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As digital access expands rapidly among children worldwide, technology-facilitated
child sexual exploitation and abuse (CSEA), including online grooming, sexual
solicitation, non-consensual image sharing and sexual extortion, has emerged
asurgent yet underexamined category of digital harms'. Despite growing policy
attention to online safety, evidence remains limited, particularly in low- and middle-
income countries, where most of the world’s children live. We analysed nationally
representative survey datafrom 11,912 children aged 12-17 years across 12 countries
in eastern and southern Africa and Southeast Asia, collected through the Disrupting
Harm projectin 2020-2021. We found that one in six internet-using children
experienced at least one form of technology-facilitated CSEA, equivalent to over

10 million children. Despite this scale, many experiences went undisclosed, pointing
todisclosure as a critical pathway for protection in the digital age. When children did
disclose, they relied primarily on informal channels, especially friends, rather than
formal reporting mechanisms such as police or helplines. Using Bayesian hierarchical
models accounting for cross-country heterogeneity, we find that older children were

less likely to disclose, whereas enabling parental mediation of online activities and
children’s knowledge of where to seek help after sexual harassment or assault were
associated with higher rates of disclosure. These findings provide population-level
evidence to inform prevention and response across low- and middle-income countries,
where coordinated action by policymakers, law enforcement and technology
companiesis urgently needed to protect all children.

Content warning: this Article contains information about child sexual
exploitation and abuse, which some readers may find upsetting.

Rapid digitizationis driving increasing research on the online safety
of children worldwide’, yet the impact of increasing digital connectiv-
ity in low- and middle-income countries (LMICs) has been routinely
overlooked**. This gap is particularly important for Africa, where over
60% of citizens are aged under 25 years and the populationis projected
to double by 2050*, and for Asia, home to the majority of the world’s
children and social media users?*. While many initiatives across both
regions have focused on digital inclusion to benefit children’s educa-
tion®, understanding how widening internet access affects children’s
exposure to online harms has become increasingly urgent.

Among the most concerning of these harmsis the use of digital tech-
nologies to perpetrate sexual violence against children®®, encom-
passing solicitation and dissemination of child sexual abuse material
(images and videos), online grooming, live-streamed sexual abuse
and sexual extortion®. These issues were highlighted in the 2024 US
Senate Judiciary Committee® hearing, which sought to hold popular
social media companies to account for child safety issues on their plat-
forms. Despite the efforts of multiple law enforcement authorities,

UN organizations', civil society organizations™ and national govern-
ments?, the true extent of technology-facilitated CSEA remains unclear
for most LMICs, where children may face heightened risks of sexual
violence®.

Effective prevention and response strategies require data-driven
insights into the prevalence, root causes and effectiveness of protec-
tion systems. However, obtaining reliable data on child sexual abuse is
extremely difficult. Ethical, sociocultural and safeguarding constraints
limit what can be asked, how it should be asked and of whom it can be
asked™. The varied international legal landscape further complicates
research; in some countries legal thresholds vary and harms are not
comprehensively recorded®. These challenges make research time con-
suming, costly and technically difficult, while limited funding and safe-
guardinginfrastructure further constrain research capacity in LMICs™.

Here we address this evidence gap by analysing a multinational
representative dataset investigating the nature and disclosure of
technology-facilitated sexual exploitation and abuse experienced by
childrenlivingin eastern and southern Africaand Southeast Asia. The
Disrupting Harm project is a collaboration between UNICEF Office of
Strategy and Evidence - Innocenti, ECPAT International and INTERPOL,
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funded by the Safe Online initiative, which collected survey data from
nationally representative samples of 11,912 internet-using children
aged12to17 yearsacross 12 countries (Ethiopia, Kenya, Mozambique,
Namibia, Tanzania, Uganda, Cambodia, Indonesia, Malaysia, the Phil-
ippines, Thailand and Vietnam)" between 2020 and 2021. These data
therefore provide insights into technology-facilitated CSEA experi-
enced by children in the African and Asian contexts.

To situate these data within current terminology, we adopt the
Terminology Guidelines for the Protection of Children from Sexual
Exploitationand Sexual Abuse (known as the Luxembourg Guidelines)®,
developed through youth and expert stakeholder consultations. Impor-
tantly, this classification moves away from technological determinism
while recognizing the increasingly pervasive role of technology in
sexual crimes against children, across online and offline environments®.
We use technology-facilitated CSEA to refer to children’s exposure to
nine types of sexual harms measured in the Disrupting Harm survey
(Methods). These include unwanted sexual attention through com-
ments orimagesto clear instances of exploitation, including coercion
into sexual conversations or activities, non-consensual sharing of chil-
dren’s sexual images, offers of money or gifts in exchange for sexual
content or contact and blackmail for sexual acts'. While the severity
varies across these experiences, any such harms can lead to serious
psychological, socioemotional and even physical consequences®.
Referring to such experiences merely as risks can inadvertently con-
tribute to the normalization of abuse?, discourage children from dis-
closing their experiences and even enable perpetrators to continue
offending. Although not every online risk leads to harm??, adopting
a harm-focused framing is crucial to fully recognizing the severity of
children’s experiences, and safeguarding their rights*.

Research on technology-facilitated CSEA has expanded substan-
tially in high-income countries’ yet has focused predominantly on
prevalence® %, Nationally representative surveys reveal wide varia-
tion in prevalence estimates due to definitional'® and methodologi-
cal choices such as whether peer or adult solicitation is counted?,
the recall period used (past year versus lifetime)' and sampling
denominators (all children versus internet users only)?. For exam-
ple, 17.7% of Australian 16-24-year-olds reported adult online sexual
solicitation before age 18%, while US estimates indicate that adding
online abuse items can increase overall CSA prevalence estimates
from 13.5% to 21.7% depending on how online harms are operational-
ized®. A recent systematic review and meta-analysis estimates that
roughly1in12 children globally has experienced online CSEA (pooled
past-year prevalence, 8.1%)". While such studies provide critical epi-
demiological functions such as mapping populationburden, guiding
resources, and enabling surveillance®, prevalence data alone cannot
reveal whether children seek help after harm. Understanding disclo-
sure pathways is therefore equally critical for effective prevention
and response®,

To date, research on disclosure of technology-facilitated CSEA
remains limited®?>*. Where it exists, it often draws on forensic or
criminal-justice settings®> ¥, which include victims who have already
navigated formal reporting systems. Recent qualitative studies have
identified barriers to disclosure such as self-blame, shame and lack of
trust®, yetempirical investigations into facilitators or enablers of dis-
closureinonline environments has been limited®****°. Evidence from
broader child sexual abuse research indicates that disclosure marks
a pivotal step for identifying and stopping offline sexual abuse®*,
facilitating recovery*? and reducing the long-term mental health
impacts®>*#*, Childrentend to first disclose to peers rather than formal
reporting channels such as police, helplines or teachers®*#, Yet little
is known about disclosure of technology-facilitated CSEA in LMICs**,
where formal and informal support systems may differ substantially
fromthosein high-income countries. Cross-cultural research on preva-
lence and disclosureis therefore needed to inform timely prevention,
support and protection.

Guided by child-rights* and public-health**~*° frameworks, we
examine disclosure patterns and associated factors through a
socio-ecological lens® 53, The UN Committee on the Rights of the Child’s
General Comment No. 25 affirms that protection in digital environ-
ments depends on accessible, child-friendly pathways to seek help*¥.
From a public-health perspective, primary prevention (preventing
abuse before it occurs) is the foundational priority, supported by
secondary (early detection and intervention) and tertiary (treatment
and rehabilitation) responses®. These tiers are interdependent*® as
disclosure operates primarily within secondary and tertiary preven-
tion, yet patterns of disclosure and non-disclosure can highlight how
systems prevent, detect and respond to harm. When children cannot
disclose, whether due to alack of awareness, inaccessible systems
or alack of trusted adults, these barriers may signal gaps in primary
preventioninfrastructure®. Conversely, when disclosure does occur,
timely intervention and trauma-informed care become possible.
Understanding how, to whom and under what conditions children
disclose technology-facilitated CSEA cantherefore guide more targeted
interventions, strengthen support pathways and ultimately reduce
subsequent harms to children®.

In this cross-sectional study, we address two questions (Methods):
(1) what are the prevalence and disclosure rates of technology-
facilitated CSEA in these contexts; and (2) which demographic, fam-
ily, cultural and protective factors are associated with disclosure?
This study provides researchers, policymakers, child-protection and
education systems and law enforcement with population-level data
onchildrenlivingin LMICs who are both highly vulnerable and system-
atically under-represented on the global scientific stage.

Technology-facilitated CSEA

To address the first research question, we identify the prevalence of
each of nine categories of technology-facilitated CSEA, reporting
the rates for internet-using 12-17-year-old children and population-
adjusted estimates for all children. Pooled across 12 nationally rep-
resentative samples and surveys of 11,912 internet-using children in
easternand southern Africaand Southeast Asia, we found that one in
six (17%; 95% confidence interval (Cl) = 16.2-17.8; weighted n = 2,025)
had experienced at least one instance of technology-facilitated
CSEA in 2020-2021. Across all instances of CSEA, one in three (31%,
95% Cl =30.1-32.1; weighted n = 3,477; see Supplementary Informa-
tion 2.4) internet-using children experienced some form of sexual
exploitation or abuse (Supplementary Tables 3,49 and 51), including
incidents occurring online (social media, online games), in person,
some other way or where the setting was not specified (do not know/
prefer not to say).

Specifically, onsocial media orinanonline game, about 10% of chil-
drenreceived unwanted sexual images (95% Cl=9.0-10.2; n=1,143)
and 8% received sexual comments that made them feel uncomfortable
(95% Cl = 6.9-8.0; n = 889). Moreover, 5% (95% Cl = 4.4-5.2; n = 571) were
asked to discuss sex or sexual acts, while 4% (95% Cl = 3.5-4.3;n = 462)
were asked online to explicitly do something sexual. Furthermore, 4%
(95% Cl =3.8-4.6; n = 498) of children were asked for a photo or video
showingtheir private parts, and about 3% (95% Cl = 2.4-3.1; n = 328) of
children were offered money or gifts online to meet the perpetrator
in person to perform sexual acts. Finally, 3% of children reported that
their sexualimages were shared without their consent (95% Cl = 2.5-3.1;
n=2332),orthey were offered money or gifts to share sexual images (95%
Cl=2.4-3.1;n=324) and even blackmailed online to engage in sexual
activity (95% Cl=2.1-2.8; n=294) (Supplementary Table 50). Further
details onthe digital platforms and perpetrator identity associated with
technology-facilitated CSEA are provided in Supplementary Figs.17-19
and Supplementary Tables 42, 43,47 and 48.

Country-level prevalence estimates of technology-facilitated CSEA
ranged fromanestimated 5.5% (95% Cl = 3.7-7.3; n = 54) of internet-using
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Fig.1| Estimated prevalence of four forms of technology-facilitated

CSEA across12 countriesinAfricaand Asiain2020-2021. The estimated
proportion of12-17-year-old internet-using children who reported their
experience of technology-facilitated CSEAin2020-2021across the 12 surveyed
countriesineasternandsouthern Africaand Southeast Asia (n=11,912; per
country nvaluesarereportedin the Methods). Sampling weights were applied
torender our estimates representative of the digitally connected children of
each country.a-d, Four of the nine technology-facilitated CSEA categories

childrenin Vietnam to 29% (95% Cl = 25.3-31.9; n=271) in the Philip-
pines. Extended Data Fig. 1 presents survey-weighted prevalence for
eachspecifictype of technology-facilitated CSEA across 12 countries,
with 95% confidence intervals. For example, less than 1% of children
in Vietnam (95% Cl = 0.0-1.5; n = 8) were asked to talk about sex or
sexual acts online; in the Philippines, this figure was almost 9% (95%
Cl=7.2-11.5;n=89) (Fig.1, Supplementary Figs. 2-10 and Supplemen-
tary Table 52).

To calculatethe proportionofall childrenaged 12-17 years experienc-
ing technology-facilitated CSEA, we multiplied each country’s inter-
net penetration rate (collected through Disrupting Harm household
surveys) by prevalence among internet users (Table 1 and Extended
DataFig. 2). Across 12 countries, this corresponds to approximately
10.7 million children (95% CI = 9.9 million-11.5 million; Supplemen-
tary Information 2.1-2.2 and Supplementary Fig.15).In countries with
widespreadinternet penetration, such as the Philippines (95%), Malay-
sia (94%) and Thailand (92%), the prevalence for the child population
closely mirrors thatamong children with internet access. In countries
with more limited access, such as Ethiopia (25%) and Uganda (40%),
the overall prevalence amongall children was 5% and 11%, respectively,
reflecting differencesinbothinternetexposure and prevalence among
internet-using children. Countries with large youth populations such
asIndonesia (6% among all children) and the Philippines (27% among
all children) also face particular challenges as these rates translate
into substantial absolute numbers of affected children. As internet
connectivity continues to expand across LMICs, the population-level
burden of technology-facilitated CSEA may grow substantially over
the next decade.
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occurring through social media or online game platforms. a, Someone sent me
sexualimagesIdid not want.b, Been asked by someone to do something sexual
whenldid not want to. c, Someone asked for a photo or video showing my
private parts.d, Someone threatened or blackmailed me to engage in sexual
activities. The full set of nine technology-facilitated CSEA typesis presented in
Supplementary Figs.2-10. Basemap boundaries were created using Natural
Earth (https://naturalearthdata.com).

Demographic differences

Among internet-using children aged 12-17 years, the overall preva-
lence of technology-facilitated CSEA through social media or gaming
platformswas nearly identical for boys and girls:16.9% (95% Cl =15.9-
18.0; n=1,026) of boys and 17.0% (95% Cl =15.9-18.1; n=999) of girls
experienced at least one form of technology-facilitated CSEA. Preva-
lence increased with age from 11% (95% Cl = 9.5-13.3; n=161) among
12-year-old children to 22% (95% Cl=20.4-23.7; n = 558) among
17-year-old children (Supplementary Table 39). A Bayesian multilevel
model confirmed that there is no meaningful gender differencein the
probability of experiencing technology-facilitated CSEA (posterior
mean=-0.01,s.d.=0.11,95% Bayesian credible interval (Crl) = -0.22-
0.20, posterior probability of direction (PD) = 54%), with 99.7% of the
posterior distribution falling within the region of practical equivalence
(ROPE; odds ratios, 0.67-1.50). Older age was associated with higher
probability of experiencing technology-facilitated CSEA (posterior
mean =0.18,s.d. =0.04,95% Crl = 0.10-0.26, PD > 99.9%), equivalent to
approximately 2.7 percentage points higher probability per additional
year of age (average marginal effect (AME), 95% CI = 2.2-3.1). Although
the age gradient was slightly stronger for girls compared with boys
(posterior mean =0.09, s.d. = 0.04, 95% Crl=0.01-0.17, PD = 98.5%),
the overall predicted difference between girls and boys was small and
the Crlincluded zero (AME = 0.8 percentage points; 95% Cl = -0.6-2.0).

The predicted probabilities of technology-facilitated CSEA varied
substantially across countries (Fig. 2, Supplementary Table 7 and
Supplementary Fig. 21). Among girls aged 17 years, predicted prob-
abilities were highest in Uganda (42%, 95% Crl = 0.36-0.49) and the
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Table 1| Country-level prevalence and population impact of technology-facilitated CSEA among children aged 12-17years

(2020-2021)

Country Prevalence of technology- Proportion of child Prevalence of technology-  Estimated number of children Child population
facilitated CSEA amonginternet internetusers, aged facilitated CSEAamongall  affected aged 12-17
using children aged 12-17 (%) 12-17 (%) children (%) (uncertainty, %)

Cambodia 14.7 81.0 11.9 (9.9-14.7) 215,962 (179,843-256,539) 1,819,679

Ethiopia 18.6 25.0 4.6 (3.5-6.1) 775,526 (581,437-1,018,510) 16,680,781

Indonesia 6.6 92.0 6.1(4.6-7.9) 1,665,769 (1,250,027-2,150,872) 27,231,704

Kenya 217 67.0 14.5 (12.4-16.8) 1,096,163 (932,413-1,269,843) 7,539,254

Malaysia 10.2 94.0 9.6 (7.6-12.0) 306,234 (241,236-380,807) 3,178,610

Mozambique 25.9 56.0 14.5(12.3-17.0) 634,331(536,934-744,858) 4,381,428

Namibia 20.0 81.0 16.2 (13.6-18.9) 47,686 (40,172-55,612) 294,899

The Philippines 28.6 95.0 271(23.1-30.6) 3,580,485 (3,043,351-4,035,759) 13,190,360

Tanzania 77 67.0 5.2(4.0-6.7) 456,274 (353,053-589,653) 8,813,838

Thailand 17.0 92.0 15.6 (13.0-18.2) 769,133 (642,336-896,437) 4,922,710

Uganda 277 40.0 11.1(91-13.3) 755,632 (623,496-907,413) 6,819,466

Vietnam 5.5 89.0 4.9(3.6-6.5) 410,438 (300,307-548,994) 8,421,996

The first column lists countries included in the Disrupting Harm data. The second column shows the prevalence of technology-facilitated CSEA among internet-using 12-17-year-old children
who experienced any form of technology-facilitated CSEA in 2020-2021, estimated from the Disrupting Harm child survey using nationally representative probability samples with design
weights. The third column shows the proportion of child internet users: percentage of all 12-17-year-old children in each country who use the internet (any use, any device), estimated from

the Disrupting Harm household survey module administered at every sampled household. The fourth column shows the prevalence of technology-facilitated CSEA among all children as the
percentage of all 12-17-year-old children who experienced technology-facilitated CSEA, calculated by multiplying prevalence among internet users (second column) by the proportion of

child internet users (third column) in each country; uncertainty was propagated using Monte Carlo simulation (5,000 iterations per country). The fifth column shows the estimated number of
affected children, representing the absolute number of 12-17-year-old children estimated to have experienced technology-facilitated CSEA in each country, calculated by applying the preva-
lence among all children (column 4) to the total population aged 12-17 (column 6). 95% Cls reflect uncertainty in prevalence only (population treated as fixed). The sixth column shows the child
population aged 12-17, representing the total number of children aged 12-17 in each country, derived from United Nations World Population Prospects 2022 (reference year, 2020).

Philippines (40%, 95% Crl = 0.34-0.47). Among boys aged 17 years, pre-
dicted probabilities were highest in Uganda (34%, 95% Crl = 0.29-0.39)
and the Philippines (34%, 95% Crl = 0.27-0.40). In Vietnam, predicted
probabilities were among the lowest, ranging from 3% for boys aged
12 years (95% Crl = 0.02-0.06) to 8% (95% Cl = 0.05-0.11) for boys aged
17 yearsand 3% for girls aged 12 years (95% Crl = 0.02-0.05) to 10% (95%
Crl=0.06-0.14) for girls aged 17 years. These differences could reflect
variability in the likelihood of reporting across countries rather than
true prevalence differences alone.

The prevalence of technology-facilitated CSEA also varied by degree
of urbanization after adjusting for gender and age (Supplementary
Fig. 23 and Supplementary Table 39). Children in peri-urban settings
reported the highest prevalence. Rural children had lower prevalence
than peri-urban children (AME =-4.4 percentage points, 95% Crl = -7.1
to -1.9), and urban children had higher prevalence than rural chil-
dren (AME = 2.4 percentage points, 95% Crl =1.0-3.9). The differ-
ence between urban and peri-urban settings was small and uncertain
(AME =-2.0 percentage points, 95% Crl = -4.8-0.7). Fullmodel results
arereported in Supplementary Tables 8 and 9.

Disclosure of technology-facilitated CSEA

We next identified to whom children disclosed CSEA, distinguishing
between formal and informal channels. Formal channels are typically
embedded within statutory child protection systems (such as police,
teachers or social workers), whereas informal channels offer more
personal and familial support (such as friends, family or peers). This
distinction serves as an analytic heuristic to organize disclosure path-
ways based on the role of the recipient rather than the outcome of the
disclosure (that is, whether it triggers an investigation), consistent
with past research> (Supplementary Table 34).

Ofanestimated 2,025 children who experienced one or more forms
of technology-facilitated CSEA (weighted), 51% (95% Cl = 48.6-53.6;
n=1,034) did not disclose it to anyone (responses by countries and
CSEA types are shown in Supplementary Fig. 24 and Supplementary
Tables 40 and 41). Among those who did disclose, most did so through

informal channels, including close family members, friends or other
trusted adults. Specifically, 46% (95% Cl = 43.1-48.1; n = 923) disclosed
to friends, while many also shared their experience with family mem-
bers, with 26% (95% Cl =23.6-28.0; n=523) disclosing to siblings, 21%
(95% C1=19.3-23.4; n = 432) to mothers and 20% (95% Cl =17.9-21.9;
n=403) to fathers. Rarely did children disclose to any formal chan-
nels, such as the police (3%, 95% Cl =2.3-4.2; n = 66), helplines (3%,
95% Cl =2.4-4.2; n = 67), social workers (3%, 95% Cl =2.0-3.8; n = 59)
or teachers (9%, 95% Cl = 7.3-10.1; n=177). About 6% (95% Cl = 5.1-7.5;
n=127) told other trusted adults and 1% (95% Cl = 0.6-1.6; n = 22) dis-
closed through other channels. As children could select more than one
disclosure type, these percentages are non-additive (mutually exclusive
categories are shown in Supplementary Fig. 25).

For non-disclosed incidents of technology-facilitated CSEA, chil-
dren were asked to select all reasons why they had not told anyone.
Responseswere recorded per CSEA type (Supplementary Tables 45 and
46 and Supplementary Fig. 26). As respondents could select multiple
barriers for each non-disclosed incident, the percentages do not sum
to 100% within any CSEA type. Pooled across CSEA types (Fig. 3a), the
most common barrier to disclosure was “Did not know where to go or
who to tell” (37.6%, 95% Cl = 35.6-39.6), followed by “feeling embar-
rassed, ashamed or that it would be too emotionally difficult to tell”
(19.6%, 95% C1=18.0-21.3) and “did not think it was serious enough to
report” (14.2%, 95% Cl =12.9-15.7). Figure 3b shows stratified barriers
by each CSEA type. For example, among non-disclosed instances of
sharing sexual images without consent, 48.1% (95% Cl = 39.8-56.5) cited
“did not know who to tell” as abarrier, while 18.4% (95% Cl = 12.8-25.9)
reported feeling embarrassed or ashamed.

Factors associated with disclosure

To address the second research question and understand the factors
associated with disclosure, our analysis focused on a set of intercon-
nected predictors across four conceptual levels: individual, family,
cultural and protective. First, we examined demographic factors, such
asachild’s age and gender, based on extensive evidence linking these
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Fig.2|Predicted probability of experiencing one or more forms of
technology-facilitated CSEA by age and gender across 12 countries.
Predictions were derived from a survey-weighted Bayesian multilevel logistic
regression (Bernoulli family), with gender, age and their interaction as fixed
effects, and country-varyingintercepts and slopes for gender, age and their

factorstoahigher likelihood of both offline and online disclosure®~.
Second, enabling parental mediation or supportive engagement by
parents around a child’s use of the internet was identified as akey fac-
tor. Previous research shows that supportive parental involvement is
associated with a child’s vulnerability to online risks®**°, highlighting
theimportance of parental scaffolding within the family unit. Third, we
examine culturalfactors, as well as gender norms and attitudes towards
seX, including patriarchal views on violence, honour and control of
girls. These factors are known to shape both the perceived severity of
risks and the likelihood of disclosure in LMICs®°.

Finally, we assessed a set of protective factors that may equip children
with the tools and knowledge needed to report harmful experiences®,
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interaction (n=11,912 internet-using children). The x axis shows age in years
(12-17 years) and the y axis shows the predicted probability (0-0.50). Thelines
show the posterior mean predicted probabilities for girls (red) and boys (blue);
theshaded bandsindicate the 95% Crl. Panels are ordered by country-level
mean predicted probability.

including sex education®, digital skills to report®® and children’s knowl-
edge of where to seek help after sexual assault or harassment (help-
seeking)®*. Operationally, we analyse these as child-level indicators
of protective factors that span the three levels of our socioecological
model: acquired and enacted by children (individual), reinforced by
caregivers, peers and schools (family/community), and enabled or
constrained by curricula, safeguarding policies and legal frameworks
(cultural).

An exploratory Bayesian multilevel model examined factors associ-
atedwith children’s disclosure of technology-facilitated CSEA through
any channel (thatis, formal or informal). Older children were less likely
to disclose these experiences (posterior mean =-0.12, s.d. = 0.05, 95%
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Fig.3|Barrierstodisclosure of technology-facilitated CSEA in children
aged12-17 years. a, Theoverall barrier prevalence acrossall CSEA types
among childrenwho did not disclose their experiencesamongn=2,921non-
disclosedincidents (unweighted sample). Data are presented as survey-
weighted proportions (diamond markers) with 95% Wilson score Cls (horizontal
lines). b, Barriers stratified by each of the nine technology-facilitated CSEA
types. The points show survey-weighted proportions. The xaxis shows the
survey-weighted proportion (%) of non-disclosed instances inwhich each

Crl=-0.22t0-0.03,PD =99.4%) but disclosure did not differ by gender
(posteriormean = 0.13,s.d. = 0.15,95% Crl = -0.19-0.42, PD = 81.9%). By
contrast, more parental involvement in children’s digital lives (that is,
enabling parental mediation) was associated with higher overall disclo-
sure (posteriormean = 0.22,s.d. = 0.08,95% Crl = 0.06-0.38,PD = 99.4%).
Similarly, children who knew where to seek help after an assault or har-
assment (that s, help-seeking knowledge) were more likely to disclose
(posterior mean =0.38, s.d. = 0.14,95% Crl = 0.11-0.67, PD = 99.5%). No
associations with disclosure were found for sex education, attitudes
towards premarital sex, inequitable gender attitudes and digital skills
toreport (95% Crl crossed zero) (Fig. 4 and Supplementary Table 23).
Two supplementary exploratory analyses compared children’s
disclosure through informal or formal channels, revealing distinct

10 20 30 40 50 60 0 10 20 30 40 50 60
Weighted proportion (%)

barrier wasreported; the y axis lists barrier types. Estimates are weighted
proportions with 95% Cls using Wilson score methods incorporating survey
weights.Inb, estimates with fewer than ten observations or fewer than three
positive responses are shown without Cls (hollow points) due to insufficient
precision; estimates with Cl width exceeding 20 percentage points are marked
with semi-transparent points. As barrier items were multi-select, within-type
proportions do notsumto100%. Fullnumericresults are providedin
Supplementary Table 46.

factors associated with each. Children who knew where to seek help
after sexual assault or harassment (posterior mean = 0.40,s.d.=0.13,
95% Crl=0.15-0.66, PD = 99.8%) and who received enabling parental
mediation (posterior mean =0.19, s.d. = 0.08, 95% Crl = 0.04-0.35,
PD =98.9%) were more likely to disclose through informal channels,
potentially reflecting that the former addresses a key barrier to dis-
closure (Fig. 3a). Children who believed in the acceptability of pre-
marital sex (posterior mean = 0.33, s.d. = 0.16, 95% Crl= 0.02-0.64,
PD =98%) were also more likely to disclose to friends, family and
other adults. Only two predictors were related to disclosure through
formal channels: older children were less likely to disclose (poste-
rior mean =-0.27,s.d.=0.07,95% Crl =-0.41to —-0.14, PD = 99.9%),
while children who received enabling parental mediation were more
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Fig.4|Predictors of disclosure of technology-facilitated CSEA to any, formal
andinformal channels. Parameter estimates from three Bayesian multilevel
logistic regression models of disclosure (any channel, formal and informal)
amongn=2,067 children (unweighted sample) who experienced at least one
incident of technology-facilitated CSEA. The x axis shows log-odds coefficients,
theyaxis shows different demographic and sociocultural predictors. The points

likely to do so (posterior mean =0.32, s.d. = 0.11, 95% Crl = 0.11-0.54,
PD =99.7%).

The above results reflected average trends across 12 countries,
examining country-specific estimates reveals substantial between-
country heterogeneity in factors associated with disclosure of
technology-facilitated CSEA (Fig. 5 and Supplementary Table 30).
For disclosure to any channel, enabling parental mediation was associa-
ted with higher disclosurein 6 out of 12 countries (95% Crlexcludes 0).
Knowing where to seek help was positively associated with disclosure
in4 out of 12 countries; older age was associated with lower disclosure
in 5 out of 12 countries; and more inequitable gender attitudes were
associated with higher disclosure in 5 out of 12 countries. Country-level
estimates are further disaggregated by formal versusinformal channels
in Extended DataFig. 3, underscoring the complexity of cross-cultural
comparisons.

Model comparisons and robustness checks

Consistent with our preregistered analysis plan, we conducted mul-
tiple model comparisons, including: (1) a logistic regression model
(generalized linear model, GLM) with fixed effects; (2) a multilevel
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represent the posterior median values and the horizontal lines denote the 95%
Crl. The posterior density curves visualize uncertainty. The trianglesindicate
estimates of which the 95% Crlexcludes zero; the circles indicate intervals that
includezero. The vertical dotted line serves as areference point, marking O as
no association; positive valuesindicate a higher probability of disclosure.
Models are survey-weighted; estimates are pooled across 30 imputations.

logistic regression model with random intercepts to account for dif-
ferences by country; (3) an interaction model incorporating age and
gender; and (4) regularized regression models to evaluate the stability
of predictors (full summaries for all specifications are provided in the
Supplementary Tables 10-30).

While the GLM represented our confirmatory model (Supplemen-
tary Table12), we do not draw inferential conclusions from this model,
owing to limitations in its ability to account for country-level hetero-
geneity (see the ‘Deviations from preregistration’ section). Instead, we
relied on a Bayesian multilevel model as our primary inference model,
includingbothrandom intercepts and slopes to account for the nested
data structure. This analytical approach aligned with the theoretical
expectation that associations between predictors and disclosure may
differ meaningfully across countries. Across all models predicting dis-
closure, key predictors consistently showed directional associations,
although the certainty of these estimates varied across specifications
(all model specifications are shown in Extended Data Fig. 4).

To ensure the robustness of our findings, we specifically estimated
two regularized regression models that apply shrinkage to coef-
ficient estimates to reduce the risk of overfitting and by offering
more-conservative specifications (Supplementary Table 27). First,
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Fig. 5| Country-specific predictors of any disclosure of technology-
facilitated CSEA. Parameter estimates are derived from a Bayesian multilevel
logistic regression of any disclosure among n=2,067 children (unweighted
sample) who experienced at least one technology-facilitated CSEA incident.
The points show the posterior means (log-odds of disclosure) from amodel
withrandomintercepts and randomslopes; the horizontal bars show the

95% Crls. Purpleindicates African countries (Ethiopia, Kenya, Mozambique,

we fit a model with random intercepts only, constraining predictors
to be constant across countries. This enabled us to test whether the
key associations were sensitive to the exclusion of varying slopes.
All three key predictors were retained, consistent with the patterns
observed in our primary Bayesian multilevel model, knowing where
to seek help (posterior mean = 0.28, s.d. =0.11, 95% Crl = 0.05-0.50,
PD =99.4%), enabling parental mediation (posterior mean=0.21,
s.d. =0.06, 95% Crl=0.09-0.33, PD = 99.9%) and age (posterior
mean =-0.12,s.d.=0.03, 95% Crl = -0.18 to —0.05, PD = 99.9%). We
also found that inequitable gender attitudes were positively corre-
lated with disclosure (posteriormean =0.17,s.d. = 0.3,95% Crl = 0.03-
0.29, PD =99.4%), suggesting that having more traditional beliefs
regarding gender roles was associated with a higher likelihood of
disclosing.

Second, we estimated a more conservative model that included
both random intercepts and slopes, allowing associations to vary
across countries. Age (posterior mean =-0.10, s.d. = 0.05, 95%
Crl=-0.20-0.00, PD =97.7%) and enabling parental mediation
(posterior mean = 0.18, s.d. = 0.09,95% Crl=0.00-0.34, PD = 97.6%)
continued to be associated with disclosure, although their credible
intervals approached zero, reflecting more uncertainty. Children’s

Asia

Namibia, Tanzania, Uganda); orange indicates Asian countries (Cambodia,
Indonesia, Malaysia, the Philippines, Thailand, Vietnam). The solid marks
denote effects with 95% Crls excluding zero; the faded marks denote estimates
withintervalsincluding zero. The modelincludes all predictors simultaneously
and accounts for country-level heterogeneity in baseline disclosure and
predictors. Models are survey-weighted; estimates are pooled across 30
imputations.

knowledge of where to seek help remained positively associated (pos-
terior mean =0.25, s.d. =0.15,95% Crl =-0.01-0.54, PD = 95.4%) but
showed reduced certainty.

Discussion

In this Article, we provide nationally representative evidence from 12
LMICs showing substantial exposure to technology-facilitated CSEA
and critically low disclosure through formal channels. Approximately 1
in 6 ofthe 11,912 internet-using children reported experiencing at least
one instance of technology-facilitated CSEA during 2020-2021. It is
important to note that this figure cannot be directly extrapolated to
the general population of children. Scaled by the share of child internet
usersineach country, we estimate that at least 10 million children were
exposed to technology-facilitated CSEA over asingle year alone. While
population-based surveys capture prevalence more accurately than
administrative dataor case reports, they probably still underestimate
the true scale of sexual violence due to social desirability bias, stigma,
shame, fear of social repercussions and ongoing victimization®. Even
under these conservative assumptions, thisis agrowing problem affect-
ing millions of children globally.

Nature | Vol 654 | 11June 2026 | 415



Article

By analysing data from children living in eastern and southern
Africaand Southeast Asia, including peri-urban and rural populations,
oftenunder-represented inbehavioural research, this study provides
population-level insights from regions where such data have been
largely absent. We find that although older children were more likely to
experience technology-facilitated CSEA, they were less likely to disclose
such experiences. As the survey captured only past year experiences,
cumulative exposure (particularly among older adolescents) is prob-
ably underestimated. These findings highlight the need for prevention
efforts that begin in early childhood and are sustained through late
adolescence, adapting to children’s evolving developmental contexts.
Both qualitative and longitudinal data are needed to understand how
developmental trajectoriesinfluence vulnerabilities, the likelihood of
disclosure over time and how decisions around disclosures are shaped
by children’s broader life circumstances.

We found no gender differencesin exposure rates, although this may
mask important differences in context and consequences. Emerging
evidence from the Disrupting Harm project” indicates that societal
expectations shape how perpetrators target children, how children
interpret their experiences and the responses that they receive. Pre-
vention strategies must therefore account for gendered dimensions
of risk and response, even when prevalence rates appear similar®. If
internet access differs by gender (for example, in many LMICs), abso-
lute exposure numbers may vary substantially, therefore warranting
gender-disaggregated monitoring and support.

Disclosure most often occurred through informal networks such as
friends and family. By contrast, very few children reported their expe-
riences to formal systems such as police, teachers, helplines or social
workers, eveninserious cases involving threats or blackmail. Thisgap
informal disclosure presents a critical challenge for law enforcement
authorities, potentially limiting their ability to detect and respond
to technology-facilitated CSEA® and restricting children’s access to
professional support and justice.

“Not knowing where to go or who to tell” was the most common bar-
rier todisclosure, suggesting gaps in both awareness of formal channels
and access to trusted adults. Although basic information on where to
reportsexual abuse shouldbe provided toall childrenfroman early age
(forexample, schools, health systems), formal reporting channels must
be made more accessible and responsive to encourage disclosure®®.
Addressing other barriers identified in this study, including worries
aboutnotbeingbelieved, self-blame, fear of repercussions for the child
or perpetrator, concerns about confidentiality and limited awareness
of reporting options, willalso be crucial for ensuring an effective child
protection response.

Friends were frequently the first port of call, highlighting young peo-
ple’srolesinsupporting their peers. While children should not bear the
responsibility of child protection professionals, they may benefit from
guidance that helps them support peers by connecting themto appro-
priate services or taking actions that minimize subsequent short-term
harm. However, the burden of detection and response should not rest
on children, families or civil society alone®.

Exploratory analysesidentified sociocultural factors associated with
children’slikelihood of disclosing experiences of technology-facilitated
CSEA. Two key findings aligned with our preregistered theoretical
predictions. First, enabling parental mediation was positively associ-
ated with disclosure. Safe family environments and open conversa-
tions about online safety may facilitate children’s willingness to report
incidents without fear of judgement or shame’. Such family climates
may foster trust that enables disclosure after harm occurs, or regular
parent-child engagement may create opportunities for proactive com-
munication that make children feel comfortable seeking help. However,
our data cannot disentangle these pathways or establish direction-
ality. Second, consistent with not knowing where to seek help being
the most common barrier to disclosure, knowing where to seek help
was associated with higher disclosure, particularly through informal
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channels. Developmentally appropriate help-seeking education may
bealow-risk, scalable prevention target; however, thisassociation was
sensitive to model regularization, suggesting that relationships may
vary across countries.

Finally, we observed more complex patterns related to normative
attitudes toward gender and disclosure of technology-facilitated CSEA.
Children who perceived premarital sex as more socially acceptable were
morelikely to disclose experiences of online sexual harms, although this
association was limited to disclosure through informal channels such
as friends or family. Although reduced stigma around sex and sexuality
is theoretically associated with lower barriers to disclosure of sexual
abuse, this predictor was not robust across all modelling specifica-
tions. Furthermore, inequitable gender attitudes were associated with
higher disclosure ratesinasubset of models. The relationship between
beliefs about gender roles (for example, preservation of male honour
and acceptance of violence against women) and children’s willingness
to disclose remains complex and difficult to disentangle®®”. Address-
ing harmful gender normsis widely recognized as critical for violence
prevention and may be relevant for technology-facilitated harms, par-
ticularly asshame or embarrassmentaround these conversations can
prevent children from disclosing experiences of abuse altogether®®’2,
When these norms persist, perpetrators may take advantage of them
toreduce the likelihood of being reported.

Our cross-sectional findings therefore identify plausible prevention
and response levers*° but remain hypothesis-generating and warrant
prospective evaluation. They highlight intervention priorities across
multiple prevention levels: providing age-appropriate information
onwheretoseek help fromearly childhood; supporting caregivers to
sustain open, enabling communication that strengthens protective
relationships; addressing stigma around sexual topics; and improv-
ing accessibility and responsiveness of formal services to meet chil-
dren’s needs when harm occurs. As factors related to disclosure span
interconnected domains (individual, family, cultural and systemic),
effective prevention and response will probably require coordinated,
multi-level approaches, rather thanisolated, child- or technology-level
interventions”.

These findings point to several important directions for future
research. First, substantial heterogeneity observed between the 12
countries, combined with sensitivity to modelling techniques, high-
lights the need for culturally specific investigations into the mech-
anisms shaping disclosure. Participatory approaches that directly
engage children with lived experience of technology-facilitated CSEA
acrossrural, peri-urbanand urban settings can generate region-specific
insights that complement the population-level patterns identified™.
Second, given the identification and retention challenges of tradi-
tional longitudinal cohorts in LMICs”, prospective longitudinal or
diary-based designs that follow children over time may be more fea-
sible for establishing temporal precedence and determining whether
associated factors prevent harm, facilitate disclosure or both. Third,
understanding platform-based disclosure mechanisms represents a
critical priority”. Our analyses focus only oninterpersonal disclosure
pathways, but digital platforms can both facilitate and detect CSEA.
Thus, understanding how children use platform-specific reporting
tools and how technology companies respond will provide a more
complete account of help-seeking in digital environments.

Limitations

Our study has several important limitations. Our samples comprise
only internet-using children; inferences are therefore limited to
this subgroup. In high-connectivity countries (such as Malaysia and
Thailand) this covers the majority of children, but substantial popu-
lations remain excluded in low-connectivity settings (such as Ethiopia).
Cross-sectional data preclude causal inference; we cannot determine
whether knowing where to seek help facilitated disclosure, or whether



disclosed experiences increased awareness of support channels. Binary
measurement (for example, help seeking, premarital sex) of key con-
structs provides only preliminary estimates. As such, all findings should
beinterpreted asidentifying plausible associations that warrant future
testing” through ethically appropriate and feasible methodological
approaches.

The eight demographic and sociocultural factors we investigated
are not exhaustive*® and other important influences may exist. It is
also likely that quantitative measurements alone cannot capture
sociocultural influences at a sufficiently granular level to fully shed
lightondisclosure. Furthermore, our theoretical operationalization of
technology-facilitated CSEA may blur the distinction between potential
versus actual forms of CSEA (such as, sending and receiving sexual
images)'®. Data were collected in 2020-2021 before the widespread
emergence of generative artificial intelligence tools. Our measures
therefore do not capture artificial-intelligence-facilitated forms
of CSEA. Disclosure is also a multifaceted and continuous process,
which our measurement may risk oversimplifying by treating as asin-
gular event®. As questions about barriers were administered only to
non-disclosers, findings may under-represent barriers overcome by
those who eventually disclosed. Finally, we acknowledge the position-
ality of our authorship team. None of the authors are originally from
eastern and southern Africa or Southeast Asia. While the Disrupting
Harm project was designed by teams with local representation and
implemented in partnership withlocal stakeholders, future work would
bestrengthened by increasing equitable representation and diversify-
ing authorship’®.

Conclusion

Looking ahead, as social media continues to reach remote parts of
LMICs, large-scale, nationally representative mixed-methods stud-
ies will be key for building a global understanding of how digitally
facilitated sexual crimes against children evolve. As boundaries
between online and offline abuse become increasingly blurred®, the
research agenda on digital harms must move beyond its predomi-
nant emphasis on screen time towards a more substantial focus on
technology-facilitated CSEA.

Future research should build on this foundation by examining how
perpetrators exploit children’s identities and life circumstances,
including not only gender and age, but also socioeconomic status,
poverty, disability, ethnicity, sexual orientation, migration and dis-
placement, conflict exposure and other dimensions of marginalization.
Closer collaboration and rapid datasharing among governments, law
enforcement, technology companies, civil society and researchers
are vital to mitigate these harms effectively. This is especially urgent
as generative artificial intelligence and deepfakes are already being
used to produce synthetic child sexual abuse material, expanding the
scale of potential harm, and outpacing existing legal and safeguarding
frameworks”’.

While the Disrupting Harm project is finalizing research in 12 new
countries across Latin America, Eastern Europe, Central Asia and
the Middle East, continued scientific investment, funding and cross-
national collaboration remain urgent to strengthen prevention and
response systems to better protect children for anincreasingly digital
childhood. All children deserve dignity, equal rights and protection,
regardless of where they live.
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Methods

Ethical approval

The Disrupting Harm Survey was reviewed and approved by a global
institutional review board (HML IRB Research and Ethics). Moreover,
ethics approval was obtained from national or institutional ethics
review bodiesin each of the12 participating countries. These included
the National Commission for Science, Technology and Innovation
(Kenya); Makerere University School of Public Health and the Uganda
National Council of Science and Technology (Uganda); the Cambo-
dia National Council for Children and the Ministry of Interior (Cam-
bodia); the Ministry of Health, National Committee on Bioethics for
Health (Mozambique); the Medical Research and Ethics Committee
(Malaysia); the Health Research Ethics Committee, National Institute of
Health Research and Development (Indonesia); the Ministry of Health
and Social Services Ethical Review Board (Namibia); the Ministry of
Labour, Invalids and Social Affairs (Vietnam); the Philippine Social
Science Council Ethical Review Board (the Philippines); the Ethiopian
Society of Sociologists, Social Workers and Anthropologists (Ethio-
pia); and multiple bodies in Tanzania: the National Institute of Medical
Research, National Bureau of Statistics and the President’s Office-
Regional Administration and Local Government, with permits from
the Tanzania Commission for Science and Technology and additional
approvals fromthe Zanzibar Health Research Institute. In Thailand, the
study wasreviewed by aspecial panel at Mahidol University’s Institute
of Human Rights and Peace Studies, as no formal government ethics
review process exists for social research.

Dataset and participants
Disrupting Harm child survey. This survey was conducted between
2020 and 2021 across 12 countries in Eastern and Southern Africa and
Southeast Asia and was designed to be representative of each coun-
try’s digitally connected population. Arandom-probability clustered-
sample design was used to ensure all households had an equal chance
of being sampled, while accounting for some countrywide variation.
Ipsos Mori collected the data using acombination of face-to-face house-
hold interviews and online interviews (possibly due to the COVID-19
pandemic restrictions) to ensure maximum national coverage of the
total population that had the probability of being included in the
survey. The total sample size was approximately 1,000 children and
caregivers in each country (Cambodia, n=992; Ethiopia, n=1,000;
Indonesia, n=995; Kenya, n =1,014; Malaysia, n = 995; Mozambique,
n=999; Namibia, n =994; the Philippines, n = 950; Tanzania, n = 996;
Thailand, n =967; Uganda, n =1,016; Vietnam, n = 994), including some
of the regions with the highest rates of violence against children in
the world®” (Supplementary Table 1for data collection timelines). The
sampling strategy was further implemented in three stages: (1) 100
primary sampling units (PSUs) with a probability proportional to popu-
lation size, region and urbanity were selected; (2) random samples of
household units within each PSU were undertaken; and (3) children
(and caregivers) within each eligible household unit were identified by
alocal enumerator. Field coverage varied slightly between countries
owing toinaccessibility because of conflict-affected or remote areas.
Kenya, Namibia, Cambodiaand Mozambique had100% coverage, while
Indonesia had the lowest national coverage at 76% giveniits dispersed
geography (Supplementary Fig. 1). Once PSUs were identified, the
selection of household units was done using random walk methods,
whichincluded arandom starting point, usually alandmark area (for
example, church, mosque, bridge). To be included, children needed
to have used the internet at least once in the past 3 months. Gender
matching between interviewer and interviewee was encouraged and
informed consent was provided by children and their caregivers.

We analysed data from the 11,912 children aged 12-17 years (full
sample, 23,824 including parents), including 6,044 (51%) boys and
5,868 (49%) girls, 3,112 (26%) 12-13-year-old children, 3,954 (33%)

14-15-year-old children and 4,846 (40%) 16-17-year-old children
(survey-weighted; unweighted counts in Supplementary Table 39).
Gender-specific estimates were calculated among internet-using ado-
lescents from the Disrupting Harm child survey. We could not con-
struct comparable gender-specific population denominators because
harmonised data on internet use by age (12-17 years) and gender are
not consistently available across all study countries, including from
the International Telecommunication Union (ITU) statistics (Supple-
mentary Fig.12).

The inclusion of rural and peri-urban children in LMICs is a par-
ticular strength of this dataset. 6,586 (55%) of the children were liv-
inginrural areas, 1,177 (10%) were living in peri-urban areas and 4,149
(35%) were living in urban areas (see Supplementary Table 32 for the
full-weighted sample demographics, Supplementary Table 38 for chil-
dren who experienced one or more forms of technology-facilitated
CSEA, and Supplementary Table 39 for survey-weighted prevalence
by demographic subgroup with unweighted counts and 95% Cls).
A detailed pre-analysis plan was time-stamped and archived on the
Open Science Framework (OSF) before data analysis (15 April 2022;
https://osf.io/3tpqa/files/osfstorage?view_only=5f02ad5dcbbe4d2a
b2bl61ce9a00ccfb).

Disrupting Harm household survey (internet exposure). In each
country, the Disrupting Harm household survey (2020-2021) visited
anationally representative sample of approximately 1,500-10,000
households depending on connectivity. At each household, enumera-
tors established whether any children aged 12-17 years lived in the
household and, if so, whether those children used the internet (through
any device and at any location). These exposure data were collected
regardless of whether a child from the household completed the sepa-
rate CSEAinterview, thereby avoiding selection on child interview par-
ticipation. Aggregating responses across sampled households yielded
the national proportion of 12-17-year-old children who are internet
users for each country. For validation, we compared these estimates
withITUyouthinternet-useindicators (typically ages 15-24 years, near-
estavailableyear; SupplementaryFig.13). AsITU datadifferin age band
and reference period, we retained the Disrupting Harm household data
asour primary exposure source (Supplementary Fig. 11).

Measures

Overall instance of technology-facilitated CSEA. Measuring

technology-facilitated CSEA. The prevalence of CSEA among

internet-using children was measured using a composite variable
capturing whether a child had experienced any form of technology

facilitated CSEA within the past year, asreported during the 2020-2021

survey period (Supplementary Information 2.4 and Supplementary

Tables 3 and 54). Rather than computing an average frequency, this

variable provides a binary classification, flagging children who have

been exposed to one or more types of sexual harms in the digital
environment. The construction of this variable was implemented in
two stages and combined responses to a battery of questions about

(1) whether they had experienced one or more forms of CSEA; and

(2) whether this occurred online (Supplementary Table 4).

First, to determine whether they had been exposed to technology-
facilitated CSEA, children were asked nine screeningitems: “In the past
year, how often have these things happened to you” (country-wise and
Likert scale responses are shown in Supplementary Table 37). Their
responses on a Likert scale were converted into binary indicators: a
response of “never” was recoded as O (indicating did not experience),
while responses ranging from ‘rarely’ to ‘very often’ were recoded as
1(indicating did experience).

(1) Someone made sexual comments about me (such as jokes, stories
or comments about my body appearance or sexual activities) that
made me feel uncomfortable.

(2) Someone sent me sexual images I did not want.


https://osf.io/3tpqa/files/osfstorage?view_only=5f02ad5dcbbe4d2ab2b161ce9a00ccfb
https://osf.io/3tpqa/files/osfstorage?view_only=5f02ad5dcbbe4d2ab2b161ce9a00ccfb
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(3) I have been asked to talk about sex or sexual acts with someone
when I did not want to.

(4) I have been asked by someone to do something sexual when I did
not want to.

(5) I have been asked for a photo or video showing my private parts
when I did not want to.

(6) Someone offered me money or gifts in return for sexual images or
videos.

(7) Someone offered me money or gifts to meet them in person to do
something sexual.

(8) Someone shared sexual images of me without my consent.

(9) Someone threatened or blackmailed me to engage in sexual
activities.

Second, to estimate whether this happened online or offline, chil-
dren were asked: “Thinking about the last time this happened, did it
happenin any of these ways?”. The response items included multi-
select options; that is, the children could select any of the following

» u

options: “in person”, “on social media” (for example, Facebook, You-
Tube, Snapchat, WhatsApp, Twitter)”, “inan online game”, “some other
way”, “prefer not to say” or “don’t know” for each category of CSEA
(Supplementary Tables 4, 47, 48 and 53). We coded a binary indicator
as 1if, for any of the nine harms, the child reported experiencing the
harm and indicated that it occurred on social media or in an online
game. Thisapproach ensured that the final variable counted all those
children who experienced sexual harms in the digital world.

Dual reporting approach. We report technology-facilitated
CSEA prevalence in two ways. First, we estimate prevalence among
internet-using children directly from the Disrupting Harm child sur-
vey. Second, we estimate prevalence in the total population aged
12-17 years by multiplying individual-level prevalence by internet
penetration rates from the Disrupting Harm household survey. This
approach assumes that only children with internet access can experi-
ence technology-facilitated sexual harms.

Uncertainty propagation. We propagated uncertainty from both
survey components using Monte Carlo simulation to estimate 95% Cls
for population-level prevalence and we drew 5,000 samples fromeach
component’s sampling distribution on the logit scale, calculated the
product for eachiteration, and extracted the 2.5th and 97.5th percen-
tiles of the resulting distribution (Supplementary Figs. 14 and 15). This
approach treats the child and household surveys as statistically inde-
pendent, justified by their separate sampling frames, child respondents
and field operations. We calculated standard errors using effective
sample sizes (Kish’s method; Supplementary Information 2.2) that
account for survey weights. For the internet exposure component in
countries where sample sizes were unavailable, we applied conserva-
tive default standard errors (3 percentage points forinternet exposure
and 5 percentage points for prevalence among internet users). These
defaults affect only the width of the confidence intervals, not the point
estimates.

Several considerations warrant caution when interpreting
population-level estimates. First, internet exposure data were col-
lected in 2020-2021. In rapidly digitalizing countries, exposure rates
have probably increased substantially since then, meaning that our
estimates do not represent current population burden. Second, the
household measure captures regular internet use but may not capture
occasional use outside the home (for example, at schools or community
centres), leaving our prevalence estimates conservative. Third, our
framework assumes children without internet access cannot experience
technology-facilitated harms, an assumption that cannot be empiri-
cally validated with our data. Given these constraints and propagated
uncertainty, population-level estimates should be interpreted asillus-
trativeindicators of relative burden across countries rather than precise
national estimates. A full list of caveats is provided in Supplementary
Information 2.2.

Disclosure. To determine whether children disclosed online sexual
incidents, they were asked “Who did you tell about what happened?”
and presented with a list of multiple response options such as poten-
tialindividuals, educators, and law enforcement organizations. They
couldalsorespond that they “hadn’t disclosed to anyone”, “didn’t know
whether they had” or “preferred not to say” (multiple responses pos-
sible). As each disclosure targetis a distinct behavioural decision with
potentially different determinants and our exploratory research ques-
tionis channel-specific, we derived three child-level binary indicators:

(1) Any disclosure (told all): coded 1if the child disclosed at least one
CSEA type to any channel O otherwise.

(2) Informal disclosure (told informal): coded 1if the child disclosed
any CSEA type to informal sources (parents/caregivers, siblings,
friends, other adults, or other), O otherwise.

(3) Formal disclosure (told formal): coded 1if the child disclosed any
CSEAtype toformal authorities (teachers, police, helplines, social
workers), 0 otherwise.

These categories are non-mutually exclusive (Supplementary
Tables 40 and 41). Children who disclosed to both formal and infor-
mal channels are counted in both categories because each disclosure
represents a distinct behavioural decision potentially influenced by
different factors. Children selecting only “didn’t tell anyone” were
counted as non-disclosures. Children could also select “prefer not to
say,” or “don’t know”, which were counted as non-responses. As this
question used this multi-select format, channel proportions can sum
to more than 100% by design, as children who disclosed to multiple
sources are counted in each applicable category. See Supplementary
Fig. 25 for mutually exclusive categories of disclosure.

Barriers to disclosure. After the reportingitem, adolescents who indi-
cated “Idid not tellanyone about it” for a given technology-facilitated
CSEA harmreceived a multi-select barrier question (“Were any of the
following reasons why you did not tell anyone about what happened?”).
The unitof analysisis the non-disclosed incident at the CSEA-type level
(thatis, for each CSEA type where the child did not disclose).

For each barrier, we estimated the survey-weighted percentage
of all non-disclosed incidents that cited that barrier. As the item is
multi-select, aninstance can contribute to multiple barrier categories,
and percentages within a harm type need not sum to 100%. To assess
whether barriers cluster, we constructed a co-occurrence matrix of
weighted joint percentages among all non-disclosed incidents (Sup-
plementary Fig. 26 and Supplementary Tables 55 and 56). Children
could select any of the following multi-select barriers:

(1) 1did not know where to go or who to tell.

(2) Ifelt embarrassed, ashamed or that it would be too emotionally
difficult to tell.

(3) Idid not think anyone would believe me or understand my situation.

(4) Iwas worried I would getin trouble if I told someone.

(5) Ifelt that 1 did something wrong and did not want to tell.

(6)1did not think it was serious enough to report.

(7) 1did not want the person who did this to get into trouble.

(8)Ifeared it would cause trouble for me or my family.

(9) 1did not think anything would be done.

(10)1did not know you could report these things.

(11) My friends discouraged me from reporting.

(12) My parents discouraged me from reporting.

(13) Ifeared it would not be kept confidential.

Predictors of disclosure. Informed by the integrated child-centred
model for violence prevention®, and Bronfenbrenner’s socioecological
framework®?, we situate disclosure within the broader context. These
frameworks recognize that online violence intersects with a range of
riskand protective factors, includingindividual, interpersonal, commu-
nity, structural and institutional factors®%°. We preregistered a logistic



regressionwith predictors across four conceptual levels: demographic
(age and gender), family (enabling parental mediation of online activi-
ties), cultural (children’s attitudes towards sex) and protective factors
(whether the child received sex education, had the knowledge of where
toseek help, or had digital skills to report) (response options are shown
in Supplementary Table 33, and country-wise responses are shown in
Supplementary Tables 35and 36).

Demographics. We included a continuous measure of age (centred
at the mean for models) and binary measure for gender (treated as
1=girl and 0 =boy in models). For regression models, gender was
entered as a two-level factor with +0.5 contrast coding (boy =-0.5,
girl=+0.5). We had no directional prediction regarding how indi-
vidual factors such as age and gender may be related to disclosure.
Previousresearch has found that girls are more frequently subjected
to sexual abuse*’, which might make them less likely to disclose given
theincreased prevalence. At the same time, boys may be less likely to
report abuse owing to feelings of shame, potentially reducing their
likelihood of disclosure*°.

Family. To measure enabling parental mediation of onlineinteractions,
children answered the question “Whenyou use the internet, how often
does your parent/carer/guardian do any of these things?”, rating the
frequency (from1=neverto5 = very often) of four specific behaviours
that capture active support, help and supervision in navigating the
online space. These behaviours included (1) encouraging the child to
exploreandlearn things ontheinternet; (2) suggesting ways to use the
internet safely; (3) helping the child when something bothers them on
theinternet; and (4) doing shared activities together on theinternet. We
took theitem mean to obtain the enabling parental mediation measure
(Cronbach’s Alpha across all parental mediationitems was a = 0.78).

We hypothesized that enabling parental mediation would be associ-

ated with a higher likelihood of disclosure. Research indicates there
aredifferent tiers of parental mediation®, including restrictive, active,
supportive and co-playing mediation strategies, that buffer children’s
exposure to online risks**®. However, digital parenting styles may differ
cross-culturally and diverse research on parental strategies remains
lacking®. Yet some empirical evidence from Pakistan suggests that
parents who are engaged in highly active mediation of internet safety
are likely to mitigate adverse experiences online®,
Culture. Attitudes towards sex were measured with responses to
the following statements: (1) “Having sex before marriage is accept-
able”; (2) “Only men, not women, should decide when to have sex”;
(3) “If someone insults a boy or man, he should defend his reputation
with force if he needs to”; (4) “A woman should tolerate violence to
keep her family together” (recoded: 1=yes, 0 = no). These were then
bifurcated into two separate variables; the first statement measured
attitudes towards premarital sex, a proxy for measuring positive gender
norms, while the latter three statements were conceptually distinct
and combined to measure inequitable gender attitudes. We analysed
two predictors: premarital sex (item 1) as a separate binary variable
(0.5 centred for regression) to account for the positive gender norm,
and an inequitable gender-attitudes index equal to the sum of items
(items 2to 4) (range 0-3; higher = more inequitable).

We hypothesized that the combined gender norm measure
(1-4 items) may be related to lower likelihood of disclosure. Decades of
research onviolence against women have shown that gender inequal-
ity is often linked to the acceptance of intimate partner violence and
gender-based violence”7>#384 In some countries, patriarchal views
normalize violence against women®, for example, a study using
high-quality data from the Gender and Adolescence: Global Evidence®
in Ethiopia found that community norms, more than household atti-
tudes, predicted violence against children”..

Protective level. We included three factors that could theoretically
be related to the likelihood of disclosure: sex education, digital skills
to report and the child’s knowledge of how to seek help. Sex educa-
tion was measured by children answering if they had “received any

sexeducation” (the term ‘sex education’ was changed to ‘reproductive
health’in Cambodia) (binary variable: 1=yes, 0 = no). A child’s knowl-
edge of how to seek help (help-seeking knowledge) was measured by
children answering whether they knew where to get help if “you or a
friend experience sexual assault or sexual harassment” (binary vari-
able:1=yes, 0 = no). Digital skills to report was measured by children
answering if they knew how to “report harmful content”, which was
measuredonascaleof1to4 (1=notatall true for me, 4 = very true for
me). Note that the digital skills questions measured a total of eight
skillsand competenciesrelated tointernet use, including information,
operational, social and creative skills. However, for this analysis, we
selected only the core social skill related to disclosure.

We hypothesized that sex education, digital skillsand a child’s knowl-
edge of how to seek help when they or a friend are assaulted would be
positively associated with disclosure. Previous research has identified
specific protective factors, such as sex education and digital skills that
arelinked to children’s attitudes toward online safety**2. Research has
alsounderscored theimportance of online safety resourcesin directly
addressing the complexities of child abuse®¥,

Inclusion criteria

Inthe Disrupting Harm survey, we first adjusted the country’s sample
size toreflect the weights, dropping 707 responses and then omitting
observations that we had planned to exclude, such asnon-responders
(don’t know or prefer not to say) and variables with high missingness
(Supplementary Table 35).

Analyses

Using Bayesian multilevel logistic regression models, we modelled our
binary outcomes (1) whether a child experienced technology-facilitated
CSEA (Supplementary Tables 5and 6 and Supplementary Fig. 20); and
(2) whether they disclosed the experience, where individual children
formed thelower level and countries the upper level. First, we analysed
whether age and gender predicted thelikelihood of experiencing one or
moretypes of technology-facilitated CSEA (1= did experience, 0 = did
not experience). We modelled this outcome as Bernoulli distributed
with alogit link function:

logit(Pr(CSEA;=1)) = B, + ug; + (B, + uy)Gender;
+(B,+ uzj)Agel.j +(B,+ u3j)Gender,-jAgeij

where S, 8., B., B; represent the fixed effects for the intercept, gender,
ageand theirinteractionrespectively, Gender;and Age; represent the
gender and age of child iin countryjand uy; represents the random
effect of belonging to country j, u;; u, and uy represent the random
slopes of gender, age and their interactionin the model. We modelled
the country-specific parameters as multivariate normally distributed.

As logit-scale interaction coefficients can be hard to interpret®,
we report predicted probabilities and AMEs for gender, age and their
interaction. Uncertainty reflects posterior draws and is summarized
with 95% credible intervals. AMEs are averaged over the observed
country-level random effects, reflecting the average effect across the
12 study countries in the sample. To evaluate evidence for the null, we
conducted Bayesian equivalence tests by calculating the proportion of
the posterior distribution falling within a ROPE defined as odds ratios
between 0.67 and 1.50, arange conventionally considered negligible®*®°.
We also compared additive and gender and age interaction specifica-
tions using Pareto-smoothed importance-sampling leave-one-out
cross-validation (PSIS-LOO)* (Supplementary Fig. 22). The difference
inexpected log predictive density (AELPD) was —0.9 (s.e.m. =1.9), indi-
cating no meaningful improvement in out-of-sample predictive per-
formance fromincluding the interaction.

We further examined whether prevalence of technology-facilitated
CSEAdifferedacrossurban, peri-urbanand rural settings, whileaccount-
ing for gender, age and cross-country heterogeneity (Supplementary
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Tables 8 and 9). We report results as AMEs on the probability scale,
population-averaged over country random effects. This model pre-
serves an additive fixed effect for degree of urbanization (that is, the
urban, peri-urbanand rural contrasts are adjusted for gender and age),
while allowing gender and age effects (and their interaction) to vary by
country as random slopes. We chose not to model degree of urbaniza-
tionwith random effects because each country contributes only three
categories, making random-effects estimation unstable and difficult
tointerpret.

We next modelled disclosure (1 =did disclose, O = did not disclose)
using the same Bayesian multilevel logistic regression framework, with
the following predictors: gender, age, attitudes towards premarital
sex, inequitable gender attitudes, enabling parental mediation, digi-
tal skills to report, sex education and knowing where to seek help if
you or afriend were sexually assaulted. We assessed multicollinearity
using variance inflation factors on the complete-case sample; all vari-
ance inflation factors values were below 3 (Supplementary Table 14).
Weighted Pearson correlations among all predictors were examined
as afurther check for multicollinearity (Supplementary Fig. 27). This
model was specified as:

P
logit(Pr(Disclosure; =1)) = B, + ug; + 21 (B, * tp) Xy
p

where B, is the fixed intercept, u,;is the random intercept for country

J,Pisthetotalnumber of predictors, B, is the fixed effect for predictor
p, uyisthe country-specific randomslope for predictor p,and X,,;is the
value of predictor p for child iin country .

To reduce the risk of overfitting, we applied shrinkage through a
horseshoe prior on the fixed effect coefficients to regularize esti-
mation, specifying three degrees of freedom and a global scale
parameter of 0.5. The horseshoe prior induces adaptive shrinkage
and is a recommended Bayesian alternative to LASSO for variable
selection®”. All other parameters retained brms default priors: a
Student-£(3, 0, 2.5) prior for the intercept, half-Student-£(3, 0, 2.5)
priors for random effect standard deviations and an LKJ(1) prior for
the random effects correlation matrix®™®,

To assess whether predictor-disclosure associations varied by
country, we compared a baseline additive model (all predictors fixed,
random intercepts for country) to aseries of modelsin which one pre-
dictor at atime had arandom slope by country (for example, inequi-
table gender attitudes allowed to vary by country) (Supplementary
Tables16-19 and Supplementary Fig. 28). We used PSIS-LOO to compute
ELPD and AELPD (s.e.) relative to the baseline model®’. AELPD values
ranged from-3.1t0 0.0 (s.e.: 3.4-4.3), indicating no supported improve-
ment from adding any single random slope (Supplementary Table 20
and Supplementary Fig. 29). Bayesian R*for the complete-case model
isreported in Supplementary Table 15. Posterior correlations among
fixed-effect parameter estimates for all disclosure models are reported
inSupplementary Figs.30-32.

We used Bayesian methods for all model estimation because they
are well suited to estimating (co)variance parameters in multilevel
models®. We estimated all models using Markov chain Monte Carlo
(MCMC) sampling, specifying 4 chains of 2,000 iterations with1,000
warm-up iterations (4,000 post warm-up draws per imputation). We
set the target acceptance probability (delta) to 0.99 to facilitate con-
vergence. We report all posterior mean or median summaries, pos-
terior probabilities of direction and the credible intervals between
the 2.5th and 97.5th percentiles. To evaluate convergence, we used
a conservative approach tailored for multiply imputed models. We
computed R-hat separately for each imputed dataset and report the
highest value observed acrossimputations (Supplementary Table 31).
We also inspected the number of divergent transitions and visually
inspected trace plots, R-hat histograms and stratified posterior predic-
tive checks (Supplementary Figs. 34-38).

All analyses were adjusted using weights for random probability
samples and included three stages: (1) inverse probability weights to
account for the variationin design; (2) non-response weights toreduce
bias; and (3) post-stratification weights to account for differences
between the sample and target internet-using population distribu-
tions. All reported estimates and counts are survey-weighted (unless
mentioned otherwise). Further details about our sample weights and
design are provided in Supplementary Table 2. Missing data ranged
from 0.2%t0 33.8% across variables (Supplementary Table 11). All miss-
ing datafor theindependent variables were imputed using the multiple
imputation by chained equations (MICE) method and the mice package
in R”®. MICE was used as it accommodates both continuous and categori-
cal variables flexibly and is well suited to the complexity of the dataset.
We ran 30 imputations of the analysis and pooled results across all
datasets to ensure robust estimation. All main models were estimated
using the brms® R package for Bayesian estimation. All graphs were
created using ggplot2®® and ggdist®. All diagnostics were checked
using the Bayesplot®® package.

Deviation from the pre-registration

We deviated from the pre-registrated analysis plan in several ways.
First, although we preregistered one confirmatory logistic regres-
sion model (our preregistered hypothesis is shown in the ‘Predictors
of disclosure’ section) and four exploratory models (interaction,
random intercepts, comparing formal versus informal channels and
regularized regression), we did not interpret the GLM as the test of
our confirmatory analysis. We extended the preregistered explora-
tory random-intercept model into a Bayesian random intercepts and
slopes model. This allowed us to (1) factor in the heterogeneity in the
relationship between the set of predictors and disclosure; (2) provide
more nuanced uncertainty estimation; and (3) reflect the empirical
expectation that effects willnot be homogeneous across these diverse
countries in Asia and Africa. Owing to this expected heterogeneity,
we judged this extension to be theoretically and methodologically
appropriate. All preregistered and exploratory models with missing
data and imputed models are reported in Supplementary Tables 10,
12,13,21-23 and 25-30 and Supplementary Fig. 33. Second, given that
conceptual frameworks for technology-facilitated CSEA are still emerg-
ingand considering the lack of standardizationin how such harms are
measured and categorized”, we analysed each reported type of sexual
harm (that occurred on social media or inan online game) separately.
We had initially divided the nine measures into three categories (the
previous categorizationis showninSupplementary Fig.16). However,
itwas challenging to clearly delineate the boundaries between possible
and grave instances of forms of sexual exploitation and abuse, and
we wanted to avoid conflating these categories or introducing meas-
urement error. Our final terminology was informed by the updated
guidelines by the Working Group for the Revision of the Terminology
Guidelines for the Protection of Children from Sexual Exploitation and
Sexual Abuse (the Luxembourg Guidelines)®.

Third, we extended the scope of our analysis to add a core model to
estimate the probability of children experiencing technology-facilitated
CSEA and unpack the associations with key demographic factors.
Fourth, we excluded the perpetrator’sidentity (for example, unknown,
known romantic, known family, known other) from the main model due
to substantial conceptual and reporting overlap between categories
(thatis, many children reported multiple perpetrators) (Supplementary
Fig.19 and Supplementary Tables 43 and 44). This was initially prereg-
istered asaninterpersonal predictor. Instead, we reclassified enabling
parental mediation, which was also preregistered after revisiting the
literature as an interpersonal (family-level) predictor. Fifth, we had
preregistered to run an exploratory analysis using the LASSO regu-
larized regression. However, the underlying brms package (v.2.19.2)
no longer supports the LASSO prior, and we use a Horseshoe prior
instead. Finally, we did notimplement backward stepwise selection or



bootstrapping;instead, model comparison was conducted by PSIS-LOO
cross-validation® and uncertainty was quantified through posterior
distributions (Supplementary Tables 20 and 24 and Supplementary
Figs.22 and 29).

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The Disrupting Harm survey data used in this study were shared with
theresearchteam (S.G.and A.O.) under adata-sharing agreement with
UNICEF Office of Strategy and Evidence - Innocenti. Owing to the sensi-
tive nature of the data, involving child-level reports of sexual exploita-
tion and abuse, they cannot be made publicly available.

Code availability

All analyses were conducted in R (v.4.4.1)*°. All pre-processing and
modelling code, including rendered HTML outputs showing full code
andresults, is publicly available at GitHub (https://github.com/sghai9/
technology-mediation-csea) and archived on Zenodo (https://doi.
org/10.5281/zen0d0.20050190)°.
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technology-facilitated CSEA by country. Survey-weighted prevalence
estimates with 95% design-based confidence intervals for nine types of
technology-facilitated CSEA experienced by internet-using children aged
12-17 yearsacross 12 countries (n=11,912,2020-2021). Points represent the
survey-weighted prevalence estimate (measure of centre). Error bars show 95%
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arereportedinSupplementary Table 52.
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Extended DataFig. 3 | Country-specific associations between predictors
and disclosure by channel type. Points show posterior means (log-odds scale)
from Bayesian multilevel logistic regression models with random intercepts
andslopes; horizontal bars represent 95% credible intervals. Formal channels
include police, helpline, social worker, and teacher; informal channelsinclude
family members (siblings, father, mother), friends, and other adults. Purple
denotes formal channels and orange denotes informal channels (see panel
legend for shape and colour keys). Faded grey points and intervalsindicate

estimates whose 95% credible intervalsinclude zero. Countries are ordered by
region (African countries above; Asian countries below). Each model adjusts
forall predictors simultaneously and accounts for clustering at the country
level. Models are survey-weighted; estimates are pooled across 30 imputations.
Sample:n=2,067 children (unweighted sample) who experienced at least one
technology-facilitated CSEA incident. Full country-specific estimates are
reported in Supplementary Table 30.
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Extended DataFig. 4 |Sensitivity of disclosure associations across model
specifications. Parameter estimates from seven model variants predicting
disclosure viaany channel. Points represent posterior means and horizontal
line segments show corresponding 95% credible intervals. The x-axis shows
posterior estimates (log-odds scale) and the y-axis shows predictors. Models
differ in their handling of missing dataand model structure: models without
multipleimputationinclude astandard Bayesian logistic regressionand a

random-intercepts model; models incorporating multiplimputationsinclude
alogisticregression (GLM), arandom-intercepts model, arandom-intercepts-
and-slopes model, ahorseshoe-penalised random-intercepts model, and a
random-intercepts-and-slopes model with horseshoe penalisation.Sample:
n=2,067 children (unweighted sample) who experienced at least one
technology-facilitated CSEA incident; estimates are survey-weighted.
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|:| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

< The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

|X’ A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
N Gjve P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

XOO O O000XOS

|:| Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  Ipsos Mori collected the data using a combination of face-to-face household interviews and online interviews (due to the COVID-19 pandemic
restrictions) to ensure maximum national coverage of the total population included in the survey.

Data analysis All analyses were conducted in R (version 4.4.1).Key R packages used include: brms, cmdstanr, posterior, loo, bayestestR, marginaleffects,
emmeans, tidyverse, survey, srvyr, mice, ggplot2, and ggdist. A full list of packages and version numbers is provided in the GitHub repository
README (https://github.com/sghai9/technology-mediation-csea)

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.




Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The Disrupting Harm survey data used in this study were shared with the research team (S.G. and A.O.) under a data-sharing agreement with UNICEF Innocenti —
Global Office of Research and Foresight. Due to the sensitive nature of the data, they cannot be made publicly available.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender
Demographic data was collected on gender.

Reporting on race, ethnicity, or

other socially relevant Demographic data was collected on material deprivation, religious affiliation, classification of local area (urban-rural), and
groupings education. No ethnicity data was collected.

Population characteristics Children aged 12-17 years.

Recruitment This study was designed to be representative of each country's digitally connected population. A random probability

clustered sample design was used to ensure all households had an equal chance of being sampled.

Ethics oversight The Disrupting Harm Survey was reviewed and approved by a global institutional review board (HML IRB Research and
Ethics). In addition, ethics approval was obtained from national or institutional ethics review bodies in each of the 12
participating countries. These included: the National Commission for Science, Technology and Innovation (Kenya); Makerere
University School of Public Health and the Uganda National Council of Science and Technology (Uganda); the Cambodia
National Council for Children and the Ministry of Interior (Cambodia); the Ministry of Health, National Committee on
Bioethics for Health (Mozambique); the Medical Research and Ethics Committee (Malaysia); the Health Research Ethics
Committee, National Institute of Health Research and Development (Indonesia); the Ministry of Health and Social Services
Ethical Review Board (Namibia); the Ministry of Labour, Invalids and Social Affairs (Vietnam); the Philippine Social Science
Council Ethical Review Board (Philippines); the Ethiopian Society of Sociologists, Social Workers and Anthropologists
(Ethiopia); and multiple bodies in Tanzania: the Medical Research, National Bureau of Statistics, and the President's Office—
Regional Administration and Local Government, with permits from the Tanzania Commission for Science and Technology and
additional approvals from the Zanzibar Health Research Institute. In Thailand, the study was reviewed by a special panel at
Mahidol University's Institute of Human Rights and Peace Studies, as no formal government ethics review process exists for
social research

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

|:| Life sciences |Z| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description This study uses a quantitative, cross-sectional survey design. Data are drawn from the nationally representative household survey
component of the Disrupting Harm project: a multi-sectoral research initiative led by UNICEF Office of Research —Innocenti, ECPAT
International, and INTERPOL, with funding from Safe Online. While the broader Disrupting Harm project employed a mixed-methods
design across its three partner organisations, this paper analyses only the quantitative survey data collected by UNICEF.
Approximately 1,000 internet-using children aged 12—17 were surveyed in each of 12 countries across Eastern and Southern Africa
(Ethiopia, Kenya, Mozambique, Namibia, Tanzania, Uganda) and Southeast Asia (Cambodia, Indonesia, Malaysia, Philippines,
Thailand, Vietnam).
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Research sample Children aged 12-17 living in Ethiopia, Kenya, Mozambique, Namibia, Tanzania, Uganda, Cambodia, Indonesia, Malaysia, the
Philippines, Thailand, and Vietnam.

Sampling strategy The sample is nationally representative of internet-using children aged 12—17 in each country. A stratified random cluster sample
with random walk within clusters was used. Children were randomly selected at household level if they were aged 12—17 and had
used the internet at least once in the past three months. Survey weights were applied in three stages: design weight adjustments to
reflect probabilities of selection (inverse probability weights), non-response weights to reduce non-response bias, and post-
stratification weights to adjust for differences between the sample and population distributions. The sampling design aimed at
achieving full or near-full national coverage, making findings representative of internet-using children aged 12—17 in each
participating country, rather than the general child population. The total analytic sample comprises N = 11,912 internet-using
children across 12 countries. No formal a priori power calculation was conducted. Sample sizes of approximately 1,000 children per
country were determined by UNICEF Office of Research: Innocenti and Ipsos as a standard survey design target for nationally
representative household surveys, sufficient to provide adequate precision for country-level prevalence estimates of technology-
facilitated CSEA. In some countries, conflict-affected or very remote areas were excluded from fieldwork coverage. Full coverage
details are reported in the Supplementary Information.
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Data collection Data was collected by Ipsos MORI (and local Ipsos affiliates) on behalf of UNICEF Office of Research — Innocenti between 2020 and
2021. The survey instrument was adapted from the Global Kids Online questionnaire (originally developed by UNICEF Innocenti and
the London School of Economics), with roots in the EU Kids Online survey (2012) with additional modules developed specifically for
the Disrupting Harm project. The survey used a mixed-mode design combining computer-assisted personal interviewing and
computer-assisted self-interviewing. Questions relating to children's life context and general internet use were administered face-to-
face by trained enumerators to build rapport. Sensitive sections covering sex and sexual violence including the nine items assessing
technology-facilitated CSEA were completed by children themselves in self-complete mode on a tablet or phone, primarily to protect
privacy and to allow children to feel more comfortable responding. Enumerators remained available throughout to answer questions,
address concerns, and activate the safeguarding and referral protocol if needed. Regardless of mode, children retained the right to
skip any question or section or to stop the interview at any time. As this is an observational survey study with no experimental
conditions, blinding of interviewers to the study topic was not applicable. While other household members were sometimes present
during face-to-face portions, the self-complete mode for sensitive questions provided additional privacy protection.

Timing Data collection took place between January 2020 and November 2021 across 12 countries. In Eastern and Southern Africa, fieldwork
began earliest in Uganda (January 2020). Fieldwork in Ethiopia, Kenya and Tanzania was conducted between December 2020 and
January 2021, whereas Namibia ran from December 2020 to February 2021. Mozambique had a staggered fieldwork schedule,
beginning in the south in February 2021 and in the central and northern regions in May 2021, with all fieldwork completed in July
2021. In South-East Asia, fieldwork began in Cambodia (November 2020), followed by Thailand and Vietnam (November 2020 to
February 2021) and Indonesia (November 2020 to February 2021). Fieldwork in the Philippines ran from January to April 2021, and
Malaysia had the latest collection window, from April to November 2021. Each country targeted a sample of 1,000 internet-using
children aged 12—-17 years. Achieved unweighted sample sizes ranged from 975 (Philippines) to 1,111 (Mozambique), and weighted
sample sizes ranged from 950 (Philippines) to 1,016 (Uganda).

Data exclusions In the Disrupting Harm survey, we adjusted each county s sample size to reflect survey weights, which led to the exclusion of 707
cases. We then removed planned exclusions, including non-responders and one-item variable with high missing data.

Non-participation NA

Randomization Randomization was employed at multiple stages of the sampling procedure. A stratified random cluster sampling approach was used,
with primary sampling units (clusters) selected with probability proportional to size. Within selected clusters, households were
identified through a random walk procedure. Within eligible households, if more than one child aged 12-17 met the eligibility criteria
(internet use in the past three months), a single respondent was selected. This multi-stage random sampling procedure ensured that
every eligible child in each country had a non-zero probability of selection, and survey weights were applied to account for unequal
probabilities of selection, non-response, and post-stratification.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
n/a | Involved in the study n/a | Involved in the study
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Plants

Seed stocks

Novel plant genotypes

Authentication

Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
was applied.

Describe-any-atithentication-procedtres foreach seed stock- tised-ornovel genotype generated—Describe-any-experiments-tsed-to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.
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