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Abstract

Movements such as #MeToo have shown how an online trend can become the vehicle for collectively sharing personal
experiences of sexual victimisation that often remains unreported to the criminal justice system. These social media trends
offer new opportunities to social scientists who investigate complex phenomena that, despite existing since time imme-
morial, are still taboo and difficult to access. They also bring technical difficulties, as the challenge to identify reports of
victimisation, and new questions about the characteristic of the events, the role that victimisation testimonies play and the
capacity to detect them by analysing their characteristics. To address these issues, we collected 91,501 tweets under the
hashtag #MeToolnceste, posted from the 20 to 27 January 2021. A model was fitted using Latent Dirichlet Allocation that
detected 1688 tweets disclosing experiences of child sexual abuse, with an accuracy of 91.3% [+3%] and a recall of 93.1%
[+5%]. We performed Conjunctive Analysis of Case Configurations on the tweets identified as disclosures of victimisation
and found that long tweets posted by users with small accounts, without URL or picture, were more likely to be related to
disclosure of child sexual abuse. We discuss the possibilities of these trends and techniques offer for research and practice.

Keywords Social media - Dark figure of crime - Cyber-reporting - Child sexual abuse - Victimisation

1 Introduction

In January 2021, a trend emerged in France on the social net-
work Twitter under the hashtag #MeToolnceste. This trend
occurred after the well-known French political scientist and
TV commentator—Olivier Duhamel—was accused of sexu-
ally abusing his adolescent 14-year-old stepson for approxi-
mately 2 to 3 years. The accusation came from Kouchner
(2021), the sister of the supposed victim, who published
a book called “La familia grande”, in which she mentions
these acts. From this moment, there was an avalanche of
tweets with the hashtag #MeToolnceste, in which many
victims of child sexual abuse disclosed online victimisation
they had endured during childhood and adolescence (Méheut
2021). The hashtag was amongst the top trending topics on
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twitter for 3 days, and during its 4 days of activity, it reached
a total of 91,501 tweets. In the context of #MeToolnceste,
it was argued that the reason where the victims were report-
ing their experiences was to inspire others to break their
silence, to be recognised by society as victims, and to seek
catharsis through the revelations. Nonetheless, the move-
ment also received criticism, namely the risks of falsely
accusing someone in the public arena, as well as the pos-
sible negative or traumatic consequences for other victims
of child sexual abuse who have not yet reported and who
might be in a vulnerable position (Radio Télévision Suisse
2021; Watson.ch 2021).

In recent decades, society has made a notable transition
from the physical world to cyberspace (Lupton 2015; Twenge
et al. 2019 ), as evidenced by these online social movements
(Fileborn 2022). In this sense, the internet has become a
new public sphere (Papacharissi 2002) and societal debate
no longer occurs in the agora but on social media platforms
such as Twitter. The online discussions about sexual victimi-
sation which followed the revelations of Kouchner are not
an isolated event but the continuation of a trend of online
mass disclosures from survivors of sexual harassment, abuse
or assault which was originally started by Tarana Burke in
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2007 with the popular #MeToo, relaunched in October 2017
by actress Alyssa Milano vis-a-vis the allegations of sexual
assault against Hollywood producer Harvey Weinstein (The
Guardian 2017). Other related events were, for instance, the
Canadian #AggressionNonDénoncée in 2014, the French
#BalanceTonPorc (the equivalent to the #MeToo movement)
and the worldwide #MeTooGay (Huffington Post 2021). The
hashtag #MeToolnceste has notable similarities with these
trends, but its national character, its clear trigger and the
particularity of dealing with a crime with such a dark figure
make it a particularly relevant object of analysis. This is due
to the vulnerability of the victims—underaged individuals in
most cases—the social condemnation of such kinds of crimes
(Jahnke et al. 2015), as well as the underreporting of child
sexual abuse (Chandran et al. 2020).

Given this context, this article addresses this novel trend
of child sexual abuse reporting on social media, and Our aim
is two-fold. First, to test whether it is possible to identify
with automated techniques of the disclosures of experiences
of child sexual abuse amongst the trend #MeToolnceste.
Second, to identify patterns amongst the posts that disclose
child sexual abuse. In our view, both the identification of
tweets and of patterns are relevant to better inform victim
detection policies that can increase victims’ support as well
as to decrease the dark figure of child sexual abuse.

In the following sections, we first review the existing
studies that have addressed the topic; then, we present the
methodology—based on Latent Dirichlet Allocation (LDA)
and Conjunctive Analysis of Case Configurations (CACC)—
that we used for detecting and analysing the tweets belong-
ing to #MeToolnceste. Third, we illustrate our findings,
namely the classification algorithm that we constructed
and the combinations of metadata that are most frequently
associated with tweets disclosing victimisation experiences,
which will allow us to observe the role that these testimonies
play within the trend towards This issue will be addressed
using, as far as possible, the metadata of the tweets and with-
out quoting any of the tweets, due to the ethical implications
of this kind of data (Ayers et al. 2018; Fiesler and Proferes
2018), especially in research dealing with such a sensitive
topic as child sexual abuse. We conclude by discussing the
implications of our results regarding research on social
media of child sexual abuse disclosure and other victimisa-
tion experiences, as well as the possibilities for intervention
that these kinds of techniques offer.

2 Child sexual abuse and its traditionally
high dark figure

In the context of #MeToolnceste, social media users dis-
cussed child sexual abuse as a synonym of incest. Nonethe-
less, nuances should be drawn on these two terms because
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they do not possess the same meaning. On one hand, incest
refers to both consensual and non-consensual sexual inter-
course between close blood relatives (Kar and Swain 2020).
Therefore, sexual intercourse between two siblings who are
both adults is qualified as incest. On the other hand, child
sexual abuse is defined as “the involvement of a child in
sexual activity that he or she does not fully comprehend, is
unable to give informed consent to, or for which the child
is not developmentally prepared and cannot give consent,
or that violates the laws or social taboos of society” (WHO
2003: 75). In this sense, child sexual abuse within the fam-
ily would be qualified as non-voluntary incest with a child
belonging to the family. Therefore, the movement Me too
incest refers to the latter definition of incest when it is non-
voluntary and committed with a child belonging to the per-
petrator’s family. Although they are different concepts, as
illustrated above, we use herein incest when referring to the
hashtag.

In general, sexual crimes have a high dark figure, but
child sexual abuse dark figure is especially high, being one
of the offences with the highest dark figure due to the many
barriers to reporting that victims face (Alaggia et al. 2019;
Pereda et al. 2016, 2018). Consequently, disclosure often
happens during adulthood, in many cases when the offence
has already legally expired (Alaggia et al. 2019; Bennett
and O’Donohue 2014; Kennedy and Prock 2018; Mojallal
et al. 2021; Cyr et al. 2002; Ohlert et al. 2017; Giglio et al.
2011; Ullman 2007; Vollman 2021; WHO 2003; Zalcberg
2017). Furthermore, when the perpetrator of sexual abuse
is a family member, the victims report later, the abuse is
likely to be more severe than that suffered by acquaintances
or strangers, and it is likely that the incest begins much ear-
lier but lasts longer (Ullman 2007). Moreover, during adult-
hood, survivors of incest face new challenges and dilem-
mas, such as to whom, when and how to report after so
much time has passed (Tener and Murphy 2015). In gen-
eral, the consequences for victims of child sexual abuse are
extensive and they manifest higher risk of suffering mental
health problems later in life (see reviews by Hillberg et al.
2011; Ohlert et al. 2017; Wolf and Pruitt 2019). Moreover,
Pereda and Gallardo-Pujol (2011) found that victims of child
sexual abuse even suffer neurobiological alterations which
have a long-term negative impact both in childhood and in
adulthood.

Despite the dark figure of the phenomenon, the known
prevalence of child sexual abuse is not insignificant. Pereda
et al. (2009) carried out a meta-analysis on the prevalence of
child sexual abuse (N=65) and found that overall, in many
continents, the mean prevalence of child sexual abuse in
men was around 7% and 19% in women. The highest preva-
lence was reported in Africa (34%) and the lowest in Europe
(9%). One contemporary French study contradicts the ear-
lier finding and notes that 10% of French people have been
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victims of child sexual abuse at least once in their lives;
although this later study employs a broad definition of incest,
including behaviours such as inappropriate touching, exhi-
bitionism or being exposed to sexual secrets, as well as rape
(IPSOS 2020). French police data on sexual child abuse
indicate that in 2016, there were 13 suspected offenders per
100,000 inhabitants (Aebi et al. 2021)—the third-highest
rate of offenders amongst the member countries of the Coun-
cil of Europe—which remains relatively consistent at the
conviction stage. Amongst the people convicted of sexual
abuse of a minor, 31.5% were other underage individuals.
In brief, in spite of the efforts of public authorities to
encourage victims to report child sexual abuse, there is a
large dark figure and relatively high prevalence. These two
characteristics seem inherent and unchanged over time,
partly due to the highly sensitive nature of the offence, its
family settings, the vulnerability of the victims, as well as
the imbalance of power between victims and perpetrators.

3 Online disclousure of sexual victimisation

Research on the reporting of child sexual abuse through
social media is rather scarce, with the noteworthy recent
exceptions of Alaggia, et al. (2019), Lusky-Weisrose et al.
(2022), Vollman (2021) and Idoiaga Mondragon et al.
(2002). Alaggia et al. (2019) reviewed the research (N=33)
on the facilitators and barriers of child sexual abuse disclo-
sure, finding that barriers—shame, self-blame and fear—
were more prevalently researched than facilitators. Interest-
ingly, disclosure was found to be more likely to occur within
a dialogical context activated by discussions about abuse
or prevention forums providing information about sexual
abuse. Lusky-Weisrose et al. (2022) studied disclosure of
child sexual abuse that was committed by officials belonging
to the Ultraorthodox Jewish Community in Israel. Through
an analysis of Facebook posts, they were identified the fac-
tors that enabled survivors to overcome cultural barriers and
disclose their experiences. In particular, their motives were
related to seeking emotional and practical advice, reveng-
ing themselves by shaming their perpetrators, the desire for
empowerment, preventing the perpetrators of committing
further abuse, as well as the desire to promote change in
their community by spreading awareness and knowledge.
Conversely, the barriers that rendered difficult their disclo-
sure were shame, uncertainty about the occurrence of the
abuse, fear of social critiques, fear of triggering other sur-
vivors with their post, the taboo nature of sex ‘and prohibi-
tions against reporting to secular authorities, speaking ill of
a fellow Jew, degrading a rabbi, and the very use of social
media’ (Lusky-Weisrose et al. 2022, p. 11). Vollman (2021)
conducted an qualitative study about the testimonies of
men that have been victims of both intra- and extra-familiar

sexual abuse in childhood. The scholar collected the con-
tent of English-speaking websites from 2018 by hand and
analysed them through content analysis. The author sug-
gested that the victims posted their abuse on the internet
in order to find peace, as well as to regain control of their
lives in adulthood. This research also suggests that under
the original, #MeToo posts have served a variety of pur-
poses such as (1) disclosure of victimisation, (2) expressions
of solidarity with the victims, (3) criticism of the #MeToo
movement, (4) impersonal information and (5) expression
of an opinion about the topic. In link to our study, Idoiaga
Mondragon et al. (2002) used a lexical clustering system
implemented in the Iramuteq software to extract the topics
from more than 27,000 tweets with the hashtag #MeToo-
Inceste in order to classify them and highlight the manner
in which the hashtag offered to the victims a space to dis-
close their experiences and to find support. The researchers
found that the different tweets could be classified into five
classes, i.e.: (i) Public incest scandals—references to the
scandal (see Sect. 1) that originated the hashtag—(22.78%
of the tweets), (ii) The horror of the victims—disclosure of
past experiences of child sexual abuse—(13.33%), (iii) Call
for change in child protection policies (21.11%), (iv) The
#MeToolnceste tsunami on Twitter—tweets that discussed
the success of the hashtag—(22.22%) and (v) Breaking the
silence (20.56%)—tweets about the importance of breaking
the silence in regards to child sexual victimisation.

On the other hand, disclosure of sexual victimisation has
been extensively studied on adult samples. These studies dem-
onstrate that social networks are operating as a new context
for movements that are based on the reporting of traditionally
neglected victimisations and that provide victims with new
opportunities to make their experiences public. It is neverthe-
less to note that child sexual abuse and adult sexual abuse are
phenomena of a different nature, and the victim’s motivations
for disclosure are not necessarily similar. Hence, their mani-
festation in social media may have notable differences. Nev-
ertheless, the studies conducted on adult sexual victimisation
can shed light on methods and patterns as well as the social
responses of other Twitter users. Many studies focussed on
the original Me too movement, framing their analyses on the
first months of the reappearance of this trend, between 2017
and 2018 (Bogen et al. 2019; Briinker et al. 2020; Hosterman
et al. 2018; Khatua et al. 2018; Li et al. 2020; Manikonda et al.
2018; Schneider and Carpenter 2019; Suk et al. 2021; Xiong
et al. 2019). An interesting phenomenon highlighted by Clark-
Gordon et al. (2019) is the disinhibition effect encouraged
by the internet. In other words, the authors found that, when
anonymous individuals communicate in a bolder manner on
the internet, through their meta-analysis on the self-disclosure
as a form of ‘benign disinhibition’, they found that anonymity
was positively correlated with self-disclosure. Nevertheless,
results must be interpreted cautiously since the effect was
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heterogeneous, suggesting that moderating variables could
influence the outcomes (Clark-Gordon et al. 2019). In addi-
tion, Bogen et al. (2019) studied the manner in which Twit-
ter users mobilised the hashtag #MeToo when disclosing and
responding to sexual violence (N= 1660 tweets). Survivors of
sexual violence disclosed the identity of who had assaulted
them, what and how it happened, as well as details regarding
the moment and place of the attack. Moreover, other tweets
discussed the prevalence of violence in society, namely, vio-
lence against women. Bogen et al. (2019) argued that Twit-
ter was a space where victims of trauma could connect with
others—yvictims and non-victims—to find and offer support.

4 Research questions

As noted above, scholars have discovered useful methods for
the detection of victimisation disclosed on social networks
and for their analysis. It seems nevertheless still necessary
to extend these techniques to the disclosure of child sexual
abuse victimisation and analyse the role these testimonies
play within the trend #MeToolnceste. The research questions
of our study are the following:

Q. 1. What are the characteristics of the trend #MeToo-
Inceste? L.e. timeline and concentration of retweets per
tweet and tweets per user.

Q. 2. Is LDA a useful technique to detect tweets dis-
closing experiences of child sexual victimisation
within the trend #MeToolnceste?

Q. 3. How many testimonies of victimisation there are
into the trend?

Q. 4. What are the characteristics, in terms of meta-
data, of the tweets disclosing child sexual victimisa-
tion?

5 Data and methods

For this study, we collected 91,501 tweets containing the
hashtag #MeToolnceste, published from the beginning of
the trend, on 14 January 2021 until 20 January 2021. This
section addresses the method followed for our data collec-
tion, processing and analysis, namely fopic modelling, model
validation and conjunctive analysis of case configurations.

5.1 Data collection and processing

We collected the tweets under the hashtag #MeToolnceste
on 20 January 2021, using R software (v. 3.6.1) (R-Core-
Team 2021) and the rtweet package (v. 0.7) (Kearney 2019).
In total, 91,501 tweets were collected that were published
between 16 and 20 January 2021 (Fig. 1), of which 10,011

@ Springer

are original tweets—content created by Twitter users—and
the remaining 81,490 are retweets.

We generated a corpus of documents as a preliminary step
to filtering—excluding stop words—and tokenise it (Silge
and Robinson 2016). After this procedure, a document-term
matrix (DTM) was generated. The values of the matrix used
in this particular case are the frequency of each term within
the document (Silge and Robinson 2017).

5.2 Topic modelling

In order to detect the tweets that disclose experiences of
child sexual abuse, we applied topic modelling, a technique
commonly used in text mining and natural language process-
ing for unsupervised text classification (Kang et al. 2020;
Watanabe and Zhou 2020), which has proven to be a use-
ful methodology for the classification of posts published on
social networks (Li et al. 2020). In essence, a topic model is
a “generative model which provides a probabilistic frame-
work for the term frequency occurrences in documents in a
given corpus” (Gruen and Hornik 2011: 1).

Amongst the different approaches to topic modelling, the
models based on Latent Dirichlet Allocation (LDA) stand
out (Blei et al. 2010, 2003). LDA assumes that a topic is
composed of an aggregate of terms and probabilistically
relates certain terms with certain topics and, in turn, certain
documents with certain topics. Consequently, this method
allows algorithmic identification of topics within a collec-
tion of documents based on the terms that compose each
document (Ghosh and Guha 2013). LDA calculates the prob-
ability that a term belongs to a topic—probability denoted
as p—as well as the probability that a document belongs to
a topic, and a value that is estimated by the proportion of
terms in the document that belongs to each topic—gamma
)—

Following the recommendations of Gruen and Hornik
(2011), we applied, on our previously constructed DTM,
a fitted LDA model using Gibbs Sampling algorithms with
500 iterations (Griffiths and Steyvers 2004). It should be
noted that the number of topics used by the model is a
parameter that must be entered by the researcher and does
not have a predefined value in the implementation performed
by Gruen and Hornik (2011). Therefore, in our case, in
order to determine the number of subjects (k) used, mod-
els with 2, 3, 4, 5 and 6 subjects were trained. The model
finally selected used k=4 because, for the selection of the
best parameter, the 15 terms to which the model assigned
the highest f for each topic pointed towards k=4, which
assigned to one of the topics—specifically topic 3—a series
of terms (verbs formulated in the first person, possessive
pronouns, etc.) that suggested that this topic was related to
the disclosure of child sexual abuse cases. We are nonethe-
less aware that the usual method for selecting the value of &
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that best fits the corpus typically uses the perplexity of each
model as a criterion (Ghosh and Guha 2013); however, we
have opted for this selection method based on expert criteria
since, in our view, it was the most suitable for our aim of
detecting the disclosure of child sexual abuse.

5.3 Model validation and exploration
of the differences between categories

The model determined fopic 3 as the largest—in terms of
higher y—with regard to reports of cases of child sexual
abuse, specifically in 2350 tweets. However, in some of these
documents, the value of y assigned to the different topics
was very close, so a value of y equal to or greater than 0.3 in
topic 3 was set to assign the tweets related to this topic. This
new adjustment was made in order to improve the model’s
ability to detect tweets reporting cases of child sexual abuse
endured by the user or by people close to him or her.

As a result, we identified 1688 tweets referring to dis-
closure of child sexual abuse. In order to determine the
validity of the prediction made by the model, two samples

Q R § & Q
& & & § &
N

. Tweets
. Retweets

were constructed by simple random sampling, one drawn
from those tweets that the model had identified as child
sexual abuse disclosure and the other from the tweets that
had not been identified as such. The first sample aimed to
estimate the accuracy of the model—proportion of “true
positives”—for which a sample of n =655 was drawn (confi-
dence level =95%, margin of error= +3% and p=0.5). The
second sample was drawn to determine recall—the propor-
tion of true negatives—and its size was n =364 (confidence
level =95%, margin of error= +5% and p=0.5). Both
samples were manually reviewed by two of the researchers
to determine how many of the documents identified by the
model as disclosure actually contained disclosure of child
sexual abuse—suffered in the first person or by a family
member—as well as how many documents not identified as
disclosure did in fact disclose experiences of child sexual
abuse.!

! There were no discrepancies between both reviewers.
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Table 1 Variables encoding

Favourites Retweet Followers Photo URL Verified Days Text size

Low [0, 421] Low 0 Very small [0, 33] No No No 1 Small [13, 102]
Medium (421, 3373] Low 0 Small (33, 246] Yes Yes  Yes 2 Medium (102, 179]
High (3373, 14491] Medium (0, 2] Medium (246, 1091] 3 Long (179, 255]
Very high (14491, 731763] High (2,3774] Big (1091, 9128715] 4 Very long (255, 280]

5.4 Conjunctive analysis of case configurations

Once the model had been validated, we explored the meta-
data associated with tweets classified as disclosure with the
aim of finding the characteristics and role of these. For this
purpose, we analysed the data related to the tweets them-
selves, which previous research highlighted as relevant for
the analysis of posts published on social networks, these
being (1) number of retweets, (2) number of favourites, (3)
time of publication and (4) whether or not the tweet has
images or URLs (Mir6-Llinares, et al. 2018; Nesi et al.
2018; Peng et al. 2011; Pezzoni et al. 2013; Zaman et al.
2014), as well as metadata related to the account that posted
the tweet—(1) verified account status and (2) number of
followers.

For this purpose and given the heterogeneity of the vari-
ables, we used Conjunctive Analysis of Case Configura-
tions (CACC), an exploratory data analysis technique that
allows the identification of complex relationships between
the attributes of variables that are related to a specific out-
come (Moneva et al. 2020). Since its inception (Miethe et al.
2008), the CACC has been successfully used on multiple
occasions within the field of criminology, allowing research-
ers to unravel complex causal relationships in diverse
domains, such as fear of crime (Hart 2017) or criminogenic
microenvironments (Hart and Miethe 2015).

The CACC, as a case-oriented technique based on con-
figurational thinking (Hart 2020), allows us to analyse the
combinations between attributes of the variables that make
up the most common profiles and that are most frequently
associated with the dependent variable (Hart and Moneva
2018), the latter being, in our case, the disclosure of child
sexual abuse. To perform the CACC, we transformed the
different variables, where necessary, into ordinal variables,
and divided the continuous variables into quartiles (as rec-
ommended by Miethe et al. 2008). Table 1 illustrates the
encoding of the variables retained in our model. Once the
variables had been adapted to the CACC requirements, we
transformed the database into a truth table, in which the
columns represent the different predictor variables, as well
as the number of times a particular case configuration is
observed in the database, and the probability of each con-
figuration resulting in the outcome that is being analysed
(Moneva et al. 2020). This table allows assessing which
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specific case configurations are most frequently associ-
ated with, in our case, the presence of disclosure of child
sexual abuse in the tweet and which case configurations are
dominant. Per recommendation of Hart (2020), we consider
dominant case configurations of those that are observed 10
or more times.

6 Results
6.1 #MeToolnceste’s evolution

Figure 1 shows the evolution of the trend #MeToolnceste
from 16 January 2021. The hashtag started to be active on
the morning of 16 January and remained active for five days
(16, 17, 18, 19 and 2 January), with scarce activity on the
20 January. Each day, the wave of tweets grew rapidly in
the morning and, after remaining active throughout the day,
decreased at night until it reached its lowest point of activ-
ity at 3:00 a.m. Central European Time (CET). After this
moment, the number of users participating in the trend and
the number of tweets that refer to the hashtag started to grow
again, and a new wave began the following morning.

Table 2 shows the distribution of tweets during the obser-
vation period. On the first day, 12,890 users participated in
the hashtag with 27,008 tweets, of which 14% were original
tweets—content contributions made by a user—and the rest
retweets. On the second day, participation in the hashtag
increased regarding both the number of users and tweets
under the hashtag #MeToolnceste; however, the percentage
of original tweets out of the total number of tweets dropped
to 10% when compared to the first day. In addition, during
the second day, the number of verified accounts that par-
ticipated in the trend also grew and the accounts that posted
original tweets had more followers than those participating
on the first day. These two characteristics—the increment in
verified accounts and the participation of users with more
followers—suggest that during the second day the hashtag
managed to attract more attention from influential person-
alities and organisations. On days 3 and 4, the hashtag lost
strength both in number of users and volume of tweets, with
only 9055 new tweets being posted on the fourth day, only
18% of them original tweets. This percentage, which is much
higher than the previous days, indicates that there was still
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Table 2 Descriptive statistics

Nb users Ne tweets Nb Followers mean Followers sd Fol- Followers iqr
across the days verified lowers
accounts median
Day 1
Tweet original 2397 3234 52 7843.9 117,991 212 819.25
Retweet 10,493 23,774 115 1421.09 12,537.1 332 860
Day 2
Tweet original 2585 3481 81 19,493 275,706 272 1107
Retweet 17,492 34,236 169 1380 16,922.3 290 738
Day 3
Tweet original 1421 1920 92 30,500 294,856 284 1492.5
Retweet 10,959 15,801 112 1871 28,214.1 289 827
Day 4
Tweet original 1035 1376 72 28,550 227,334 220 1217.5
Retweet 5565 7679 87 2589 40,399.5 246 755
Table 3 Retweet per tweet distribution
Days  Number of original tweets with retweets
=0 >1 >5 >10 >50 > 100 >200 > 1000
1 1777 54.95% 1457 45.05% 470 14.53% 341 10.54% 128 396% 83 257% 53 1.64% 11 0.34%
2 2007 57.66% 1474 42.34% 391 11.23% 226 6.49% 56 1.61% 33 095% 18 052% 2 0.06%
3 1083  56.41% 837 43.59% 217  11.30% 139  7.24% 33 1.72% 18 094% 6 031% 1 0.05%
4 873 63.44% 503 36.56% 102 7.41% 54 3.92% 8 0.58% 3 022% 3 022% O 0.00%

a relevant number of users associating their tweets with the
hashtag; however, the diffusion of the hashtag is already
much lower as the number of retweets associated with the
hashtag decreased significantly.

Additionally, this evolution in the ratio of original tweets
to retweets can also be observed in the different metrics
relating to the number of retweets which each tweet receives.
For instance, on day 4, 63% of the tweets published and
received no retweets, a significantly higher percentage than
on previous days—see Table 3. In fact, if we look at the dis-
tribution of the number of retweets received by each tweet,
we can see that on the first day, there is greater horizontality,
with the number of retweets per tweet being less concen-
trated around the mode, and that this decreases as the days
go by—see Fig. 2.

6.2 LDA results

The LDA model showed that theme 3, which was identified
as corresponding to child sexual abuse cases, was the main
theme in 2350 tweets, of which 1688 had a gamma value
assigned to theme 3 that was greater than 0.3. The sample
(c.1.=95%, e= +3%) constructed to test the reliability of

the model showed that only 57 tweets had been misclassi-
fied,> which allows us to infer that the model—with 95%
confidence—has an accuracy of 91.3% [+3%]. On the other
hand, the sample checking (n.c.=95%, e= +5%) we used
to identify the number of false and true negatives shows that
the model has a recall of 93.1% [+ 5%].

The precision and recall values suggest that the model
is useful for the detection of tweets that disclose cases of
incest. In fact, it allows us to state, with a degree of caution,
that there were around 1600 tweets reporting cases of child
sexual abuse during the period of activity of the hashtag.
Furthermore, these tweets were posted by 1350 different
users. Of course, we do not have the capacity to verify the
truthfulness of these testimonies, but this is not the purpose
of this research.

6.3 Conjunctive analysis of case configurations

Given the variables we used and their coding, 6144 theo-
retical possible case configurations can be generated with
our data; however, our whole dataset is based on 1772 case

2 The errors come mainly (73.21%) from the presence in the tweets
of first-person testimonies referring to the subject’s childhood, or
from first-person descriptions of the emotional reaction to the other
testimonies of the hashtag.
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Fig.2 Retweets per tweet frequency

configurations, roughly 28% of the theoretical configura-
tions. Moreover, by transforming our data into a truth table,
we have been able to detect 271 dominant case configura-
tions (15.3% of the observed case configurations), which
account for 57.6% of our data. Consequently, we can affirm
that our variables have the capacity to "cluster" the data
(X2 =2531.19, df=270, p <2.2204e—16). However, accord-
ing to the Situational Clustering Index (Hart 2020), the mag-
nitude of clustering generated around the dominant profiles
(SCI=0.32) is moderate. Each of the dominant case con-
figurations has a probability that relates it to a certain value
of the dependent variable, in our case the probability that
the case configuration is associated with tweets containing
disclosure of child sexual abuse—P(D). Following Hart and
Moneva (2018), we can take as "typical situational profiles"
those case configurations that are two standard deviations
above the mean of the probability that the tweet contains
disclosure (therefore, we will consider typical situational
profiles those with a P(D) greater than 56.1%).

As Table 4 shows, there are 25 case configurations
strongly associated with disclosure of child sexual abuse.

@ Springer

Data: Tweets with at least 1 retweet.
Data smoothed with adjust = 5

The first notable characteristic of these case configurations
is that they all come from: unverified accounts and tweets
without photos nor URLSs. In 92% of the cases, the tweets
are qualified as either "long"—(179:255]—or "very long"—
(255:304]. Furthermore, it should be noted that 68% of the
profiles correspond to very small accounts (less than 34 fol-
lowers), which, added to the small accounts—{34:246)—
represent 92% of the cases. The frequency of profiles in
which we find small or very small account sizes is particu-
larly relevant, considering that in 23 of the 25 profiles, the
variable number of retweets is medium—(0:2)—or high
(2:3774).

The two profiles that are most strongly associated with the
disclosure of child sexual abuse correspond to long tweets,
without URLs, without photos, posted on day 1, coming
from unverified, small or medium-sized accounts that get a
high number of retweets and a medium or large number of
favourites. In particular, the profile in which the accounts
are small gets a medium number of retweets and the profile
in which the accounts are medium-sized gets a large number
of favourites.
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Table 4 Dominant case

. Favourites Retweet Followers  Photo URLs Verified Days Textsize N_Break p
configurations
High High Small No No No 1 Very long 17 0.94
Medium High Very small  No No No 1 Very long 11 0.91
Low High Very small  No No No 3 Very long 14 0.86
Low Medium  Very small No No No 2 Very long 35 0.83
Low High Very small  No No No 2 Long 22 0.82
Low Medium Very small No No No 1 Very long 20 0.80
Low Medium Very small No No No 3 Very long 62 0.77
Low Medium  Very small No No No 4 Very long 34 0.76
Low High Very small  No No No 1 Long 20 0.75
Low Medium  Very small No No No 2 Long 34 0.74
Low High Very small  No No No 2 Very long 25 0.72
Medium High Small No No No 1 Very long 10 0.70
Low High Very small  No No No 1 Medium 10 0.70
Medium High Very small  No No No 1 Long 12 0.67
Low High Very small  No No No 1 Very long 32 0.66
Low Medium  Very small No No No 3 Long 31 0.65
Very high  High Medium No No No 1 Very long 14 0.64
Low Medium  Very small No No No 3 Medium 11 0.64
Very high  Medium  Small No No No 1 Very long 13 0.62
High Medium  Small No No No 2 Very long 18 0.61
High High Big No No No 1 Very long 10 0.60
Low Medium  Small No No No 2 Long 10 0.60
Low Low Very small No No No 3 Very long 72 0.60
High Medium  Small No No No 2 Long 17 0.59
Low Low Very small  No No No 4 Very long 65 0.58

Despite what these two profiles suggest, the number of
favourites tends to be low amongst the different profiles
and seems to depend primarily on the size of the account.
For instance, profiles 17 and 21 are identical to profile 1 in
almost all variables except account size and the number of
favourites the tweet gets, with larger accounts getting more
favourites. Thus, the most common configuration amongst
these profiles is that they (1) are small accounts which
regardless of the day, (2) get a high number of retweets and
(3) a low number of favourites, (4) publish a long or very
long tweet, (5) do not contain a photo and (6) do not contain
URLs.

This trend is also corroborated by checking the data from
the opposite perspective, i.e. looking at the dominant case
configurations that are less likely to contain tweets report-
ing child sexual abuse, as in Table 5. There are 86 dominant
case configurations in which the tweet does not contain a
disclosure of child sexual abuse. There is still a relationship
between the size of the account and the number of favour-
ites, although the most frequent value of this variable is very
high, but the cases in which the number of retweets is low
are the most frequent, and many of them are associated with
large accounts and tweets with many favourites. In addition,
we now find that photos or URLSs are present in the tweets.

7 Discussion

Borrowing Grabosky’s (2001) metaphor "Old wine in new
bottles", referring to the use of the internet for the perpetra-
tion of traditional crimes—e.g. fraud—we state that, in the
context of the #MeToolnceste movement, old crimes are
reported in new bottles. Through the manuscript, we dem-
onstrated, complementing previous research (Idoiaga Mon-
dragon et al. 2002) on the #MeToolnceste phenomenon, the
possibility of identifying the disclosure of childhood sexual
abuse victimisation with content analysis techniques, spe-
cifically topic modelling through LDA, achieving results
that are consistent. It is nevertheless to note that our study
detected a slightly higher number of tweets containing dis-
closure of victimisation (16% vs 13% found by Idoiaga Mon-
dragon et al. (2002)), but this is inside our margin of error of
3%. Furthermore, it is to note that the studies take slightly
different time frames (the present study takes the first 2 days
and the following 3 days). The emergence of the online trend
#MeToolnceste seemed to have been a facilitator for disclos-
ing the child sexual abuse experiences, which is consistent
with former findings that disclosure is activated by discus-
sions about abuse (Alaggia et al. 2019). From a criminol-
ogy perspective, the internet is a prolific space not only for
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Table 5 Top 10 bigger
dominant case configurations

Favourites Retweet  Followers

Photo Urls Verified Days Textsize N_Break p

with p=0 High High Small
Medium High Very small
Low High Very small
Low Medium  Very small
Low High Very small
Low Medium  Very small
Low Medium  Very small
Low Medium  Very small
Low High Very small
Low Medium  Very small
Low High Very small
Medium High Small
Low High Very small
Medium High Very small
Low High Very small
Low Medium  Very small
Very high  High Medium
Low Medium  Very small
Very high  Medium  Small
High Medium  Small
High High Big
Low Medium  Small
Low Low Very small
High Medium  Small
Low Low Very small

No No No 1 Very long 17 0.94
No No No 1 Very long 11 0.91
No No No 3 Very long 14 0.86
No No No 2 Very long 35 0.83
No No No 2 Long 22 0.82
No No No 1 Very long 20 0.80
No No No 3 Very long 62 0.77
No No No 4 Very long 34 0.76
No No No 1 Long 20 0.75
No No No 2 Long 34 0.74
No No No 2 Very long 25 0.72
No No No 1 Very long 10 0.70
No No No 1 Medium 10 0.70
No No No 1 Long 12 0.67
No No No 1 Very long 32 0.66
No No No 3 Long 31 0.65
No No No 1 Very long 14 0.64
No No No 3 Medium 11 0.64
No No No 1 Very long 13 0.62
No No No 2 Very long 18 0.61
No No No 1 Very long 10 0.60
No No No 2 Long 10 0.60
No No No 3 Very long 72 0.60
No No No 2 Long 17 0.59
No No No 4 Very long 65 0.58

crime commission, but also for building a community that
supports victims who disclose traumatic experiences such
as child sexual abuse.

As a short-lived event—Ilimited to its own nature as a
hashtag—#MeToolnceste concentrates in an ephemeral
place on the internet, especially during its first 3 days, a
debate on child sexual abuse that is not evenly distributed
throughout the social network or over time. Findings sug-
gest that the hashtag was mainly linked to smaller accounts
during the first day of activity. During the second day, the
hashtag gained in activity, mainly due to the increase in
accounts that started participating through retweets. On the
other hand, the accounts that added content to the hashtag
by publishing original tweets were larger and there were in
larger proportion verified accounts, which might indicate
that on the second day the hashtag attracted the attention
of celebrities, organisations or media. On days 3 and 4 the
activity associated with hashtag decreased, and though it
still interested very large accounts, each new tweet got lower
numbers of retweets. Thus, the hashtag lost the popularity
that defined it on the first day, with the number of retweets
per tweet now more concentrated around the mode of the
distribution. It is to note that the characteristics mentioned
above refer to the entire hashtag, where different types of

@ Springer

content are mixed, so they cannot be generalised as char-
acteristics of disclosure of child sexual abuse victimisation
on social networks. Instead, they characterise this hashtag
as an event.

Furthermore, we identified, with a relatively small mar-
gin of error, 1688 tweets that disclosed experiences of child
sexual victimisation, corresponding to 1350 accounts, which
seems like a considerable role in the trend. In addition, the
CACC analysis highlighted that tweets containing disclosure
of victimisation are associated with a relatively high num-
ber of retweets, despite coming from small accounts and
lacking URLs or images. This is, in our view, a remarkable
finding. It is plausible that, due to the social shame and guilt
that these experiences of victimisation trigger (Dorahy &
Clearwater 2012), the users prefer to hide their identity (as
also pointed out by Clark-Gordon et al. 2019). In addition,
the length of the tweets can be understood as a necessity for
the survivors to contextualise their experiences by providing
details of them, as already found also in the tweets regarding
the original #MeToo (Bogen et al. 2019).

The reader should bear in mind that the CACC is an
exploratory technique and that our study must be replicated
in other settings due to its lack of external validity. Neverthe-
less, we hope to have layed a foundation for further research
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on the identification and study of crime reported on social
networks by using metadata associated with the publication.
This is a research line that is already open, for example, in
the detection of fake news (see Ruchansky et al. 2017; Wang
et al. 2018; Shin et al. 2018), hate crime (Miré-Llinares et al.
2018) or fear of crime (Castro-Toledo et al. 2020).

8 Implications for research and practice

The digital space is not only a new environment for the per-
petration of crimes, but could also affect victims and the
way they disclose their victimisation experiences, offering
them an online community that often is seldom present in
the offline world. This may be especially relevant regard-
ing crimes such as child sexual abuse, of which the report-
ing rate is especially low (Alaggia et al. 2019; Bennett and
O’Donohue 2014; WHO 2003; Zalcberg 2017). In our view,
our study opens opportunities for both research and practice.

First, the emergence of these online events allows
researchers to increase their knowledge on child sexual
abuse. In this sense, beside the analysis of the metadata
associated with the tweet, further research should carry
a detailed analysis of the content disclosed—e.g. modus
operandi, perpetrators, victim assistance experiences—and
enlarge the current knowledge. The method presented in this
article allows ‘to find needles in a haystack’, rendering easier
to distinguish the tweets disclosing victimisation from oth-
ers: messages of solidarity, support, critiques, trolling and
false reports, etc.

The study also shows that social networks could be a
new place where interventions should focus. Victim sup-
port organisations and police institutions could implement
automated systems to detect this kind of content in order to
offer support to users that disclosed victimisation or creat-
ing protocols for action for law enforcement agencies when
these posts arise.

9 Conclusion

This paper studied the distribution of tweets (N=91,501)
published during the first week of the hashtag #MeToo-
Inceste, which referred to cases of child sexual abuse within
the family. The digital space has brought with it new ways of
perpetrating crimes but also new ways of reporting them and
a new mode of social communication with regard to the dis-
closure of victimisation experiences. Using LDA, we identi-
fied 1688 that disclosed experiences of child sexual abuse
victimisation. These tweets contributed significantly to the
dissemination of the hashtag #MeToolnceste, achieving

significant support from other users via retweets, especially
during the first day of the hashtag’s activity. As the days
went by, the hashtag lost popularity but this did not pre-
vent new experiences of victimisation from appearing. The
tweets disclosing child sexual abuse were in more prevalence
long, belonging to small amounts, with no URL nor link.
Victim assistance services and law enforcement agencies
should implement automated detection techniques in order
to offer support to the users that disclosed these types of
experiences. Moreover, research should enlarge the current
knowledge by analysing the specific content of the tweets.
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