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Abstract: Online hate speech has profound implications for society, with migrants as primary targets.
Underreporting by victims and bystanders obscures the true extent, indirectly legitimizing these crimes.
To assess bystander intervention in online hate speech against immigrants, we developed a scale based on
the five steps of the bystander intervention model. In Study 1 (N = 294), exploratory and confirmatory
factor analyses confirmed the five-factor structure, having, as the final step, different types of actions that
bystanders can adhere to when witnessing online hate speech. Structural equation modelling showed that,
overall, each step was predicted by the preceding step, as proposed by the bystander intervention model.
Study 2 (N = 240) replicated this finding and assessed the scale's criterion-related validity, revealing
negative associations with moral disengagement and victim blaming, and positive associations with self-
efficacy. We discuss the scale's relevance and applicability in studying bystander behaviour in response to
online hate speech.
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For the first time, on June 18, 2022, the International Day for Countering Hate Speech, was celebrated. This
global celebration is part of the United Nations (UN) Strategy and Plan of Action on Hate Speech (UN, 2019),
developed in response to the alarming rise of xenophobia, racism, and intolerance around the world.

Although there is still no consensus for an international legal definition, hate speech can be
understood as “any kind of communication in speech, writing or behaviour, that attacks or uses pejorative
or discriminatory language with reference to a person or group on the basis of who they are” (UN, 2019, p.
2). More specifically, hate speech corresponds to blatant discrimination that results in psychological
aggression directed to an individual or group, simply based on attributes traditionally indicative of socially
vulnerable or minority groups, such as gender, race, disability, religion, national and ethnic origin, and
sexual orientation, or any other identity factor (e.g.,, UN, 2019).

Although hate speech is primarily a verbal behaviour, research suggests that it is often associated
with prejudiced attitudes and aggressive intentions and it may be linked to other hate crimes, thereby
having serious consequences both at the individual and societal levels. (e.g., Miiller & Schwarz, 2018;
Walters et al., 2016). At the individual level, evidence indicates that hate speech can have adverse
psychological, emotional, and physical effects on victims, contributing to increased anxiety, feelings of
humiliation, symptoms of depression, fear and insecurity (e.g., Dreifdigacker et al., 2024; Waldron, 2012).
At the societal level, it endangers fundamental human rights and democratic values and undermines social
cohesion, social stability and peaceful coexistence by promoting social tension, violence, conflicts and division
between social groups (UN, 2019). For instance, hateful content and inflammatory anti-migrant messages
spread online by far-right political leaders were found to be associated with individuals’ negative attitudes
and threat perception towards migrants, online hate speech and the rise of (offline) hate crimes (Miiller &
Schwarz, 2018). Moreover, online hate speech prevalence and, particularly, perceptions that national
institutions and/or social media platforms are ineffective at dealing with it, were found to undermine
individuals’ ability to notice and interpret an event as hate speech, leading them to minimize the impact
and consequences of hate speech on victims (SELMA, 2019).

While hate crimes, such as hate speech, are increasingly visible, official statistics often
underrepresent their true extent due to underreporting by both victims and witnesses, resulting in the
impunity and encouragement of offenders (FRA, 2021; Pinto et al., 2023). This lack of reporting can
significantly contribute to a skewed perception of the true scale of these crimes, which indirectly facilitates
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their normalization and perpetuation. The absence of public responses can be seen as acceptance or social
legitimization, weakening social norms against the expression of prejudice (Alvarez-Benjumea, 2023).
Furthermore, the lack of institutional and social responses to hate speech can encourage similar acts,
creating a permissive atmosphere. Studies show that when bystanders fail to intervene in hate speech, such
behaviour becomes normalized, with the absence of opposition perceived as tacit approval (Zapata et al,,
2024).

Such passive or non-interventive behaviour may represent, itself, a surrogate or indirect, but no less
consequential, discriminatory practice against socially vulnerable groups. Moreover, hate speech is, in fact,
the hate crime that most enacts such passive or non-interventive behaviour, because of its potential
interpretative ambiguity nature (see Papcunova et al., 2021). This passive behaviour can be explained
within the theoretical framework of the bystander effect.

Bystander Effect

The tendency of a person witnessing (i.e., a bystander) an emergency situation and not seek or offer help
to the victim or person in need, when other people are present, is known as bystander effect (e.g., Latané &
Darley, 1969, 1970). The more people present, the less likely witnesses (bystanders) will intervene. It is
proposed that bystanders’ apathy occurs because each person feels less responsible to act in the presence
of others (diffusion of responsibility) or because they infer, from the lack of intervention of the others, that
the situation is not that serious (pluralist ignorance) (e.g., Latané & Rodin, 1969). Additionally, the fear of
negative evaluations and embarrassment also contributes to the bystander effect, as the fear of making a
mistake or failure while others are watching (e.g., Latané & Darley 1970).

Bystander effect in the cyberspace. The bystander effect, initially studied to explain individuals' lack of
intervention in emergencies, has expanded to include antisocial and harmful situations like bullying, sexual
harassment, and assault (Kettrey & Marx, 2020; Latané & Darley, 1969; Nickerson et al,, 2014). More
relevant to our work, researchers have also examined this effect within digital environments, where
computer-mediated interactions often reduce personal accountability, amplifying the inaction of
bystanders in response to hate speech (Jubany & Roiha, 2016; Markey, 2000; Obermaier et al.,, 2021). For
instance, a report by the UK Safer Internet Centre (2016) shows that the majority of youths (82%) had
witnessed online hate, but less than half had chosen to report it. Indeed, in online contexts, the bystander
effect may be intensified due to factors such as anonymity, audience size, and the absence of immediate
accountability, which reduce individuals' likelihood to intervene when witnessing hate speech (e.g,
Barlifiska et al., 2013). Additionally, the lack of personal contact and face-to-face interactions in online
environments fosters a diffusion of responsibility, further diminishing bystanders' sense of accountability
and willingness to take action (e.g., Latané & Darley, 1970; Siapera et al., 2018).

Social media platforms intensify these dynamics by enabling rapid and often anonymous
communication, which amplifies the reach and impact of hate speech (UN, 2018). Furthermore, social
control measures on these platforms are widely perceived as insufficient or ineffective in deterring online
misbehaviour, which further reinforces bystanders' tendency to ignore harmful content (Jubany & Roiha,
2016). As a result, the online expression of overt intolerance and hate towards members of vulnerable or
minority groups remains widely tolerated and indirectly legitimized, largely due to the bystander effect.

The Role of Bystanders in Online Hate Speech Towards Immigrants

While hate speech targets various social groups, hate speech against migrants has shown a troubling
increase in recent years (UN, 2019). Intensified perceptions of threat and insecurity associated with the
arrival of migrants and asylum seekers from diverse backgrounds have risen across Europe (Pinto et al,,
2020). Consistently, the second European Union Minorities and Discrimination Survey (FRA, 2017)
identifies immigrants as one of the groups most affected by discrimination and hate crimes in Europe. This
trend has been intensified by events such as the Mediterranean migration crisis and the economic
pressures of the COVID-19 pandemic, which have further fuelled discriminatory attitudes toward this
population (Vega Macias, 2021).

In the digital context, the prevalence of online hate speech targeting immigrants is particularly
concerning. Such speech is not only widespread but often goes unchallenged due to bystander inaction.
This “silent” phenomenon is socially, politically, and legally neglected. It is rarely discussed in public
discourse, and many people remain unaware of its existence, their own biased behaviour, and the broader
societal consequences of this bias. By failing to intercede, bystanders inadvertently contribute to the
normalization and perpetuation of racism, discrimination, and racial violence (Murrell, 2021). Thus,
addressing the bystander effect in the context of online hate speech is paramount for combating prejudice
and discrimination against minority groups (Stewart et al.,, 2014).
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Bystander Intervention Model

Previous research has determined that bystanders’ intervention requires five sequential and crucial steps,
so that action actually occurs (i.e., bystander intervention model; Latané & Darley, 1969, 1970). According
to Latané and Darley’s (1970) bystander intervention model, in order to take action and counter the
bystander effect, people have to (1) notice the event (i.e., becoming aware that something is happening), (2)
interpret the event as an emergency (i.e., recognizing the situation as serious or requiring intervention,
which includes determining that something is wrong and interpreting the situation as threatening), (3)
accept individual responsibility to intervene (i.e., feeling responsible to act after recognizing that the
situation requires help), (4) know and decide how to intervene or provide help (i.e., identifying what form of
intervention to implement after accepting the responsibility to act), and finally (5) implement intervention
decisions (i.e., taking action based on the decision made in the previous step). If any of these steps are not
reached and completed, bystanders are less likely to intervene. Thus, in order to analyse the process that
precedes bystander intervention (vs. bystander apathy - bystander effect), and the extent to which
bystanders intervene (and how), facing online hate speech, it is crucial to assess all of the five steps.

Determinants of Bystander Behaviour

Theoretical and empirical evidence has shown that bystander intervention (prosocial behaviour) is
negatively related to moral disengagement and victim blaming (a critical barrier for helping behaviour),
and positively related to self-efficacy (e.g., Bandura et al., 1996; Clark & Bussey, 2020; Ferreira et al., 2020;
Koehler & Weber, 2018; Machackova, 2020; Rudnicki et al., 2022; Stewart et al., 2014).

Moral disengagement. Moral disengagement refers to a set of psychosocial processes that enable
individuals to justify morally questionable behaviours without altering their core moral standards,
allowing them to avoid self-criticism or social disapproval (Bandura et al., 1996). These processes include
mechanisms such as moral justification, euphemistic labelling, advantageous comparison, displacement of
responsibility, diffusion of responsibility, distortion of consequences, dehumanization, and attribution of
blame. Through these mechanisms, individuals can feel less guilt for ignoring critical situations, often by
shifting responsibility to others or dehumanizing or blaming the victims. Research shows that moral
disengagement is positively associated with the bystander effect and negatively related to prosocial
behaviours, such as defending victims in situations of harm or discrimination (Gini et al., 2020; Sjégren et
al,, 2021; Thornberg et al., 2020). In online settings, moral disengagement may be exacerbated by factors
such as anonymity and the lack of face-to-face interaction, which reduce personal accountability and
discourage individuals from intervening in cases of hate speech or other harmful behaviours (Obermaier
etal, 2021; Siapera et al,, 2018).

Victim blaming. In addition to being one of the mechanisms of moral disengagement, victim blaming is
also one of the major barriers to action identified by the bystander intervention model (Latané & Darley,
1970). It can prevent individuals from taking responsibility to intervene by attributing blame to the victim
and shifting the responsibility for the situation or incident onto them. Indeed, research has shown that
victim blaming —defined as the tendency to hold the victim responsible for their misfortune—lowers
bystanders’ intentions to help (e.g., Koehler & Weber, 2018).

Self-efficacy. Perceived self-efficacy corresponds to people's beliefs about their ability to plan and execute
the necessary courses of action to produce a desired outcome (e.g., Bandura, 1998). As highlighted by
Bandura (1998, p. 51), “perceived self-efficacy operates as a central self-regulatory mechanism of human
agency”. Research has shown that self-efficacy plays an essential role in the decision-making process to
engage in helping behaviour (e.g., Ferreira et al., 2020), namely in the online context (Costello et al., 2017)
and, thus, has the potential to decrease the bystander effect (Ferreira et al., 2020).

Bystander Intervention Measurement
Several instruments assessing bystander behaviour were already developed in previous research
(although not all of them take into account Latané and Darley’s bystander intervention model), for instance,
in the context of bullying and sexual harassment (e.g., Nickerson et al., 2014), sexual violence (e.g., Bennett
et al,, 2014), interpersonal violence (e.g., Banyard, 2008), cyberbullying (e.g., Koehler & Weber, 2018;
Bastiaensens et al., 2014), racism (e.g., Palmer et al,, 2017) and prosocial behaviours towards refugees
(Albayrak-Aydemir & Gleibs, 2021).

However, as far as we know, no instrument measuring bystander response facing online hate speech
and, particularly, representing Latané and Darley’s bystander intervention model, has been developed.
Thus, this research aims to address this gap by developing a scale specifically designed to measure
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bystander responses to online hate speech against immigrants, structured to align with Latané and Darley’s
bystander intervention model.

The Present Research

We have observed an alarming rise of xenophobia, racism and intolerance around the world (UN, 2019),
resulting in an increase in hate speech against immigrants. Both victims and bystanders tend to fail to
report such crimes, contributing, indirectly, to legitimize and perpetuate its occurrence. Thus, witnesses’
action is crucial to combat prejudice and discrimination against immigrants (or against any other socially
vulnerable or minority group). However, assessing witnesses’ intervention (vs. passive observation) in the
context of online hate speech is complex, largely because of the special characteristics of both hate speech
(e.g., its potential interpretative ambiguity nature) and the cyberspace itself (that allows anonymity and
reduces users’ accountability). Thus, a measure to assess the process and necessary steps for bystander
intervention against online hate speech towards immigrants represents an important and useful tool in
this field.

Therefore, the aim of this investigation is to (a) develop and validate the Bystander Intervention on
Online Hate Speech towards Immigrants (BIOHS-Immigrants) scale, which assesses individuals’ likelihood
of intervention when witnessing online hate speech directed at immigrants, grounded in the sequential
bystander intervention model (Latané & Darley, 1969, 1970; Nickerson et al., 2014); (b) examine the extent
to which each step of the bystander intervention model predicts the subsequent step; (c) explore how the
bystander intervention model, as well as different intervention actions within online hate speech contexts,
relate to moral disengagement, victim blaming, and self-efficacy.

Specifically, through two correlational studies, we anticipate that the BIOHS-Immigrants scale will
exhibit a multifactorial structure, with five factors corresponding to each step in the bystander intervention
model (Latané & Darley, 1969, 1970). The final step (i.e., Step 5 - Implementing the intervention decision)
is expected to encompass distinct types of actions tailored to the online hate speech context (Study 1).
Moreover, each step of the model is expected to predict the following step sequentially (Studies 1 and 2).
Finally, we expect that the BIOHS-Immigrants scale will be negatively related to moral disengagement and
victim blaming and positively related to self-efficacy (Study 2).

Data Analytic Strategy. We proceeded to the analysis of the factorial structure and psychometric
properties including validity and reliability of the new scale. First, an exploratory factor analysis (EFA) was
conducted, using principal axis factoring with oblique rotation (direct oblimin) with Kaiser normalization
approach (i.e, eigenvalue > 1.00), to examine the factor structure of our BIOHS-Immigrants scale and to
reduce the initial number of items. Then, we conducted a confirmatory factor analysis (CFA) to examine
the quality of the final factor structure (i.e., test and validate the measurement model), and a structural
equation modeling (SEM) to test the sequential steps of the bystander model (i.e., the actual path of the
model itself) using a maximum likelihood estimation procedure.

For both CFA and SEM, the goodness-of-fit of the model was evaluated through multiple criteria (e.g.,
West et al., 2012), such as chi-square and the ratio of the chi-square to its degree of freedom (CMIN/DF),
goodness-of-fit (GFI), normed fit index (NFI), comparative fit index (CFI), and root mean square error of
approximation (RMSEA). A good model fit should provide a non-significant Chi-Square (CMIN), and
CMIN/DF should be < 3, but acceptable at values < 5 (Marsh & Hocevar, 1985), indicating an excellent and
a good fit, respectively. Moreover, according to previous recommendations, typically, for the GFI, NFI, and
CFI, values > .90 indicate a good fit and > .95 a very good fit (e.g, Hu & Bentler, 1999; West et al., 2012;
Whittaker & Shumacker, 2022). For the RMSEA, values of 0 (zero) indicate a perfect fit, values <.05 indicate
“close fit” or “good fit”, up to .08 indicate a reasonable fit, and values = .10 suggest a poor fit (e.g., Brown,
2015; West et al., 2012; Whittaker & Schumacker, 2022). The confidence interval (CI) for RMSEA (typically
90% CI) indicates the precision of the RMSEA point estimate (Brown, 2015).

We also used Akaike Information Criterion (AIC) and the Bayesian Information Criterion (BIC) to
compare models with smaller values indicating a better fit (e.g., Kline, 2016).

Finally, for both CFA and SEM, Modification Indices (MI = 3.84; Brown, 2015; Whittaker, 2012) were
considered to perform post-hoc modifications, specifically the inclusion of additional parameters. Only
within-factor error covariances were permitted, with associations added sequentially based on the highest
MI to avoid overfitting. This process was repeated until no further modifications were necessary. All
modifications implemented based on MIs were carefully evaluated to ensure they were theoretically
justified. Specifically, correlated error terms were introduced only between items within the same factor,
reflecting potential similarities in item wording or conceptual alignment. These adjustments aimed to
improve the statistical fit of the model while maintaining the theoretical integrity of the bystander
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intervention model (Latané & Darley, 1970). No modifications altered the fundamental structure of the
model or the sequential nature of the steps.

For both CFA and SEM, standardized coefficients are always reported.

Regarding the reliability evaluation of the BIOHS-Immigrants scale, Cronbach’s Alpha and inter-item
correlation coefficients were used to estimate internal reliability of each dimension (subscales) of the
BIOHS-Immigrants scale.

Additionally, we examine the construct validity of our BIOHS-Immigrants scale (Study 2), by
evaluating the relationship with other theoretically related measures: moral disengagement, victim
blaming, and self-efficacy. Pearson’s correlation coefficient (Study 2) was used to assess the strength of
association between the BIOHS-Immigrants scale and the related constructs.

All data analyses were performed with IBM SPSS Statistics v. 29 and IBM SPSS Amos v. 29.

STUDY 1
Method

Participants. Participants were 294 Portuguese citizens (160 female, 128 male, 6 indicated “other”),
ranging from 18 to 78 years old (M = 28.11, SD = 14.19), 55% completed secondary education, 45% higher
education, and less than 1% basic education. The majority were students (64%) and employed (27%), and
the remaining were unemployed (5%), retired (4%), and less than 1% were housewife.

Regarding the left-right political spectrum, the average score on a 7-point Likert-scale (1 = Left, 7 =
Right), was close to the scale midpoint of 4, though leaning left (M = 3.26, SD = 1.47). Participants were also
asked about perceived socioeconomic status compared to other citizens of the country where they live on
a 7-point Likert-scale (1 = Very low, 7 = Very high; M = 4.13, SD = 0.96).

The sample size was determined following established guidelines to ensure accurate factor solutions
and stable parameter estimates. For EFA, we adhered to Hinkin et al. (1997), who recommend a minimum
of 150 participants, as well as the commonly accepted subject-to-item ratio of at least 5:1 (Hair etal., 2014;
Osborne, 2014), resulting in a minimum requirement of 210 participants for our initial pool of 42 items in
Study 1. For CFA, we followed guidelines suggesting a sample size between 100 and 200 (Brown, 2015;
Hinkin et al., 1997), while ensuring a minimum of 5 participants per item (Hair et al., 2014). For SEM, we
followed recommendations to include at least 200 participants to achieve stable parameter estimates
(Kline, 2016).

Procedure. Before conducting this investigation, all the procedures and materials were submitted, for
analysis, to the Faculty of Psychology and Education Sciences of University of Porto Ethics Committee (Ref.
2021/07-09b) and data protection department.

The study was conducted using Qualtrics, and participants were contacted via online platforms
(Facebook ads and Facebook groups, and University mailing list), to fill out a survey about online hate
speech towards immigrants.

Participation was completely voluntary and 5 vouchers of €20 were raffled as compensation. After
giving informed consent (which included information on confidentiality, anonymity, risks and benefits,
contact information, etc.), participants provided sociodemographic information (e.g, age, gender,
education). Next, participants read a text defining hate crime and online hate speech in particular, so that
all participants started the survey with the same knowledge on the topic, namely being aware that hate
speech is a hate crime legally framed by the Portuguese law and, thus, an undesirable and intolerable
behaviour (full text is available at the online supplementary material, OSM 1).

Then, participants answered the initial item pool of our scale. On completion, participants were
thanked, and further information about the project and online hate speech were provided.

Instrument. The items of our BIOHS-Immigrants scale were developed based on the theoretical
framework of the bystander intervention model, following its five sequential steps (Latané & Darley, 1969,
1970), with adaptations for the context of online hate speech towards immigrants. For the initial item pool,
we created specific item sets to capture each stage of the bystander intervention process, ensuring they
reflected the unique characteristics of online hate speech: 1) noticing and identifying hate content online,
2) interpreting it as a serious occurrence, 3) accepting responsibility to intervene, 4) knowing how to
intervene, and 5) intending to implement an intervention. Additionally, the scale development was
informed by existing instruments, such as Nickerson et al.'s (2014) scale for bullying and sexual
harassment, which measures this sequential process. We also examined measures that, while not explicitly
structured around the sequential process, incorporate relevant aspects of bystander intervention across
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several social contexts. In particular, we examined scales that assess actions bystanders might take in
response to online hate speech (i.e., the final step). Thus, for the final step (Step 5 - Implement intervention
decision), which includes potential helping behaviours in response to online hate speech, we drew on
Palmer and colleagues’ (2017) bystander response scale for racism in school, which categorizes responses
as prosocial (e.g., “ would tell a teacher or member of staff what the person had said”), aggressive (e.g., “I
would start a fight with the person who said something nasty...”), or passive (e.g., “I would ignore it and
walk away”). We also drew on the work of Bastiaensens and colleagues (2014), who distinguish between
public and private actions in a cyberbullying context. These include different types of helping intentions,
such as asking for help (e.g., reporting the incident to someone who can assist, such as social media
platforms, an organization, or a teacher), personally defending the victim (e.g., “Defending Joni in a Facebook
comment”), or offering emotional support (e.g., “Comforting Joni in a Facebook comment”). Additionally,
inspired by Banyard and colleagues' (2005) Bystander Behaviour Scale, we included items relating to
seeking assistance from formal or support entities (e.g., “Call 911 if a stranger needs help”, “Call a rape crisis
center or talk to a resident counselor”). Finally, we drew on Koehler and Weber’s (2018) Willingness to Help
Scale, which includes confrontational actions directed toward the offender (e.g., “I would publicly share a
comment on Facebook in which I confront the bullies”). For items involving formal or support entities, we
tailored them to the resources available in the Portuguese context. These include the Portuguese Victim
Support Association (APAV), which has a dedicated unit to support migrant victims of hate crimes, violence,
and discrimination; the Linha Internet Segura (Safe Internet Line), which addresses issues related to online
platforms and technology use and provides a service to report illegal content online, including hate speech;
and Portuguese law enforcement and public security agencies (e.g., Public Security Police - PSP) and
judicial authorities (e.g., Public Ministry - MP) that can be contacted to report crimes. Detailed information
on the sources of each item of the final scale, modifications made to adapted items, and theoretical bases
for new items can be found in OSM 2.

The initial pool comprised 42 items, approximately 6 items per step for the first four steps. Given
the complexity of bystander intervention in online hate speech, the final step (Step 5 - Implement
intervention decision) included 18 items covering a range of actions: (1) intention to report online hate
speech through formal mechanisms (e.g., “I personally report the situation to the police...”), (2) intention
to report through informal support organizations (e.g., “I report the situation to an organization that deals
with online hate speech...”), (3) intention to report via social media using reporting tools (e.g., “I report the
offender’s post, comment, or tweet as abusive or hateful”), (4) intention to help the victim directly by
defending them (e.g., “I defend the immigrant in a Facebook comment...”) and (5) intention to help the
victim indirectly by confronting the offender aggressively (e.g., “I insult the offender in an unpleasant
way...”). The latter two types of actions include items relating to both private and public actions.

These items were designed to encompass common intervention actions at varying levels of personal
investment or effort and potential cost or risks. For instance, reporting to the police may require more time
and may involve dealing with legal procedures, which has been identified as a common reason not to report
a hate incident (FRA, 2017).

For each item, participants were asked to indicate their level of agreement on a 7-point Likert scale
(1 =1fully disagree; 7 = I fully agree).

Results

Exploratory factor analysis and initial item reduction. Following previous recommendations (e.g.,
Hinkin et al,, 1997), the criteria for retaining the final set of items were as follows: a) item communality
above .40, b) factor loading greater than .40, c) items that clearly loaded on a single factor. In addition, some
items were also dropped due to conceptual redundancy or misfit. Using the preceding criteria, items were
deleted and EFA was repeated (we applied a new EFA every time items were deleted) until we obtained a
clear factor structure matrix. Through this process, 16 items were excluded, and the resulting scale
consisted of a total of 26 items (see OSM 2 for the final scale with 26 items and respective dimensions).

The Kaiser-Meyer-Olkin (KMO) sample adequacy index showed a value of .83 and the Bartlett's
sphericity test was statistically significant, with a x? (325) =5267.70. p <.001, showing that the correlation
between items was high enough for meaningful extraction.

The exploratory factor analysis resulted in an eight-factor solution (see OSM 2 for loadings and
communalities of the final items).

The 8-factor solution accounted for 70.64% of the overall variance: Step 1 - Notice the event
corresponded to Factor 6 (4% of variance); Step 2 - Interpret event as severe and Step 3 - Accept
responsibility to help loaded together on the same factor corresponding to Factor 1 (30% of variance); Step
4 - Know how to help corresponded to Factor 3 (9%); and Step 5 - Implement intervention decision
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corresponded to Factor 2 (Aggressive response; 13% of variance), Factor 4 (Report through formal
mechanisms; 5%), Factor 5 (Report through social media mechanisms; 4%), Factor 7 (Public actions; 3%),
and Factor 8 (Private actions; 3%).

Since the EFA showed that the items corresponding to Step 2 - Interpret event as severe (items 3
and 4) and Step 3 - Accept responsibility to help (items 5 to 8) loaded together, the theoretical and
empirical structures were tested and compared in the following analysis.

Confirmatory factor analysis (CFA). To assess the quality of the final factor structure, we conducted a
CFA.

First, we started by testing and comparing models reflecting both the theoretical (four-step solution
with separate factors for Steps 2 and 3) and empirical (three-step solution with combined factor for Steps
2 and 3) structures, regarding the initial Steps of the model (i.e., Step 1 to 4). As we can see in Table 1, the
four-step solution model fits the data better (MI suggested correlating two error terms in Step 4: e10 <->
el12; see OSM 3 for CFA and SEM results before modifications for all models) than the three-step solution
model (MI suggested correlating two error in the combined factor for Steps 2 and 3, and two error terms
in Step 4: e3 <-> e4, e10 <-> e12, respectively) confirming the theoretical structure. Based on these results,
particularly the smaller AIC and BIC values observed for the four-step solution model compared to the
three-step solution model, we proceeded with the subsequent analyses, retaining the two separate factors.

Then, we tested five independent models corresponding to the five steps of the bystander
intervention model (i.e., Notice the event, Interpret event as an emergency or severe, Accept responsibility
to help, Know how to help, Implement intervention decision), one model for each of the five types of actions
in place of the final dimension (i.e., Implement intervention decision: Report through formal mechanisms,
Report through social media mechanisms, Public actions, Private actions, Aggressive response).

As we can see in Table 1, the five-step solution model with Report through formal mechanisms
subscale as the final step (see Models’ Figures at OSM 4) fits the data in a good way, as well as the models
with Report through social media mechanisms, that is, Informal mechanisms (MI suggested correlating two
error terms in Step 4: e10 <-> e12), Public actions (MI suggested correlating two error terms in Step 4: e10
<-> el2), Private actions (MI suggested correlating two error terms in Step 4: e1l0 <-> e12), and with
Aggressive response subscale (MI suggested correlating two error terms in Step 4 and two error terms in
the Aggressive bystander response step: e10 <->e12, e23 <-> e24, respectively).

Note that the number of each error term corresponds to the item number (see the complete list of
items and their corresponding numbers in the OSM 2). We also tested the model with all Step 5 subscales
(Model 6; see Table 1). However, this model (MI suggested correlating two error terms in Step 4 and two
error terms in the Aggressive bystander response step: e10 <-> el2, e23 <-> e24, respectively) shows a
poorer fit across several key indices compared to the other models. Specifically, the fit indices, including
GFI (.862) and NFI (.884), were below the recommended thresholds, suggesting that the full model may
not capture the structure of the data as effectively as the individual action-type models. Moreover, the full
model had the highest values for both AIC (812.14) and BIC (1143.66), indicating a less efficient fit
compared to the other models.

Structural equation modeling (SEM). In the next step of the data analysis, we tested the sequential steps
of the bystander intervention model for each of the five types of actions.

As we can see in Table 2 (see Models’ Figures at OSM 5), the models with Report through formal
mechanisms subscale (MI suggested correlating two error terms in Step 4: €9 <-> e11); Public actions (MI
suggested correlating error terms in Step 4: €9 <-> e10 and e10 <-> e12); and with Aggressive response
(MI suggested correlating two error terms in Step 4 and two errors terms in Aggressive Response: e10 <->
el2 and e23 <-> 24, respectively) as final step provided an acceptable or good fit to the data and all of the
direct paths (regression weights between latent variables for each sequential step in the model) were
positive and statistically significant.

The model with the Report through social media mechanisms subscale provided a weak fit to the
data.

Moreover, although all the direct paths were positive and statistically significant between the initial
Steps, the regression weights between latent variables Step 4 (Know how to intervene) and Step 5 - Report
through Social Media mechanisms were marginally significant, p =.089 (MI suggested correlating two error
terms in Step 4: e10 <-> e12). Given this result, we considered whether the sequential process might vary
depending on the type of action, particularly as some studies, such as Albayrak-Aydemir and Gleibs (2021),
have also found no significant relationship between Step 4 (Know how to intervene) and Step 5 (Implement
intervention decision) regarding some of the potential types of actions. In fact, the behaviour of "reporting
through social media mechanisms" may not necessarily require specific technical knowledge or detailed

Copyright © 2025 Associa¢do Portuguesa de Psicologia. Licensed under the Creative Commons Attribution Non-commercial No
Derivatives 50



Carvalho, Pinto, Alves & Bernardo

preparation (i.e., Step 4). This type of action may rely more directly on motivation to help (Step 3 -
Accepting responsibility). Therefore, we tested an alternative sequential model that included a direct link
between Step 3 and Step 5. We observe that Report through social media mechanisms is predicted by
Accepting responsibility to help (see OSM 5), and results indicate that this model demonstrates a good fit,
suggesting that Knowing how to help (Step 4) may not be essential in the intervention process for this
specific action: x2 (df) = 196.14 (84)"™", CMIN/DF = 2.34, GFI = .920, NFI = .936, CFI = .962, RMSEA [C]] =
.067 [.055,.080], AIC = 268.14, BIC = 400.74.

Similarly, although the model with the Private actions subscale provided a good fit to the data, and
all of the direct paths between the initial Steps were positive and statistically significant, the regression
weights between latent variables of Step 4 (Know how to intervene) and Step 5 - Private actions were non-
significant, p =.203 (MI suggested correlating two error terms in Step 4: e10 <-> e12). As in the previous
model, we tested an alternative sequential model that included a direct link between Step 3 (Accepting
responsibility) and Step 5 - Private actions. We observe that Private actions is predicted by Accepting
responsibility to help (Step 3), and results indicate that this model demonstrates a good fit, suggesting that
Knowing how to help (Step 4) may not be essential in the intervention process for this specific action as
well: x2 (df) = 126.83 (71)™, CMIN/DF = 1.79, GFI = .942, NF1 =.947, CFI = .976, RMSEA [CI] =.052 [.037,
.066], AIC = 194.83, BIC = 320.07.

We also tested this alternative sequential process (i.e., a direct link between Step 3 and Step 5) for
the remaining models. The results indicate that including this direct link neither improves the model's fit
for these actions nor alters the sequential process, supporting the need to maintain the originally proposed
sequential structure. Thus, as expected, each step in the model was predicted by the preceding step, except
for the models for the Report through social media mechanisms and Private actions subscales. This
sequential structure will be further examined in Study 2.

Finally, we also tested the model with all Step 5 subscales (Figure 1). We observed that all the direct
paths were positive and statistically significant, showing that all the steps were predicted by the previous
step (note that all the proposed final steps were predicted by Step 4). MI suggested correlating two error
terms in Step 4 (e10 <->e12) and two error terms in Step 5 - Aggressive bystander response (e23 <-> e24).

However, the model presented a weak fit to the data (see Table 2).
mechanisms
48~
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Figure 1. Simplified Graphical Representation of the SEM Model with All Step 5 Subscales in Study 1.

Reliability and descriptive statistics. Internal consistency was appropriate for all the steps of the
bystander intervention model (see OSM 6 for reliability, descriptive statistics and bivariate correlations).
As expected, each step of the bystander intervention model is positively correlated with the
subsequent step, and Step 4 is positively associated with all the proposed actions corresponding to Step 5.
Additionally, OSM 6 includes analyses of demographic data, such as differences between men and
women across the steps and correlations between demographic variables (e.g., political orientation) and
the steps, addressing the relevance of these factors to the model. Examining gender differences, we observe
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that women generally scored higher than men across most steps, suggesting a stronger inclination to
recognize and respond to online hate speech. Specifically, significant differences emerged in Step 1 (Notice
the event), Step 2 (Interpret event as severe), and Step 3 (Accept responsibility to help), with women
showing higher mean scores than men. However, in Step 4 (Know how to help), men scored higher than
women. Additionally, we observed that women scored higher than men in Step 5 - Report through Social
Media mechanisms. Conversely, men scored slightly higher in Aggressive Response. These findings suggest
that gender may play a significant role in bystander intervention processes, with women potentially being
more likely to identify and interpret online hate speech as severe and to accept responsibility for
intervening.

Both groups showed higher mean scores for Step 5 - Report through social media mechanisms
compared to other types of intervention actions, suggesting that individuals may be more inclined to rely
on social media reporting tools as a preferred method for addressing online hate speech.

We also found that age has a significant negative correlation with Step 1: Notice the event, suggesting
that older individuals may be less likely to notice the event. Conversely, age is positively correlated with
Know how to help, Reporting through formal mechanisms, Public actions, and Aggressive response.
Education shows a positive correlation with Know how to help but a negative correlation with Private
actions, indicating that individuals with higher levels of education are more likely to know how to help and
less likely to engage in private actions. Political orientation was negatively correlated with all steps of the
intervention model. Finally, perceived social status did not show significant correlations with any of the
steps, suggesting that social status may not influence bystander intervention behaviours.

Discussion

An EFA using principal axis factoring identified eight factors: three corresponding to the initial Steps of the
Bystander Intervention Model (i.e., Notice the event, Interpret event as an emergency or as severe, Accept
responsibility to help, Know how to help) and five corresponding to the final Step (i.e., Implement
intervention decision), each representing different types of actions that bystanders might take when
witnessing online hate speech. Contrary to our expectations, the items corresponding to Steps 2 (Interpret
event as an emergency) and 3 (Accept responsibility to help) loaded onto a single factor. However, the CFA
demonstrated a good fit to the data when these steps were modelled as distinct constructs. This finding
suggests that the subscales of our measure align well with the original theoretical framework proposed by
Latané and Darley (1970). According to the bystander intervention model, interpreting the severity of the
problem (Step 2) is a distinct process from accepting personal responsibility to intervene (Step 3), and
maintaining this distinction is critical for understanding specific barriers to intervention. For example,
accepting responsibility to act may vary even when the severity of the situation is fully recognized.
Distinguishing Step 2 and Step 3 allows for a more nuanced analysis, helping to identify whether barriers
to intervention stem from difficulties in recognizing the gravity of the situation or from a reluctance to
accept personal responsibility. This distinction is particularly valuable for designing targeted interventions
to address these specific barriers.

We tested five separate models corresponding to the five steps of the bystander intervention model,
with each model incorporating a different type of action as the fifth and final step (i.e., Report through
formal mechanisms, Report through social media mechanisms, Public actions, Private actions, Aggressive
response). The CFA revealed that the five-step model with each action type showed a good fit across
models, indicating that our proposed structure for each type of intervention action was well-represented
in the data.

SEM results generally demonstrated that each step was predicted by the preceding step in the model.
However, two actions—Report through social media mechanisms and Private actions—did not show a
significant relationship with Step 4 (Know how to help), suggesting that bystanders might proceed to
intervene directly after accepting responsibility (Step 3) without requiring the additional step of knowing
how to intervene (Step 4). This pattern may indicate that, in specific contexts, bystanders may feel ready
to act once they acknowledge responsibility, bypassing the need for a detailed knowledge of intervention
methods.

In testing an integrative model that included all Step 5 subscales, SEM results confirmed that all
proposed final steps were predicted by Step 4, consistent with the expected sequential process (e.g., Latané
& Darley, 1970). However, this model showed a weak fit to the data, suggesting that it may be more
appropriate to consider five independent models, each corresponding to one of the proposed actions,
rather than a single comprehensive model encompassing all potential actions. However, it is important to
note that, for both CFA and SEM, combining all Step 5 subscales increases the complexity of the model,
which can contribute to poorer fit indices. This is particularly likely if the subscales differ in their strength
of association with preceding steps, as uneven relationships can challenge the model’s ability to represent
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a cohesive structure. Additionally, models with greater complexity may be more sensitive to sample size,
as larger sample sizes generally provide more stable parameter estimates and reduce the likelihood of
sampling error (Kline, 2016). Nonetheless, the applicability and advantages of the comprehensive model
are re-evaluated in Study 2.

Overall, the findings from Study 1 provide strong initial support for the newly developed bystander
intervention scale. The results align with the theoretical underpinnings of the bystander intervention
model, while also highlighting potential variations in the intervention process based on specific types of
actions. In Study 2, we re-evaluate the final scale’s psychometric properties with a new sample, to confirm
our findings, and determine the scale’s construct validity by measuring the relationship between the five
steps of the Bystander Intervention Model and theoretically relevant variables.

STUDY 2
Method

Participants. Participants were 240 Portuguese citizens (121 female, 116 male, 3 indicated “other”),
ranging from 18 to 76 years old (M = 37.58. SD = 14.93), 57% with completed secondary education, 42%
with higher education and less than 1% with basic education. The majority were employed (53%) or
student (32%), and the remaining were unemployed (10%), retired (5%) and less than 1% were housewife.

Regarding the left-right political spectrum, the average score on a 7-point Likert-scale (1 = Left, 7 =
Right), was close to the scale midpoint of 4, though leaning left (M = 3.33, SD = 1.50). Participants were also
asked about perceived socioeconomic status compared to other citizens of the country where they live on
a 7-point Likert-scale (1 = Very low, 7 = Very high; M = 3.87, SD = 1.04).

Procedure. We used the same data collection procedure as in Study 1. The study was conducted
through Qualtrics, and participants were recruited via online platforms (e.g., university mailing list) to
complete a survey on online hate speech towards immigrants. Participation was entirely voluntary, with
five €20 vouchers raffled as compensation. After providing informed consent, participants completed
sociodemographic questions (e.g., age, gender, education).

After completing the sociodemographic section and reading the definitions of hate crime and
online hate speech, participants responded to the final version of the BIOHS-Immigrants scale developed
in Study 1, along with related measures.

Measures. In order to examine the construct validity of the BIOHS-Immigrants scale we also included
moral disengagement, victim blaming and self-efficacy measures. To minimize order effects, the BIOHS-
Immigrants scale was presented first, followed by the related measures. This sequence ensured that
responses to our scale were not influenced by subsequent constructs.

BIOHS-Immigrants scale. Participants were asked to respond to the final version of our scale with 26
items.

Moral disengagement. Participants answered a 24-item Moral Disengagement scale (based on Bandura et
al,, 1996) adapted to the context of online hate speech towards immigrants, integrating 6 of the 8 proposed
mechanisms/dimensions (i.e, Moral justification, Displacement of responsibility, Diffusion of
responsibility, Distorting consequences, Attribution of blame, Dehumanization; we excluded Euphemistic
language and Advantageous comparison mechanisms due to the difficulty in adapting such items to the
context of online hate speech; the full scale is available at OSM 7). All the 24 items (4 items per mechanism)
were answered on a 7-point Likert-scale ranging from 1 (Fully disagree) to 7 (Fully agree). The scale
revealed a good reliability (Cronbach’s a =.97; M = 1.72, SD = 1.11). Based on the one-factor solution
proposed by the author (Bandura etal.,, 1996), we averaged the scores of all items to a Moral disengagement
index, higher scores indicating higher moral disengagement regarding online hate speech towards
immigrants.

Victim blaming. We used two items (based on Koehler & Weber’s victim blaming scale, 2018) as a potential
barrier to helping behaviour - participants’ perceived diminished responsibility to intervene in case of hate
speech, influenced by victim behaviour: “I am less likely to intervene facing online hate speech against an
immigrant if I feel that s/he has done something to provoke such situation.” and “If an immigrant has been
aggressive or offensive to someone, I feel less responsible to intervene facing online hate speech against

Copyright © 2025 Associa¢do Portuguesa de Psicologia. Licensed under the Creative Commons Attribution Non-commercial No
Derivatives 53



MEASUREMENT OF BYSTANDER INTERVENTION ON ONLINE HATE SPEECH

the immigrant.”. We averaged participants’ responses into a Victim blaming index (r = .65, p <.001; M =
3.02,5D =1.58).

Self-efficacy. Based on Banyard and colleagues’ work (Bystander efficacy scale; 2007) we created a 6-item
self-efficacy scale. Participants indicated their agreement or disagreement with each sentence on a 7-point
Likert-scale (1 = I fully disagree; 7 = I fully agree): (1) “I feel that I am able to confront people who direct
hate speech against immigrants.”; (2) “I know what to do and what to say to help stop a situation of hate
speech against immigrants.”; (3) “I know what to do and say to prevent a situation of hate speech against
immigrants.”; (4) “I know what to do and say to reduce hate speech against immigrants.”; (5) “I have the
necessary skills to comfort/support an immigrant who has been a victim of hate speech.”; (6) “I have the
necessary skills to confront someone who is directing hate speech against immigrants.”. A principal
components factorial analysis conducted on these items extracted one single factor accounting for 70% of
the total variance. We averaged the scores of all items into a Self-efficacy index (Cronbach’s a =.91; M =
4.07,5D =1.37).

Results

Confirmatory factor analysis (CFA). As in Study 1, we started by testing and comparing models reflecting
both the theoretical (four-step solution with separate factors for Steps 2 and 3) and empirical (three-step
solution with combined factor for Steps 2 and 3) structures, regarding the initial Steps of the model (i.e,,
Step 1 to 4). The model fits of the four-step and three-step solution can be seen in Table 3.

As in Study 1, the four-step solution model demonstrates a better overall fit to the data compared to
the three-step solution model, further supporting its theoretical structure. In the three-step solution, the
modification indices suggested correlating five error terms within the combined factor for Steps 2 and 3
(e3 <->e4, e4 <-> e7, e6 <-> e8) and two error terms in Step 4 (e10 <-> e12). It is important to note that,
according to the theoretical structure, items 4 and 7 (i.e., corresponding to error terms 4 and 7) belong to
different dimensions (see OSM 3 for CFA and SEM results before modifications). However, since these items
are grouped together in the three-step solution, we applied this correlation to maintain consistency with
the procedure of correlating errors within the same dimension.

Based on the model fit results, we proceeded with the subsequent analyses, maintaining Steps 2 and
3 as separate factors.

As in Study 1, we tested five independent models corresponding to the sequential five steps of the
bystander intervention, having as fifth and final step one of the five types of actions in each model.

As can be seen in Table 3, the five-step solution model with the Report through formal mechanisms
subscale as the final step demonstrates an overall acceptable fit to the data, although the GFI (.892) and
RMSEA (.091) fall slightly below commonly accepted thresholds for model fit (see Supplementary Figures
at OSM 8). MI suggested correlating two error terms in Step 3 (e6 <-> e7), two error terms in Step 4 (e9 <-
>el1), and two error terms in Step 5 (el17 <->e18).

The model with the Report through social media mechanisms subscale also demonstrated an
acceptable fit to the data (MI suggested correlating error terms in Step 3 and Step 4: e6 <->e8 and e10 <->
el2, respectively). Similarly, the models for Public actions (MI suggested correlating error terms in Step 3,
e6 <->e7,and in Step 4: €9 <-> e12, e10 <-> e12), Private actions (MI suggested correlating error terms in
Step 3 and in Step 4: e6 <-> e8 and el10 <-> el2, respectively), and Aggressive response (MI suggested
correlating error terms in Step 3, e5 <-> e7, e6 <-> €8, in Step 4, e10 <-> e12, and in Step 5, e25 <-> 26)
showed acceptable fit indices.

We also tested the model with all Step 5 subscales (Model 6; Table 3).

Asin Study 1, this model (MI suggested correlating error terms in Step 3, e5 <->e7, e6 <-> €8, in Step
4, e10 <-> e12, and in the Aggressive response step, e25 <-> 26) shows a poorer fit across several key
indices compared to the other models. Specifically, the fit indices, including GFI (.871) and NFI (.889), were
below the recommended thresholds, suggesting that the model may not capture the structure of the data
as effectively as models with individual Step 5 subscales. Moreover, the full model had the highest values
for both AIC (702.44) and BIC (1019.18), indicating a less efficient fit compared to the other models. These
results suggest that individual models may provide more robust and reliable fits compared to the full
model, particularly due to the increased complexity when combining all subscales.

Structural equation modeling (SEM). Next, we tested the sequential steps of the bystander intervention
model for each of the five types of actions.

As we can see in Table 4 (see Supplementary Figures at OSM 9), the models with the Report through
social media mechanisms (MI suggested correlating error terms in Step 3, e5<-> e6, e6<-> €8, and in Step
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4,e10 <->ell, el0 <-> e12), Public actions (MI suggested correlating error terms in Step 3, e6<-> €8, and
in Step 4, e9<-> e12, e10 <-> e12), and with the Private actions subscales (MI suggested correlating error
terms in Step 3, e5<-> e6, e6<-> €8, and in Step 4, e10 <-> e12), provided an acceptable or good fit to the
data and all of the direct paths were positive and statistically significant, showing that, as expected, all the
steps were predicted by the previous step in the model.

The model with Report through formal mechanisms (MI suggested correlating error terms in Step
3,e5 <->eb, e6 <-> €8, and in Step 4, e10 <-> e12) demonstrated a weak fit to the data, with GFI (.884), NFI
(-899), and RMSEA (.095) falling below commonly accepted thresholds for model fit. Nevertheless, all direct
paths were positive and statistically significant.

The model with the Aggressive response subscale provided a good fit to the data, with all of the direct
paths being positive and statistically significant between the initial steps (MI suggested correlating error
terms in Step 3, e6<->e8,in Step 4,e10 <->e12, and in Step 5, €25 <-> e26). However, the regression weight
between latent variables Step 4 (Know how to help) and Step 5 (Aggressive bystander response) was non-
significant. p = .381. As in Study 1, we tested an alternative sequential model that included a direct link
between Step 3 and Step 5; however, Aggressive bystander response was not predicted by Accepting
responsibility to help

We also tested this alternative sequential process (i.e., a direct link between Step 3 and Step 5) for
the other models. As in Study 1, regarding the Report through social media mechanisms subscale, we
observed that this type of action was better predicted by Accepting responsibility to help (Step 3) and
results indicate that this model demonstrates a good fit, suggesting once again that Step 4 may not be
essential in the intervention process for this specific action (see OSM 9): x2 (df) = 186.86 (83)™", CMIN/DF
= 2.25,GF1=.910, NFI =.932, CFI =.961, RMSEA [CI] =.072 [.059, .086], AIC = 260.86, BIC = 389.64.

Regarding the remaining models, results indicate that including this direct link neither improves the
model's fit for these actions nor alters the sequential process, supporting the need of maintaining the
originally proposed sequential structure.

Finally, as in Study 1, we also tested the full model with all Step 5 subscales (Figure 2). We observed
that all the direct paths were positive and statistically significant, showing that, as expected, all the steps
were predicted by the previous step (note that all the proposed final steps were predicted by Step 4). MI
suggested correlating error terms in Step 3, e6 <-> €8, in Step 4, €9 <->ell,e9 <->el12,e10 <->el1,e10 <-
>el2, and in Step 5 - Aggressive response, e25 <-> e26). However, the model presented a weak fit to the

data (see Table 4).
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Figure 2. Simplified Graphical Representation of the SEM Model with All Step 5 Subscales in Study 2.

Reliability and descriptive statistics. As in Study 1, internal consistency reliability was appropriate for
all the steps (subdimensions) of the bystander intervention model (see OSM 6 for reliability, descriptive
statistics and bivariate correlations). As expected, each step of the bystander intervention model is
positively correlated with the subsequent step, and Step 4 is positively correlated with the proposed
actions corresponding to Step 5, except for Aggressive response.
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Examining gender differences, and consistent with Study 1, we observe that women consistently
scored higher than men across most steps of the bystander intervention model, except for Knowing how to
help (Step 4), although the difference was not significant. Regarding Step 5, women scored higher than men
in Report through social media mechanisms, indicating a greater likelihood to rely on social media
reporting tools. Conversely, men scored slightly higher than women in Aggressive response, although the
differences were not statistically significant. These findings suggest that gender may influence specific
bystander behaviours, with women generally showing a stronger inclination to engage in prosocial and
non-aggressive responses to online hate speech.

Consistent with the findings of Study 1, we observe that political orientation is negatively correlated
with most steps of the bystander intervention model, while perceived social status shows no significant
correlations with any of the steps. Age is positively correlated with Report through formal mechanisms and
Public actions but negatively correlated with Report through informal mechanisms. Education shows a
negative correlation only with Aggressive responses (see OSM 6).

Construct validity. To examine the construct validity of the new scale, we examined the relationship
between the BIOHS-Immigrants scale and other theoretically related measures: moral disengagement,
victim blaming, and self-efficacy (see OSM 6 for correlations between each Step of the BIOHS-Immigrants
and the related measures). Overall, as expected, Moral disengagement and Victim blaming are negatively
related with all subdimensions, except for Aggressive response, which is positively correlated with Moral
disengagement and shows no significant relationship with Victim blaming. Finally, self-efficacy is positively
related to all subdimensions, except for Aggressive response. These results give support for the theoretical
validity of the BIOHS-Immigrants scale.

Discussion

As in Study 1, we tested five independent models corresponding to the five steps of the bystander
intervention, with each model including one of the five types of actions as the fifth and final step. Overall,
the CFA replicated the results of Study 1, demonstrating that the five-step solution model, with each of the
five types of actions as the final step, provided a good fit to the data. These results further support the
theoretical and empirical adequacy of the sequential five-step structure.

The SEM analyses also confirmed that, as expected, each step of the model was positively predicted
by the preceding step, reflecting the sequential nature of the bystander intervention process. However,
Aggressive response was an exception, as it was not predicted by Step 4 (Know how to help) nor Step 3
(Accepting responsibility to help). Moreover, as in Study 1, the alternative sequential model (i.e., including
adirectlink between Step 3 - Accepting responsibility to help and Step 5 - Taking action) for Report through
social media mechanisms demonstrated a better fit to the data. This finding suggests that the sequential
process outlined in the original model may not fully apply to this specific type of action.

Asin Study 1, the SEM model with all the Step 5 subscales revealed that all proposed final steps were
positively predicted by Step 4, aligning with the sequential decision-making framework originally
proposed by Latané and Darley (1969, 1970). However, the model showed a weak fit to the data. Thus,
consistent with Study 1, the results suggest that it may be more appropriate to consider five independent
models, each corresponding to one of the proposed actions, rather than a single comprehensive model
encompassing all potential actions.

To further assess the construct validity of the new scale, we examined its relationships with
theoretically related constructs: moral disengagement, victim blaming, and self-efficacy. As hypothesized,
the BIOHS-Immigrants scale was negatively correlated with both moral disengagement and victim blaming,
and positively correlated with self-efficacy. These patterns support the theoretical premise that higher
moral disengagement and victim blaming are barriers to prosocial intervention behaviours, whereas
greater self-efficacy facilitates bystander intervention (e.g. Ferreira et al., 2020; Gini et al., 2020; Koehler &
Weber, 2018). Notably, the Aggressive response dimension diverged from these patterns, being positively
related to moral disengagement, but not related to victim blaming or self-efficacy.

Overall, these findings reinforce the validity and reliability of the BIOHS-Immigrants scale as a
measure of bystander intervention in the context of online hate speech toward immigrants. The scale
captures the sequential nature of decision-making processes, is theoretically grounded in existing models,
and demonstrates strong construct validity through its relationships with related measures.

DISCUSSION

Across two studies, we provide first empirical support for a new scale of bystander intervention on online
hate speech towards immigrants. Taken together, the results tend to confirm our initial hypotheses. Indeed,
results support the proposed multifactorial structure of our scale, corresponding to the five steps of the
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bystander intervention model (Latané & Darley, 1969, 1970), having as the final step (i.e., Implement
intervention decision) five potential actions that individuals can engage in facing online hate speech,
namely, Report through formal mechanisms (e.g., report to the police), Report through social media
mechanisms (i.e., informal mechanisms, e.g., using Facebook report button), Public actions (e.g., defend the
immigrant in a public comment in any social network platform), Private actions (e.g., defend the immigrant
via private message to the offender), and Aggressive response (e.g.,, insult or threaten the offender).

As proposed by the bystander intervention theoretical framework, SEM showed that each of the
initial steps of the model predicted the subsequent step. However, some inconsistencies emerged between
studies regarding the relationship between Step 4 (Knowing how to help) and specific types of actions,
namely Private actions and Aggressive responses. For instance, we observed a weak regression path
between Step 4 and Aggressive responses in Study 1 ( = .14, p = .037), while no significant relationship
was found in Study 2 (8 = .07, p =.381). This suggests that Aggressive responses may not align with the
sequential framework as originally proposed. Similarly, Private actions deviated from the expected pattern
in Study 1 but not in Study 2. The differences observed in Private actions and Aggressive responses may be
attributed to contextual or sample-specific factors, such as variations in participant demographics or levels
of exposure to online hate speech. For instance, the majority of participants in Study 1 were students (64%)
with a mean age of 28 years. In contrast, in Study 2, most participants were employed (53%), with only
32% being students, and the mean age was higher (38 years). These distinct sample characteristics may
explain the discrepancies observed and the emergence of different sequential processes.

Additionally, across both studies, Report through social media mechanisms was consistently better
predicted by Step 3 (Accepting responsibility to help), bypassing the need for Step 4.

Moreover, although SEM with all the proposed actions as final steps confirmed the expected
predictive sequential effect in both studies, the overall model fit was weak. These findings suggest that
future research may benefit from analysing the five types of actions in Step 5 as independent models, rather
than relying on a complex, combined structure that includes all actions simultaneously.

Results also showed that, as expected, moral disengagement and victim blaming—concepts
previously identified as barriers to bystander intervention (e.g. Gini et al., 2020; Koehler & Weber, 2018)—
were negatively related to all the steps of the bystander intervention model. These findings support prior
research indicating that moral disengagement and victim blaming inhibit the processes underlying the
bystander intervention model, thereby diminishing the likelihood of progressing through its steps and
engaging in helping behaviour. On the contrary, as proposed by previous research (e.g. Ferreira et al,,
2020), self-efficacy seems to be aligned with the processes involved in this model, reflected in the positive
relationship with all the steps, especially Step 4 (Know how to help).

Limitations and directions for future research
While the results across both studies provide evidence supporting the new scale and the proposed
sequential model, they also highlight important limitations and inconsistencies that warrant careful
consideration. Below, we discuss some of these limitations and propose directions for future research.
One of the limitations that can be raised is related to the use of two-items factors, as is the case of
the subdimensions corresponding to Steps 1 and 2, and some of the proposed potential actions (Public and
Private actions). Although two-item factors are considered acceptable when the items are highly correlated
(r>.70; Yong & Pearce, 2013), some correlations in Study 1, such as Step 2 (r =.64) and Private actions (r
= .68), were slightly below this threshold. However, in Study 2, these correlations exceeded the
recommended value, strengthening the reliability of these factors. Moreover, a factor with two items is
acceptable when there are strong theoretical and practical reasons, particularly given the multifactorial
nature of our scale. Indeed, as our scale has several dimensions (a total of 26 items), keeping it as short as
possible helps to reduce participant fatigue, frustration and boredom, and increases its usability, especially
when used alongside other scales in longer surveys that can contribute to participants’ withdrawal.
Another potential limitation concerns the reliance on self-reported intentions rather than actual
helping behaviours as the final step in the bystander intervention model. Measuring real behaviours is
more challenging but would provide more direct evidence of the model's application. Nonetheless, based
on the Theory of Planned Behaviour (Ajzen, 2020), intentions are a strong and reliable predictor of future
behaviour. Future studies should aim to measure actual behaviours, such as providing participants with an
opportunity to report hate speech in a real or simulated online environment during the experiment.
Moreover, the influence of social desirability bias, particularly in responses related to prosocial
intentions and actions, could be considered in future studies. This bias might lead participants to
overreport socially desirable behaviours or underreport undesirable ones, especially given the
sensitivity of the topic of online hate speech. Thus, to further strengthen future applications of the scale,
research could incorporate methods to control for social desirability.
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Future research could also explore how individual differences in internet usage goals (e.g.,
entertainment vs. news consumption) and exposure to online hate speech influence participants'
responses. Perceptions of the prevalence of online hate speech may vary significantly based on internet
usage profiles, including usage patterns, frequency, and primary goals. Investigating these differences by
incorporating detailed measures—such as platforms frequented, types of interactions, hours spent
online daily, and usage goals (e.g., entertainment, professional networking, or information seeking)—
could offer valuable insights. This approach would provide a more nuanced understanding of how
exposure to online hate speech interacts with individual characteristics to shape bystander intervention
behaviours.

It is also important to note that in the items related to the Implement Intervention stage (Step 5), we
included references to national institutions (e.g., police, governmental organizations) that play a role in
responding to online hate speech. These references were included to reflect culturally relevant
mechanisms for addressing hate speech. While these items were carefully designed, they were not
pretested to assess participants' associations with these institutions. Future research could explore
whether participants accurately associate these institutions with their intended roles in addressing hate
speech, ensuring that responses reflect genuine beliefs rather than potential misunderstandings.

Finally, although we included a range of relevant and common actions in our scale, there are
undoubtedly other potential bystander actions that were not captured. Future studies could expand the
range of actions studied, ensuring the model's comprehensiveness and adaptability to diverse contexts.

Theoretical and empirical implications

The theoretical framework of the bystander effect and the bystander intervention model has been applied
to a wide range of contexts, beyond the original focus on emergency situations. Namely, in the context of
bullying (e.g., Nickerson et al,, 2014), sexual assault or sexual violence (e.g., Bennett et al., 2014; Kettrey &
Marx, 2020), helping behaviour towards refugees (Albayrak-Aydemir & Gleibs, 2021), computer-mediated
communication (Markey, 2000), cyberbullying (e.g., You & Lee, 2019), and Islamophobic online hate speech
(Obermaier etal., 2021). Although the sequential process proposed by the model was not assessed in some
of these studies, the widespread application of the bystander intervention model underscores its relevance
and adaptability across diverse contexts.

In the present research, we explored another critical context: online hate speech targeting
immigrants. Our findings provide empirical support for the theoretical framework of the bystander
intervention model within this specific domain. More importantly, we have developed a new instrument
that has the potential to serve as a valuable tool for future research in this area. While the proposed scale
was specifically designed to address online hate speech directed at immigrants, it has broader applicability.
The scale can be easily adapted to study online hate speech targeting other socially vulnerable or minority
groups, as the targets of hate vary widely. This flexibility makes the instrument a promising contribution
to advancing research on bystander intervention across different forms of discrimination and online hate
speech.

Concluding remarks

Our work is the first attempt, as far as we know, to apply the sequential process of bystander intervention
model (Latané & Darley, 1969) to online hate speech towards immigrants. Specifically, we developed a new
measurement to assess this process, incorporating five distinct types of potentially helping behaviours in
response to online hate speech. By doing so, our work not only advances research on the bystander effect
and bystander intervention but also makes a significant contribution to understanding the processes
underlying the perpetuation and normalization of hate toward socially vulnerable or minority groups in
digital spaces. Importantly, we provide researchers with a new, theory-based tool to investigate these
processes, enabling a deeper exploration of how online hate speech can be challenged and mitigated in a
context where it is frequently propagated and socially tolerated.
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