the construction of 
a more cohesive and tolerant society; instead, it exacerbates polarization and fragmentation 
(Liu and Koerner, 2017; Livingstone et al., 2017). Online hate speech can even fuel the rise 
of physical violence based on discrimination by legitimizing violent attitudes and behaviors 
toward certain groups. Hate messages can incite harassment, bullying, aggression, and even 
extreme violence against individuals, including adolescents or marginalized communities. 
This poses a severe threat to the safety and well-being of all members of society as a whole 
(Cohen-Almagor, 2011). In short, online hate speech not only affects victims on an individ-
ual level, but also on a larger scale, as it prevents social cohesion and peaceful coexistence.

Children and adolescents are not only the victims of online hate speech but can also 
spread and multiply it. Exposure to intolerant or denigrating content can influence young 
people’s perception of certain social groups and increase their disposition to participate 
in discriminatory acts. Recent research has revealed the prevalence of hate speech and its 
effects on younger population groups. Wachs et al. (2022) showed that young people can 
act as enablers of online hate speech in various ways, for instance, by disseminating dis-
criminatory content or participating in online communities that promote extremist ideolo-
gies. Certain young people can fall under the influence of public leaders or peer groups that 
promote hate speech. Other young people, in turn, are victims; they can be the objects of 



Learning to deal with hate speech: An online collective…

harassment, discrimination, or verbal attacks owing to their age, gender, ethnicity, or other 
characteristics (Wachs et al., 2022). This type of experience can have devastating conse-
quences for young people’s emotional well-being and their sense of belonging. Wachs et al. 
(2022c) noted that young people can encounter hate speech online and develop strategies to 
deal with it; their findings indicate that young people are indeed exposed to this phenom-
enon and that they also have the capacity to adopt approaches that protect their emotional 
and psychological well-being.

Strategies adopted by minors to cope with online hate speech

As noted in the previous section, children and young people are confronted with hate 
speech both offline and online. The fact that they are involved in hate speech not only as 
spectators but also as victims and/or aggressors should be cause for concern. Researchers 
in the fields of education and psychology have thus started searching for potential preven-
tion and coping strategies, particularly designed to deal with hate speech in its manifesta-
tions on the Internet, on social networks, in online games, and in all other virtual environ-
ments where minors can interact with one another (Kansok-Dusche et al., 2022).

There is no doubt that the impunity, intransigency, and viral nature of hate speech—
especially on the Internet—make the task of developing effective coping strategies quite 
complex. Authors, including Castellanos et al. (2023), argue that such strategies should be 
deployed in environments where children and adolescents tend to undergo socialization, 
thus, particularly in schools. Schools can implement such strategies on several levels: con-
textually (for example, by promoting a positive school climate), interpersonally (by encour-
aging a collective effort in class to combat hate speech), and individually (by fostering 
empathy and a prosocial attitude in each student). The positive impact of those synergies 
has been proven empirically. Certain school programs have chosen to combine the posi-
tive effects of several interaction levels to oppose hate speech (programs such as “Hate-
Less;” cf. Wachs et al., 2023b), bullying (KiVa; Garandeau et al., 2022), and cyberbullying 
(cf. the program “Medienhelden,” or “Media Heroes”; Schultze-Krumbholz et al., 2018). 
Hate speech can be prevented by applying some of the same strategies that are used for the 
prevention of bullying and cyberbullying, given that they impinge upon the same moral 
and emotional areas of the psyche (Castellanos et al. (2023); Kansok-Dusche et al., 2022). 
We would add a further overarching level that operates beyond the students’ school envi-
ronment: a systemic level. Strategies on the systemic level include, for instance, demand-
ing that online platforms invest greater efforts in dissuading users from posting or viewing 
content that contains hate speech, particularly since mere content filtering has not proven 
effective in preventing it (Griffin, 2022).

Our study centered on the meso-systemic and micro-systemic levels of students as 
individuals relating to one another in groups. The term meso-systemic here refers to the 
immediate social contexts in which adolescents interact—such as school environments, 
peer groups, and teacher relationships—while micro-systemic denotes the personal and 
intrapersonal level, including emotional, moral, and cognitive processes that influence how 
individuals experience and react to hate speech (El Zaatari & Maalouf, 2022). Therefore, 
in the following theoretical overview, we focus on the literature that has dealt with those 
levels. Most authors who have analyzed hate speech on a contextual level among children 
and primarily adolescents have highlighted the important role that the students’ social and 
school environment plays in helping them identify and combat hate speech online and 
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offline (Kansok-Dusche et al., 2023), as well as in encouraging them to support hate speech 
victims (Markogiannaki et  al., 2021). The same authors have pointed out that teachers, 
peers, families, and schools can work hand in hand to gradually adopt and apply healthy 
guidelines that encourage respect for diversity while promoting empathy and harmoni-
ous coexistence on the basis of mutual respect and acceptance. Victimization can also be 
avoided by ensuring appropriate socialization and the formation of healthy bonds among 
classmates. In their study, Stahel and Baier (2023) pointed out that victimization resulting 
from online and offline hate speech was a factor that correlated positively with loneliness. 
Promoting a positive, inclusive climate can help prevent the emergence of hate speech by 
fomenting empathy toward actual or potential victims and ensuring the efficacy of concrete 
interventions whenever hate speech occurs (Wachs et  al., 2023a). Victims can find sup-
port in social “security nets” (Wachs et al., 2023c). Thus, prevention programs against hate 
speech should not only take intrapersonal factors into account but also social norms and the 
aspect of personal interrelationships, for example, those that emerge in class (Wachs, et al., 
2022a). We further explore that potential aspect in the following paragraphs.

Depending on the contextual level, but descending to the interpersonal level, it is nec-
essary to take peer group interactions into account, as the motivation to perpetrate hate 
speech mainly stems from the social dynamics of a given social environment, where recip-
rocal reactive processes, social recognition, social pressure, and imitation may play an 
important role, especially among adolescents (Wachs et al. 2022b).

That same research team has pointed out that adolescents’ motivations are influenced 
mainly by behaviors they observe in their social environment (descriptive norms) or behav-
iors they are actively encouraged to adopt (peer pressure) and only to a lesser extent by 
their perception of which behaviors are approved or disapproved (imperative norms). 
Given that school is the principal place where adolescents are socialized by their peers, 
hate speech prevention strategies in school should pay special heed to the danger caused by 
peer pressure, as the latter tends to normalize insults until they become standard behavior 
(Wachs et al., 2022a).

One level lower, on the personal level, but taking the above level into account, educa-
tors can generate dynamics that foment a more harmonious atmosphere in the classroom, 
combined with enhanced student awareness of the problems caused by hate speech (Wachs 
et al., 2023c). For example, Obermaier (2024) showed that the adoption of anti-hate-speech 
campaigns that encourage a prosocial attitude tends to increase the active participation of 
hate-speech bystanders in defense of victims.

Wachs et al. (2022b) suggest that teachers present conflict management strategies in the 
classroom while fomenting adolescents’ competency to deal with frustration and negative 
emotions. This should encourage young people to avoid using hate speech as a means of 
vengeance. Several authors agree on the importance of developing student empathy and 
moral commitment, two factors strongly associated with hate speech prevention, accord-
ing to research conducted by Castellanos et  al. (2023). Those authors and Bustamante 
and Chaux (2014) highlight the importance of developing critical thinking. Critical think-
ing capacity can increase students’ moral commitment, which, in turn, should decrease the 
amount of hate speech. Further studies recommend the development of practical skills, such 
as news literacy and digital media literacy, which help young people detect and prevent inci-
dences of hate speech in the media (Samy-Tayie et al., 2023; Obermaier & Schmuck, 2022).

Hate speech tends to be directed toward specific groups: women, immigrants, religious 
minorities, politically committed individuals, and members of the LGBTI+ community (Ober-
maier & Schmuck, 2022; Castellanos et  al., 2023b). Prevention strategies foresee a proper 
approach to intergroup conflict by applying empathy (as described above) and extending one’s 
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moral commitment to social groups outside one’s own (Castellanos et al., 2023a). The same 
applies to online interactions. On social networks, contact with members outside of an indi-
vidual’s habitual social group predicts a decrease in prejudice and an increase in self-confi-
dence (Schumann & Moore, 2022). The tendency to undertake collective actions in favor of 
outside groups likewise increases, and the occurrence of hate speech is thereby diminished. 
Hate speech prevention strategies should thus not only encourage harmonious offline interac-
tion among adolescents but also harmonious online interaction with members outside their 
habitual social group.

Given that research on hate speech among minors (mainly online) is a recent field, few 
types of prevention strategies have been applied, and even fewer have been scientifically eval-
uated. One such recent program is HateLess, developed by Wachs et al. (2023b). Operating on 
several levels (individually, in the classroom, in the school, and the community at large), the 
HateLess program’s objective consists in preventing the perpetration and victimization of hate 
speech among adolescents by proposing films, stories, and role-playing scenarios designed to 
improve professional competencies (e.g., factual knowledge about hate speech), self-compe-
tencies (e.g., counter-speech, self-efficacy, coping strategies), emotional competencies (e.g., 
empathy, moral engagement), social competencies (e.g., cooperative competencies), and 
methodological competencies (e.g., ethical media competencies). In their study, Wachs et al. 
(2023b) showed that the HateLess program proved effective in preventing hate speech among 
adolescents while at the same time improving the competencies they needed to become well-
informed citizens of a democratic society.

Another proposition designed to thwart hate speech is “Philosophy for Children,” a program 
designed byc. This program is also oriented toward adolescents. “Philosophy for Children” is 
based on five pillars: (1) developing critical/creative thinking, (2) custody of careful thoughts 
(being aware of my words and thoughts); (3) care and concern for others; (4) acquiring one’s 
own identity; and (5) using narrated material and staged scenarios within a “community of 
examination” to collectively and cooperatively investigate a common problem or theory. Simi-
lar to other authors, Barrientos Rastrojo emphasizes the collective, i.e., a group of people who 
apply multidimensional thinking to explore an issue together. Five adjectives can be used to 
describe such “communities of examination.” They are communal (a group of individuals are 
gathered in a community centered on a project), procedural (the community operates by strictly 
following a chosen dialogue structure and a set of rules), critical (not all ideas proposed are 
equally valid), self-corrective (ideas gradually “correct themselves” on an individual level and 
a group level; the student becomes aware of their own potential and limitations by dialogu-
ing with the community, observing how one can influence others and be influenced by their 
feedback), and artisanal (the outcome is not a material product but results from the interaction 
among individual abilities incorporated into a network of multidimensional thought).

Taking these approaches into account, we examined the usefulness of collective intelli-
gence for the prevention of hate speech. As explained below, our model complied with the 
premises enumerated above; at the same time, using this model, we attempted to take a further 
step in the field of collective hate speech prevention.

The potential role of collective intelligence in hate speech prevention

Collective intelligence is defined as the performance of a large group of people collabo-
rating on a series of complex tasks, generating responses and/or solutions in an aggrega-
tive manner, based on the idea that the mean individual performance of each member is 
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lower than the mean performance obtained by the group (Woolley et  al., 2010; Woolley 
& Aggarwal, 2020). The construct of collective intelligence goes beyond the concept of 
group learning: The latter is defined as the change that emerges within a group during work 
on a task. The change occurring in group learning arises from the experience shared by 
the group’s members; it can be observed in terms of cognition, successive task organiza-
tion, and performance, namely, results (Argote & Miron-Spektor, 2011). Ever since the 
first study on collective intelligence published by Woolley et  al. (2010), many different 
types of experiments have been conducted, including attempts to apply collective intel-
ligence to resolve complex tasks such as the resolution of moral dilemmas or the navi-
gation of conflict resolution (Hjertø & Paulsen, 2016; Meslec et  al., 2016): These latter 
attempts have used technology to replace face-to-face interaction with online interaction. 
The introduction of technology as an intermediary has allowed researchers to substantially 
increase the number of participants, thereby expanding the problem-solving potential of 
collective intelligence (Orejudo et  al., 2022; Woolley & Aggarwal, 2020). Certain prob-
lems that emerged in face-to-face groups (for instance, in resolving moral dilemmas) can 
be overcome, for instance, when certain individual members do not collaborate or when 
proposals tend to be unoriginal owing to an overproduction or overpropagation of answers 
(Toyokawa et  al., 2019). Moreover, the online environment allows researchers to install 
an instance of artificial intelligence for the purpose of moderating collective intelligence 
(Orejudo et  al., 2022). Such a moderating instance is essential to guarantee the produc-
tion of answers that are of high quality and genuinely original, while guaranteeing a high 
degree of social interaction and productivity (Bernstein et al., 2018; Navajas et al., 2018).

Collective intelligence with this type of setup has been experimentally applied to groups 
of adolescents confronted with the resolution of an ethical dilemma (Orejudo et al., 2022; 
Bautista et  al., 2022). On the basis of a cognitive-evolutionary approach, those studies 
were designed to apply collective interaction to lead adolescents toward attaining a level 
of ethical reasoning superior to the level they would normally achieve in face-to-face situa-
tions. Indeed, in face-to-face collective intelligence experiments where groups were asked 
to solve moral dilemmas, certain individuals tended to impose their perspective on oth-
ers (Kohlberg, 1989). However, Orejudo et al. (2022) and Bautista et al. (2022) designed 
experiments that confronted groups of students with an ethical conflict to encourage dis-
cussion among peers. Those two studies showed that the general level of moral reasoning 
could be significantly elevated by applying collective intelligence.

We thus proposed the hypothesis that collective intelligence experiments can contribute 
to preventing and managing hate speech situations among adolescents. Our experimental 
model took most of the abovementioned premises in the area of hate speech management 
into account: Collective intelligence is based on interaction within a group or community 
(Wachs et al., 2022a); it extends its reflections beyond the group context (Castellanos et al., 
2023a), encouraging online interaction among peers (Schumann & Moore, 2022) within a 
structured environment that allows for self-correction (Barrientos Rastrojo, 2022). It can 
lead participants to develop critical thinking (Bustamante & Chaux, 2014; Castellanos 
et al., 2023b), empathy, and a prosocial attitude (Obermaier, 2022; Wachs et al., 2023b) 
while ensuring that the process per se is regarded as equally important as the outcome 
(Barrientos Rastrojo, 2022). Thus, basing ourselves on previous research in the areas of 
hate speech prevention and/or collective intelligence, we aimed to reach two goals.

Regarding our knowledge of collective intelligence and the Collective Learning plat-
form (which we used in this study), objective no. 1 was to ascertain whether a large-size 
group performs better on a task than several smaller groups. This required us, more spe-
cifically (objective no. 1a), to determine whether differences observed between large and 
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small groups could be ascribed to the variables listed by Woolley and Aggarwal (2020) or 
whether they were due to the platform design in itself, coupled with the content of the case 
study we proposed. Objective no. 2 was to ascertain whether our participants had a learn-
ing experience, i.e., whether they acquired competencies that would help them confront 
hate speech on the Internet.

Technology, ethics, and value‑based education: our approach

The integration of collective intelligence platforms into educational settings requires 
reflection not only on their technical potential but also on their ethical implications and 
underlying educational values. In our study, the use of the Collective Learning platform 
was not conceived as a neutral tool but as part of a pedagogical vision that emphasizes 
the promotion of critical thinking, moral engagement, and democratic deliberation among 
adolescents.

Our approach is based on the belief that digital technologies in education should be 
aligned with values such as equity, inclusion, and social responsibility. As Kizilcec and 
Lee (2022) argue, technological tools should be designed and implemented in ways that 
promote equitable learning opportunities and respect for human dignity. In our experiment, 
the role of the artificial intelligence (AI) moderator was carefully constructed to encour-
age equal participation, reduce hierarchical power structures, and ensure that the most con-
structive ideas, rather than the most dominant voices, gained visibility and influence.

Furthermore, the pedagogical architecture of the platform reflects a relational under-
standing of moral learning in line with Kudina’s (2023) perspective on moral hermeneutics 
and technology. Rather than promoting normative compliance, the system encourages par-
ticipants to engage in situated ethical reasoning through dialogic processes that reflect the 
moral complexity of real life. The collective nature of decision-making, the opportunity for 
self-correction, and the transparency of interactions contribute to the emergence of what 
Kudina (2023) describes as “the construction of moral meaning through the relationships 
between humans, technology, and the world.”

In this way, our intervention is situated within a broader educational commitment to 
values-based digital literacy. It seeks not only to prevent online hate speech but also to pro-
mote deeper civic and ethical engagement among young people. Through structured online 
interaction, teenagers are invited to go beyond reactive responses and develop a reflective, 
collaborative, and empathetic stance toward social conflicts in digital environments.

Synthesis of theoretical background

To conclude our overview: Online hate speech poses a significant challenge to the emo-
tional and social well-being of children and adolescents in the digital age. Its pervasive-
ness on social media increases the risk of anxiety, depression, and low self-esteem among 
young people, while also fueling polarisation and undermining social cohesion. As shown 
in the reviewed literature, young people are exposed to hate speech not only as victims 
but also as spectators or facilitators. Several studies highlight the importance of promoting 
educational strategies that develop empathy, digital literacy, and moral engagement to pre-
vent this type of behavior. Schools are in a unique position to intervene at multiple levels: 
individual, interpersonal, contextual, and systemic. In addition, collaborative approaches 
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and structured group interactions, such as those enabled by collective intelligence plat-
forms, appear promising for engaging adolescents in moral reasoning and helping them 
respond constructively to hostile content online. The present study builds on these prem-
ises to explore whether collective intelligence can help adolescents cope with hate speech 
and how group size influences the outcomes of these interventions.

Methods

Participants

Our study was part of a more extended project involving almost 40 experiments with the 
Collective Learning tool, which is designed to train digital competencies in Spanish sec-
ondary-level students. We were able to compare groups G1, G2, and G3 because all were 
confronted with the same task regarding hate speech, and all had similar ages, although 
their platform interaction contexts were different. G1 was a large group of 123 participants 
enrolled in the 3rd and 4th academic years of Spanish obligatory secondary education (3º 
ESO and 4º ESO, ages 14–16 years) in four different secondary schools. G2 was a small 
group of 18 participants enrolled in the same academic year (3º ESO, 14–15 years old) and 
the same school. G3 was a small group of 20 participants enrolled in the same academic 
year (4º ESO, 15–16 years old) coming from the same school.

Instrument

On the basis of the concept of collective intelligence propounded by Woolley et al. (2010), 
through whose results they found that there was a higher group performance in terms of 
the quality of the group’s responses when collective intelligence appeared, researchers 
at Zaragoza University and members of the Zaragoza University Institute of Research in 
Biocomputation and the Physics of Complex Systems (BIFI) teamed up with the Kam-
pal Data Solutions firm to elaborate the Collective Learning online tool, featured in this 
study and many others. Collective Learning is designed to yield high-quality solutions to 
a wide range of problems by applying collective intelligence following a model of succes-
sive digital interactions among participants (Orejudo et al., 2022) while attempting to avoid 
the usual limitations that tend to arise in such contexts (Toyokawa et al., 2019). Partici-
pants work on the platform by solving a practical case study. The case and accompanying 
questions are based on case methodology (Orejudo et al., 2008), which is completely dif-
ferent from participating in surveys to obtain data, thus basing the intervention on action 
research (McNiff, 2013). Starting with an individual response phase (phase 1) followed by 
six phases (phases 2–7) of interaction among users, Collective Learning applies a series of 
methods over the course of a 35-min session where participants will face the same case and 
the same questions during all phases. Firstly, the seven phases of participation in the tools 
are detailed, along with the actions planned for each phase:

–	 Phase 1: In this first phase (10 min), participants will read the case they are dealing 
with in this session (in this case, a case related to hate speech) and respond individually 
to the questions they are working on. During this phase, they cannot see what the other 
participants are doing.
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–	 Phase 2: In the second phase (4 min), participants observe the responses of four “neigh-
bors,” (Fig. 1) who correspond to four other participants within the digital position net-
work above (Fig. 2), below, to the left, and to the right. Each participant can copy their 
neighbors response, copy and modify it, modify their own response without copying, or 
keep their response unchanged.

–	 Phase 3: In the third phase (5 min), participants can perform the same actions as in 
phase 2 and will continue to see only 4 neighbors. However, the AI that moderates the 
platform will begin to swap between users so that ideas spread throughout the position 
network (Fig. 2).

–	 Phase 4: In the fourth phase (5 min), participants can perform the same actions as in 
phase 2 and 3, as well as seeing only four neighbors and swapping between them within 
the position network (Fig. 2). However, on this occasion, in addition to swapping them, 
the AI will begin to force participants with a low level of involvement in the tool to 
copy other users’ responses to motivate them and reinforce their levels of participation.

–	 Phase 5: In the fifth phase (5 min), participants continue to perform the same actions 
as in phases 2, 3, and 4, seeing only four neighbors, as well as swapping between them 
within the position network (Fig. 2) and forcing copies for participation. However, on 
this occasion, in addition to swapping them and forcing copying, the AI will begin to 
eliminate responses that are not being valued by the participants, leaving only those in 
which consensus is being reached.

Fig. 1   Example screenshot showing how participants view the platform during collaborative work phases. 
Adapted from “Evolutionary emergence of collective intelligence in large groups of students” (p. 6), by 
Orejudo et al. (2022), Frontiers in Psychology, 13:848048
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–	 Phase 6: In the sixth phase (3 min), the platform’s dynamics change completely, elimi-
nating the permutation between users of the position network (Fig. 2) and moving on 
to displaying a top ten list of answers for each question. Participants can copy answers 
from this top ten list or keep their own. However, the AI maintains the dynamics of 
forced copying and deletion of answers to continue converging toward a final consen-
sus.

–	 Phase 7: In the seventh phase (3 min), participants observe the top ten resulting from 
the actions taken in the previous phase. In this final phase, all platform processes are 
cancelled so that it becomes a final consensus phase in which participants can only 
copy answers from the top ten to form the final top ten.

Before providing a theoretical justification for the platform’s design, it is necessary to 
explain how AI moderates user participation and the platform itself. The AI that moderates 
the platform has been specifically programmed for Collective Learning and does not oper-
ate with any external services. With regard to the permutation of users within the network, 
this is random; however, the AI is programmed so that throughout phases 3, 4, and 5, all 
users have permuted at least once to see a greater number of possible responses. Likewise, 
the AI calculates the popularity or prestige factor of each answer, which the participant 
can see below their answer. This factor is calculated on the basis of the number of cop-
ies of each answer, ranking them internally by popularity throughout the phases until they 
are displayed in phases 6 and 7. This same system is used to eliminate the answers with 
the lowest prestige or popularity in phases 5 and 6. Likewise, each participant can see the 
popularity level of their answer, which is provided by the AI.

Finally, the dynamics of forced response copying are moderated by the AI, taking into 
account the interaction times of participants within the platform. The AI continuously 
observes the actions of participants and, if any of them have been inactive for several 
phases and their responses lack prestige or popularity (i.e., they have not copied or modi-
fied their initial responses), it will begin to give them new random responses from among 
those available on the platform, eliminating their previous responses. The AI has been pro-
grammed in this way because an efficient moderator is essential for collective intelligence 
to emerge among large groups of people (Bigham et al., 2018). The actions and calcula-
tions it performs in real time to ensure that information is disseminated efficiently across 

Fig. 2   Evolution of the position network during the seven phases
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the network, as well as eliminating poor-quality responses and avoiding noise, are actions 
that a person could not perform with the same efficiency in such a short time frame.

The design of the platform and the AI that moderates it internally has taken into account 
the multiple risk factors that can prevent collective intelligence from emerging in large 
online groups of people (Toyokawa et al., 2019). The first of these problems is informa-
tion overload; therefore, in phases 2, 3, 4, and 5, each participant is only allowed to see 
responses proposed by four “neighbors.” This allows information to travel across the net-
work without ever overloading participants’ capacity to process it (Orejudo et al., 2022). 
An anonymized random neighbor model also prevents the emergence of a turn-taking 
monopoly (Mann & Helbing, 2017).

Another key issue is what is known as the response prestige effect or popularity. In our 
model, artificial intelligence operates in the background as a moderator or a facilitator: in 
phases 2, 3, 4, and 5, it takes the response prestige effect as a factor into account (Bigham 
et al., 2018), leading to a top ten list of the most frequent answers. In phases 6 and 7, the 
top ten list is spread across the network. The popularity effect, or prestige effect, allows a 
community of users to work toward a consensus by reducing and selecting information. 
The AI applies the prestige effect as a facilitating factor but taking into account that the 
system can gradually drift toward responses of lower quality, lower diversity, or backed by 
less competent leaders (Bernstein et al., 2018). In our model, the popularity/prestige factor 
gains weight according to how often a certain response appears somewhere on the network: 
The response can result from one person’s musings or it can stem from a joint effort.

Apart from encouraging consensus, the AI popularity system modulates heterogeneity 
by gradually eliminating responses from phase 6 on. Previous studies using the Collective 
Learning tool found that the popularity or prestige of an answer is a significantly related 
factor (Orejudo et al., 2022) which promotes higher quality responses, measured after the 
session through the reference literature on which the case and questions were based, owing 
to the emergence of collective intelligence (Bautista et  al., 2022,  2024; Woolley et  al., 
2010). Therefore, the control of response heterogeneity through elimination is essential, 
as it ensures that the AI can assume the indispensable moderator role within the collective 
(Bigham et al., 2018).

Case design

For this study, we developed a fictional case featuring “María,” a 16-year-old girl entrapped 
in a hate speech situation on social networks. María follows a male influencer (1), who, 
during a live stream on Twitter, starts verbally attacking another female content creator 
(2) because the latter had criticized one of his favorite videogames. After having initially 
focused exclusively on opinions about video games, 1’s attacks soon escalate into com-
ments about 2’s sexual orientation. Encouraged by 1’s behavior, his community of fol-
lowers starts trolling and attacking 2 on different platforms. Content creator 2 is eventu-
ally obliged to close all her accounts. This leaves María with feelings of guilt, along with 
doubts regarding how she should have acted.

This case reflects several dynamics described in literature on online hate speech, which 
are particularly prevalent among adolescents. First, the adolescent girl’s situation high-
lights how young people can become involved in discriminatory behaviors because of the 
influence of public figures or opinion leaders, as noted by Wachs et al. (2022). Identifica-
tion with an influencer and the desire to belong to a community can lead minors to engage 
in behaviors they would not otherwise consider acceptable. María’s case also illustrates 
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how hate speech can quickly get out of hand when it emerges in online environments. 
Influencer 1 started simply by defending a videogame, but his tirade soon morphed into a 
series of personal attacks. Such tendencies are documented in studies, including Castella-
nos et al. (2023a), who explored how group dynamics have the potential to amplify hateful 
statements. Although group interaction among a large number of individuals can be used 
as a powerful tool to encourage empathy and a prosocial attitude, it can have an adverse 
effect if not properly managed, given how intense and pervasive peer pressure can be dur-
ing the period of adolescence (Orejudo et al., 2022). Influencer 2’s situation underscores 
the devastating consequences hate speech can have on people’s lives: It can affect their 
psychological well-being and lead them to hide from public view, as documented in previ-
ous studies (Wachs et al., 2022c). This case exemplifies the need for implementing early 
intervention strategies designed to prevent escalation, thereby preventing victims and even 
potential perpetrators from involving themselves in pernicious group dynamics. Apart from 
underscoring the need to confront hate speech online, María’s case shows the importance 
of educating adolescents about the consequences of their actions in online environments 
while fomenting a culture of respect and empathy among users in online interactions.

Question design

Our questions were designed to assess our adolescent respondents’ attitudes, perceptions, 
and possible actions when confronted with an online hate speech situation. To obtain data 
that could be analyzed statistically, our questions were quantitative. This would allow us to 
identify patterns and tendencies in the responses and compare groups of varied sizes. Our 
questions are listed below, along with a justification for each one:

Question 1: “Was María doing the right thing when she started by defending her idol 
(1)?”

This question sought to assess participants’ initial perception of the degree of justifica-
tion of María’s actions, focusing on the perceived legitimacy of her choice to defend an 
influencer she admired. The question explored the notion of loyalty to public figures, a 
relevant factor in adolescent participation in hate speech (Wachs et  al., 2022a). Loyalty 
toward a leader or influential figure can motivate individuals to participate in bullying or, 
conversely, to support someone online. Response options were gradual (1–4), allowing us 
to grasp nuances in our respondents’ perception of the degree of legitimacy of María’s 
actions. Responses gradually progressed from a total defense of María’s actions (“Yes, she 
did well to defend him; she didn’t know what would happen afterward”) to total criticism 
of those actions (“No; no matter how much she trusts him, one should never support that 
type of criticism”). The gradual progression within the four potential responses was coher-
ent with the theory of moral development and the justification of behavior in function of a 
subject’s perception of social and personal norms (Kohlberg, 1989).

Question 2: “Who do you think is harmed by cases like this?”

Our second question aimed to assess our respondents’ perception of hate speech vic-
tims. According to Castellanos et al. (2023a), hate speech has direct and indirect effects on 
the individuals involved in it and the community in general. The question explored whether 
our respondents realized that such behaviors have a more widespread impact on the online 
social ecosystem. Response options on a scale of 1–4 allowed them to evaluate the impact 
as they perceived it, ranging from a limited vision (the person who is the object of criticism 
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is the only one harmed) to a more extended view (all involved online users are harmed). 
It was important to have a gradual range of responses at our disposal to perceive different 
individual levels of awareness of the harm caused by hate speech. This, in turn, is in line 
with the theory of empathic concern and recognition of systemic harm (Castellanos et al., 
2023a).

Question 3: “Who do you think benefits from the dissemination of an act of hate 
speech?”

Question 3 explored our respondents’ opinions regarding the benefits (if any) that might 
derive from an instance of hate speech. This question was essential to help us understand 
whether our respondents found that such behaviors can be perceived as beneficial for cer-
tain parties involved, which would explain why such acts are perpetrated (Navajas et al., 
2018). Ranging on a scale from 1 to 4, our response options varied from finding that hate 
speech benefits specific people (the influencer and/or his followers) to finding that it ben-
efits no one. As it will be shown in the next section, that gradation of responses was coher-
ent with the literature that discusses how hate speech can be erroneously perceived as a 
means to obtain recognition or popularity in certain social contexts (Obermaier, 2024).

Question 4: “What would you have done in María’s place?”

The fourth question is key, as it incites respondents to reflect on their potential actions in 
a comparable situation. Such reflection is essential in developing the ability to make ethical 
decisions and grasp how various levels of personal intervention can influence the dynam-
ics of hate speech (Bustamante & Chaux, 2014). In this case, we foresaw a wider range of 
responses: Here, they were on a scale of 1–6, allowing for a greater degree of differentia-
tion in our respondents’ possible attitudes and behaviors. The answers we proposed ranged 
from a total defense of influencer 1 (answer 1: “I would have defended 1 to the very end; 
ultimately, if I like an influencer, it’s not my fault if things go bad”) to a total condemnation 
of his behavior (answer 6: “I would have reported 1’s social media account for spreading 
hate speech”). That range of responses allowed us to obtain an overview of a broad range 
of responses, reflecting our participants’ level of ethical commitment and their readiness to 
act against hate speech. Such readiness is fundamental in educating adolescents to become 
digital citizens and prevent online hate speech (Livingstone & Stoilova, 2021).

Theoretical framework for scoring participant responses

The scoring system used in this study was constructed to reflect progressive levels of moral 
reasoning, perspective-taking, and prosocial engagement, aligned with established theo-
retical models in developmental psychology and digital ethics education. Rather than treat-
ing responses as purely ordinal or subjective, our rating criteria aimed to capture quali-
tative shifts in how adolescents conceptualize harm, responsibility, and ethical action in 
online social contexts. Specifically, the response levels were grounded in the following 
frameworks:

(Q1) Moral responsibility: On the basis of Kohlberg’s Theory of Moral Development 
(1989), this model distinguishes between preconventional, conventional, and postcon-
ventional levels of moral reasoning. Responses rated at the lower end of the scale (1–2) 
reflect moral judgments based on authority, obedience, or self-interest, whereas higher 
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scores (3–4 or 5–6 in Q4) indicate a capacity to reason on the basis of social contracts, 
universal principles, and autonomous ethical judgment.
(Q2) Empathy and moral engagement: The scoring scheme incorporated dimensions of 
empathic concern and recognition of systemic harm, inspired by the work of Wachs 
et al. (2023c), particularly for responses reflecting egocentric or emergent perspective-
taking. For higher levels of moral reasoning—such as the awareness of indirect harm, 
systemic effects, and collective vulnerability—the framework draws on social-eco-
logical models of online risk and responsibility (Markogiannaki et  al., 2021), as well 
as recent contributions on digital citizenship and ethical engagement in adolescent 
responses to hate speech (Castellanos et al., 2023a). These models support a more com-
plex understanding of how adolescents may come to recognize and oppose online hate 
as a threat to the broader social fabric.
(Q3) Digital citizenship and ethical agency: The upper levels of the scale reflect dimen-
sions of digital citizenship understood as moral awareness, civic responsibility, and 
engagement with the social consequences of online behavior (Castellanos et al., 2023a; 
Obermaier, 2024). In particular, Wachs et al. (2023c) emphasize the role of empathic 
concern and the recognition of indirect or systemic harm as key components in adoles-
cents’ ethical reasoning. Responses rated in this range demonstrate not only a rejection 
of hate speech as strategically motivated or instrumentally justified but also an under-
standing of its broader social consequences. Participants who viewed hate speech as det-
rimental to all, or who expressed a readiness to intervene or report harmful behavior, 
showed alignment with these ethical frameworks and an emerging sense of communal 
accountability in digital spaces.
(Q4) Prosocial action readiness: The scoring scale for question 4 reflects a continuum 
of ethical engagement, ranging from passive complicity to formal institutional action. 
Lower scores capture group conformity, moral disengagement, and bystander inaction—
behaviors typically associated with early stages of moral development and diffusion of 
responsibility (Kohlberg, 1989; Wachs et al., 2024). Intermediate scores indicate a tran-
sition toward emerging moral concern and interpersonal assertiveness, such as anony-
mously expressing discomfort or choosing to withdraw support, signaling a growing 
awareness of harm and individual agency (Wachs et al., 2024; Castellanos et al., 2023a). 
Higher scores represent active prosocial agency, including overt support for the victim 
or public opposition to hate speech, which aligns with moral courage and civic engage-
ment in digital contexts (Obermaier, 2024). At the highest level, formal reporting of 
harmful content reflects institutional moral engagement and a commitment to platform-
based accountability—an indicator of advanced digital citizenship (Obermaier, 2024).

These frameworks were not used in isolation for each question. Instead, they were 
synthesized to ensure coherence across the coding of all four items. For instance, while 
Kohlberg’s stages primarily guided the progression of ethical reasoning, models of empa-
thy and digital literacy informed the content-specific application of those stages to the 
context of online hate speech. To ensure transparency and reproducibility, the full cod-
ing scheme, including descriptions and theoretical justification for each score level per 
question, is provided in Appendix I. The scheme was reviewed by the research team, and 
responses were coded through a consensus process to reduce subjectivity and ensure align-
ment with the theoretical model.



Learning to deal with hate speech: An online collective…

Scale synthesis and score alignment

All scoring rubrics were derived from a single construct map that integrates moral rea-
soning (Kohlberg, 1989), perspective-taking/empathic concern (Wachs et  al., 2024), and 
social-ecological/digital-civic awareness (Markogiannaki et  al., 2021; Castellanos et  al., 
2023). Each item instantiates the same four ascending levels (L1–L4) in its content domain; 
Q4 adds two levels to differentiate interpersonal (L5) from institutional (L6) action, con-
sistent with accounts of moral courage and responsible digital citizenship (Obermaier, 
2024). Scores are therefore level-comparable across items (positions on the same latent 
continuum), though content differs; analyses report within-item means across phases, 
and cross-item interpretations are made at the level of complexity (not by equating con-
tent). Coding followed a double-review and consensus protocol aligned with the Appendix 
anchors, including higher-order institutional engagement (Garandeau et al., 2022).

Coding procedures and blinding

Two trained coders independently applied the unified, level-ordered rubrics to all open 
responses under blind conditions (no personal identifiers, no phase/condition labels, and 
undisclosed study hypotheses). A total of 1400 responses out of the 4508 submitted by 
participants were provided to each of the trained coders. For the total number of responses 
to be coded, the responses were first grouped by phase for the three groups. Then, 50 
responses were randomly selected from each of the seven phases for each of the four 
questions, resulting in a total of 1400 responses to be coded. Prior to reaching consensus, 
Cohen’s kappa was calculated for the 1400 responses categorized by both coders. The value 
obtained was k = 0.841, indicating almost perfect agreement. Disagreements were resolved 
by consensus (senior adjudication if needed), refining anchor wording without altering the 
level structure. As a procedural indicator, the preconsensus number of responses flagged 
as ambiguous or discrepant (i.e., requiring resolution) was 223, subsequently resolved via 
the predefined consensus protocol. These procedures align with the unified construct map 
integrating moral reasoning, perspective-taking/empathic concern, and social-ecological/
digital-civic orientation (Kohlberg, 1989; Wachs et al., 2024; Markogiannaki et al., 2021; 
Castellanos et al., 2023; Obermaier, 2024). Full details are provided in Appendix I.

Procedure

We started by applying to the Research Ethics Committee of the Autonomous Community 
of Aragon (CEICA) to certify that all the ethical criteria for research with human beings 
and appropriate data treatment were met. After the committee’s approval, we contacted the 
administrative teams of three randomly selected secondary-level schools in the Autonomous 
Region of Aragon. Although the intervention was not part of the participating schools’ cur-
riculum, working to prevent hate speech on social media is part of the education that Spanish 
students should receive. Once those schools had accepted and coordination had been initiated 
with them, we sent a brief explanatory guide for the students, along with an informed con-
sent form, indicating the objectives, date, and time the project session would be conducted 
in their school. Once the informed consent forms had been collected, the research team con-
ducted online training for the teachers who would be supervising the session at all partici-
pating schools. Subsequently, prior to the session, the teachers trained by the research team 
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taught the students about the platform and how it works, but not the case or the questions they 
would be working on, to prevent the students from thinking about the answers before the ses-
sion took place. After that, we performed the collective intelligence experiment at the date 
and time we had agreed upon with each school: It was important for all students to be con-
nected to the Collective Learning platform as simultaneously as possible. This procedure was 
repeated in the same manner at separate times for each of the three groups: G1, G2, and G3.

Data analysis

We started by conducting a descriptive analysis of the mean score on each question in each 
interaction phase. Although the number of answers per phase and per question was greater 
than n = 164, we only considered the score of the last response emitted in each phase for 
our calculation of mean scores and their evolution from one phase to the next. Before ana-
lyzing the evolution of responses over time, we conducted omnibus tests to assess whether 
the changes we observed were due to the groups or the phases. To analyze the evolution of 
answers in function of scores, we compared the mean values in all seven phases with one 
another, using the mixed model of repeated measures, with the repeated measures factor as 
the fixed effect and the “participants” factor as random effects. The coding we chose for the 
fixed factor was the polynomial option, which permitted us to evaluate all possible modi-
fication tendencies between phases. For post hoc comparison, we used the Holm method, 
which foresees a correction of the number of conducted comparisons in function of the num-
ber of phases, thereby helping to avoid type 1 errors. The Holm method allows researchers to 
ascertain what percentage of variance is explained by fixed factors (marginal R2) and what 
percentage of variance is explained by fixed and random factors (conditional R2). For these 
analyses, we used Jamovi software, version 2.4.

Results

We started by conducting a descriptive analysis of the means of obtained answer scores to 
each question throughout the seven phases of group interaction in all three groups (Table 1, 
Fig. 3). In group G1, the large group, the mean answer score continually rose during the 
session. Score increase was particularly notable from phase 4 onward on questions 1 and 2, 
and in question 4 in phase 5. The same growth did not take place in the scores for question 
3, which rose only slightly from phases 3 to 6 and stagnated in phase 7.

Results were quite different in the small groups G2 and G3. On questions 1 and 4, nei-
ther of the two groups managed to improve their mean answer score. Group G2 displayed 
a negative tendency on questions 2 and 3 between the first and the last phase; group G3 
yielded a positive progression on the mean answer scores to question 2 from phase 4 on, 
but not on question 3, in response to which the mean answer scores remained constant 
throughout the session.

To determine whether the observed variance was explained by the group, the series of 
phases, or the total, we conducted fixed-value omnibus tests for each question (Table 2). 
For question 1, we found significant effects stemming from the independent variables 
“group” (p < 0.001) and “phase” (p < 0.001), as well as from the two taken together (p < 
0.001). Similarly, for question 2, we observed significant effects stemming from the inde-
pendent variables “group” (p = 0.011) and “phase” (p = 0.003), as well as from the two 
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taken together (p < 0.001). The only significant effect on question 3 could be ascribed to 
the independent variable “group” (p = 0.002). Finally, for question 4, the omnibus effect 
showed that the evolution on that question mainly depended on the independent variable 
“group” (p < 0.001) and on the two independent variables “group” and “phase” taken 
together (p = 0.017). However, “phase,” taken alone, did not substantially impact the evo-
lution of mean answer scores over time (p = 0.547).

After assessing the omnibus effects according to group and phase for each question (as 
described in the previous paragraph), we used a mixed model analysis to make parameter 
estimations of fixed effects per question, group, and phase (Table 3). This allowed us to 
confirm the significance of the effects observed in the previous omnibus test.

For question 1, we observed a significant effect in group G1 from phase 5 onward (phase 
4–5; p < 0.001), whereas such an effect was not significant in the smaller groups G2 and 
G3. This indicates that the omnibus effect we observed on that question was mainly due to 
the performance obtained by the large group (G1) on the task.

Similarly, for question 2, the large group (G1) showed a significant effect from phase 6 on 
(phases 5–6; p < 0.001). This resembled group G3, which obtained a significant effect in phase 
7 (phases 6–7; p = 0.015). However, the other small group, G2, also obtained a significant result 
in phase 6 (phases 5–6; p = 0.024), that was due to a decrease in user scores on that question, 

Table 1   Mean scores per group, question, and phase

Question Phase 1 Phase 2 Phase 3 Phase 4 Phase 5 Phase 6 Phase 7

Q1 (G1), n = 123 Mean 2.77 2.84 2.85 2.89 3.07 3.46 3.77
Deviation 1.122 1.126 1.136 1.103 1.018 0.862 0.598

Q1 (G2), n = 18 Mean 2.00 2.00 2.00 2.06 2.06 2.17 2.11
Deviation 0.767 0.767 0.594 0.416 0.416 0.383 0.323

Q1 (G3), n = 20 Mean 3.00 3.00 2.95 2.95 2.95 3.05 3.10
Deviation 0.858 0.858 0.826 0.826 0.826 0.826 0.852

Q2 (G1), n = 123 Mean 2.76 2.77 2.78 2.77 2.98 3.29 3.75
Deviation 1.174 1.179 1.191 1.179 1.173 1.122 0.795

Q2 (G2), n = 18 Mean 3.11 3.11 3.06 2.89 2.83 2.61 2.67
Deviation 0.963 0.963 1.056 1.132 1.098 1.037 0.970

Q2 (G3), n = 20 Mean 3.35 3.35 3.40 3.40 3.80 3.85 4.00
Deviation 1.089 1.089 1.045 1.046 0.696 0.671 0.000

Q3 (G1), n = 123 Mean 1.98 1.95 1.99 2.10 2.15 2.19 2.19
Deviation 1.267 1.267 1.290 1.315 1.318 1.314 1.313

Q3 (G2), n = 18 Mean 3.00 3.06 3.17 3.22 3.28 3.06 2.94
Deviation 1.138 1.110 1.043 1.003 0.826 0.725 0.725

Q3 (G3), n = 20 Mean 1.90 1.90 1.90 1.90 1.90 1.90 1.90
Deviation 1.294 1.294 1.294 1.294 1.294 1.294 1.294

Q4 (G1), n = 123 Mean 3.81 3.83 3.82 3.89 3.87 4.07 4.64
Deviation 1.601 1.608 1.708 1.698 1.664 1.675 1.558

Q4 (G2), n = 18 Mean 2.67 2.67 2.56 2.67 2.78 2.56 2.50
Deviation 1.455 1.455 1.247 1.414 1.396 1.042 1.043

Q4 (G3), n = 20 Mean 3.95 3.80 4.05 4.05 4.05 4.00 4.00
Deviation 1.191 1.361 1.099 1.099 1.099 1.124 1.124
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as opposed to the two other groups. Thus, as for question 1, the omnibus effect in question 2 can 
be ascribed to the positive evolution in performance achieved by the large group (G1).

For question 3, we observed a significant effect in the large group (G1) from phase 6 on 
(phases 5–6; p = 0.031) but not in the two smaller groups. Mean answer scores remained 
constant in group G3. Thus, the significant omnibus effect we observed for question 3 was 
only due to the progress achieved by the large group (G1).

For question 4, the large group (G1) obtained a significant effect in phase 7 (phases 6–7; 
p < 0.001), whereas the two small groups (G2 and G3) did not obtain significant effects. 
This once more indicates that the omnibus effect we observed on that question was mainly 
due to group G1’s performance on the task.

Therefore, the fixed effects we found in the omnibus tests and our mixed model analysis 
of each one of the questions show that a large proportion of the progression observed on all 
four questions in all sessions and groups can be ascribed to the performance achieved by 
the large group (G1) as opposed to the two smaller groups (G2 and G3). We additionally 
incorporated random component effects for all four questions and observed that the vari-
ance of random effects was different than zero. This indicates that the “user” factor played 
a significant role in the model. This was confirmed by the likelihood-ratio test (LRT) of 
random effects, which indicated that incorporating the “user” effect improved the model’s 
fit. As presnted in Table 4, the result was statistically significant in all cases.

Fig. 3   Evolution of means per group, question, and phase
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Discussion

These results allowed us to fulfill the two goals we set out at the end of this paper’s intro-
ductory section. Goal no. 1 consisted in attempting to ascertain whether a large-size group 
performs better on the task than several smaller groups, thanks to collective intelligence. 
Comparing the gradual progress of mean answer scores achieved by a large group (G1, 
123 participants) with those achieved by two smaller groups (G2, 18 students; and G3, 21 

Table 2   Fixed effect omnibus 
test per question

Num numerator, den denominator, df degrees of freedom

Question 1 F Num df Den df P-value
Group 14.67 2 158 < 0.001
Phase 5.36 6 948 < 0.001
Group * phase 4.13 12 948 < 0.001
Question 2 F Num df Den df P-value
Group 4.61 2 158 0.011
Phase 3.35 6 948 0.003
Group * phase 4.53 12 948 < 0.001
Question 3 F Num df Den df P-value
Group 6.646 2 158 0.002
Phase 0.863 6 948 0.521
Group * phase 0.941 12 948 0.505
Question 4 F Num df Den df P-value
Group 8.520 2 158 < 0.001
Phase 0.830 6 948 0.547
Group * phase 2.056 12 948 0.017

Table 3   Fixed effect parameter estimates per question, group, and phase

Question 1 Phases 1–2 Phases 2–3 Phases 3–4 Phases 4–5 Phases 5–6 Phases 6–7
G1, n = 123 0.260 0.283 0.167 < 0.001 <.001 < 0.001
G2, n = 18 1.000 1.000 0.772 0.772 0.421 0.579
G3, n = 20 1.000 0.330 0.330 0.330 0.666 0.330
Question 2 Phases 1–2 Phases 2–3 Phases 3–4 Phases 4–5 Phases 5–6 Phases 6–7
G1, n = 123 0.912 0.863 0.937 0.081 <.001 < 0.001
G2, n = 18 1.000 0.805 0.430 0.172 0.024 0.149
G3, n = 20 1.000 0.330 0.330 0.070 0.056 0.015
Question 3 Phases 1–2 Phases 2–3 Phases 3–4 Phases 4–5 Phases 5–6 Phases 6–7
G1, n = 123 0.495 0.893 0.187 0.060 0.031 0.036
G2, n = 18 0.331 0.454 0.260 0.236 0.834 0.848
G3, n = 20 1.000 1.000 1.000 1.000 1.000 1.000
Question 4 Phases 1–2 Phases 2–3 Phases 3–4 Phases 4–5 Phases 5–6 Phases 6–7
G1, n = 123 0.809 0.939 0.528 0.654 0.084 < 0.001
G2, n = 18 0.726 0.726 1.000 0.777 0.717 0.579
G3, n = 20 0.330 0.330 0.330 0.428 0.666 0.666
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students), we were able to confirm that the large group significantly improved its perfor-
mance on all questions as the session phases progressed; conversely, G2 did not achieve 
significant improvement, and G3 only improved on question 2.

According to literature on collective intelligence, heterogeneous interactions among 
members of a group, encouraged by an online platform such as ours, which facilitates 
the spread of information within the group (Bernstein et  al., 2018; Bigham et  al., 2018; 
Toyokawa et al., 2019), should lead to responses in the final phases of collective endeavor 
that are of better quality than the responses those same individuals would have provided 
without group interaction (Bautista et  al., 2022,  2024; Orejudo et  al., 2022). This was 
already the case in the first studies on collective intelligence (Woolley et al., 2010; Woolley 
and Aggarwal, 2020). In our study, however, the premise was fulfilled in the large group 

Table 4   Random components per question

AIC Akaike Information Criterion, No. of par number of parameters, SD standard deviation, ICC intraclass 
correlation coefficient

Question 1
Random components Variance 95% CI
Groups Name SD Variance Lower Upper ICC
User (161) (Intercept) 0.723 0.523 0.405 0.658 0.576
Residual 0.621 0.385 0.346 0.414
Random effect LRT
Test No. of par AIC LRT df P-value
User (161) 22.00 3151 577 1.00 < 0.001
Question 2
Random components Variance 95% CI
Groups Name SD Variance Lower Upper ICC
User (161) (Intercept) 0.779 0.607 0.467 0.768 0.512
Residual 0.760 0.578 0.520 0.621
Random effect LRT
Test No. of par AIC LRT df P-value
User (161) 22.0 3445 458 1.00 < 0.001
Question 3
Random components Variance 95% CI
Groups Name SD Variance Lower Upper ICC
User (161) (Intercept) 1.153 1.329 1.049 1.646 0.831
Residual 0.52 0.270 0.243 0.291
Random effect LRT
Test No. of par AIC LRT df P-value
User (161) 22.0 3777 1402 1.00 < 0.001
Question 4
Random components Variance 95% CI
Groups Name SD Variance Lower Upper ICC
User (161) (Intercept) 1.277 1.631 1.274 2.036 0.669
Residual 0.897 0.805 0.724 0.865
Random effect LRT
Test No. of par AIC LRT df P-value
User (161) 22.0 4242 795 1.00 < 0.001
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(G1) but not in the small groups (G2 and G3). Collective intelligence could not emerge in 
the small groups owing to their reduced size.

Thus, to explain our results, we should consider the difference between top-down and 
bottom-up group processes. Both types of process are essential for the emergence of col-
lective intelligence, as explained by Woolley and Aggarwal (2020). In terms of top-down 
criteria in our online project (interaction processes inside the group), there were no dif-
ferences among groups in the aspects of turn-taking (Bernstein et  al., 2018), task dura-
tion, and the time required for the group to reach a consensus (Dai et al., 2020; De Vin-
cenzo et  al., 2017), given that our three groups all operated under the same conditions. 
Thus, group heterogeneity and diversity of responses are two potential variables capable of 
explaining the significant differences we observed in terms of group performance.

Group heterogeneity is closely related to the bottom-up level, which includes a wide 
variety of personal variables, including gender (Curşeu et al., 2015), emotional intelligence 
(Hjertø & Paulsen, 2016), individual intelligence (Bates y Gupta, 2017), cognitive diver-
sity (Aggarwal et  al., 2019), and social awareness (Woolley & Aggarwal, 2020). In our 
study, the large group (G1) was more heterogeneous owing to its sheer size and because its 
members stemmed from four different schools, as opposed to the two smaller groups (G2 
and G3), which came from one school each: This is the first indicator that helps explain 
why collective intelligence did emerge in G1 but not in G2 nor G3. Those differences could 
also partially explain differences in terms of performance and how the task was carried out 
by the large group as opposed to the two smaller ones (Sulik et al., 2022).

Diversity of responses is a variable more closely related to the top-down level. In the 
two smaller groups, it was affected for two reasons. The first reason was their smaller size, 
given that the larger group generated a greater number of different answers. The second 
reason—perhaps the more relevant one—had to do with the moderation factor (Bigham 
et  al., 2018). Although the Collective Learning platform’s AI managed to move infor-
mation around the group efficiently (Bautista et al., 2024), it did not intervene in the two 
smaller groups. They carried out the project within the same classroom, where all partici-
pants knew one another. Thus, in groups G2 and G3, anonymity was not ensured, and lead-
ership on the part of certain classmates continued to hold sway, therefore leading to a com-
paratively reduced diversity of responses. Thus, the differences we observed between G1, 
on the one hand, and G2/G3, on the other hand, were not due to the platform in itself or the 
type of task but rather to the fact that collective intelligence was able to emerge in the large 
group (G1) as all conditions were met (Bautista et al., 2024; Woolley & Aggarwal, 2020); 
this did not occur in the two smaller groups (G2 and G3). Thus, we were able to fulfill our 
specific goal on the subject of the emergence of collective intelligence.

Goal no. 2 was to ascertain whether the students had undergone a learning experience, 
i.e., whether they had acquired competencies to deal with online hate speech. Our results 
show that this was probably the case. As explained in our initial theoretical framework 
section, online hate speech represents a serious challenge to the emotional and social well-
being of children and adolescents, as hate speech is quite pervasive and tends to infiltrate 
many types of social media. Hate speech eventually leads to anxiety, depression, and a 
decrease in the individual’s sense of social belonging (Wachs et  al., 2022c). The results 
obtained in the present study show that a collective endeavor involving reflexivity and 
critical thinking in an online environment similar to the one children and adolescents are 
accustomed to (i.e., a collective intelligence platform) tends to improve the quality of the 
answers provided by the group while its members work through the successive phases of 
the task on the platform.
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Moreover, collective endeavor on a collective intelligence platform such as this one 
fulfills the precepts we enumerated in our theoretical framework: The experiment was 
based on group interaction (Wachs et al., 2022a), and the group reflected on matters that 
transcended the group’s internal concerns, affecting the individual, the group, and their 
social representation (Castellanos et  al., 2023a). At the same time, the platform encour-
aged online interactions (Schumann & Moore, 2022) within a structured framework that 
offered possibilities for self-correction (Barrientos Rastrojo, 2022), thereby encouraging 
critical thinking (Bustamante & Chaux, 2014; Castellanos et al., 2023b). The experience 
also encouraged the group’s members to develop empathy and a prosocial attitude (Ober-
maier, 2022; Wachs et al., 2023b). Lastly, the process (the experiment’s phases) could be 
considered equally relevant compared with the final result (Barrientos Rastrojo, 2022).

A relevant finding is that this platform and the experiment we designed for it were par-
ticularly effective in teaching adolescents to cope with hate speech when the experiment 
was carried out within a large group (G1: n = 123 students). The large group displayed 
significant improvement on answer scores as the experiment’s phases progressed, particu-
larly in the key questions related to awareness of hate speech and learning how to deal 
with it. This result is in line with previous studies that highlighted the importance of group 
dynamics and social interaction for the reinforcement of empathy while reducing dis-
criminatory behavior (Castellanos et al., 2023a; Wachs et al., 2022a). The large group thus 
offered several conditions that the literature in this field considers relevant for the effective-
ness of cooperative efforts, as in the case of collective intelligence. One of those condi-
tions is internal heterogeneity coupled with diversity of responses, as the members of the 
large group came from different schools (Woolley et al., 2015); further conditions include 
a greater sense of protected anonymity, which, in turn, entails a greater freedom to express 
oneself (Woolley et al., 2015). Leadership was based on the validity of arguments and not 
on power structures stemming from interactions outside the platform. This, in turn, encour-
aged greater exchange in the group’s internal interactions (Flecha, 2014) while ensuring 
equal access to participation, as foreseen in the procedure we designed for the platform 
(Orejudo et al., 2022).

A similar, constant positive evolution was not apparent in the smaller groups (G2: 18 
students and G3: 21 students). In each case, participants belonged to the same school and 
already knew one another before the experiment began. Thus, a certain lack of anonym-
ity coupled with a more restricted interpersonal dynamic may have influenced results, as 
participants in small groups might have felt less comfortable when voicing their opinion on 
sensitive topics (Stahel & Baier, 2023). Along with such hindrances, the heterogeneity and 
diversity variables of the top-down responses observed in the two small groups may have 
limited the effectiveness of our intervention, thus suggesting that the group’s characteris-
tics and social structure exerted a significant influence on the outcomes of the collective 
intelligence process (Wachs et al., 2023a).

Limitations

Our study had certain limitations. Its results cannot be generalized beyond a certain point 
owing to the limited group size and the specific nature of the subject featured in our collec-
tive intelligence sessions. To broaden our understanding of the impact of collective intel-
ligence, future studies could explore its effectiveness in different contexts and with other 
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age groups. It would also be relevant to ascertain how such interventions can be adapted 
to render them more effective in small groups, for instance, by increasing the possibility 
for anonymity and perhaps by modifying the structure of group interaction (Schumann & 
Moore, 2022).

Moreover, our results suggest that collective intelligence experiments such as the one 
described here can foster situated ethical reflection among adolescents within a controlled 
digital environment. While we observed clear improvements in the quality of responses 
within the large group (G1) throughout the session phases, these results should be inter-
preted with caution. Given the absence of a pretest/post-test design external to the experi-
ment, we cannot claim that such improvements reflect long-term or transferable learning. 
Future research should explore whether this type of intervention has sustained effects on 
behavior or moral reasoning beyond the platform. Within the limits of our design, however, 
the results indicate that structured collective deliberation in large, heterogeneous groups 
can be an effective pedagogical strategy to promote prosocial reasoning in response to hate 
speech scenarios. Although further evidence is needed to assess its broader impact, this 
approach holds promise for use in educational settings concerned with digital ethics, toler-
ance, and civic engagement.

Conclusions

Our results suggest that experiments such as this one, which use collective intelligence 
to encourage student reflection, can be helpful in preventing and confronting online hate 
speech. At the same time, results suggest that interventions based on collective intelligence 
are more effective when applied in large groups. Indeed, large groups provide an environ-
ment where group dynamics can be implemented to encourage a culture of tolerance and 
mutual respect. Interventions such as this one seem particularly effective, not only because 
they promote awareness of the effects of hate speech but also because they encourage col-
lective action to counteract these behaviors (Orejudo et  al., 2022; Author XXXX). Our 
study’s methodology and thematic focus are particularly appropriate for educational envi-
ronments, where the prevention of hate speech should be given priority to guarantee a posi-
tive, secure school atmosphere (Castellanos et al., 2023b).

Although differences are notable according to group size, collective intelligence 
seems useful as a tool for promoting a culture of respect and empathy among adoles-
cents. If interventions such as the one described herein were implemented in schools, 
they could play a key role in preventing hate speech and creating more cohesive, 
tolerant school communities (Wachs et  al., 2023b). As the Collective Learning plat-
form encourages group collaboration transcending individual performance, it could 
be employed as a tool to prevent and confront problematic phenomena such as hate 
speech, bullying, and cyberbullying (Woolley et  al., 2010; Woolley & Aggarwal, 
2020). This has been tested in previous studies (Bautista et  al., 2022, 2024; Orejudo 
et al., 2022).

Beyond the composition of the group and individual differences, the results of our 
study were likely influenced by the material and technological configuration of the 
experimental environment. The narrative scenario in which María and the influencers 
participated was designed to reflect the everyday experiences of adolescents on the 
Internet, encouraging emotional engagement and moral reflection (Castellanos et  al., 
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2023a). The structure of the Collective Learning platform—in particular its sequen-
tial phases, restricted visibility, ranking system, and forced copying mechanism—
functioned as more than procedural support: It actively mediated cognitive and social 
dynamics, in line with previous research on digital scaffolding and collective reason-
ing (Obermaier, 2024). Furthermore, the AI-based moderator played a central role in 
selecting responses, managing participation, and promoting convergence, effectively 
shaping the conditions under which group reasoning emerged. These material elements 
did not merely host the interaction but co-constructed it. Therefore, we recognize that 
the observed results were not solely the result of participant’ contributions but also of 
the structured possibilities of the learning environment.

In future research featuring the Collective Learning tool for the application of col-
lective intelligence, it will be important to further explore the inner workings that lead 
to learning experiences such as the ones measured in our study. This could be achieved 
by adopting a psycho-sociological approach to explore the implications of the inter-
personal and intrapersonal variables in the interaction processes that emerge on this 
platform.

Appendix I. Coding scheme and theoretical justification for response 
scales

Meta‑framework and synthesis protocol

Meta‑framework that unifies all scoring scales

We organized all rubrics under a single construct map with four ascending levels of 
complexity. The construct integrates three dimensions that recur across the literature 
we draw on: (1) moral reasoning (Kohlberg (1989): preconventional/conventional → 
postconventional), (2) perspective-taking and empathic concern (Wachs et al., 2024), 
emergent → other-regarding → systemic, and (3) digital-civic orientation (Markogian-
naki et  al., 2021; Castellanos et  al., 2023a; Obermaier, 2024): from narrow/strategic 
views to recognition of community-level consequences and responsibilities.

These dimensions covary in typical developmental trajectories; thus, level 1 
responses tend to be self-centered or loyalty-centered and low in other-regard, while 
level 4 responses tend to articulate generalized principles, systemic awareness, and 
prosocial/communal responsibility. Each question then instantiates this same four-level 
ladder in a content-specific way (moral evaluation in Q1; scope of harm in Q2; benefi-
ciaries/strategic reasoning in Q3; and action readiness in Q4). Q4 extends the top of 
the ladder to differentiate interpersonal versus institutional action (levels 5–6) while 
remaining anchored to the same meta-framework.

How the synthesis was produced (coding protocol)

(1)	 Theory collation: We extracted level descriptors from Kohlberg (1989) (reasoning), 
Wachs et al. (2024) (empathy/perspective-taking), Markogiannaki et al. (2021) (social-
ecological awareness), and Castellanos et al. (2023) (digital-civic framing), plus prior 
work on civic courage/agency online (Obermaier (2024).
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(2)	 Construct map: We composed a four-level backbone (L1→L4) that captures jointly: 
locus of justification (self/loyalty → principle), scope of moral circle (individual → 
systemic), and civic stance (private indifference → communal responsibility).

(3)	 Item instantiation: For each question, we translated the backbone into content-specific 
anchors (e.g., for Q2, “who is harmed” scales from single victim → entire online ecosystem).

(4)	 Pilot calibration and adjudication: Two coders independently mapped candidate 
responses to levels using the anchors; disagreements were resolved by consensus, and 
descriptors were refined for clarity and parsimony.

(5)	 Final alignment: We verified that level language is homologous across items (e.g., 
“loyalty-based justification” in Q1 about “narrow, dyadic harm focus” in Q2 about 
“short-term, strategic benefit focus” in Q3 about “inaction/defense” in Q4 about "loy-
alty/self-interest justifies support").

Score comparability across questions

Scores represent positions on the same latent continuum of ethical-civic complexity, not 
interchangeable content. Thus, a 1 in Q1 and a 1 in Q2 are comparable in level (both 
are level 1 on the construct map: self/loyalty-centered, minimal other-regard, noncivic 
stance) even though they manifest in different content domains (moral evaluation verus 
scope of harm). We therefore compare within-item trajectories over phases and interpret 
cross-item alignment qualitatively (levels), not as literal equality of content. Q4 uses a 
1–6 scale to split level-4 action into interpersonal (L5) and institutional (L6) agency; 
when comparing levels across items, L1–L4 remain directly aligned, and L5–L6 are read 
as refinements above level 4.

Crosswalk of levels across items

Construct level: Q1: moral evaluation of María’s defense; Q2: scope of harm recognized; 
Q3: perceived beneficiaries of hate speech; Q4: action readiness

L1 (score = 1): loyalty/self-interest justifies support; little/no critique. Only direct target 
is harmed. Influencer/followers clearly “benefit” (strategic/cynical view). Defend the influ-
encer/active complicity

L2 (score = 2): mixed/qualified defense; emerging doubt. Victim and close circle 
harmed. Few benefits at others’ expense (nascent moral evaluation). Do nothing/bystander 
nonintervention

L3 (score = 3): defense is problematic; norm-based/order-based critique. Multiple 
actors in the network harmed. Short-term gains outweighed by long-term harm. Anony-
mous discomfort/withdraw support/ask to stop

L4 (score = 4): clear rejection on principle. Systemic harm to users/social fabric. Detri-
mental to all; civic/communal responsibility lens. Public support to victim/speak out (top 
of the 1–4 ladder)

L5 (score = 5): overt public defense of victim
L6 (score = 6): formal reporting/institutional action
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Coding system

The following coding system was used to evaluate participants’ responses to the four 
questions. Each response was assigned a score from 1 to 4 (or 1–6 in Q4) on the 
basis of progression in moral reasoning, perspective-taking, and prosocial disposition 
Table 5, 6, 7, and 8.

Methodological note

The coding was applied by trained members of the research team following this procedure:
Coders and independence: Two trained coders independently applied the unified 

construct-map rubrics (L1–L4; L5–L6 for Q4) to participants’ open responses. A total 
of 1400 responses out of the 4508 submitted by participants were provided to each 
of the trained coders. For the total number of responses to be coded, the responses 
were first grouped by phase for the three groups. Then, 50 responses were randomly 
selected from each of the seven phases for each of the four questions, resulting in a 
total of 1400 responses to be coded.

Blinding: Coding was conducted under blind conditions: Coders had no access to 
personal identifiers or phase/condition labels, and study hypotheses were not dis-
closed.
Consensus resolution: Prior to reaching consensus, Cohen’s kappa was calculated 
for the 1400 responses categorized by both coders. The value obtained was k = 
0.841, indicating almost perfect agreement. All disagreements were resolved by 
consensus (senior adjudication if required). This process led only to minor clarifi-
cations of anchor wording; the level/category structure was not altered.
Procedural ambiguity rate: In the double-coded subsample, the preconsensus num-
ber of responses flagged as ambiguous or discrepant (i.e., requiring resolution) was 
223; all of these cases were resolved using the predefined consensus protocol.
Rationale: Given that analyses rely on the final consensus code on ordered devel-
opmental levels spanning moral reasoning, perspective-taking/empathic concern, 
and social-ecological/digital-civic orientation (Kohlberg, 1989; Wachs et  al., 2024; 
Markogiannaki et al., 2021; Castellanos et al., 2023; Obermaier, 2024), we provided a 
transparent procedural report rather than chance-corrected coefficients in this version.

Table 6   Question 2: Who do you think is harmed by cases like this? Purpose: To assess the scope of the 
participant’s moral engagement, empathy and awareness of indirect harm

Score Description Theoretical justification

1 Only the direct victim is harmed Egocentric/limited empathy (Wachs et al., 2023c)
2 Victim and close circle affected Emergent perspective-taking (Wachs et al., 2023c)
3 Multiple actors in the network are affected Social-ecological awareness (Markogiannaki et al., 

2021)
4 Systemic harm to all users and social fabric Advanced empathic concern and systemic thinking 

(Castellanos et al., 2023a)
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