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Abstract 
A growing body of qualitative research has identified contextual risk 
factors that elevate people’s chances of experiencing digital-safety 
attacks. However, the lack of quantitative data on the population-
level distribution of these risk factors prevents policymakers and 
tech companies from developing targeted, evidence-based interven-
tions to improve digital safety. To address this gap, we surveyed 
5,001 adults in the United States to analyze: (1) the frequency of and 
relationship between digital-safety attacks (e.g., scams, harassment, 
account hacking), and (2) how these attacks align with 10 contex-
tual risk factors. Nearly half of our respondents identify as resource 
constrained, which significantly correlates with higher likelihood 
of experiencing four common attacks. We also present qualitative 
insights to expand our understanding of the factors beyond the 
existing literature (e.g., “prominence” included high-visibility roles 
in local communities). This study provides the first large-scale quan-
titative analysis correlating digital-safety attacks with contextual 
risk factors and demographics. 

CCS Concepts 
• Security and privacy → Human and societal aspects of secu-
rity and privacy; • Human-centered computing → Empirical 
studies in HCI. 
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1 Introduction 
Designing internet experiences that proactively mitigate people’s 
risk requires a robust understanding of how different digital safety 
attacks happen, including what circumstances make harms more 
likely or more intense [12]. Scholarship demonstrates that the 
dynamics of digital-safety experiences emerge at the intersec-
tions between relational dynamics, social identity, and life circum-
stances [36, 39, 40, 49, 50, 70]. “Digital-safety” attacks can include 
anything from a bulk phishing attack to being directly targeted 
with abusive messages or personal images. These attacks can cause 
financial or emotional harms, and may escalate into physical harm. 
In scope is any incident pertaining to security, privacy, or online 
abuse with a digital component, and a negative outcome to individ-
uals or groups [36, 62], which are not experienced equally across 
the population. Research has outlined the adverse effects of these 
attacks, demonstrating how some user groups endure heightened 
forms of unwanted behavior [41], face complex privacy risks [17], 
and experience greater financial harm from scams and attacks [33]. 

One hypothesis from the literature, is the disproportionate sever-
ity and incidence of digital harms stems from contextual risk fac-
tors—circumstances rooted in societal, relational, and personal life 
experiences—that increase a user’s vulnerability to attacks or hinder 
recovery [36]. Warford et al. [69] synthesized 5 years of research 
into safety, privacy, and security experiences across settings into a 
framework identifying ten risk factors, encompassing societal (e.g., 
stigmatization, relationship factors), relational (e.g., reliance on a 
third party), and personal circumstances (e.g., prominence, being 
resource and time constrained). This framework emphasizes how 
the mechanisms of digital safety risk include factors that cannot 
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solely be captured by standard demographics. For instance, scholars 
highlight the compounding risks faced by financially precarious 
unhoused youth [73] and disabled creators encountering ableist 
harassment due to their visibility [33]. To meaningfully reduce 
risk, digital safety interventions must account for the social and 
situational factors that influence technology use [54]. 

While scholars have provided a rich understanding of the lived 
experiences of vulnerability, research examining perceptions and 
distribution of risk at the population level remains limited. Without 
any baseline, designers of technology and builders of safety systems, 
can not know how generalizable these experiences are, and may 
treat “at-risk” users as edge cases, designing systems and safety 
defaults for a theoretical, but not well-grounded, average user. This 
article offers an analysis of individual’s perception of contextual 
risk factors, which is essential for understanding the scale of the 
problem, enabling more targeted, evidence-based interventions [54], 
and identifying user groups bearing disproportionate risk that may 
not be currently captured in the literature. We describe findings of 
a nationally-representative survey of 5,001 U.S. adults across age, 
gender, education, race, and region designed to: (1) measure the 
prevalence of ten specific digital-safety attacks; and (2) quantify 
self-identification with the ten established contextual risk factors. 
Our research questions include: 

• RQ1: How many US adults experience digital-safety attacks? 
• RQ2: How many people self-identify with expert-identified 
contextual factors that may increase risk of attacks, and 
why? 

• RQ3: Who is likely to identify with the contextual risk fac-
tors and how might their circumstance increase the likeli-
hood of experiencing digital-safety attacks? 

Through a logistic regression analysis of the relationship be-
tween risk factors and attacks, supported through descriptive anal-
ysis of the qualitative explanations our respondents provided, we 
find that circumstances elevating digital risk are a normative aspect 
of U.S. adults’ online experience, with 85% of respondents identify-
ing with at least one risk factor. Our findings also add nuance to 
existing factors, revealing how respondents interpret these factors 
in more expansive ways than the current scholarly literature has 
documented. For example, participants in high-visibility roles—such 
as a “neighborhood nurse” in a rural community—self-reported feel-
ing prominent. We conclude by discussing the implications of these 
findings for future digital-safety research, including methodological 
considerations for studying perceived risk and the need for addi-
tional at-risk research to inform evidence-backed, targeted outreach 
in digital-safety awareness and education. 

Finally, this study aligns with broader efforts to shift focus from 
individual identity characteristics and towards circumstantial de-
terminants [60]. Analogous to the “social determinants of health” 
framework in public health [61, 74]–which recognizes that social 
and economic conditions, rather than identity traits alone, shape 
outcomes–this study highlights the situational conditions that con-
tribute to disparities in digital safety threats. By emphasizing these 
circumstances, the HCI field can avoid placing responsibility solely 
on identity and instead address the environmental conditions that 
exacerbate digital harm. 

In summary, this study provides a first step towards building 
a holistic understanding of how expert-identified, contextual risk 
factors manifest in the U.S. population, offering: 

• An updated distribution of digital-safety attacks in the U.S. 
population. 

• An analysis of the demographics and contextual risk factors 
that correlate with the likelihood of experiencing various 
digital-safety attacks. 

• Directions for future work by identifying: (1) at-risk popula-
tions currently not well captured in the digital-safety litera-
ture and (2) specific demographic or situational contexts that 
shape how different digital-safety attacks are experienced. 

2 Related Work 
In this section, we first summarize key findings from survey-based 
research on the prevalence of digital-safety attacks and the demo-
graphic differences identified in these experiences. We then review 
at-risk research in HCI, highlighting qualitative studies that reveal 
contextual factors and circumstances beyond demographics that 
can increase one’s vulnerability. We specifically focus on attacks 
that were explored in our survey, which include cybersecurity at-
tacks (i.e. scams, account hacking, virus or malware attacks, money 
stolen), harassment and abuse, (i.e. insulted, discriminated, stalking, 
and physical threats), exposure to harmful content (i.e. exposed to 
unwanted or explicit content), and privacy violations (i.e. having 
photos or information shared without their permission). While HCI 
research has increasingly examined digital safety in international 
and non-WEIRD contexts [26, 71], this review focuses on prior work 
situated in the United States aligning with the geographic scope of 
our study. 

2.1 Digital-safety attacks in the United States 
Numerous organizations conduct large-scale surveys to measure 
the prevalence of varying digital safety-attacks, with cybersecurity-
related incidents among the most frequently reported. Scams and 
financial fraud, for instance, have long been documented: in 2013, 
Pew Research found that 6% of internet users had been victims 
of an online scam resulting in financial loss [45]. Since then, such 
attacks have become more common. A 2021 U.S. Department of 
Justice report [7] estimated that 1 in 5 people (22%) had experienced 
identity theft in their lifetime, with victims losing an average of 
$880. More recent U.S. national surveys echo this trend. The 2023 
Ipsos Cybersecurity Survey [24] reported that 31% of Americans 
had been victims of online financial fraud or cybercrime, and a 
2025 Pew Research report [44] found that 73% of U.S. adults had 
experienced incidents such as credit card fraud, ransomware, or 
online shopping scams. 

Surveys have also documented the prevalence of online harass-
ment, abuse, and exposure to harmful content. In 2021, Pew Re-
search [68] reported that 41% of U.S. adults had personally experi-
enced online harassment, and 25% had endured severe forms such 
as stalking, physical threats, sustained harassment, or sexual ha-
rassment, which is up from 12% in earlier Pew Research studies. 
Emerging work has begun to measure specific types of harmful 
content. For example, Umbach et al. [66] found that 24.2% of Ameri-
cans had experienced image-based sexual abuse [66]; Pew Research 
reported 53% of women ages 18–29 reported receiving unsolicited 
explicit images [68]; and a U.S. Bureau of Justice Statistics survey 
[64] reported that 1.5% of people ages 16 and older had been victims 
of stalking, noting that it was more common for people to be stalked 
using technology compared to traditional forms of stalking. 
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Several surveys have documented demographic differences in the 
likelihood of experiencing various forms of digital attacks. Gender 
disparities appear consistently, with women reporting higher rates 
of stalking [64], non-consensual explicit content [68], identity theft 
[2], and online sexual harassment [68] compared with men. Sexual 
orientation is also associated with heightened victimization of on-
line abuse: lesbian, gay, or bisexual adults are significantly more 
likely than straight adults to face both general and severe online 
harassment [68]. In a large study of 27,000 transgender adults in the 
United States, participants reported particularly high rates of abuse: 
46% had experienced verbal harassment, 47% had been sexually 
assaulted, and 54% had experienced intimate partner violence. 

Differences also emerge across age groups, with younger adults, 
especially those under 30, encountering online harassment at higher 
rates than older adults [68], while older and middle-aged adults are 
more likely to report financial cybercrimes [24]. Additional dispari-
ties appear across race, education, and income. Black, Hispanic and 
Asian adults are more likely than White adults to say they have lost 
money because of an online scam [44]. Adults with no college educa-
tion report experiencing scams twice as much as college graduates 
[48]. Households earning less than $50,000 per year (12%) are about 
twice as likely as middle-income (7%) and upper-income adults 
(6%) to report having been scammed [48]. Conversely in another 
study, they found people with higher levels of income to report 
higher rates of identity theft [2]. It is important to note that these 
demographic differences are based on percentage comparisons. 
While such descriptive data highlight potential disparities across 
groups, they do not reveal the magnitude of these relationships or 
control for other contributing factors. To address this limitation, 
our work employs logistic regression to assess the significance 
of associations between individual circumstances, demographic 
characteristics, and the likelihood of experiencing digital-safety 
attacks. 

While large-scale polls are valuable for confirming that certain 
types of digital-safety attacks are common, they often lack the 
granularity to identify the underlying contexts that elevate a user’s 
risk. A richer understanding of what makes users vulnerable to 
digital-safety attacks requires a deeper look at contextual factors, 
allowing us to connect RQ1 and RQ2. 

2.2 At-Risk research 
At-risk users are those who face an increased likelihood of, or dis-
proportionate harm from, digital-safety attacks. Synthesizing five 
years of qualitative HCI research, Warford et al. [69] identified ten 
contextual risk factors which, when present, could increase the risk 
profile of a user or community: 

(1) Societal risk factors, which include people who have in-
creased risk due to legal, political, or societal wide forms of 
marginalization, for example activists [10], journalists [35], 
or refugees [56]; 

(2) Relationship-based risk factors, which include people 
who have increased risk based on who they know, for exam-
ple people in abusive relationships [14, 30, 37, 38] or who 
rely on others, like children [13, 20, 29] or older adults [15]; 
and 

(3) Personal risk factors, which include people who have 
increased risk due to their own circumstances, for example 
people who are prominent [9, 51, 63], financial insecure [57], 
or who have specific technology or accessibility needs. [1, 
23, 34, 47] 

Research into at-risk users does not just explore a single factor 
in isolation, but has also explored populations’ experiences at the 
intersection of these contextual risk factors. For example, Heung et 
al.’s [22] work with disabled creators found they experience high 
rates of ableist harassment due to their public prominence [22], 
and Woelfer et al.’s [73] study of unhoused youth highlighted the 
risks stemming from their financial precarity. However, Warford et 
al.’s [69] framework shows the large number of possible combina-
tions of factors, and motivates quantitative approaches to under-
standing more about the prevalence of groups with shared factors. 

To quantify the prevalence of contextual risk factors at a popula-
tion scale, survey methodology is required. Standard demographic 
polling questions (e.g., age, gender, race, disability) can capture some 
factors, in part, but are not well suited towards measuring the full 
range of circumstances that matter for digital safety. Additionally, 
no survey has measured the prevalence of the full set of contex-
tual risk factors [69]. This approach to capturing the prevalence of 
digital-safety experiences has precedent (e.g., [53, 66]) within the 
HCI community for tackling similar sociotechnical questions. 

In summary, the extant literature establishes the prevalence of 
certain digital-safety attacks and provides a rich, qualitative frame-
work for understanding contextual user risk. However, no study 
has yet measured the distribution of these non-demographic risk 
factors across a representative population. This study begins to 
address this gap by providing the first quantitative map of contex-
tual risk factors and their relationship to digital-safety attacks and 
experienced harm. 

3 Methods 
The research team conducted a nationally-representative survey 
of 5,001 U.S. adults regarding their digital-safety experiences and 
self-identified risk factors. This section details our participant re-
cruitment and demographics, survey design, analysis methods, and 
limitations. 

3.1 Respondents 
The survey was fielded between December 15, 2023—January 3, 
2024. In total, 5,001 adult respondents were recruited for the study 
via online panels managed by Morning Consult, a global public 
opinion polling company. To build a nationally representative sam-
ple, respondents were asked to report their age, gender, education, 
race, and region, which were used to meet pre-determined quotas 
to sample 5,000 participants matching national demographics on 
those characteristics. Instead of a standard sample of 1,000 partic-
ipants the polling company quintupled the sample to provide us 
a smaller margin of error (1.4% not the standard 3%), to allow us 
additional precision for less common risk factors and attacks. A 
summary of respondents’ demographic data are shown in Table 1. 



CHI ’26, April 13–17, 2026, Barcelona, Spain Heung et al. 

Demographic Group 𝑛 % Demographic Group 𝑛 % 

Gender Man 2,314 46.3 Political Party Republican 1,504 30.1 
Woman 2,657 53.1 Democrat 1,878 37.6 
Nonbinary 20 0.4 Independent 1,346 26.9 
Self-describe 8 0.2 
Prefer not to say 9 0.2 

Race White 3,510 70.2 Urbanicity Suburban 2,189 43.8 
Hispanic/Latino 442 8.8 Urban 1,552 31.0 
Black/African Am. 942 18.8 Rural 1,260 25.2 
Asian 206 4.1 
Am. Indian/Alaska 109 2.2 Parentage With kids 2,703 54.0 
Middle Eastern/NA 18 0.4 Without kids 2,298 45.9 
NH/PI 9 0.2 
Another race 33 0.7 Sexuality LGBTQ 432 8.6 
Prefer not to say 27 0.5 Non-LGBTQ 4,502 90.0 

Age Group 18–24 years of age 474 9.5 Generation Gen Z 616 12.3 
25–34 818 16.4 Millennials 1,305 26.1 
35–44 779 15.6 Gen X 1,320 26.4 
45–54 828 16.6 Baby Boomers 1,595 31.9 
55–64 868 17.4 Silent 165 3.3 
65+ 1,234 24.7 

Work Status Full-time 1,856 37.1 Education Grade 1–8 24 0.5 
Part-time 589 11.8 HS incomplete 194 3.9 
Unemployed / Not working 763 15.3 HS diploma 1,333 26.7 
Student 144 2.9 Some college 979 19.6 
Stay-at-home parent 209 4.2 Associate’s degree 498 10.0 
Retired 1,378 27.6 4-yr college 1,082 21.6 
Prefer not to say 62 1.2 Technical school 197 3.9 

Grad school, no degree 129 2.6 
Grad/prof. degree 565 11.3 

Disability Disabled 1,165 23.3 Non-disabled 3,693 73.8 

Table 1: Demographic summary of our nationally representative sample of 5,001 adult respondents in the U.S. 

3.2 Survey design 
The 20-minute survey started with a consent form and asked re-
spondents about their general experience with digital-safety attacks, 
whether they self-identified with any of the expert-identified factors 
that might put them at higher risk, and about their demographic 
information. This work was led by Google, which does not have an 
Institutional Review Board, but we adhered to equivalent ethical 
standards, including required internal ethics trainings, enforced 
data retention limits, standard Google consent forms for research, 
and internal review processes for sensitive topics and data col-
lection. Additionally, our survey was reviewed by our Morning 
Consult through their standard review processes. We describe the 
core modules of the survey below; see the Appendix for additional 
details. 

Digital-safety attacks. Building on existing surveys of digital-
safety attacks (described in Section 2), respondents self-reported 
whether they had, at any point, experienced any of ten possible 
digital-safety attacks such as being the target of a scam, having an 
account hacked, being discriminated against or harassed online, or 
having their private information leaked (see Table 3). These ten 
attacks span privacy, safety, and security. Attacks for the survey 
were adapted from previous work, including [62] and [8]. Language 

for the attack descriptions was iterated and confirmed with privacy, 
safety, and security experts outside the author team to be legible to 
non-expert audiences. For each experience, respondents selected 
Yes, No, or that they Don’t know whether the attack applied. 

Contextual risk factors. Building on a framework that identified 
10 contextual risk factors that put people at higher risk [69] (e.g., 
marginalization, prominence), respondents were asked 18 state-
ments to assess whether they felt any contextual risk factors might 
apply to themselves. These questions distilled the contextual risk 
factors into simple statements, designed to be easy for respondents 
to interpret compared to the academic definitions. The questions 
and their mapping to each contextual risk factor are presented in 
Table 2. For each statement, respondents were asked to select from 
a Likert scale ranging from 1 (Does not describe you at all) to 10 
(Describes you very well), also allowing for respondents to indicate 
they Don’t know. For their top three agreed statements (highest 
Likert scale ratings), respondents could optionally explain their 
reasoning in an open-ended survey response. 

The statements were designed through an iterative process with 
security, privacy, and safety experts outside of the authorship team. 
Expert feedback helped ensure that the statements accurately re-
flect established definitions of the contextual risk factors and the 
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Contextual risk factor Survey item 

Legal or political I feel targeted by governments or political groups 

Marginalization 
Things are harder for me online because parts of my identity aren’t widely accepted 
Things are harder for me online because the experiences I’ve had in my life aren’t common 

Social norms 
I feel like technology generally works well for me (reverse keyed) 
I feel like technology was not designed with people like me in mind 

Relationship with attacker I have had personal relationships with people who have tried to harm me 

Reliance on 3rd party 
I depend a lot on others for assistance (e.g. to set up or use technology) 
I feel like I can achieve my goals online without help (reverse keyed) 

Access to other at-risk users 
I am a person who takes care of or works with people who are vulnerable 
I am close to a person who is often targeted online 

Prominence 
I have a higher profile because of my job 
I have a higher profile because of other people I am close to 
I have a higher profile because of other aspects of my life 

Resource / time-constrained 
I don’t have the time or money to be safer online 
I don’t have the time or money to recover if something bad happens to me online 

Underserved accessibility needs 
It is difficult for me to use many technologies 
Technologies often aren’t designed for my needs and this makes me feel less safe online 

Access to a sensitive resource I have access to sensitive resources, such as information or money, that most others do not 

Table 2: Survey items used to assess whether respondents felt they may experience a contextual risk factor (as defined by 
Warford et al. [69]). Prior work has shown ways these factors augment or amplify digital-safety risks and their resulting harms. 
Respondents were asked: “For each of the statements, think about how well they describe you on a scale of 1 - 10. 1 means the 
statement doesn’t fit you at all, 10 means it describes you very well.” 

readability of the statements. This expert review helped confirm 
that the items appropriately represent and measure the intended 
risk factors. While this process strengthened the survey’s content 
validity, we acknowledge that the statements may not capture the 
full range of content or experiences represented by each contextual 
risk factor. Furthermore, the authors used the open-ended responses 
to check for any significant confusion or misinterpretation, which 
we did not find. Future work is needed to further validate the survey 
items, including conducting cognitive testing with participants. 

Demographics. Respondents self-reported their demographic in-
formation including their gender, age, education, urbanicity, parental 
status, race, political attitudes, religion, sexuality, and occupation. 
Respondents could respond with Prefer not to say for all categories. 
For each model, respondents who responded Prefer not to say were 
excluded from the analyses. 

3.3 Analysis 
This paper primarily relies on quantitative analysis, but we add 
qualitative depth based on open-ended details provided by respon-
dents. 

Quantitative Analysis. We determine if a respondent is experi-
encing a risk factor based on how well each of the 18 statements 
in Table 2 described them. For contextual risk factors represented 
by a single statement (i.e., legal or political, relationship with at-
tacker, and access to a sensitive resource), we determine that a 
respondent is experiencing the risk factor if they selected 7–10 on 
a scale of 1 to 10,1 and that they are not experiencing it if they 

1We select 7-10 for agreement – while we could have selected 6+ we felt selections near 
the middle of the scale did not not strongly confirm agreement. The results would have 

selected 1–4. For two of the contextual risk factor statements, they 
are reverse-keyed, meaning a high level of agreement (7–10) with 
a survey item indicates a low level of experiencing the risk factor. 
If a respondent selected 5, 6, or reported that they did not know 
how well the statement fit them, we do not consider them to be in 
either group. For risk factors with multiple statements, if a respon-
dent selected 7–10 for at least one of the related statements, we 
determine that they are experiencing that factor, and that they are 
‘not’ experiencing that factor only if they selected 1–4 for all of the 
related statements. That is, we consider a respondent prominent if 
they selected 7–10 for any of the three prominence statements and 
not prominent only if they selected 1–4 for all three prominence 
statements. This statement calculation allowed us to use a binary 
variable, determining whether they are or are not experiencing each 
risk factor. This calculation was used for our quantitative modeling 
described below. 

Our primary analysis task was to understand the prevalence of 
digital-safety attacks and contextual risk factors, and ultimately 
whether those factors and a respondent’s demographics influenced 
the likelihood of experiencing attacks according to logistic re-
gression models. When modeling, we relied on Python and the 
statsmodels library. We treat digital safety attacks as a binary 
variable and all demographics as categorical variables. When mod-
eling, if all statements for the risk factor are Don’t know, then we 
group that response as someone who is not experiencing the risk 
factor. We also omit results in the findings for demographic cat-
egories with fewer than 50 responses due to a lack of statistical 
power. We report statistically significant (𝑝 < 0.05) odds ratios in 

varied slightly if we selected 6+ or 8+, but we leave exact measures of risk agreement 
to future work. 
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the paper. Aligning with best practices outlined by [59], we provide 
full model details in our Appendix, including p-value, confidence 
intervals, t-statistics, and 𝛽 (log2). 

Qualitative analysis. We conducted qualitative coding [6] on the 
open-ended survey responses, where respondents explained why 
they strongly identified with a contextual risk factor. Respondents 
were only prompted to submit a short response on their top 3 agreed 
statements, and this survey item was optional. In line with Braun 
and Clarke [5], we used a deductive coding approach, since each 
statement is designed to address one characteristic of a risk factor, 
and developed semantic codes (codes that are descriptive rather 
than interpretative). Two authors collaboratively open-coded 20% 
of the responses (n = 2,200) for each statement and wrote memos, 
noting recurring topics and taking note of responses that were 
particularly surprising. Then the coders individually coded the 
rest of the responses. Throughout the coding process, the coders 
met with the broader authorship team to discuss the codebook. In 
the end, the codebook contained 9 categories (e.g. demographics, 
perception, concern) with 179 codes (e.g. woman, not tech-savvy, 
concern:hacked) (see Appendix B). Many codes aligned with each 
contextual risk factor, which informed the organization of our 
findings, where qualitative insights are presented by contextual risk 
factor. See the appendix for more detailed examples of our codes. 

3.4 Limitations 
This study carries the standard limitations of public opinion polling 
and survey methodologies, including self-selection bias and social 
desirability bias [3]. The findings are based on self-reported data, 
which may be prone to recall inaccuracies. Additionally, while the 
sample is large and representative of adults in the U.S., the results 
are not necessarily generalizable to other countries. 

The instrument used to measure contextual risk factors is novel 
and has not been validated—thus, it is possible that respondents 
interpreted the survey statements in ways that we did not intend. 
Although the qualitative analysis of open-ended responses provided 
a preliminary check for respondents’ comprehension of the risk 
factor survey items, formal cognitive testing is still needed across a 
representative population cross-section to confirm they assess the 
intended risk factors. The design of the survey instrument, which 
used a varying number of statements for different risk factors, may 
also have led to an underestimation of circumstances that were 
assessed with fewer questions. 

Finally, our analysis does not capture the temporal dynamics of 
harm. The survey asked whether respondents had ever experienced 
an attack, not about the frequency, recency, or potential escalation 
of such incidents. The study did not collect data on all potentially 
relevant factors, such as income, specific protective behaviors, or 
other types of online attacks, which may provide a more compre-
hensive understanding of user circumstances and digital-safety 
experiences. 

4 Results 
We begin by reporting the prevalence of digital-safety attacks 
broadly across U.S. adults (Section 4.1). We then look how many U.S. 
adults self-identify with contextual risk factors, modeling which 
demographic groups identify more often with each factor and ex-
ploring potential reasons through an analysis of open-ended re-
sponses (Section 4.2). It’s important to note that this analysis maps 

respondents’ perceived alignment with the contextual risk factors. 
We report odds ratio results from logistic regression models and 
all quoted responses are from a different participant. Finally, we 
examine how well demographics and contextual risk factors predict 
the digital-safety attacks explored in our survey (Section 4.3). 

4.1 Digital-safety attacks are widely 
experienced by U.S. adults 

Our findings indicate that 74.0% of respondents experienced at least 
one type of digital-safety attack while online, as detailed in Table 3. 
The most common attacks were scams and phishing (49.7%), ac-
count hacking (41.3%), and exposure to unwanted explicit content 
(32.8%). Less common but still significant were experiences of be-
ing stalked (16.2%) or physically threatened (15.7%). On average, 
respondents reported experiencing 2.8 distinct attacks. While the 
survey asked respondents if they had ever experienced these at-
tacks, we lack data on their frequency or recency. Nevertheless, 
these findings illustrate that digital-safety attacks are a common life 
experience and serve as the dependent variable for our modeling 
of how digital-safety attacks correlate with contextual risk factors 
and other demographics. 

4.2 Many U.S. adults self-identify as being at 
elevated risk 

Overall, 85% of respondents indicated high agreement with at least 
one contextual risk factor statement corresponding to a contextual 
risk factor (correcting for reverse keyed statements). As detailed 
in Table 4, 38.6% of respondents felt they did not have the time or 
money to recover if something bad happened online; 26.5% reported 
taking care or working with people who were vulnerable; and 24.0% 
said they have had a personal relationship with someone who had 
tried to harm them. Conversely, only 13.7% of respondents felt 
they faced obstacles online due to their identities not being widely 
accepted, and 14.3% that they were close to someone who often 
was targeted online. 

Figure 1 shows the aggregate prevalence for each of the 10 con-
textual risk factor. The top three self-identified contextual risk factor 
included being resource and time constrained (47.9%), reliant on a 
third party (38.0%), and having access to other at-risk users (34.4%). 
On average, respondents identified highly with 3 contextual risk 
factors (see a detailed breakdown in Table 5). To understand which 
demographic groups identified with each contextual risk factor, we 
modeled the relationship between reporting high agreement and 
respondents’ demographics. A summary of the model results can 
be found in Table 6. See the Appendix for complete model details. 

4.2.1 Resource & Time Constrained. Nearly half of respondents 
(48%) reported being resource and time constrained, feeling like 
they could not afford to be safer online and/or they would not be 
able to recover if something bad happened to them online. Having 
a disability was associated with higher odds of reporting such con-
straints than those who are non-disabled (OR = 1.68, CI = 1.44, 1.96). 
In contrast, male respondents had lower odds of being resource 
and time constrained than female respondents (OR = 0.77, CI = 0.68, 
0.88). Compared to Independents, both Republicans (OR = 1.22, CI 
= 1.03, 1.42) and Democrats (OR = 1.21, CI = 1.04, 1.41) showed 
elevated odds of being resource and time constrained. Additionally, 
respondents whose highest education level was high school or some 
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Digital-Safety Attack Statement Yes No Don’t Know 

Been the target of a scam or phishing attack 49.7% 43.7% 6.6% 

Had an account hacked 41.3% 51.7% 7.0% 

Been exposed to unwanted explicit content 32.8% 61.8% 5.4% 

Been the target of a virus or malware attack 31.6% 58.4% 10.0% 

Been insulted or treated badly online 29.1% 66.5% 4.4% 

Had money stolen 26.6% 68.6% 4.8% 

Been discriminated or harassed based on your identity 17.4% 76.6% 6.0% 

Had your private photos or information shared without your permission 16.3% 73.2% 10.6% 

Been stalked 16.2% 76.1% 7.7% 

Physical threats 15.7% 79.7% 4.6% 

Any digital-safety attack listed above 74.0% 23.9% 2.2% 

Table 3: Self-reported prevalence of digital-safety attacks that occurred online across U.S. adults (% of total, 𝑛 = 5,001). 

Contextual Risk Factor Statement Low Medium High Don’t Know 

I don’t have the time or money to recover if something bad happens to me online 35.3% 21.0% 38.6% 5.2% 

I am a person who takes care of or works with people who are vulnerable 51.1% 18.4% 26.5% 4.0% 

I have had personal relationships with people who have tried to harm me 57.6% 14.9% 24.0% 3.5% 

I don’t have the time or money to be safer online 50.4% 21.8% 22.9% 4.9% 

I depend a lot on others for assistance (e.g. to set up or use technology) 57.0% 18.1% 22.0% 2.8% 

It is difficult for me to use many technologies 58.4% 18.2% 20.7% 2.8% 

I feel like I can achieve my goals online without help (reverse keyed) 20.3% 22.9% 53.6% 3.2% 

I feel like technology was not designed with people like me in mind 54.9% 20.5% 20.2% 4.4% 

I have a higher profile because of other aspects of my life 57.0% 18.9% 19.1% 5.1% 

I have access to sensitive resources, such as information or money, that most others 
do not 

59.7% 17.1% 18.9% 4.4% 

Technologies often aren’t designed for my needs and this makes me feel less safe 
online 

55.1% 22.3% 17.8% 4.8% 

I have a higher profile because of other people I am close to 60.0% 17.5% 17.3% 5.2% 

I have a higher profile because of my job 63.3% 15.4% 17.0% 4.3% 

I feel targeted by governments or political groups 64.0% 15.7% 15.9% 4.4% 

Things are harder for me online because the experiences I’ve had in my life aren’t 
common 

63.3% 16.9% 15.7% 4.1% 

I feel like technology generally works well for me (reverse keyed) 14.9% 23.6% 58.9% 2.6% 

I am close to a person who is often targeted online 69.5% 11.9% 14.3% 4.3% 

Things are harder for me online because parts of my identity aren’t widely accepted 67.9% 13.7% 13.7% 4.7% 

Table 4: Self-reported prevalence of contextual risk factors across U.S. adults, according to the terminology presented to 
respondents (% of total, 𝑛 = 5,001). High indicates strong agreement that a statement applies (e.g., Likert score of 7–10), Medium 
that a statement somewhat applies (e.g., 5–6), and Low that a statement does not apply (e.g., 1–4). When sorting, we select the 
Low value for reverse keyed statements (e.g., strong disagreement with the positive statement). 

college had 1.30 times greater odds (CI = 1.07, 1.55) of reporting 
being resource constrained compared to those with college degrees. 

Qualitative Insights. In open-ended survey response, respondents 
cited financial instability, such as being unemployed, working part-
time, or receiving a limited, fixed income (e.g., on disability or 
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Figure 1: Self-reported prevalence of each contextual risk factor across U.S. adults, after aggregating each of our 18 survey 
questions per factor. 

Number of Risk Factors 0 1 2 3 4 5 6 7 8 9 10 

Percentage of respondents 17.4% 18.5% 19.8% 12.7% 10.1% 6.8% 4.4% 3.0% 2.5% 1.7% 3.0% 

Table 5: Breakdown of respondents who reported high agreement with 0, 1, or multiple contextual risk factors. On average, 
respondents self-identified with 3 factors. 

on social security) as reasons for resource and time constraints. 
Respondents also recognized the price of staying safe and secure, 
noting that VPNs, security software, and anti-virus software is 
expensive. Some expressed uncertainty about how effective these 
technologies were relative to the cost, especially when they already 
had limited savings and financial constraints. For example, one 
respondent noted that being safer “means that you’re buying things 
like VPNs or additional security, all things [they] don’t have a lot of 
extra money to spend on.” 

4.2.2 Reliance on a 3rd Party. 38% of respondents reported feeling 
dependent on others for technology assistance and/or feeling like 
they could not achieve their goals without help. Disabled respon-
dents (OR = 1.43,CI = 1.22, 1.67) and respondents with children 
(OR = 1.22, CI = 1.07, 1.39) had higher odds of reporting this risk 
factor compared to non-disabled and non-parental respondents, 
respectively. Our models suggest a correlation with race: compared 
to white respondents, Asian (OR = 1.44, CI = 1.02, 2.04), Black / 
African American (OR = 1.30, CI = 1.09, 1.56), and Hispanic / Latino 
/ Spanish (OR = 1.30, CI = 1.04, 1.64) respondents had higher odds 
of reporting this risk factor. We also found an association with 
education: respondents whose highest level of education is “some 
or no high school” (OR = 2.42, CI = 1.71, 3.41) or “all of high school” 

(OR = 1.61, CI = 1.33, 1.95) have higher odds of reporting reliance on 
a third party than those with college degrees. The only statistically 
significant result regarding age is that 45-54 years old respondents 
are less likely to report being reliant on a third party compared to 
respondents ages 65+ (OR = 0.68, CI = 0.53, 0.87). 

Qualitative Insights. Respondents that identified as being reliant 
on third parties commonly described feeling inadequate at using 
technology, describing themselves as not "tech-literate" or not "tech-
savvy". Some respondents described their older age or health cir-
cumstances (e.g., head injury, long COVID, and dementia) that 
required them to rely on others. With technology changing rapidly, 
respondents explained they rely on other people who are more tech-
educated or up-to-date, especially close friends, family members, 
or professionals (e.g. workers at Best Buy). 

Conversely, respondents who did feel like they could achieve 
their goals online without help, acknowledged they were tech-
savvy, had formal education or work experience in IT or tech, and, 
more generally, felt self-sufficient to teach or figure it out them-
selves. For example, one respondent explained if a technology issue 
arises they “can Google it and then that gives [them] even more in-
formation” to problem solve. Other respondents clarified that their 
goals using technology were simple, and therefore did not feel like 
they had to rely on others. For example, one respondent said “I can 



Who Is At Risk? Examining the Prevalence of Digital-Safety Attacks and Contextual Risk Factors in the United States CHI ’26, April 13–17, 2026, Barcelona, Spain 

Risk Factor Treatment Odds 

Age Baseline: 65 

Relationship 18–24 3.89 
Legal 18–24 3.37 
Prominence 18–24 3.31 
Marginalization 18–24 3.14 
Access 18–24 3.13 
Sensitive 18–24 2.86 

Relationship 25–34 4.12 
Legal 25–34 3.88 
Prominence 25–34 3.32 
Marginalization 25–34 2.99 
Access 25–34 2.82 
Sensitive 25–34 2.83 

Relationship 35–44 4.39 
Legal 35–44 3.21 
Prominence 35–44 3.03 
Marginalization 35–44 2.60 
Access 35–44 2.56 
Sensitive 35–44 2.50 

Relationship 45–54 2.63 
Legal 45–54 2.43 
Prominence 45–54 1.81 
Access 45–54 1.80 
Sensitive 45–54 1.76 
Marginalization 45–54 1.75 
Reliance 45–54 0.68 

Relationship 55–64 2.12 
Legal 55–64 1.72 
Marginalization 55–64 1.54 
Prominence 55–64 1.39 
Access 55–64 1.34 

Gender Baseline: Female 

Resource Male 0.77 
Prominence Male 1.57 
Marginalization Male 1.40 
Sensitive Male 1.57 
Legal Male 1.53 

Disability Baseline: non-Disability 

Resource Disability 1.68 
Access Disability 1.37 
Underserved Disability 1.49 
Prominence Disability 1.39 
Marginalization Disability 1.91 
Reliance Disability 1.43 
Social Disability 1.28 
Sensitive Disability 1.25 
Legal Disability 1.61 
Relationship Disability 2.11 

Work Status Baseline: Retired 

Access Full-time 2.14 
Prominence Full-time 2.00 
Marginalization Full-time 1.45 
Sensitive Full-time 2.11 

Legal Unemployed / Not working 0.63 

Access Part-time 1.40 

Risk Factor Treatment Odds 
Education Baseline: College Degree 
Underserved Some or no HS 1.74 
Marginalization Some or no HS 1.66 
Reliance Some or no HS 2.42 
Social Some or no HS 1.74 

Resource High school 1.30 
Underserved High school 1.45 
Reliance High school 1.61 
Social High school 1.83 
Legal High school 1.40 

Access Prof. schooling 1.34 
Prominence Prof. schooling 1.46 

Resource Some college... 1.30 
Prominence Some college... 0.80 
Sensitive Some college... 0.70 

Political Party Baseline: Independent 

Resource Republican 1.22 
Underserved Republican 1.22 
Prominence Republican 1.50 
Reliance Republican 1.20 
Sensitive Republican 1.30 

Resource Democrat 1.21 
Underserved Democrat 1.30 
Prominence Democrat 1.48 
Reliance Democrat 1.19 
Sensitive Democrat 1.27 

Race Baseline: White 

Underserved Asian 1.81 
Reliance Asian 1.44 

Prominence Black / African American 1.32 
Reliance Black / African American 1.30 

Reliance Hispanic / Latino / Spanish 1.30 

Sexuality Baseline: Non-LGBTQ+ 

Underserved LGBTQ+ 0.76 
Prominence LGBTQ+ 0.77 
Relationship LGBTQ+ 1.44 

Parentage Baseline: No Kids 

Reliance Has kids 1.22 
Social Has kids 1.16 

Urbancity Baseline: Suburban 

Underserved Rural 1.24 
Social Rural 1.22 
Legal Rural 1.27 

Access Urban 1.23 
Underserved Urban 1.21 
Prominence Urban 1.41 
Marginalization Urban 1.36 
Social Urban 1.22 
Sensitive Urban 1.34 
Relationship Urban 1.36 

Table 6: Odds that a respondent self-identified with a contextual risk factor according to a logistic regression model over their 
demographics. We only report odds with 𝑝 < 0.05. See Appendix for our full logistic regression model results. 
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go in and pay bills” and another respondent said “my online uses 
are relatively simple and I rarely need help or assistance in achieving 
my goals.” This suggests that some respondents evaluate their tech-
nological literacy in relation to their own technology-use needs 
rather than against an absolute standard of digital competency. 

4.2.3 Access to other At-Risk Users. 34% of respondents reported 
having access to other at-risk users, meaning respondents self-
reported taking care of or working with people who are vulnerable 
and/or being close to a person who is often targeted online. We 
found a relationship between age and reporting access to other 
at-risk users: compared to adults aged 65+, those aged 18–24 (OR 
= 3.13, CI = 2.23, 4.41), 25–34 (OR = 2.81,CI = 2.11, 3.76), 35–44 
(OR = 2.56, CI = 1.93, 3.40), 45–54 (OR = 1.80, CI = 1.37, 2.36), and 
55–64 (OR = 1.34, CI = 1.04, 1.72) all had significantly higher odds. 
Disabled respondents were also more likely to report this risk factor 
(OR = 1.37, CI = 1.15, 1.62). Respondents who worked full-time (OR 
= 2.14, CI = 1.67, 2.74) and part-time (OR = 1.40, CI = 1.06, 1.85) had 
higher odds of being near other at-risk users compared to retirees. 
Other elevated odds were found among respondents living in urban 
areas versus suburban ones (OR = 1.23, CI = 1.05, 1.44) and those 
with professional schooling compared to college degrees (OR = 1.34, 
CI = 1.08, 1.66). 

Qualitative Insights. Respondents who felt close to a person often 
targeted online, shared details like having a family member, friend, 
or customer being targeted of bullying and harassment, identity 
theft, scams, or account hacking. Many respondents shared details 
explaining how they care for others. For some, it was a familial 
responsibility such as being a parent or taking care of their spouse 
who has a disability. For example, one respondent shared: 

“I am a mother of two young people and I also help my 
parents. My dad has gotten his credit card information 
stolen several times.” 

For other respondents, caring and proximity to at-risk users is 
an essential responsibility for their profession. For example, one 
respondent works with “addicts and homeless people” and another 
is a “school psychologist. . . [their] job centers on advocating for 
marginalized groups.” One respondent also shared their experience 
being a caregiver for older adults who had gotten scammed. 

“I have worked as a caregiver for the past 10 years, and 
I work with the elderly. . . and they are vulnerable to 
internet scams. One of my clients lost most of her data 
online because of a scam. [They were] trying to convince 
her that her computer had a virus and it needed to be 
cleaned [then]... they just scrubbed everything off of her 
computer.” 

Respondents also highlighted time bound care-taking, like babysit-
ting and volunteering. For example, one respondent said: “I babysit 
my 11 year old granddaughter who’s on her phone all the time.” Fur-
thermore, respondents noted having a caring personality by edu-
cating (e.g., “I try and warn people about any scams I’m aware of 
so they don’t get harmed.” ) and advocating for others (e.g., “If I see 
someone who’s being bullied, I will definitely help to get justice” ). 

4.2.4 Social Norms. 33% of respondents reported feeling like tech-
nology does not work well for them or was not designed with them 
in mind. Compared to those with college degrees, respondents who 

completed some or no high school (OR = 1.74, CI = 1.22, 2.47) and 
those who finished high school (OR = 1.83, CI = 1.50, 2.23) had 
higher odds of reporting this risk factor. Having a disability was 
associated with elevated odds (OR = 1.28, CI = 1.09, 1.50), as was 
being a parent (OR = 1.16, CI = 1.01, 1.33) and living in an urban (OR 
= 1.22, CI = 1.04, 1.42) or rural (OR = 1.22, CI = 1.04, 1.44), compared 
to respondents without a disability, without kids, and living in a 
suburban areas, respectively. 

Qualitative Insights. Respondents who felt like technology was 
not designed for them cited feeling a disconnect between their 
experiences and what they saw online. For example, one respondent 
said: “I’m old and private. Social media is designed for people who 
like to flaunt everything about their life.” As another example, one 
respondent felt excluded online because of their disability: “half of 
us deaf people don’t fit in [on] social media.” Similar to the qualitative 
sentiment from Reliance on a 3rd Party (Section 4.2.2), another set 
of respondents explained it was difficult to learn technology if 
they were not “raised on the internet”, especially at the pace that 
technology changes. For instance, one respondent said “I want the 
basics, nothing complicated, stop changing things when they already 
work.” Another respondent explained “I don’t have the patience or 
desire to keep up with constant upgrades.” 

4.2.5 Prominence. 33% of respondents felt prominent because of 
their job, people they are close to, and/or for other aspects of their 
life. Male respondents had greater odds (OR = 1.57, CI = 1.37, 1.81) 
of feeling prominent compared to female respondents. Younger age 
groups showed particularly high odds of experiencing this factor: 
those aged 18–24 (OR = 3.31, CI = 2.32, 4.73), aged 25–34 (OR = 3.32, 
CI = 2.46, 4.50), and aged 35–44 (OR = 3.03, CI= 2.25, 4.07) all had 
over threefold higher odds relative to the 65+ reference group. In 
addition, respondents ages 45–54 (OR = 1.81, CI= 1.36, 2.42) and 
55–64 (OR = 1.39, CI = 1.06, 1.81) age groups also had elevated odds 
of feeling prominent. Respondents with a disability had higher odds 
(OR = 1.39, CI = 1.16, 1.67), as did full-time workers (OR = 2.00, CI = 
1.55, 2.60) compared to retirees. Urban residents had increased odds 
(OR = 1.41, CI = 1.20, 1.66) compared to those in suburban areas. 
With respect to race and party affiliation, Black/African American 
respondents (OR = 1.32, CI = 1.09, 1.60), Democrats (OR = 1.48, 
CI = 1.24, 1.76), and Republicans (OR = 1.50, CI = 1.25, 1.80) were 
more likely to report being prominent than White respondents or 
Independents, respectively. Conversely, LGBTQ+ respondents also 
had lower odds of feeling prominent (OR = 0.77, CI = 0.60, 1.00) 
than non-LGBTQ+ respondents. 

Qualitative Insights. Respondents explained various reasons as to 
why they feel prominent, straightforwardly some mentioned being 
a content creator, famous, or wealthy. Most survey respondents feel 
prominent because of their job, such as being the CEO, working 
with famous, high profile clients, or working with criminals (i.e. 
lawyer). For example, one respondent said: “I own my own business. 
As a woman that makes me stand out.” Her sense of prominence 
stemmed partly because women remain underrepresented among 
business owners. 

Other respondents noted how they had high visibility in a local 
or small community. For example, one survey respondent described 
herself as “the one and only neighborhood nurse who is a certain 
kinda famous in a small town.” Other jobs that respondents felt 
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had this higher end of visibility ranged from being a mailman, to 
small business owner, to being a police officer. Furthermore, some 
respondents explained that because of their profession they were 
handling sensitive data (similar to a sentiment in Section 4.2.9 on 
access to sensitive resource). For example one respondent explained 
“I was a fire inspector and had a lot of private information I was 
responsible for.” Other reasons why people felt prominent included 
their older age, being an athlete, being a parent, because of their 
political views, and their involvement in community organizing. 

4.2.6 Underserved Accessibility Needs. 31% of survey respondents 
reported feeling like it’s difficult for them to use technology and/or 
technology was not designed for them to be safer. Respondents 
with a disability (OR = 1.49, CI = 2.7, 1.75) and living in rural areas 
(OR = 1.24, CI = 1.05, 1.46) or urban areas (OR = 1.21, CI = 1.04, 1.42) 
have a higher odds compared to respondents without disability 
and living in suburban areas. Political affiliation was significant: 
Republicans (OR = 1.22, CI = 1.02, 1.45) and Democrats (OR = 1.30, 
CI = 1.10, 1.53) both had higher odds compared to Independents. 
Respondents who have completed high school (OR = 1.45, CI = 1.18, 
1.77) or some/no high school (OR = 1.74, CI = 1.22, 2.48) had greater 
odds relative to those with college degrees or higher. In contrast, 
individuals identifying as LGBTQ+ had lower odds (OR = 0.76, CI = 
0.6, 1.0) than non-LGBTQ+ respondents. 

Qualitative Insights. In the qualitative open-ends, respondents 
noted their disability as a reason why technology was difficult to 
use. Some respondents mentioned their age or being an older adult 
as their reasoning. For example, one respondent explained, “Having 
to learn on your own increases the difficulties with the ever evolving 
area of technology so that’s where the difficulty comes in for me.” 

Respondents also explained why unmet needs made them feel 
unsafe online. They mentioned how being safe is time-intensive 
and expensive (e.g., “security software is not cheap.” ) and being safe 
online is not guaranteed. One respondent said “I need the internet to 
be 100% foolproof and unhackable or unspamable.” Another respon-
dent explained that “the private policy for most tech is confusing and 
not sure what I need to do to make sure I’m safe 100% of the time.” 
Other respondents mentioned not having the time to learn how to 
be safer or having limited internet access. 

4.2.7 Marginalization. 24% of respondents reported feeling things 
are harder for them online because their identity is not widely 
accepted and/or because the experiences they have had in their life 
are not common. We found disabled respondents to have almost 
double the odds (OR = 1.91, CI = 1.59, 2.30) of feeling marginalized 
compared to non-disabled respondents. There was also a strong 
association between feeling marginalized and age group. Compared 
to adults 65+, respondents ages 18-24 (OR = 3.14, CI = 2.13, 4.61) 
and 25-34 (OR = 2.99, CI = 2.14, 4.17) have tripled the odds of feeling 
marginalized, with other age groups also exhibiting elevated odds. 
Notably, respondents who identified as male reported a higher 
odds of marginalization (OR = 1.40, CI = 1.20. 1.63). Additionally, 
respondents working full-time (OR = 1.45, CI = 1.09, 1.93) were more 
likely to report feeling marginalized than those retired. Respondents 
with some or no high school education (OR = 1.66, CI = 1.12, 2.43) 
and living in urban areas (OR = 1.36, CI = 1.14, 1.61) had higher 
odds compared to those with college and living in suburban areas, 
respectively. Interestingly, our model had no statistically significant 

results in regards to race; however, some respondents did mention 
their race in the qualitative responses discussed below. 

Qualitative Insight. Respondents shared varied reasons as to why 
they feel marginalized. Some respondents shared health-related 
conditions, such as having depression, anxiety, and PTSD. One 
respondent explained “I’m still isolating due to being high-risk for 
COVID-19, which doesn’t go over well with many people.” Respon-
dents did mention feeling marginalized because of identifying as 
LGBTQ+. One respondent explained, “I’m trans and disabled and 
there’s a lot of false info, misinformation, and harassment online for 
trans people and disabled people.” 

Respondents also attributed feeling marginalized because they 
feel unpopular or isolated. For example, one respondent explained 
why he felt marginalized: “Heterosexual, Christian Conservative, 
White Male so none of those are popular.”. This qualitative insight 
aligns with our quantitative finding that male respondents feel 
marginalized. Another respondent explained, “I can’t find many peo-
ple who relate to my situation as a black, agnostic, African teenager.” 

While we did not have statistically significant results regarding 
the respondents’ political party, qualitatively respondents did cite 
feeling marginalized because of politics, such as for their political 
orientation (e.g., “I’m republican” ) or being attacked by a political 
party (e.g., “conservatives hate queer people and you feel that through 
harassment, slurs and general behavior online.” ). Respondents also 
shared feeling marginalized because of their religion. One respon-
dent wrote, “I am Jewish, a feminist and growing older, and it is hard 
to express myself without being shouted down” ; another respondent 
wrote, “I’m a Christian and I get made fun of often.” ; and another 
respondent wrote, “my faith isn’t widely accepted, and I also have 
Schizoaffective Disorder and I am poor.” Others also mentioned being 
marginalized because they are poor, homeless, unemployed, have 
been to prison, or had prior felony convictions. 

Other respondents felt marginalized because of their unique 
upbringing such as having parents pass away at an early age, being 
homeschooled, or being a military child. Respondents shared how 
circumstances change the ways they use or don’t use social media. 
One respondent said: 

“I had a bad childhood with parents and a sibling who 
are violent criminals, in and out jail and were very 
abusive to me. They will never stop looking for me, even 
though I cut off contact a decade ago. Finding me and 
getting revenge for me turning them in is still on their 
agenda. That means I can’t use any social media... It 
is only one of the ways I protect myself, but I still get 
weird responses when I tell others I don’t have social 
media. I can’t even have LinkedIn, which has kept me 
from finding better jobs. It really limits me, but it’s what 
I have to do.” 

4.2.8 Relationship with Attacker. 24% of respondents have had 
personal relationships with people who have tried to harm them. 
Respondents with a disability had double the odds (OR = 2.11, CI 
= 1.76, 2.52) of having a relationship with their attacker compared 
to those without a disability. Age exhibited a strong association. 
Compared to those 65+, odds were quadrupled for the youngest 
groups—18-24 (OR = 3.89, CI = 2.65, 5.72), 25-34 (OR = 4.12CI = 2.97, 
5.73), and 35-44 (OR = 4.39, CI = 3.19, 6.06)—while the 45-54 (OR 
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= 2.63, CI = 1.92, 3.59) and 55-65 (OR = 2.11, CI = 1.59, 2.81) had 
double the odds. Respondents who are LGBTQ+ (OR = 1.44, CI = 
1.13, 1.84) and live in urban areas (OR = 1.36, CI = 1.15, 1.61) also 
have increased odds of identifying with this factor. 

Qualitative Insights. Respondents shared various forms of harm 
their attacker imposed, such as sexual abuse, harassment, false 
rumors and accusations, stalking, personal images and information 
shared without their permission, and account hacking. Respondents 
shared their attacker to be friends or family members. For example, 
one disabled respondent explained that “people closest to me like to 
take advantage often because I’m in a [wheelchair-emoji] and cannot 
walk.” Another respondent explained that their “ex best friend leaked 
personal photos” of them and another respondents’ “aunt always gets 
involved in online schemes and would try and get my information.” 

4.2.9 Access to Sensitive Resource. 19% of respondents reported 
having access to sensitive resources, such as information or money, 
that most others do not. Those who are 18-24 (OR = 2.86, CI = 1.89, 
4.34), 25-34 (OR = 2.83, CI = 1.99, 4.03), 35-44 (OR = 2.49, CI = 1.76, 
3.53) have more than two times the odds of reporting having access 
to sensitive resources compare to adults 65+. Male respondents 
had greater odds than females (OR = 1.57, CI = 1.33, 1.84), and 
respondents with a disability also had higher odds (OR = 1.25, CI 
= 1.01, 1.54). Being employed full-time was associated with higher 
odds (OR = 2.11, CI = 1.55, 2.87) compared to retired respondents, 
as was living in urban areas (OR = 1.34, CI = 1.12, 1.61) compared 
to suburban areas. On the other hand, having some college (but no 
degree) was associated with lower odds (OR = 0.70, CI = 0.56, 0.86) 
compared to those with college degrees. 

Qualitative Insights. Respondents who have access to sensitive re-
sources, referred to their personal wealth and financial inheritance. 
Alternatively a few respondents explained that having their money 
in online banking is automatically a sensitive resource. Other re-
spondents referenced a variety of jobs where they were handling 
sensitive information and money such as working at a bank, work-
ing in human resources, being a cop, therapist, and lawyer. For 
example, one respondent explained: 

“I work at a law firm and I have access to my employer’s 
business and personal bank accounts and information, 
I have all of his username and passwords, I check his 
email, we handle a lot of client personal information. It’s 
scary to think that I could be the reason that someone’s 
information is jeopardized.” 

4.2.10 Legal or Political. 16% of respondents feel targeted by gov-
ernments or political groups. Compared to those aged 65 and older, 
respondents aged 18-24 (OR = 3.37, CI = 2.17, 5.25), 25-34 (OR = 3.88, 
CI = 2.65, 5.67), and 35-44 (OR = 3.22, CI = 2.21, 4.69) had over three-
fold higher odds of reporting feeling targeted, with elevated odds 
also existing for other age groups. Respondents with disabilities 
(OR = 1.61, CI = 1.31, 1.98), who are male (OR = 1.53, CI = 1.29, 1.82), 
and whose highest level of education was high school (OR = 1.40, 
CI = 1.09, 1.81) all had higher odds of reporting feeling legally or 
politically attacked compared to respondents without disabilities, 
are female, and whose highest education was college, respectively. 
Conversely, being unemployed was associated with lower odds (OR 

= 0.63, CI = 0.44, 0.90) of reporting this factor compared to retired 
adults. 

Qualitative Insights. While we did not find a statistically signifi-
cant relationship between political party, respondents shared being 
legally or politically targeted related to their reported identifica-
tion with various conservative political viewpoints. One respondent 
clarified that “since the Biden administration everyone should feel tar-
geted especially republican.” Other related quotes from respondents 
include: 

“The fact that I’m more conservative and pro gun makes 
me a target for liberal groups. I often get treated much 
harsher online than others who do worse than me.” 

“I am a conservative white woman and fall outside 
groups which seem very protected and promoted by 
mainstream media.” 

More broadly, many respondents shared opinions or discon-
tentment about the government that makes them feel targeted. 
Some have had negative interactions with the government (e.g., 
FBI). While others explained they feel targeted because of misin-
formation, censorship, polarization, political ad, and government 
surveillance. One respondent explained, “everyone is being targeted 
by some government or political group due to a serious political divide 
right now.” 

4.3 Predictive power of demographics & 
contextual risk factors for digital-safety 
attacks 

Given the diverse interpretations that respondents had towards 
contextual risk factors, we examine whether self-identifying with 
a factor also correlates with a higher risk of digital-safety attacks. 
Here, we report the results of modeling each digital-safety attacks 
as a function of each respondent’s self-reported demographics and 
contextual risk factors simultaneously—resulting in 10 total models. 

For clarity, we visualize the odds ratio results of all 10 models 
using two heatmaps, one for contextual risk factors (see Figure 2) 
and the other for demographics (see Figure 3), even though both 
types of variables were modeled at the same time. Missing values in 
each figure indicate the odds ratios were not statistically significant 
(𝑝 ≥ 0.05). We caution comparing the odds between digital-safety 
attacks (e.g., between different rows); the difference between odds 
is only valid within the context of a single model. 

4.3.1 Contextual risk factors. Of contextual risk factors, Relation-
ship with an Attacker, Marginalization, and Resource and time 
constrained correlated with a higher odds of experiencing 4+ types 
of digital-safety attacks. In particular, having a Relationship with 
an attacker increased the odds of experiencing every type of digital-
safety attack. Other factors exhibit an intuitive affinity with certain 
types of attacks. For example, Prominence correlated with stalking 
(OR = 1.40, CI = 1.11, 1.75); Access to a sensitive resource correlated 
with being targeted by scams and phishing (OR = 1.18, CI = 1.01, 
1.38); and Legal or Political correlated with being harassed based 
on your identity (OR = 1.65, CI = 1.29, 2.10), potentially due to U.S. 
political polarization. 
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Figure 2: Odds ratio heatmap of experiencing digital-safety attacks per contextual risk factor. Each cell represents the odds 
ratio (OR) of experiencing an attack if a respondent self-identified with a factor compared to those who did not. Cells are 
shaded red for OR > 1 and green for OR < 1. Red intensity increases with OR magnitude; darkest red indicates OR > 2. Only 
statistically significant (p value < 0.05) OR are shown. Complete logistic regression models results are in the Appendix. 

Figure 3: Odds ratio heatmap of experiencing digital-safety attacks per demographic. Each cell represents the odds ratio (OR) of 
experiencing a digital-safety attack. Cells are shaded red for OR > 1 and green for OR < 1. Red and green intensity increases 
with OR magnitude; darkest red indicates OR > 4 and darkest green represents OR < 0.5. Only statistically significant (p value < 
0.05) OR are shown. Complete logistic regression models results are in the Appendix. 

4.3.2 Demographics. Apart from contextual risk factors, demo-
graphics also provide statistical power to a model. For example, 
being 45–54, being disabled, or identifying as LGBTQ+ correlated 
with a higher odds of 8+ different types of digital-safety attacks. 
Age in particular correlated with a higher risk of attack for mul-
tiple age groups (compared to people 65+), with 18–24 year olds 
experiencing the highest odds of attack. Conversely, being Asian 
or Hispanic generally correlated with a lower risk of 2–5 different 
digital-safety attacks (compared to people who identified as White 
or Non-Hispanic). 

5 Discussion 
We asked a nationally representative sample of adult respondents 
in the U.S. about contextual risk factors that put people at elevated 
risk and their personal experiences with digital-safety attacks. Our 
findings challenge the prevailing paradigm of the “at-risk” user as 
a marginal case, presenting evidence that circumstances elevating 
digital risk are a normative aspect of users’ experience. 
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5.1 Digital-safety attacks are a common 
experience 

Our findings demonstrate that digital-safety attacks and their un-
derlying contextual risk factors are commonly occurring for the 
majority of U.S. adults. 

5.1.1 Distribution of risk. 74% of respondents have experienced 
at least one digital-safety attacks and 85% identified with one or 
more contextual risk factor. This aligns with and extends a growing 
body of national survey data on digital-safety attacks (e.g., [27, 44]). 
For example, Pew Research [44] conducted a survey with 9,397 
Americans in April 2025 and found 73% had experienced an online 
scam or attack, with 29% reporting that a personal online account 
was hacked, such as a social media, email or bank.2 Our respondents 
report experiencing an average of 2.8 distinct digital-safety attacks 
and identifying with 3 contextual risk factors on average. Our data 
suggests that digital safety is an ongoing process of navigating 
dynamic, overlapping threats for the majority of people online. 

While being “at-risk” is a normative experience, some demo-
graphic groups are disproportionately represented. That is, although 
most Americans have experienced a digital-safety attacks, some 
are more at-risk than others. Being disabled, LGBTQ+, or a young 
adult were strong demographic predictors of being more likely 
to experience attacks. Further, demographics and contextual risk 
factors exhibit statistically significant correlations. For example, 
disabled adults are more likely to experience all digital-safety at-
tacks we surveyed and also are more likely to self-identify with all 
10 contextual risk factors. 

This correlation between disability and elevated risk is consis-
tent with broader socioeconomic data: nearly one-third of disabled 
individuals in the United States live below the poverty line [16]. 
Furthermore, according to 2021 Census data, people with disabili-
ties are 1.7 times more likely to live in poverty compared to those 
without disabilities, with 20.1% reporting incomes below the federal 
poverty threshold and three times less likely to be employed [42]. 
These structural inequalities may contribute to the heightened risk 
landscape faced by disabled individuals, particularly regarding be-
ing resource and time constrained. Furthermore, prior work has 
also shown that socioeconomic factors shape the adoption of secu-
rity best-practices; for example, [46] found that individuals with 
higher socioeconomic status had the resources and skills to learn 
from a negative security-related experience. Future work should 
continue to cross-examine contextual, socioeconomic factors that 
could contribute to one’s likelihood of experiencing a contextual 
risk factor. 

While this survey builds on our understanding of who is experi-
encing risk of digital-safety attack, it also draws our attention to 
whose experiences are not captured in existing research. Conduct-
ing a survey that asks about contextual risk factors, rather than 
directly asking people if they believe they are at risk or relying on 
demographics, may provide a less-charged way to find users and 
groups who are experiencing disproportionate risks of harms. For 
example, prominence may go beyond people with vast audiences, 

2We find a lower overall evidence of scams, likely due how they additively asked about 
multiple scam types, or possibly due to an escalating scam landscape. 

such as politicians, content creators, or activists, as studied in previ-
ous work [9, 51, 69]. In our study, respondents self-identified with 
this contextual risk factor if they had high profiles within their 
communities, such as nurses in small towns and mailmen. Similarly, 
respondents who identified with being targeted for their legal or 
political stance included broad swaths of men and conservatives, 
not just activists or politicians. Both of these contextual risk factors 
correlated with elevated risk for some digital-safety attacks. As 
much of the digital-safety literature is qualitative—building robust 
understandings of the experiences of specific populations—this ap-
proach likely overlooks other at-risk people affected by the same 
contextual risk factor. By pairing the insights from the existing 
literature with the measurement-based approach provided by sur-
vey data, we can provide a more holistic view of who is actually 
experiencing digital-safety attacks to better target interventions 
and guide future research. 

5.1.2 Distribution of harm. Digital-safety attacks entail different 
harms, with variable short-, medium-, and long-term effects. digital-
safety attacks may cause emotional harm (i.e. elicit an emotional 
response such as annoyance, stress, or anxiety) or relational harms 
(i.e. damage to one’s relationships with others), and some can cause 
financial and physical harms [52]. Although financial or physical 
harms were not the most commonly reported in this study, they 
were not rare: 26% of respondents had their money stolen, 15% 
received physical threats, and 16% were stalked. The prevalence 
of stalking is notably higher than the previously reported 1.6% of 
individuals who experienced stalking in 2016. 

Our results also suggest that experiencing certain contextual 
risk factors—such as being resource constrained or having access 
to sensitive information—are correlated with attacks that can be 
more difficult to manage. For example, adults who are resource 
constrained have higher odds having money stolen, potentially 
exacerbating their preexisting circumstances of being financially 
constrained. Similarly, those who have access to sensitive resources 
and information are correlated with higher odds of being the target 
of a scam or phishing attack and having private photos or infor-
mation shared without their permission. These correlations may 
suggest that individuals facing certain contextual risk factors might 
be both less equipped to defend against attacks and more likely to 
be targeted in the first place. Future work should investigate the 
relationship between experiencing a risk factor and being targeted 
by attacks that exacerbate a related at-risk circumstance. 

Identifying which groups are more likely to experience specific 
harms can enable more targeted and effective interventions. By 
understanding who is most at risk for what kinds of attack and 
what types of harms, we can better tailor interventions to reduce 
both the likelihood of experiencing the harm and the barriers to 
recovery. For example, Uber [43] collaborated with the National 
Network to End Domestic Violence to create safety guides for sur-
vivors of intimate partner abuse. Such advocacy and awareness 
efforts aim to support at-risk groups by access to safety features. 
Our findings can similarly support the development of targeted 
safety interventions. Matthews et al. [36] maps design principles 
that are especially beneficial for users experiencing certain con-
textual risk factor. For example, providing digital education and 
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making digital-safety options easy to find are crucial design princi-
ples for preventative measures. A person who is prominent would 
especially benefit from both; and our work indicates how not only 
would this be beneficial for conventional “high profile" individuals 
such as journalists, politicians, and celebrities but also individu-
als in rural towns where they feel prominent within their local 
community. There is a design opportunity for targeted outreach 
in educating people on security preventions that is personalized 
and evidence-backed. For example, growing evidence shows that 
individuals with technical backgrounds may actually be more prone 
to believing misconceptions about HTTPS, VPNs, passwords, de-
vice security, and malware [21] – a surprising finding that debunks 
the assumption that technical expertise inherently offers stronger 
digital-safety awareness. This finding underscores the need for 
continuously reassessing who is at risk in order to design personal-
ized, evidence-backed security-prevention outreach. Furthermore, 
insights like these can guide the design of educational materials, 
red-teaming exercises, persona development [25], and the advocacy 
work of tech clinics. 

5.2 Conducting future research on 
understanding risk 

We now highlight key considerations for researchers when building 
samples that reflect the range of users who are more likely to expe-
rience digital-safety attack in order to improve intervention design 
and increase overall digital safety. We also provide recommenda-
tions for future work, emphasizing the importance of continuing to 
identify and understand the unique, and often underrepresented in 
research, conditions that shape individuals’ risk for digital-safety 
attacks. 

5.2.1 Methodological considerations for participant selection. A 
digital-safety ecosystem that works for all users requires testing 
safety features and interventions across the full spectrum of cir-
cumstances that place people at risk and ensuring that designs are 
validated with populations that are actually experiencing harm. Our 
findings point to a methodological imperative for safety researchers 
to reflect on what the right sample population(s) are for a given 
research question. 

For qualitative, in-depth work: recruiting specific populations 
based on a single feature (a demographic attribute, a single profes-
sion) may answer some questions, but these features alone may not 
provide a deeper profile of the ways risk and harm manifest. We 
encourage researchers to consider recruiting based on contextual 
risk factors, and exploring what other contextual risk factors partic-
ipants in a study have to more deeply consider the intersectionality 
of multiple risk factors with demographics. 

For quantitative, large-scale digital-safety work: we encourage 
the collection of demographics and contextual risk factors. As we 
have shown that both demographics and contextual risk factors are 
predictors of digital-safety attacks, measuring them is essential for 
determining the representativeness of the sample and the efficacy of 
a safety intervention. We note that LGBTQ+, disability, and being 
resource/time-constrained were three factors that increased the 
odds for the digital-safety attacks we studied, but research into 
other attacks, or safety practices may be more aligned with other 
demographic attributes or contextual risk factors. The exclusion of 

demographic or risk groups from a study sample may thus reflect 
critical omissions that prevents a full understanding of how safety 
or harm manifests. 

5.2.2 Methodological considerations for studying perceived risk. We 
offer several recommendations for how researchers can refine and 
expand upon our survey instrument to more accurately capture 
users’ self-understandings of digital risk. A methodological chal-
lenge in digital-safety research lies in effectively capturing users’ 
subjective experiences of risk [28, 55, 58, 72], which often diverge 
from expert-defined classifications. Risk perception is a “multidi-
mensional phenomenon” [11, p. 14]. 

Our study further demonstrates that to more meaningfully under-
stand user behavior, we also have to understand their mental models 
of harm, which are shaped by their lived experiences and affective 
perceptions. For instance, some respondents interpreted person-
alized political ads as a form of government surveillance rather 
than a function of platform algorithms. While technically distinct, 
these perceptions meaningfully shape their feelings of safety and 
trust online, in line with arguments of how risk is shaped by “feel-
ings” [32]. Ignoring these subjective realities because they do not 
align with expert knowledge or other data on systemic marginal-
ization would be a mistake, as they are drivers of behavior [18]. 
Men reporting higher rates of perceived discriminated and political 
targeting compared to women illustrates this point. Although this 
gendered perception of risk contradicts data on actual risk [53, 67], 
this perception nonetheless influences how men interpret their on-
line experiences, engage with digital platforms, and seek support. 

This gap between expert and user perceptions has direct impli-
cations for intervention design, particularly when viewed through 
Matthews et al.’s [36] User States Framework of prevention, moni-
toring, active event, and recovery. The information, tools, and skills 
a user needs in each state are predicated on their personal under-
standing of the threat. A user who believes they are preventing 
state surveillance will adopt different strategies than one trying to 
avoid targeted advertising. Likewise, the support needed to recover 
from the emotional distress of perceived government targeting is 
likely different from the support needed to manage algorithmic 
content. Consequently, future research should adopt methods that 
deliberately elicit these self-understandings. Qualitative research, 
in particular, can be useful in eliciting subjective and contextual 
operationalizations of “risks” or “threats.” 

5.2.3 Recommendations for Future Work. This study lays ground-
work for several critical lines of inquiry. First, future research should 
continue to validate this instrument as a tool for measuring contex-
tual risk factors. Further refinement of the existing items, particu-
larly those for which we noticed qualitative concerns (e.g., promi-
nence for other aspects) and inclusion of additional items should 
be tested. Studying the instrument as a tool to help users assess 
their own contextual risk factors, and reflecting those factors back 
to users to help them manage their risk and respond to potential 
digital-safety attacks may also be productive. 

Second, research should validate and expand this framework 
beyond the context of the United States, particularly in non-WEIRD 
settings (Western, Educated, Industrialized, Rich, and Democratic) 
where self-reported contextual risk factors may differ dramati-
cally [31]. Usable security and safety research has historically 
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focused on WEIRD populations [19]. As a result, the survey in-
strument used in this study may omit contextual risk factors that 
are unique to non-WEIRD settings. Because digital safety threats, 
their prevalence, and their consequences are shaped by local in-
frastructures, norms, and sociopolitical conditions, the distribution 
and severity of risks experienced by individuals in other countries 
may differ from those reflected in our findings. Future work that 
examines perceptions of risk and experiences with digital safety at-
tacks in non-WEIRD contexts is essential for developing a complete 
understanding of the safety landscape, which in turn can inform 
product designs and educational interventions that are accessible, 
contextualized, and responsive to diverse risk environments. 

Third, a recurring theme was the tension between a user’s self-
perceived “tech savviness” and their actual vulnerability. Research 
should investigate this gap, exploring the efficacy of digital literacy 
interventions versus the development of structural support systems, 
such as clinical models for digital safety (e.g., [65]), which can 
provide expert, tailored support to those most in need. Our findings 
also point to contextual risk factors that are narrowly framed in 
the current literature and the need for a broader exploration of 
whom contextual risk factors might apply to. Finally, longitudinal 
studies are necessary to understand how an individual’s risk profile 
changes over their lifetime and in response to major life events—and 
how digital-safety attacks and contextual risk factors do or do not 
align throughout a user’s life—moving from a static point-in-time 
snapshot to a dynamic understanding of digital safety. 

As Matthews et al. [36] note, “progress on solutions for inclu-
sive digital safety is formative; the field is not ready to create 
best practices.” We similarly view this domain as being in an early 
stage, lacking consistent or validated approaches for understanding 
population-level risk, circumstances, and prevalence over time. The 
field must work toward stronger measure validation and more sys-
tematic inquiry, while conducting digital-safety research ethically 
and responsibly, especially with at-risk users [4]. 

6 Conclusion 
Making the internet safe for everyone requires attending to who is 
experiencing increased harm and what circumstances contribute to 
increased risk to better tailor inventions and lower barriers to recov-
ery. This study presents a first-of-its-kind, quantitative perspective 
on the distribution of contextual risk factors in a US population, an 
analysis of the relationships between demographic characteristics, 
risk factors, and experiences of digital-safety attacks. These results 
can be used to demonstrate the urgency of addressing digital-safety 
attacks, as well as guiding future digital-safety research to more ac-
curately reflect the distribution of risk overall, including previously 
unstudied dynamics. 
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A Survey Questions 
A.1 Demographics 

(1) What is your gender? Select all that apply. [SELECT ALL] 
• Man 
• Woman 
• Non-binary 
• Prefer to self-describe [OPEN END] 
• Prefer not to answer [EXCLUSIVE] 

(2) In what year were you born? [OPEN END][FORCE NU-
MERIC 0-100] 

(3) What is the last grade or class you completed in school? 
• None, or grade 1-8 
• High school incomplete (grades 9-11) 
• High school diploma or equivalent, no further schooling 
• Technical or vocational school after high school 
• Some college, no degree 
• Associate’s or two-year college degree 
• Four-year college degree 
• Graduate or professional school after college, no degree 
• Graduate or professional degree 

(4) Would you consider where you live to be. . . 
• An urban area 
• A suburban area 
• A rural area 

(5) Do you have any children? 
• Yes 
• No 

(6) Do you have any children under the age of 18 living in your 
home? 
• Yes, I have one or more child under the age of 13 
• Yes, I have one or more child aged 13 -18 
• No 

(7) In which state do you currently reside? [DROP DOWN] 
(8) With which racial or ethnic groups do you identify? Select 

all that apply. [SELECT ALL] 
• White 
• Hispanic, Latino, or Spanish origin 
• Black or African American 
• Asian 
• American Indian or Alaska Native 
• Middle Eastern or North African 
• Native Hawaiian or other Pacific Islander 
• Another race or ethnicity not listed [OPEN END] 
• Prefer not to answer [EXCLUSIVE] 

(9) What is your preferred language to read? 
• English 
• Spanish 
• Chinese 
• French 
• Tagalog 
• German 
• Vietnamese 
• Korean 
• Other languages (please specify) [OPEN END] 

(10) Generally speaking, do you think of yourself as. . . 
• Republican 

• Democrat 
• Independent 
• Something else 

(11) Do you identify as LGBTQ+ (Lesbian, Gay, Bisexual, Trans-
gender, Queer, and/or Questioning)? 
• Yes 
• No 
• I prefer not to say 

(12) Do you identify as a person with a disability? 
• Yes 
• No 
• I prefer not to say 

(13) Do you use any assistive technology? 
Assistive technology is anything a person might use to per-
form activities which might otherwise be inaccessible to 
them. Assistive technologies are often used by individuals 
with disabilities but they can be helpful to anyone. 
Examples include screen readers, text-to-speech, power wheelchairs, 
using a magnifying glass used to read small print, or using a 
cane to get around. 
• Yes 
• No 
• I’m not sure 
• I prefer not to answer 

(14) What is your current working status? 
• Full time 
• Part time 
• Stay at home parent 
• Student 
• Unemployed / Non-working 
• Retired 
• Prefer not to answer 

A.2 Risk 
(1) For each of the statements, think about how well they de-

scribe you on a scale of 1 - 10. 1 means the statement doesn’t 
fit you at all, 10 means it describes you very well. [MATRIX 
RANDOMIZE ALL] 
• I feel targeted by governments or political groups. 
• Things are harder for me online because parts of my iden-
tity aren’t widely accepted. 

• Things are harder for me online because the experiences 
I’ve had in my life aren’t common. 

• I feel like technology generally works well for me. 
• I feel like technology was not designed with people like 
me in mind. 

• I have had personal relationships with people who have 
tried to harm me. 

• I depend a lot on others for assistance (e.g. to set up or use 
technology). 

• I feel like I can achieve my goals online without help. 
• I am a person who takes care of or works with people who 
are vulnerable. 

• I am close to a person who is often targeted online. 
• I have a higher profile because of my job. 
• I have a higher profile because of other people I am close 
to. 
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• I have a higher profile because of other aspects of my life. 
• I don’t have the time or money to be safer online. 
• I don’t have the time or money to recover if something 
bad happens to me online. 

• It is difficult for me to use many technologies. 
• Technologies often aren’t designed for my needs and this 
makes me feel less safe online. 

• I have access to sensitive resources, such as information 
or money, that most others do not. 

(2) You rated these statements as those that most describe you. 
For each statement, give us more details on why you feel 
this statement describes you well. [OPEN END] 

(3) Have you ever experienced any of the following online? 
[MATRIX][Responses: Yes, No, Don’t know] 

• Physical threats 
• Had your private photos or information shared without 
your permission 

• Been stalked 
• Been discriminated or harassed based on your identity 
• Had an account hacked 
• Had money stolen 
• Been the target of a virus or malware attack 
• Been the target of a scam, phishing attack, or attempt to 
trick me into providing personal information 

• Been insulted or treated badly online 
• Been exposed to unwanted explicit content 
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B Codebook 

Category Codes (examples) Brief description Originated from this statement 
Demographics / Circum-
stance 

blue collar; disabled; retired; parent; student; 
low income 

Self-described social, economic, or work cir-
cumstances 

I don’t have the time or money to be safer 
online. 

Caregivers / Helping roles takes care of parents; social worker; educa-
tor; therapist 

Roles involving caring for or supporting vul-
nerable others 

I am a person who takes care of or works 
with people who are vulnerable. 

General reactions agrees; disagrees; worried; not that impor-
tant; depends 

High-level stance or affective reaction to the 
statement 

I don’t have the time or money to be safer 
online. 

Cost and resource con-
cerns 

security not worth price; money constraint; 
time constrained; safety should be affordable 

Concerns about money, time, or other re-
sources for safety 

I don’t have the time or money to be safer 
online. 

Prior negative experiences exp:scammed; exp:hacked; exp:identity theft; 
exp:abuse 

Past harmful online or offline experiences I don’t have the time or money to recover if 
something bad happens to me online. 

Safety worries concern:identity theft; concern:scammed; 
feels unsafe paying online; limit being on-
line 

Anticipated or ongoing worries about online 
safety 

I don’t have the time or money to be safer 
online. 

Tech orientation tech satisfies goals; not tech-savy; tech is 
harmful; prefer ppl over tech 

How people see and use technology in ev-
eryday life 

I feel like technology generally works well 
for me. 

Targets and perpetrators target:women; target:lgbtq; p:partner; 
p:friend 

Who is seen as targeted or as a perpetrator 
of harm 

I am close to a person who is often targeted 
online. 

Table 7: Condensed codebook used for qualitative coding of survey responses. 

C Modeling Results 
C.1 Model 1 is a logistic regression model with contextual risk factors x demographics 

• Table 8: Dependent variables: Resource / time-constrained, Access to other at-risk users, and Underserved accessibility needs 
• Table 9: Dependent variables: Prominence, Marginalization, Reliance on 3rd party 
• Table 10: Dependent variables: Social norm, Access to a sensitive resource, Legal or political 
• Table 11: Dependent variable: Relationship with attacker 

C.2 Model 2 is logistic regression model with contextual risk factors + demographics x digital-safety 
attacks 

• Table 12: Dependent variables: Physical threats and Had your private photos or information shared without your permission 
• Table 13: Dependent variables: Been stalked and Been discriminated or harassed based on your identity 
• Table 14: Dependent variables: Had an account hacked and Had money stolen 
• Table 15: Dependent variables: Been the target of a virus or malware attack and Been the target of a scam or phishing attack 
• Table 16: Dependent variables: Been insulted or treated badly online and Been exposed to unwanted explicit content 
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Dependent Variable Indep. Variable Treatment Baseline 𝛽 (log2) Log Odds (𝛽 ) t statistic P r (> |t |) Odds Ratio CI (lower) CI (upper) 

Resource gender Male Female -0.3687 -0.2556 -4.0458 0.0001 0.7745 0.6843 0.8765 
Resource gender Non-binary Female -0.7700 -0.5338 -1.0401 0.2983 0.5864 0.2145 1.6032 
Resource race American Indian... White 0.5856 0.4059 1.3144 0.1887 1.5006 0.8193 2.7488 
Resource race Asian White 0.1683 0.1166 0.6720 0.5016 1.1237 0.7997 1.5791 
Resource race Black or African American White -0.0317 -0.0220 -0.2432 0.8079 0.9783 0.8194 1.1679 
Resource race Hispanic, Latino, or Spanish White 0.0713 0.0494 0.4316 0.6660 1.0507 0.8394 1.3150 
Resource race Middle Eastern... White 0.6953 0.4820 0.7505 0.4530 1.6193 0.4599 5.7010 
Resource race Native Hawaiian... White -0.5459 -0.3784 -0.4061 0.6847 0.6850 0.1103 4.2540 
Resource sexuality LGBT non-LGBT 0.1806 0.1252 1.0767 0.2816 1.1334 0.9024 1.4235 
Resource disability Disability non-Disability 0.7480 0.5185 6.6549 0.0000 1.6795 1.4417 1.9566 
Resource political_party Democrat Independent 0.2771 0.1921 2.4748 0.0133 1.2118 1.0408 1.4109 
Resource political_party Republican Independent 0.2839 0.1968 2.4447 0.0145 1.2175 1.0398 1.4256 
Resource urbanicity Rural Suburban 0.1647 0.1142 1.4557 0.1455 1.1210 0.9612 1.3073 
Resource urbanicity Urban Suburban 0.1233 0.0855 1.1671 0.2432 1.0893 0.9436 1.2574 
Resource age 18-24 65 -0.1363 -0.0945 -0.5955 0.5515 0.9099 0.6667 1.2416 
Resource age 25-34 65 0.0291 0.0202 0.1545 0.8772 1.0204 0.7902 1.3176 
Resource age 35-44 65 0.1363 0.0945 0.7393 0.4597 1.0991 0.8555 1.4120 
Resource age 45-54 65 -0.1272 -0.0882 -0.7269 0.4673 0.9156 0.7218 1.1614 
Resource age 55-64 65 -0.0190 -0.0132 -0.1239 0.9014 0.9869 0.8011 1.2158 
Resource parentage Has kids Does not have kids 0.0758 0.0525 0.8061 0.4202 1.0539 0.9275 1.1976 
Resource work_status Full-time Retired 0.2040 0.1414 1.2882 0.1977 1.1519 0.9289 1.4283 
Resource work_status Part-time Retired 0.1315 0.0912 0.7513 0.4525 1.0954 0.8636 1.3895 
Resource work_status Stay-at-home parent Retired -0.3792 -0.2629 -1.3995 0.1617 0.7688 0.5321 1.1110 
Resource work_status Student Retired -0.2504 -0.1736 -0.7631 0.4454 0.8407 0.5383 1.3129 
Resource work_status Unemployed / Not working Retired 0.2328 0.1613 1.3195 0.1870 1.1751 0.9247 1.4933 
Resource education High school College degree 0.3688 0.2557 2.7167 0.0066 1.2913 1.0738 1.5529 
Resource education Professional schooling... College degree 0.0625 0.0433 0.4188 0.6753 1.0443 0.8526 1.2791 
Resource education Some college... College degree 0.3728 0.2584 3.0161 0.0026 1.2949 1.0947 1.5316 
Resource education Some or no high school College degree 0.2519 0.1746 1.0070 0.3139 1.1908 0.8477 1.6726 

Access gender Male Female -0.0105 -0.0073 -0.1037 0.9174 0.9928 0.8656 1.1387 
Access gender Non-binary Female -1.1448 -0.7935 -1.3232 0.1858 0.4523 0.1396 1.4651 
Access race American Indian... White 0.3141 0.2177 0.6597 0.5094 1.2432 0.6511 2.3736 
Access race Asian White 0.0960 0.0666 0.3661 0.7143 1.0688 0.7484 1.5265 
Access race Black or African American White 0.1838 0.1274 1.3253 0.1851 1.1359 0.9408 1.3714 
Access race Hispanic, Latino, or Spanish White 0.0278 0.0193 0.1595 0.8733 1.0195 0.8043 1.2922 
Access race Middle Eastern... White -0.2691 -0.1865 -0.2591 0.7956 0.8298 0.2024 3.4025 
Access race Native Hawaiian... White 0.2062 0.1429 0.1553 0.8766 1.1536 0.1901 7.0024 
Access sexuality LGBT non-LGBT 0.1162 0.0806 0.6558 0.5119 1.0839 0.8520 1.3790 
Access disability Disability non-Disability 0.4519 0.3133 3.5439 0.0004 1.3679 1.1503 1.6266 
Access political_party Democrat Independent 0.2205 0.1528 1.7822 0.0747 1.1651 0.9849 1.3784 
Access political_party Republican Independent 0.2267 0.1571 1.7483 0.0804 1.1701 0.9812 1.3955 
Access urbanicity Rural Suburban -0.1147 -0.0795 -0.8866 0.3753 0.9236 0.7747 1.1011 
Access urbanicity Urban Suburban 0.2975 0.2062 2.6013 0.0093 1.2290 1.0522 1.4356 
Access age 18-24 65 1.6483 1.1425 6.5588 0.0000 3.1347 2.2280 4.4103 
Access age 25-34 65 1.4943 1.0358 7.0434 0.0000 2.8174 2.1119 3.7586 
Access age 35-44 65 1.3585 0.9417 6.5356 0.0000 2.5643 1.9334 3.4010 
Access age 45-54 65 0.8470 0.5871 4.2117 0.0000 1.7987 1.3687 2.3638 
Access age 55-64 65 0.4218 0.2924 2.2749 0.0229 1.3396 1.0413 1.7233 
Access parentage Has kids Does not have kids 0.1896 0.1314 1.8143 0.0696 1.1404 0.9895 1.3144 
Access work_status Full-time Retired 1.0958 0.7596 5.9987 0.0000 2.1373 1.6676 2.7394 
Access work_status Part-time Retired 0.4871 0.3376 2.4048 0.0162 1.4016 1.0644 1.8455 
Access work_status Stay-at-home parent Retired -0.2685 -0.1861 -0.8579 0.3909 0.8302 0.5427 1.2700 
Access work_status Student Retired 0.2721 0.1886 0.7912 0.4288 1.2076 0.7568 1.9267 
Access work_status Unemployed / Not working Retired -0.0720 -0.0499 -0.3474 0.7283 0.9513 0.7178 1.2607 
Access education High school College degree -0.2340 -0.1622 -1.5563 0.1196 0.8503 0.6932 1.0430 
Access education Professional schooling... College degree 0.4223 0.2927 2.6594 0.0078 1.3401 1.0800 1.6627 
Access education Some college... College degree -0.2216 -0.1536 -1.6294 0.1032 0.8576 0.7129 1.0317 
Access education Some or no high school College degree -0.2817 -0.1953 -1.0118 0.3116 0.8226 0.5635 1.2008 

Underserved gender Male Female -0.0308 -0.0213 -0.3104 0.7563 0.9789 0.8555 1.1201 
Underserved gender Non-binary Female -1.3728 -0.9516 -1.2386 0.2155 0.3861 0.0857 1.7406 
Underserved race American Indian... White -0.2087 -0.1447 -0.4092 0.6824 0.8653 0.4327 1.7304 
Underserved race Asian White 0.8558 0.5932 3.3190 0.0009 1.8097 1.2749 2.5689 
Underserved race Black or African American White 0.1211 0.0839 0.8612 0.3892 1.0875 0.8985 1.3164 
Underserved race Hispanic, Latino, or Spanish White 0.2416 0.1674 1.3683 0.1712 1.1823 0.9302 1.5027 
Underserved race Middle Eastern... White 0.0340 0.0236 0.0296 0.9764 1.0239 0.2142 4.8936 
Underserved race Native Hawaiian... White -0.7658 -0.5308 -0.4701 0.6383 0.5881 0.0643 5.3778 
Underserved sexuality LGBT non-LGBT -0.3993 -0.2768 -2.1005 0.0357 0.7582 0.5857 0.9817 
Underserved disability Disability non-Disability 0.5759 0.3992 4.7996 0.0000 1.4906 1.2664 1.7546 
Underserved political_party Democrat Independent 0.3729 0.2585 3.0223 0.0025 1.2950 1.0951 1.5313 
Underserved political_party Republican Independent 0.2864 0.1985 2.2373 0.0253 1.2196 1.0249 1.4513 
Underserved urbanicity Rural Suburban 0.3087 0.2140 2.5105 0.0121 1.2386 1.0480 1.4637 
Underserved urbanicity Urban Suburban 0.2768 0.1918 2.4056 0.0161 1.2115 1.0362 1.4164 
Underserved age 18-24 65 0.0759 0.0526 0.3055 0.7600 1.0540 0.7521 1.4771 
Underserved age 25-34 65 0.0935 0.0648 0.4566 0.6479 1.0669 0.8079 1.4089 
Underserved age 35-44 65 0.0820 0.0568 0.4100 0.6818 1.0585 0.8067 1.3889 
Underserved age 45-54 65 -0.2295 -0.1591 -1.1957 0.2318 0.8529 0.6571 1.1071 
Underserved age 55-64 65 -0.1664 -0.1153 -0.9897 0.3223 0.8911 0.7091 1.1197 
Underserved parentage Has kids Does not have kids 0.1558 0.1080 1.5204 0.1284 1.1140 0.9693 1.2804 
Underserved work_status Full-time Retired 0.1534 0.1063 0.8852 0.3761 1.1122 0.8789 1.4074 
Underserved work_status Part-time Retired -0.0027 -0.0019 -0.0143 0.9886 0.9981 0.7692 1.2952 
Underserved work_status Stay-at-home parent Retired -0.2171 -0.1505 -0.7371 0.4611 0.8603 0.5767 1.2835 
Underserved work_status Student Retired -0.4146 -0.2874 -1.1358 0.2561 0.7502 0.4569 1.2319 
Underserved work_status Unemployed / Not working Retired -0.2869 -0.1989 -1.4864 0.1372 0.8197 0.6306 1.0654 
Underserved education High school College degree 0.5352 0.3710 3.6054 0.0003 1.4492 1.1845 1.7730 
Underserved education Professional schooling... College degree 0.1208 0.0838 0.7300 0.4654 1.0874 0.8684 1.3615 
Underserved education Some college... College degree 0.2297 0.1592 1.6668 0.0956 1.1726 0.9724 1.4139 
Underserved education Some or no high school College degree 0.7957 0.5515 3.0352 0.0024 1.7359 1.2158 2.4785 

Table 8: Model 1: contextual risk factors x demographics. Part 1 of 4 tables includes dependent variables: Resource / time-
constrained, Access to other at-risk users, and Underserved accessibility needs 
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Dependent Variable Indep. Variable Treatment Baseline 𝛽 (log2) Log Odds (𝛽 ) t statistic P r (> |t |) Odds Ratio CI (lower) CI (upper) 

Prominence gender Male Female 0.6548 0.4539 6.2636 0.0000 1.5744 1.3660 1.8147 
Prominence gender Non-binary Female -0.7156 -0.4960 -0.7392 0.4598 0.6089 0.1635 2.2686 
Prominence race American Indian... White -0.1568 -0.1087 -0.2974 0.7662 0.8970 0.4383 1.8359 
Prominence race Asian White 0.2845 0.1972 1.0599 0.2892 1.2180 0.8458 1.7538 
Prominence race Black or African American White 0.4026 0.2791 2.8396 0.0045 1.3219 1.0903 1.6027 
Prominence race Hispanic, Latino, or Spanish White 0.3099 0.2148 1.7479 0.0805 1.2396 0.9743 1.5773 
Prominence race Middle Eastern... White 1.1456 0.7941 1.1824 0.2370 2.2124 0.5932 8.2510 
Prominence race Native Hawaiian... White 0.1701 0.1179 0.1275 0.8985 1.1251 0.1838 6.8867 
Prominence sexuality LGBT non-LGBT -0.3793 -0.2629 -2.0164 0.0438 0.7688 0.5954 0.9927 
Prominence disability Disability non-Disability 0.4775 0.3310 3.6026 0.0003 1.3923 1.1629 1.6670 
Prominence political_party Democrat Independent 0.5624 0.3898 4.3231 0.0000 1.4767 1.2375 1.7622 
Prominence political_party Republican Independent 0.5842 0.4049 4.2947 0.0000 1.4992 1.2463 1.8035 
Prominence urbanicity Rural Suburban 0.0715 0.0496 0.5308 0.5956 1.0508 0.8751 1.2618 
Prominence urbanicity Urban Suburban 0.4992 0.3460 4.2295 0.0000 1.4135 1.2040 1.6593 
Prominence age 18-24 65 1.7270 1.1971 6.5798 0.0000 3.3104 2.3175 4.7286 
Prominence age 25-34 65 1.7317 1.2004 7.7997 0.0000 3.3213 2.4565 4.4906 
Prominence age 35-44 65 1.5997 1.1088 7.3484 0.0000 3.0307 2.2548 4.0737 
Prominence age 45-54 65 0.8574 0.5943 4.0469 0.0001 1.8118 1.3586 2.4161 
Prominence age 55-64 65 0.4731 0.3279 2.4234 0.0154 1.3881 1.0647 1.8097 
Prominence parentage Has kids Does not have kids 0.1803 0.1249 1.6671 0.0955 1.1331 0.9783 1.3124 
Prominence work_status Full-time Retired 1.0063 0.6975 5.2747 0.0000 2.0088 1.5501 2.6031 
Prominence work_status Part-time Retired 0.2524 0.1749 1.1742 0.2403 1.1912 0.8895 1.5950 
Prominence work_status Stay-at-home parent Retired -0.2692 -0.1866 -0.8133 0.4160 0.8298 0.5293 1.3009 
Prominence work_status Student Retired 0.2439 0.1691 0.6870 0.4921 1.1842 0.7310 1.9183 
Prominence work_status Unemployed / Not working Retired -0.2571 -0.1782 -1.1840 0.2364 0.8368 0.6230 1.1239 
Prominence education High school College degree 0.0105 0.0073 0.0678 0.9460 1.0073 0.8161 1.2434 
Prominence education Professional schooling... College degree 0.5415 0.3753 3.2977 0.0010 1.4555 1.1645 1.8192 
Prominence education Some college... College degree -0.3154 -0.2186 -2.2081 0.0272 0.8036 0.6619 0.9757 
Prominence education Some or no high school College degree -0.0628 -0.0435 -0.2196 0.8262 0.9574 0.6492 1.4119 

Marginalization gender Male Female 0.4859 0.3368 4.2924 0.0000 1.4005 1.2008 1.6333 
Marginalization gender Non-binary Female 0.6384 0.4425 0.8335 0.4046 1.5566 0.5499 4.4065 
Marginalization race American Indian... White -0.2264 -0.1569 -0.3866 0.6991 0.8548 0.3857 1.8941 
Marginalization race Asian White 0.2882 0.1998 0.9923 0.3210 1.2211 0.8230 1.8118 
Marginalization race Black or African American White 0.1977 0.1370 1.3090 0.1905 1.1468 0.9341 1.4080 
Marginalization race Hispanic, Latino, or Spanish White 0.3203 0.2220 1.7199 0.0855 1.2486 0.9695 1.6080 
Marginalization race Middle Eastern... White 1.7595 1.2196 1.8261 0.0678 3.3858 0.9145 12.5355 
Marginalization race Native Hawaiian... White 0.6294 0.4362 0.4697 0.6386 1.5469 0.2506 9.5503 
Marginalization sexuality LGBT non-LGBT 0.3094 0.2145 1.6572 0.0975 1.2392 0.9616 1.5970 
Marginalization disability Disability non-Disability 0.9367 0.6493 6.8557 0.0000 1.9142 1.5899 2.3046 
Marginalization political_party Democrat Independent 0.2174 0.1507 1.5843 0.1131 1.1626 0.9649 1.4008 
Marginalization political_party Republican Independent 0.0649 0.0450 0.4446 0.6566 1.0460 0.8579 1.2754 
Marginalization urbanicity Rural Suburban -0.0412 -0.0285 -0.2794 0.7799 0.9719 0.7956 1.1872 
Marginalization urbanicity Urban Suburban 0.4394 0.3046 3.4818 0.0005 1.3561 1.1424 1.6097 
Marginalization age 18-24 65 1.6500 1.1437 5.8076 0.0000 3.1383 2.1334 4.6166 
Marginalization age 25-34 65 1.5804 1.0954 6.4488 0.0000 2.9904 2.1436 4.1718 
Marginalization age 35-44 65 1.3776 0.9549 5.6995 0.0000 2.5983 1.8710 3.6082 
Marginalization age 45-54 65 0.8068 0.5592 3.4137 0.0006 1.7493 1.2689 2.4116 
Marginalization age 55-64 65 0.6202 0.4299 2.8747 0.0040 1.5371 1.1466 2.0607 
Marginalization parentage Has kids Does not have kids 0.0102 0.0071 0.0879 0.9300 1.0071 0.8597 1.1798 
Marginalization work_status Full-time Retired 0.5349 0.3707 2.5393 0.0111 1.4488 1.0883 1.9288 
Marginalization work_status Part-time Retired -0.0067 -0.0046 -0.0280 0.9776 0.9954 0.7206 1.3751 
Marginalization work_status Stay-at-home parent Retired 0.1231 0.0853 0.3608 0.7182 1.0890 0.6852 1.7309 
Marginalization work_status Student Retired -0.1205 -0.0835 -0.3147 0.7530 0.9199 0.5469 1.5473 
Marginalization work_status Unemployed / Not working Retired -0.0996 -0.0690 -0.4392 0.6605 0.9333 0.6859 1.2700 
Marginalization education High school College degree 0.3215 0.2228 1.9094 0.0562 1.2496 0.9941 1.5708 
Marginalization education Professional schooling... College degree 0.2863 0.1985 1.5592 0.1190 1.2195 0.9503 1.5651 
Marginalization education Some college... College degree -0.0049 -0.0034 -0.0310 0.9753 0.9966 0.8044 1.2347 
Marginalization education Some or no high school College degree 0.7269 0.5038 2.5625 0.0104 1.6550 1.1258 2.4331 

Reliance gender Male Female -0.1611 -0.1116 -1.7075 0.0877 0.8944 0.7868 1.0166 
Reliance gender Non-binary Female -0.0398 -0.0276 -0.0523 0.9583 0.9728 0.3458 2.7366 
Reliance race American Indian... White -0.1770 -0.1227 -0.3717 0.7101 0.8845 0.4631 1.6894 
Reliance race Asian White 0.5284 0.3663 2.0689 0.0386 1.4423 1.0195 2.0406 
Reliance race Black or African American White 0.3816 0.2645 2.8640 0.0042 1.3028 1.0871 1.5613 
Reliance race Hispanic, Latino, or Spanish White 0.3843 0.2664 2.2832 0.0224 1.3052 1.0384 1.6406 
Reliance race Middle Eastern... White -0.5329 -0.3694 -0.4615 0.6444 0.6911 0.1440 3.3179 
Reliance race Native Hawaiian... White -26.2016 -18.1616 -0.0034 0.9973 0.0000 0.0000 inf 
Reliance sexuality LGBT non-LGBT -0.1187 -0.0823 -0.6762 0.4989 0.9210 0.7256 1.1690 
Reliance disability Disability non-Disability 0.5161 0.3577 4.4904 0.0000 1.4301 1.2234 1.6718 
Reliance political_party Democrat Independent 0.2452 0.1700 2.1086 0.0350 1.1853 1.0121 1.3881 
Reliance political_party Republican Independent 0.2599 0.1801 2.1525 0.0314 1.1974 1.0162 1.4108 
Reliance urbanicity Rural Suburban 0.1042 0.0723 0.8899 0.3735 1.0749 0.9168 1.2604 
Reliance urbanicity Urban Suburban 0.2100 0.1456 1.9255 0.0542 1.1567 0.9974 1.3415 
Reliance age 18-24 65 0.0593 0.0411 0.2537 0.7997 1.0420 0.7584 1.4315 
Reliance age 25-34 65 -0.1734 -0.1202 -0.8919 0.3724 0.8868 0.6810 1.1548 
Reliance age 35-44 65 -0.3359 -0.2328 -1.7556 0.0792 0.7923 0.6110 1.0275 
Reliance age 45-54 65 -0.5563 -0.3856 -3.0409 0.0024 0.6801 0.5304 0.8719 
Reliance age 55-64 65 -0.1579 -0.1095 -0.9995 0.3175 0.8963 0.7232 1.1109 
Reliance parentage Has kids Does not have kids 0.2899 0.2009 2.9708 0.0030 1.2225 1.0708 1.3958 
Reliance work_status Full-time Retired 0.1116 0.0774 0.6821 0.4952 1.0804 0.8651 1.3494 
Reliance work_status Part-time Retired -0.1976 -0.1370 -1.0832 0.2787 0.8720 0.6805 1.1173 
Reliance work_status Stay-at-home parent Retired -0.0069 -0.0048 -0.0252 0.9799 0.9952 0.6844 1.4472 
Reliance work_status Student Retired -0.0481 -0.0334 -0.1449 0.8848 0.9672 0.6159 1.5188 
Reliance work_status Unemployed / Not working Retired -0.1602 -0.1110 -0.8798 0.3790 0.8949 0.6988 1.1461 
Reliance education High school College degree 0.6861 0.4756 4.8808 0.0000 1.6089 1.3292 1.9475 
Reliance education Professional schooling... College degree 0.2488 0.1724 1.5960 0.1105 1.1882 0.9614 1.4684 
Reliance education Some college... College degree 0.1947 0.1350 1.4945 0.1350 1.1445 0.9588 1.3661 
Reliance education Some or no high school College degree 1.2753 0.8839 5.0603 0.0000 2.4204 1.7187 3.4086 

Table 9: Model 1: contextual risk factors x demographics. Part 2 of 4 tables includes dependent variables: Prominence, Marginal-
ization, Reliance on 3rd party 
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Dependent Variable Indep. Variable Treatment Baseline 𝛽 (log2) Log Odds (𝛽 ) t statistic P r (> |t |) Odds Ratio CI (lower) CI (upper) 

Social gender Male Female 0.0064 0.0044 0.0650 0.9482 1.0045 0.8785 1.1485 
Social gender Non-binary Female -1.1580 -0.8027 -1.2234 0.2212 0.4481 0.1239 1.6214 
Social race American Indian... White 0.1411 0.0978 0.2948 0.7681 1.1027 0.5756 2.1127 
Social race Asian White 0.0295 0.0205 0.1053 0.9161 1.0207 0.6973 1.4941 
Social race Black or African American White 0.1926 0.1335 1.3840 0.1664 1.1428 0.9460 1.3806 
Social race Hispanic, Latino, or Spanish White 0.3186 0.2208 1.8307 0.0671 1.2471 0.9845 1.5797 
Social race Middle Eastern... White 0.5008 0.3472 0.4955 0.6203 1.4150 0.3584 5.5865 
Social race Native Hawaiian... White 1.7238 1.1948 1.2893 0.1973 3.3030 0.5372 20.3098 
Social sexuality LGBT non-LGBT 0.0311 0.0216 0.1718 0.8636 1.0218 0.7990 1.3068 
Social disability Disability non-Disability 0.3591 0.2489 2.9918 0.0028 1.2826 1.0896 1.5098 
Social political_party Democrat Independent 0.0628 0.0435 0.5156 0.6062 1.0445 0.8852 1.2324 
Social political_party Republican Independent 0.2179 0.1510 1.7403 0.0818 1.1630 0.9811 1.3787 
Social urbanicity Rural Suburban 0.2889 0.2002 2.3717 0.0177 1.2217 1.0354 1.4415 
Social urbanicity Urban Suburban 0.2841 0.1970 2.4843 0.0130 1.2177 1.0424 1.4224 
Social age 18-24 65 0.0605 0.0420 0.2462 0.8056 1.0429 0.7467 1.4565 
Social age 25-34 65 0.1840 0.1275 0.9037 0.3662 1.1360 0.8615 1.4979 
Social age 35-44 65 -0.0918 -0.0636 -0.4558 0.6485 0.9384 0.7138 1.2336 
Social age 45-54 65 -0.2927 -0.2029 -1.5202 0.1285 0.8164 0.6285 1.0605 
Social age 55-64 65 -0.2923 -0.2026 -1.7302 0.0836 0.8166 0.6491 1.0273 
Social parentage Has kids Does not have kids 0.2149 0.1490 2.1053 0.0353 1.1606 1.0103 1.3333 
Social work_status Full-time Retired 0.1232 0.0854 0.7110 0.4771 1.0891 0.8607 1.3782 
Social work_status Part-time Retired -0.3513 -0.2435 -1.7903 0.0734 0.7839 0.6004 1.0233 
Social work_status Stay-at-home parent Retired -0.1121 -0.0777 -0.3865 0.6991 0.9253 0.6240 1.3719 
Social work_status Student Retired 0.0429 0.0297 0.1243 0.9010 1.0302 0.6446 1.6464 
Social work_status Unemployed / Not working Retired -0.1852 -0.1284 -0.9669 0.3336 0.8795 0.6780 1.1409 
Social education High school College degree 0.8733 0.6054 5.9777 0.0000 1.8319 1.5021 2.2341 
Social education Professional schooling... College degree 0.1411 0.0978 0.8521 0.3941 1.1027 0.8806 1.3808 
Social education Some college... College degree 0.0914 0.0634 0.6607 0.5088 1.0654 0.8828 1.2857 
Social education Some or no high school College degree 0.7957 0.5515 3.0602 0.0022 1.7359 1.2193 2.4713 

Sensitive gender Male Female 0.6468 0.4483 5.4098 0.0000 1.5657 1.3310 1.8418 
Sensitive gender Non-binary Female -0.6947 -0.4815 -0.6121 0.5405 0.6178 0.1322 2.8870 
Sensitive race American Indian... White 0.0645 0.0447 0.1098 0.9126 1.0457 0.4709 2.3220 
Sensitive race Asian White 0.3750 0.2599 1.2897 0.1972 1.2968 0.8736 1.9251 
Sensitive race Black or African American White 0.2614 0.1812 1.6306 0.1030 1.1986 0.9641 1.4902 
Sensitive race Hispanic, Latino, or Spanish White 0.2450 0.1698 1.2284 0.2193 1.1851 0.9038 1.5538 
Sensitive race Middle Eastern... White 1.2852 0.8908 1.2336 0.2173 2.4371 0.5919 10.0353 
Sensitive race Native Hawaiian... White -41.0643 -28.4636 0.0000 1.0000 0.0000 0.0000 inf 
Sensitive sexuality LGBT non-LGBT 0.0069 0.0048 0.0334 0.9734 1.0048 0.7591 1.3300 
Sensitive disability Disability non-Disability 0.3212 0.2226 2.0685 0.0386 1.2494 1.0118 1.5428 
Sensitive political_party Democrat Independent 0.3411 0.2364 2.2994 0.0215 1.2667 1.0355 1.5496 
Sensitive political_party Republican Independent 0.3867 0.2680 2.4876 0.0129 1.3074 1.0585 1.6147 
Sensitive urbanicity Rural Suburban 0.1038 0.0720 0.6617 0.5081 1.0746 0.8683 1.3299 
Sensitive urbanicity Urban Suburban 0.4226 0.2929 3.1651 0.0016 1.3404 1.1180 1.6069 
Sensitive age 18-24 65 1.5175 1.0519 4.9581 0.0000 2.8630 1.8890 4.3392 
Sensitive age 25-34 65 1.5029 1.0417 5.7956 0.0000 2.8341 1.9926 4.0310 
Sensitive age 35-44 65 1.3182 0.9137 5.1711 0.0000 2.4936 1.7637 3.5257 
Sensitive age 45-54 65 0.8175 0.5667 3.2505 0.0012 1.7624 1.2523 2.4803 
Sensitive age 55-64 65 0.4359 0.3022 1.8504 0.0643 1.3528 0.9823 1.8631 
Sensitive parentage Has kids Does not have kids 0.2184 0.1514 1.7766 0.0756 1.1634 0.9845 1.3748 
Sensitive work_status Full-time Retired 1.0789 0.7478 4.7737 0.0000 2.1124 1.5540 2.8717 
Sensitive work_status Part-time Retired 0.1147 0.0795 0.4400 0.6599 1.0827 0.7599 1.5427 
Sensitive work_status Stay-at-home parent Retired -0.2010 -0.1393 -0.5013 0.6161 0.8700 0.5046 1.4997 
Sensitive work_status Student Retired -0.1794 -0.1243 -0.4087 0.6828 0.8831 0.4864 1.6032 
Sensitive work_status Unemployed / Not working Retired -0.3221 -0.2233 -1.2069 0.2275 0.7999 0.5566 1.1495 
Sensitive education High school College degree -0.2797 -0.1939 -1.5949 0.1107 0.8238 0.6492 1.0454 
Sensitive education Professional schooling... College degree 0.3375 0.2340 1.9054 0.0567 1.2636 0.9933 1.6074 
Sensitive education Some college... College degree -0.5269 -0.3652 -3.2711 0.0011 0.6940 0.5576 0.8638 
Sensitive education Some or no high school College degree -0.6648 -0.4608 -1.8371 0.0662 0.6308 0.3858 1.0313 

Legal gender Male Female 0.6165 0.4273 4.8704 0.0000 1.5331 1.2909 1.8208 
Legal gender Non-binary Female -0.8079 -0.5600 -0.7198 0.4717 0.5712 0.1243 2.6245 
Legal race American Indian... White -0.9787 -0.6784 -1.2635 0.2064 0.5074 0.1772 1.4535 
Legal race Asian White -0.0617 -0.0428 -0.1798 0.8573 0.9581 0.6009 1.5276 
Legal race Black or African American White 0.2257 0.1564 1.3555 0.1753 1.1693 0.9326 1.4661 
Legal race Hispanic, Latino, or Spanish White 0.0069 0.0048 0.0321 0.9744 1.0048 0.7509 1.3445 
Legal race Middle Eastern... White 0.8055 0.5584 0.6893 0.4906 1.7478 0.3573 8.5499 
Legal race Native Hawaiian... White 1.2196 0.8453 0.9135 0.3610 2.3288 0.3797 14.2821 
Legal sexuality LGBT non-LGBT 0.0515 0.0357 0.2425 0.8084 1.0363 0.7767 1.3828 
Legal disability Disability non-Disability 0.6881 0.4769 4.4817 0.0000 1.6111 1.3078 1.9848 
Legal political_party Democrat Independent 0.0903 0.0626 0.5880 0.5566 1.0646 0.8642 1.3114 
Legal political_party Republican Independent 0.0442 0.0307 0.2750 0.7833 1.0311 0.8288 1.2829 
Legal urbanicity Rural Suburban 0.3426 0.2375 2.1508 0.0315 1.2680 1.0213 1.5744 
Legal urbanicity Urban Suburban 0.2567 0.1779 1.7846 0.0743 1.1947 0.9827 1.4526 
Legal age 18-24 65 1.7547 1.2163 5.3921 0.0000 3.3747 2.1688 5.2509 
Legal age 25-34 65 1.9547 1.3549 6.9797 0.0000 3.8764 2.6497 5.6711 
Legal age 35-44 65 1.6854 1.1682 6.0752 0.0000 3.2163 2.2064 4.6885 
Legal age 45-54 65 1.2787 0.8864 4.7581 0.0000 2.4263 1.6841 3.4955 
Legal age 55-64 65 0.7820 0.5420 3.1659 0.0015 1.7195 1.2293 2.4052 
Legal parentage Has kids Does not have kids -0.1433 -0.0993 -1.1107 0.2667 0.9054 0.7599 1.0789 
Legal work_status Full-time Retired 0.2661 0.1845 1.1288 0.2590 1.2026 0.8730 1.6566 
Legal work_status Part-time Retired -0.1937 -0.1343 -0.7253 0.4683 0.8743 0.6083 1.2568 
Legal work_status Stay-at-home parent Retired -0.6275 -0.4350 -1.5114 0.1307 0.6473 0.3683 1.1378 
Legal work_status Student Retired -0.4955 -0.3435 -1.1353 0.2563 0.7093 0.3920 1.2834 
Legal work_status Unemployed / Not working Retired -0.6665 -0.4620 -2.5597 0.0105 0.6300 0.4423 0.8974 
Legal education High school College degree 0.4900 0.3397 2.6166 0.0089 1.4045 1.0890 1.8114 
Legal education Professional schooling... College degree 0.3643 0.2525 1.7770 0.0756 1.2873 0.9743 1.7007 
Legal education Some college... College degree 0.0700 0.0485 0.3930 0.6943 1.0497 0.8240 1.3373 
Legal education Some or no high school College degree 0.1944 0.1348 0.5689 0.5694 1.1443 0.7193 1.8203 

Table 10: Model 1: contextual risk factors x demographics. Part 3 of 4 tables includes dependent variables: Social norms, Access 
to a sensitive resource, Legal or political 
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Dependent Variable Indep. Variable Treatment Baseline 𝛽 (log2) Log Odds (𝛽 ) t statistic P r (> |t |) Odds Ratio CI (lower) CI (upper) 

Relationship gender Male Female 0.0552 0.0382 0.5027 0.6151 1.0390 0.8951 1.2060 
Relationship gender Non-binary Female -1.7533 -1.2153 -1.8357 0.0664 0.2966 0.0810 1.0857 
Relationship race American Indian... White 0.5727 0.3970 1.1645 0.2442 1.4873 0.7625 2.9011 
Relationship race Asian White -0.2562 -0.1776 -0.8517 0.3944 0.8373 0.5564 1.2600 
Relationship race Black or African American White 0.0644 0.0447 0.4363 0.6626 1.0457 0.8555 1.2781 
Relationship race Hispanic, Latino, or Spanish White -0.2906 -0.2014 -1.5108 0.1309 0.8176 0.6296 1.0617 
Relationship race Middle Eastern... White -1.3781 -0.9552 -0.8929 0.3719 0.3847 0.0473 3.1319 
Relationship race Native Hawaiian... White 1.6812 1.1653 1.2581 0.2084 3.2070 0.5220 19.7030 
Relationship sexuality LGBT non-LGBT 0.5295 0.3670 2.9437 0.0032 1.4434 1.1305 1.8430 
Relationship disability Disability non-Disability 1.0739 0.7444 8.1073 0.0000 2.1052 1.7585 2.5202 
Relationship political_party Democrat Independent 0.1607 0.1114 1.2014 0.2296 1.1178 0.9321 1.3406 
Relationship political_party Republican Independent 0.0582 0.0404 0.4122 0.6802 1.0412 0.8594 1.2614 
Relationship urbanicity Rural Suburban 0.1725 0.1196 1.2317 0.2181 1.1270 0.9317 1.3633 
Relationship urbanicity Urban Suburban 0.4420 0.3064 3.5570 0.0004 1.3585 1.1475 1.6084 
Relationship age 18-24 65 1.9598 1.3584 6.9106 0.0000 3.8900 2.6463 5.7184 
Relationship age 25-34 65 2.0440 1.4168 8.4384 0.0000 4.1238 2.9674 5.7307 
Relationship age 35-44 65 2.1352 1.4800 9.0381 0.0000 4.3931 3.1870 6.0556 
Relationship age 45-54 65 1.3938 0.9661 6.0489 0.0000 2.6276 1.9214 3.5934 
Relationship age 55-64 65 1.0778 0.7471 5.1362 0.0000 2.1108 1.5873 2.8072 
Relationship parentage Has kids Does not have kids 0.0766 0.0531 0.6772 0.4983 1.0546 0.9043 1.2299 
Relationship work_status Full-time Retired 0.3592 0.2489 1.7622 0.0780 1.2827 0.9725 1.6919 
Relationship work_status Part-time Retired 0.3078 0.2134 1.3777 0.1683 1.2378 0.9138 1.6769 
Relationship work_status Stay-at-home parent Retired -0.3340 -0.2315 -0.9987 0.3179 0.7933 0.5037 1.2496 
Relationship work_status Student Retired -0.2946 -0.2042 -0.7688 0.4420 0.8153 0.4844 1.3722 
Relationship work_status Unemployed Not working Retired -0.1361 -0.0943 -0.6241 0.5325 0.9100 0.6767 1.2237 
Relationship education High school College degree -0.0987 -0.0684 -0.5976 0.5501 0.9339 0.7461 1.1688 
Relationship education Professional schooling... College degree 0.1923 0.1333 1.0833 0.2787 1.1426 0.8977 1.4542 
Relationship education Some college... College degree 0.0975 0.0676 0.6523 0.5142 1.0700 0.8733 1.3110 
Relationship education Some or no high school College degree -0.0887 -0.0615 -0.3054 0.7600 0.9404 0.6338 1.3953 

Table 11: Model 1: contextual risk factors x demographics. Part 4 of 4 tables includes dependent variable: Relationship with 
attacker 
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Dependent Variable Independent Variable Treatment Baseline 𝛽 (log2) Log Odds (𝛽 ) t statistic P r (> |t |) Odds Ratio CI (lower) CI (upper) 

Physical threats gender Male Female 0.1911 0.1325 1.3473 0.1779 1.1416 0.9415 1.3842 
Physical threats gender Non-binary Female -1.3011 -0.9019 -1.2948 0.1954 0.4058 0.1036 1.5894 
Physical threats race American Indian... White -1.3648 -0.9460 -1.6712 0.0947 0.3883 0.1280 1.1776 
Physical threats race Asian White -1.2964 -0.8986 -2.7915 0.0052 0.4071 0.2166 0.7652 
Physical threats race Black or African American White -0.3259 -0.2259 -1.7823 0.0747 0.7978 0.6223 1.0228 
Physical threats race Hispanic, Latino, or Spanish White -0.6479 -0.4491 -2.7128 0.0067 0.6382 0.4614 0.8828 
Physical threats race Middle Eastern... White -68.1943 -47.2687 0.0000 1.0000 0.0000 0.0000 inf 
Physical threats race Native Hawaiian... White -1.8965 -1.3146 -1.0561 0.2909 0.2686 0.0234 3.0806 
Physical threats sexuality LGBT non-LGBT 0.4436 0.3074 2.0564 0.0397 1.3599 1.0145 1.8230 
Physical threats disability Disability non-Disability 0.9314 0.6456 5.5665 0.0000 1.9071 1.5193 2.3938 
Physical threats political_party Independent Democrat 0.1746 0.1211 1.0357 0.3003 1.1287 0.8976 1.4193 
Physical threats political_party Republican Democrat -0.0319 -0.0221 -0.1864 0.8521 0.9781 0.7750 1.2344 
Physical threats urbanicity Rural Suburban 0.1925 0.1335 1.0904 0.2755 1.1428 0.8990 1.4526 
Physical threats urbanicity Urban Suburban 0.2350 0.1629 1.4831 0.1381 1.1769 0.9490 1.4596 
Physical threats age 18-24 65 3.0256 2.0972 8.0759 0.0000 8.1435 4.8951 13.5474 
Physical threats age 25-34 65 2.4665 1.7096 7.1790 0.0000 5.5268 3.4655 8.8142 
Physical threats age 35-44 65 1.9700 1.3655 5.7919 0.0000 3.9176 2.4680 6.2187 
Physical threats age 45-54 65 1.4901 1.0329 4.4906 0.0000 2.8091 1.7897 4.4091 
Physical threats age 55-64 65 0.9114 0.6317 2.8562 0.0043 1.8808 1.2192 2.9014 
Physical threats parentage Has kids Does not have kids 0.3660 0.2537 2.5105 0.0121 1.2888 1.0572 1.5711 
Physical threats work_status Part-time Full-time 0.1728 0.1198 0.8079 0.4191 1.1273 0.8430 1.5074 
Physical threats work_status Retired Full-time -0.6550 -0.4540 -2.2685 0.0233 0.6351 0.4290 0.9401 
Physical threats work_status Stay-at-home parent Full-time -0.6096 -0.4225 -1.6309 0.1029 0.6554 0.3944 1.0890 
Physical threats work_status Student Full-time -0.0847 -0.0587 -0.2254 0.8217 0.9430 0.5659 1.5712 
Physical threats work_status Unemployed / Not working Full-time -0.1799 -0.1247 -0.8368 0.4027 0.8827 0.6591 1.1822 
Physical threats education College degree High school -0.6165 -0.4273 -2.8734 0.0041 0.6522 0.4873 0.8730 
Physical threats education Professional schooling or degree High school -0.4831 -0.3349 -1.9713 0.0487 0.7154 0.5128 0.9981 
Physical threats education Some college... High school 0.0455 0.0315 0.2622 0.7931 1.0320 0.8155 1.3060 
Physical threats education Some or no high school High school 0.0966 0.0670 0.2925 0.7699 1.0693 0.6827 1.6746 
Physical threats resource_high 1 0 -0.1081 -0.0750 -0.7337 0.4632 0.9278 0.7594 1.1335 
Physical threats access_high 1 0 0.1427 0.0989 0.8965 0.3700 1.1040 0.8893 1.3705 
Physical threats underserved_high 1 0 -0.0981 -0.0680 -0.5494 0.5827 0.9342 0.7330 1.1908 
Physical threats prominence_high 1 0 0.2350 0.1629 1.3645 0.1724 1.1769 0.9314 1.4872 
Physical threats marginalization_high 1 0 0.7078 0.4906 3.9739 0.0001 1.6333 1.2823 2.0804 
Physical threats reliance_high 1 0 -0.4021 -0.2787 -2.5962 0.0094 0.7568 0.6132 0.9340 
Physical threats social_high 1 0 0.5107 0.3540 3.2542 0.0011 1.4247 1.1512 1.7633 
Physical threats sensitive_high 1 0 0.0244 0.0169 0.1380 0.8903 1.0170 0.8001 1.2928 
Physical threats legal_high 1 0 0.2760 0.1913 1.4781 0.1394 1.2109 0.9395 1.5605 
Physical threats relationship_high 1 0 1.3407 0.9293 8.8478 0.0000 2.5328 2.0615 3.1117 

Photos or info shared... gender Male Female -0.0672 -0.0466 -0.5009 0.6164 0.9545 0.7955 1.1452 
Photos or info shared... gender Non-binary Female -2.6793 -1.8572 -1.7466 0.0807 0.1561 0.0194 1.2547 
Photos or info shared... race American Indian... White 0.6188 0.4289 1.1112 0.2665 1.5356 0.7207 3.2722 
Photos or info shared... race Asian White -0.2387 -0.1654 -0.6442 0.5194 0.8475 0.5123 1.4020 
Photos or info shared... race Black or African American White -0.1775 -0.1230 -0.9875 0.3234 0.8842 0.6926 1.1288 
Photos or info shared... race Hispanic, Latino, or Spanish White -0.3266 -0.2264 -1.4326 0.1520 0.7974 0.5850 1.0869 
Photos or info shared... race Middle Eastern... White -0.9668 -0.6701 -0.6030 0.5465 0.5117 0.0579 4.5177 
Photos or info shared... race Native Hawaiian... White 2.1006 1.4560 1.4686 0.1419 4.2888 0.6144 29.9401 
Photos or info shared... sexuality LGBT non-LGBT 0.5937 0.4115 2.8570 0.0043 1.5091 1.1379 2.0014 
Photos or info shared... disability Disability non-Disability 0.7095 0.4918 4.4637 0.0000 1.6352 1.3177 2.0294 
Photos or info shared... political_party Independent Democrat -0.1217 -0.0843 -0.7365 0.4614 0.9191 0.7344 1.1503 
Photos or info shared... political_party Republican Democrat 0.1173 0.0813 0.7427 0.4577 1.0847 0.8752 1.3442 
Photos or info shared... urbanicity Rural Suburban 0.2357 0.1633 1.4221 0.1550 1.1774 0.9401 1.4747 
Photos or info shared... urbanicity Urban Suburban 0.0941 0.0652 0.6196 0.5355 1.0674 0.8684 1.3120 
Photos or info shared... age 18-24 65 2.0273 1.4052 5.7955 0.0000 4.0765 2.5345 6.5567 
Photos or info shared... age 25-34 65 2.1879 1.5165 7.1436 0.0000 4.5564 3.0055 6.9075 
Photos or info shared... age 35-44 65 1.9066 1.3216 6.3082 0.0000 3.7493 2.4867 5.6530 
Photos or info shared... age 45-54 65 1.5809 1.0958 5.4379 0.0000 2.9915 2.0154 4.4403 
Photos or info shared... age 55-64 65 1.2887 0.8933 4.8554 0.0000 2.4431 1.7035 3.5039 
Photos or info shared... parentage Has kids Does not have kids 0.3743 0.2595 2.7186 0.0066 1.2962 1.0751 1.5629 
Photos or info shared... work_status Part-time Full-time 0.1883 0.1305 0.8925 0.3721 1.1394 0.8554 1.5177 
Photos or info shared... work_status Retired Full-time 0.0459 0.0318 0.1823 0.8553 1.0323 0.7335 1.4528 
Photos or info shared... work_status Stay-at-home parent Full-time -0.5651 -0.3917 -1.5793 0.1143 0.6759 0.4157 1.0990 
Photos or info shared... work_status Student Full-time 0.1214 0.0841 0.3074 0.7585 1.0878 0.6362 1.8599 
Photos or info shared... work_status Unemployed / Not working Full-time -0.1560 -0.1081 -0.7363 0.4616 0.8975 0.6730 1.1969 
Photos or info shared... education College degree High school -0.3696 -0.2562 -1.8240 0.0682 0.7740 0.5877 1.0193 
Photos or info shared... education Professional schooling or degree High school -0.0742 -0.0514 -0.3302 0.7413 0.9499 0.6999 1.2891 
Photos or info shared... education Some college... High school 0.1301 0.0902 0.7726 0.4398 1.0944 0.8705 1.3759 
Photos or info shared... education Some or no high school High school -0.0221 -0.0153 -0.0673 0.9464 0.9848 0.6305 1.5382 
Photos or info shared... resource_high 1 0 0.1473 0.1021 1.0614 0.2885 1.1075 0.9172 1.3373 
Photos or info shared... access_high 1 0 0.4994 0.3461 3.3340 0.0009 1.4136 1.1533 1.7326 
Photos or info shared... underserved_high 1 0 0.0825 0.0572 0.4969 0.6193 1.0589 0.8450 1.3269 
Photos or info shared... prominence_high 1 0 0.1676 0.1161 1.0230 0.3063 1.1232 0.8991 1.4031 
Photos or info shared... marginalization_high 1 0 0.6347 0.4399 3.7301 0.0002 1.5526 1.2322 1.9564 
Photos or info shared... reliance_high 1 0 -0.0206 -0.0143 -0.1421 0.8870 0.9858 0.8093 1.2007 
Photos or info shared... social_high 1 0 0.1642 0.1138 1.0862 0.2774 1.1205 0.9125 1.3760 
Photos or info shared... sensitive_high 1 0 0.0416 0.0288 0.2475 0.8045 1.0293 0.8191 1.2933 
Photos or info shared... legal_high 1 0 0.3839 0.2661 2.1659 0.0303 1.3049 1.0256 1.6602 
Photos or info shared... relationship_high 1 0 0.7733 0.5360 5.2354 0.0000 1.7091 1.3984 2.0889 

Table 12: Model 2: contextual risk factors + demographics x digital-safety attacks. Part 1 of 5 tables includes dependent variables: 
Physical threats and Had your private photos or information shared without your permission 



Who Is At Risk? Examining the Prevalence of Digital-Safety Attacks and Contextual Risk Factors in the United States CHI ’26, April 13–17, 2026, Barcelona, Spain 

Dependent Variable Independent Variable Treatment Baseline 𝛽 (log2) Log Odds (𝛽 ) t statistic P r (> |t |) Odds Ratio CI (lower) CI (upper) 

Been stalked gender Male Female -0.3913 -0.2712 -2.8230 0.0048 0.7624 0.6316 0.9204 
Been stalked gender Non-binary Female -3.1085 -2.1547 -2.0253 0.0428 0.1159 0.0144 0.9328 
Been stalked race American Indian... White 0.6638 0.4601 1.1604 0.2459 1.5843 0.7283 3.4465 
Been stalked race Asian White -0.8167 -0.5661 -1.9392 0.0525 0.5677 0.3204 1.0061 
Been stalked race Black or African American White -0.0709 -0.0492 -0.3947 0.6931 0.9520 0.7459 1.2152 
Been stalked race Hispanic, Latino, or Spanish White -0.2582 -0.1790 -1.1235 0.2612 0.8361 0.6119 1.1426 
Been stalked race Middle Eastern... White -1.2126 -0.8405 -0.7442 0.4567 0.4315 0.0472 3.9471 
Been stalked race Native Hawaiian... White 0.3979 0.2758 0.2678 0.7888 1.3176 0.1751 9.9156 
Been stalked sexuality LGBT non-LGBT 0.8259 0.5725 3.9672 0.0001 1.7727 1.3360 2.3521 
Been stalked disability Disability non-Disability 0.7621 0.5282 4.6337 0.0000 1.6959 1.3563 2.1205 
Been stalked political_party Independent Democrat 0.4729 0.3278 2.8645 0.0042 1.3879 1.1091 1.7369 
Been stalked political_party Republican Democrat 0.2864 0.1985 1.7196 0.0855 1.2196 0.9726 1.5293 
Been stalked urbanicity Rural Suburban 0.1345 0.0933 0.7830 0.4337 1.0977 0.8692 1.3864 
Been stalked urbanicity Urban Suburban 0.2600 0.1803 1.6890 0.0912 1.1975 0.9715 1.4761 
Been stalked age 18-24 65 2.1383 1.4822 5.8519 0.0000 4.4025 2.6798 7.2327 
Been stalked age 25-34 65 2.3780 1.6483 7.3706 0.0000 5.1983 3.3535 8.0579 
Been stalked age 35-44 65 1.8880 1.3087 5.9107 0.0000 3.7013 2.3982 5.7124 
Been stalked age 45-54 65 1.5085 1.0456 4.8799 0.0000 2.8451 1.8695 4.3300 
Been stalked age 55-64 65 0.7737 0.5363 2.6003 0.0093 1.7096 1.1412 2.5613 
Been stalked parentage Has kids Does not have kids 0.3811 0.2641 2.6939 0.0071 1.3023 1.0746 1.5783 
Been stalked work_status Part-time Full-time 0.3755 0.2603 1.7781 0.0754 1.2973 0.9737 1.7284 
Been stalked work_status Retired Full-time -0.2570 -0.1782 -0.9335 0.3506 0.8368 0.5757 1.2164 
Been stalked work_status Stay-at-home parent Full-time -0.2667 -0.1848 -0.7696 0.4415 0.8312 0.5191 1.3310 
Been stalked work_status Student Full-time 0.2596 0.1800 0.6869 0.4922 1.1972 0.7164 2.0007 
Been stalked work_status Unemployed / Not working Full-time 0.1507 0.1045 0.7135 0.4755 1.1101 0.8332 1.4790 
Been stalked education College degree High school -0.4750 -0.3293 -2.2892 0.0221 0.7195 0.5427 0.9538 
Been stalked education Professional schooling or degree High school -0.2065 -0.1431 -0.8839 0.3767 0.8666 0.6310 1.1903 
Been stalked education Some college... High school 0.1028 0.0712 0.6021 0.5471 1.0738 0.8516 1.3541 
Been stalked education Some or no high school High school -0.4502 -0.3121 -1.3231 0.1858 0.7319 0.4610 1.1621 
Been stalked resource_high 1 0 0.0301 0.0209 0.2110 0.8329 1.0211 0.8412 1.2394 
Been stalked access_high 1 0 0.2679 0.1857 1.7434 0.0813 1.2040 0.9772 1.4835 
Been stalked underserved_high 1 0 0.1332 0.0923 0.7811 0.4348 1.0967 0.8699 1.3826 
Been stalked prominence_high 1 0 0.4840 0.3355 2.9007 0.0037 1.3986 1.1149 1.7545 
Been stalked marginalization_high 1 0 0.4067 0.2819 2.3316 0.0197 1.3257 1.0460 1.6802 
Been stalked reliance_high 1 0 -0.2432 -0.1686 -1.6254 0.1041 0.8449 0.6895 1.0353 
Been stalked social_high 1 0 0.2805 0.1944 1.8226 0.0684 1.2146 0.9855 1.4970 
Been stalked sensitive_high 1 0 0.0943 0.0654 0.5487 0.5832 1.0675 0.8453 1.3483 
Been stalked legal_high 1 0 0.3230 0.2239 1.7660 0.0774 1.2509 0.9757 1.6038 
Been stalked relationship_high 1 0 1.1396 0.7899 7.7094 0.0000 2.2031 1.8023 2.6931 

Discriminated... gender Male Female 0.4959 0.3437 3.6051 0.0003 1.4102 1.1698 1.7000 
Discriminated... gender Non-binary Female 1.3900 0.9635 1.4099 0.1586 2.6208 0.6867 10.0032 
Discriminated... race American Indian... White 1.2735 0.8827 2.3861 0.0170 2.4175 1.1707 4.9918 
Discriminated... race Asian White -0.2114 -0.1466 -0.5688 0.5695 0.8637 0.5212 1.4311 
Discriminated... race Black or African American White 0.2221 0.1539 1.2708 0.2038 1.1664 0.9199 1.4789 
Discriminated... race Hispanic, Latino, or Spanish White 0.0247 0.0171 0.1122 0.9106 1.0173 0.7542 1.3721 
Discriminated... race Middle Eastern... White -0.3232 -0.2241 -0.2500 0.8026 0.7993 0.1380 4.6307 
Discriminated... race Native Hawaiian... White 0.1527 0.1058 0.1001 0.9203 1.1116 0.1398 8.8371 
Discriminated... sexuality LGBT non-LGBT 1.3406 0.9292 6.7126 0.0000 2.5325 1.9307 3.3219 
Discriminated... disability Disability non-Disability 0.7934 0.5499 4.8405 0.0000 1.7331 1.3872 2.1654 
Discriminated... political_party Independent Democrat 0.0139 0.0096 0.0848 0.9324 1.0097 0.8085 1.2608 
Discriminated... political_party Republican Democrat 0.0316 0.0219 0.1911 0.8484 1.0221 0.8167 1.2792 
Discriminated... urbanicity Rural Suburban -0.0364 -0.0253 -0.2089 0.8345 0.9751 0.7694 1.2357 
Discriminated... urbanicity Urban Suburban 0.1766 0.1224 1.1654 0.2439 1.1302 0.9199 1.3886 
Discriminated... age 18-24 65 3.1330 2.1716 8.8223 0.0000 8.7723 5.4149 14.2113 
Discriminated... age 25-34 65 2.5274 1.7518 7.7962 0.0000 5.7652 3.7114 8.9553 
Discriminated... age 35-44 65 1.9613 1.3595 6.0391 0.0000 3.8941 2.5049 6.0537 
Discriminated... age 45-54 65 1.3237 0.9175 4.1991 0.0000 2.5030 1.6311 3.8410 
Discriminated... age 55-64 65 0.8456 0.5861 2.8425 0.0045 1.7970 1.1996 2.6918 
Discriminated... parentage Has kids Does not have kids 0.2143 0.1485 1.5175 0.1291 1.1601 0.9576 1.4055 
Discriminated... work_status Part-time Full-time 0.4531 0.3140 2.1713 0.0299 1.3690 1.0310 1.8176 
Discriminated... work_status Retired Full-time -0.0057 -0.0040 -0.0210 0.9832 0.9960 0.6868 1.4444 
Discriminated... work_status Stay-at-home parent Full-time -0.2733 -0.1894 -0.7322 0.4641 0.8274 0.4983 1.3739 
Discriminated... work_status Student Full-time -0.0020 -0.0014 -0.0054 0.9957 0.9986 0.6129 1.6273 
Discriminated... work_status Unemployed / Not working Full-time 0.0873 0.0605 0.4147 0.6784 1.0624 0.7981 1.4142 
Discriminated... education College degree High school -0.0350 -0.0242 -0.1697 0.8653 0.9761 0.7377 1.2914 
Discriminated... education Professional schooling or degree High school -0.1357 -0.0940 -0.5658 0.5715 0.9103 0.6572 1.2607 
Discriminated... education Some college... High school 0.3228 0.2237 1.8760 0.0607 1.2507 0.9900 1.5801 
Discriminated... education Some or no high school High school 0.3932 0.2725 1.2416 0.2144 1.3133 0.8541 2.0193 
Discriminated... resource_high 1 0 -0.0143 -0.0099 -0.1006 0.9199 0.9901 0.8164 1.2009 
Discriminated... access_high 1 0 0.2163 0.1499 1.4118 0.1580 1.1618 0.9434 1.4306 
Discriminated... underserved_high 1 0 -0.0865 -0.0600 -0.5033 0.6148 0.9418 0.7456 1.1896 
Discriminated... prominence_high 1 0 0.2226 0.1543 1.3458 0.1784 1.1669 0.9320 1.4609 
Discriminated... marginalization_high 1 0 0.7809 0.5413 4.5732 0.0000 1.7183 1.3625 2.1669 
Discriminated... reliance_high 1 0 -0.1842 -0.1277 -1.2405 0.2148 0.8802 0.7194 1.0768 
Discriminated... social_high 1 0 0.3216 0.2229 2.0971 0.0360 1.2498 1.0147 1.5393 
Discriminated... sensitive_high 1 0 0.2061 0.1429 1.2188 0.2229 1.1536 0.9168 1.4516 
Discriminated... legal_high 1 0 0.7227 0.5009 4.0389 0.0001 1.6502 1.2941 2.1043 
Discriminated... relationship_high 1 0 0.7934 0.5499 5.2852 0.0000 1.7331 1.4134 2.1252 

Table 13: Model 2: contextual risk factors + demographics x digital-safety attacks. Part 2 of 5 tables includes dependent variables: 
Been stalked and Been discriminated or harassed based on your identity 



CHI ’26, April 13–17, 2026, Barcelona, Spain Heung et al. 

Dependent Variable Independent Variable Treatment Baseline 𝛽 (log2) Log Odds (𝛽 ) t statistic P r (> |t |) Odds Ratio CI (lower) CI (upper) 

Had an account hacked gender Male Female -0.1268 -0.0879 -1.3094 0.1904 0.9159 0.8030 1.0446 
Had an account hacked gender Non-binary Female -0.4607 -0.3194 -0.6105 0.5416 0.7266 0.2606 2.0258 
Had an account hacked race American Indian... White 0.0936 0.0648 0.2000 0.8414 1.0670 0.5653 2.0141 
Had an account hacked race Asian White -0.7355 -0.5098 -2.6881 0.0072 0.6006 0.4141 0.8710 
Had an account hacked race Black or African American White -0.0621 -0.0430 -0.4536 0.6501 0.9579 0.7954 1.1536 
Had an account hacked race Hispanic, Latino, or Spanish White -0.5000 -0.3466 -2.8489 0.0044 0.7071 0.5571 0.8975 
Had an account hacked race Middle Eastern... White 0.3412 0.2365 0.3655 0.7148 1.2668 0.3563 4.5042 
Had an account hacked race Native Hawaiian... White -0.5860 -0.4062 -0.4388 0.6608 0.6662 0.1086 4.0877 
Had an account hacked sexuality LGBT non-LGBT 0.6405 0.4440 3.6371 0.0003 1.5589 1.2272 1.9802 
Had an account hacked disability Disability non-Disability 0.4095 0.2839 3.4332 0.0006 1.3283 1.1295 1.5620 
Had an account hacked political_party Independent Democrat 0.4321 0.2995 3.6725 0.0002 1.3492 1.1499 1.5830 
Had an account hacked political_party Republican Democrat 0.2691 0.1865 2.3263 0.0200 1.2051 1.0298 1.4101 
Had an account hacked urbanicity Rural Suburban 0.2283 0.1582 1.9168 0.0553 1.1714 0.9964 1.3771 
Had an account hacked urbanicity Urban Suburban 0.1695 0.1175 1.5296 0.1261 1.1247 0.9675 1.3075 
Had an account hacked age 18-24 65 0.6314 0.4376 2.6108 0.0090 1.5491 1.1153 2.1515 
Had an account hacked age 25-34 65 0.6989 0.4844 3.4853 0.0005 1.6232 1.2362 2.1315 
Had an account hacked age 35-44 65 0.5510 0.3820 2.7965 0.0052 1.4651 1.1210 1.9149 
Had an account hacked age 45-54 65 0.5075 0.3518 2.7593 0.0058 1.4216 1.1073 1.8252 
Had an account hacked age 55-64 65 0.1898 0.1316 1.1760 0.2396 1.1406 0.9160 1.4203 
Had an account hacked parentage Has kids Does not have kids 0.3703 0.2567 3.7293 0.0002 1.2926 1.1295 1.4793 
Had an account hacked work_status Part-time Full-time 0.0194 0.0134 0.1215 0.9033 1.0135 0.8159 1.2590 
Had an account hacked work_status Retired Full-time 0.0250 0.0173 0.1502 0.8806 1.0175 0.8114 1.2759 
Had an account hacked work_status Stay-at-home parent Full-time -0.1312 -0.0910 -0.5080 0.6114 0.9130 0.6428 1.2969 
Had an account hacked work_status Student Full-time -0.2330 -0.1615 -0.7391 0.4598 0.8509 0.5545 1.3057 
Had an account hacked work_status Unemployed / Not working Full-time 0.0286 0.0198 0.1787 0.8581 1.0200 0.8209 1.2674 
Had an account hacked education College degree High school 0.1818 0.1260 1.2686 0.2046 1.1343 0.9336 1.3782 
Had an account hacked education Professional schooling or degree High school 0.3595 0.2492 2.2220 0.0263 1.2830 1.0298 1.5984 
Had an account hacked education Some college... High school 0.3529 0.2446 2.8228 0.0048 1.2771 1.0776 1.5135 
Had an account hacked education Some or no high school High school 0.2834 0.1965 1.1066 0.2685 1.2171 0.8594 1.7236 
Had an account hacked resource_high 1 0 0.1701 0.1179 1.6974 0.0896 1.1251 0.9819 1.2892 
Had an account hacked access_high 1 0 0.1872 0.1298 1.6328 0.1025 1.1386 0.9743 1.3304 
Had an account hacked underserved_high 1 0 0.0690 0.0478 0.5614 0.5745 1.0490 0.8876 1.2397 
Had an account hacked prominence_high 1 0 -0.0713 -0.0494 -0.5683 0.5698 0.9518 0.8027 1.1286 
Had an account hacked marginalization_high 1 0 0.0466 0.0323 0.3371 0.7361 1.0328 0.8561 1.2460 
Had an account hacked reliance_high 1 0 0.0439 0.0304 0.4129 0.6797 1.0309 0.8922 1.1912 
Had an account hacked social_high 1 0 -0.1132 -0.0785 -1.0007 0.3169 0.9245 0.7928 1.0781 
Had an account hacked sensitive_high 1 0 0.0296 0.0205 0.2199 0.8259 1.0207 0.8500 1.2257 
Had an account hacked legal_high 1 0 0.1364 0.0945 0.9219 0.3566 1.0991 0.8990 1.3438 
Had an account hacked relationship_high 1 0 0.6537 0.4531 5.3943 0.0000 1.5732 1.3344 1.8548 

Had money stolen gender Male Female -0.1686 -0.1169 -1.5533 0.1204 0.8897 0.7677 1.0311 
Had money stolen gender Non-binary Female -0.2684 -0.1861 -0.3218 0.7476 0.8302 0.2673 2.5783 
Had money stolen race American Indian... White -0.0569 -0.0394 -0.1100 0.9124 0.9614 0.4765 1.9397 
Had money stolen race Asian White 0.0207 0.0143 0.0688 0.9452 1.0144 0.6742 1.5263 
Had money stolen race Black or African American White 0.4927 0.3415 3.3669 0.0008 1.4071 1.1534 1.7166 
Had money stolen race Hispanic, Latino, or Spanish White -0.0999 -0.0693 -0.5245 0.6000 0.9331 0.7203 1.2088 
Had money stolen race Middle Eastern... White -1.6912 -1.1723 -1.0940 0.2740 0.3097 0.0379 2.5292 
Had money stolen race Native Hawaiian... White 0.3519 0.2439 0.2601 0.7948 1.2762 0.2032 8.0159 
Had money stolen sexuality LGBT non-LGBT 0.5030 0.3486 2.7450 0.0061 1.4171 1.1048 1.8177 
Had money stolen disability Disability non-Disability 0.5630 0.3902 4.3048 0.0000 1.4773 1.2368 1.7645 
Had money stolen political_party Independent Democrat 0.1455 0.1008 1.1075 0.2681 1.1061 0.9253 1.3222 
Had money stolen political_party Republican Democrat 0.2143 0.1485 1.6517 0.0986 1.1601 0.9727 1.3837 
Had money stolen urbanicity Rural Suburban 0.2358 0.1634 1.7767 0.0756 1.1775 0.9833 1.4102 
Had money stolen urbanicity Urban Suburban 0.0775 0.0537 0.6281 0.5300 1.0552 0.8923 1.2478 
Had money stolen age 18-24 65 0.5017 0.3477 1.8618 0.0626 1.4159 0.9818 2.0418 
Had money stolen age 25-34 65 0.7109 0.4927 3.1304 0.0017 1.6368 1.2023 2.2283 
Had money stolen age 35-44 65 0.6993 0.4847 3.1481 0.0016 1.6237 1.2007 2.1956 
Had money stolen age 45-54 65 0.6177 0.4281 2.9389 0.0033 1.5344 1.1533 2.0415 
Had money stolen age 55-64 65 0.0873 0.0605 0.4545 0.6495 1.0624 0.8183 1.3793 
Had money stolen parentage Has kids Does not have kids 0.0394 0.0273 0.3579 0.7204 1.0277 0.8849 1.1935 
Had money stolen work_status Part-time Full-time -0.0371 -0.0257 -0.2140 0.8305 0.9746 0.7702 1.2333 
Had money stolen work_status Retired Full-time -0.5046 -0.3497 -2.6044 0.0092 0.7049 0.5418 0.9171 
Had money stolen work_status Stay-at-home parent Full-time -0.6796 -0.4711 -2.2745 0.0229 0.6243 0.4160 0.9369 
Had money stolen work_status Student Full-time -0.1181 -0.0819 -0.3500 0.7263 0.9214 0.5825 1.4574 
Had money stolen work_status Unemployed / Not working Full-time -0.5326 -0.3692 -3.0347 0.0024 0.6913 0.5447 0.8774 
Had money stolen education College degree High school -0.2749 -0.1906 -1.6947 0.0901 0.8265 0.6630 1.0303 
Had money stolen education Professional schooling or degree High school -0.1310 -0.0908 -0.7178 0.4729 0.9132 0.7128 1.1701 
Had money stolen education Some college... High school 0.2459 0.1705 1.8026 0.0714 1.1859 0.9852 1.4273 
Had money stolen education Some or no high school High school -0.3076 -0.2132 -1.0724 0.2836 0.8080 0.5472 1.1930 
Had money stolen resource_high 1 0 0.2294 0.1590 2.0517 0.0402 1.1723 1.0071 1.3646 
Had money stolen access_high 1 0 0.2182 0.1512 1.7488 0.0803 1.1633 0.9819 1.3782 
Had money stolen underserved_high 1 0 0.0929 0.0644 0.6892 0.4907 1.0665 0.8881 1.2807 
Had money stolen prominence_high 1 0 -0.0127 -0.0088 -0.0931 0.9258 0.9912 0.8231 1.1936 
Had money stolen marginalization_high 1 0 0.1429 0.0991 0.9660 0.3340 1.1042 0.9031 1.3500 
Had money stolen reliance_high 1 0 0.1074 0.0745 0.9143 0.3605 1.0773 0.9184 1.2638 
Had money stolen social_high 1 0 0.1234 0.0855 0.9974 0.3186 1.0893 0.9208 1.2887 
Had money stolen sensitive_high 1 0 0.0858 0.0594 0.5937 0.5527 1.0613 0.8721 1.2914 
Had money stolen legal_high 1 0 0.1239 0.0859 0.7908 0.4291 1.0896 0.8808 1.3480 
Had money stolen relationship_high 1 0 0.6876 0.4766 5.4231 0.0000 1.6106 1.3557 1.9133 

Table 14: Model 2: contextual risk factors + demographics x digital-safety attacks. Part 3 of 5 tables includes dependent variables: 
Had an account hacked and Had money stolen 



Who Is At Risk? Examining the Prevalence of Digital-Safety Attacks and Contextual Risk Factors in the United States CHI ’26, April 13–17, 2026, Barcelona, Spain 

Dependent Variable Independent Variable Treatment Baseline 𝛽 (log2) Log Odds (𝛽 ) t statistic P r (> |t |) Odds Ratio CI (lower) CI (upper) 

Virus or malware... gender Male Female 0.5940 0.4117 5.8111 0.0000 1.5094 1.3137 1.7343 
Virus or malware... gender Non-binary Female 0.7859 0.5447 0.9666 0.3337 1.7241 0.5713 5.2029 
Virus or malware... race American Indian... White 0.2215 0.1536 0.4417 0.6587 1.1660 0.5899 2.3045 
Virus or malware... race Asian White -0.3872 -0.2684 -1.3647 0.1723 0.7646 0.5200 1.1242 
Virus or malware... race Black or African American White 0.0244 0.0169 0.1677 0.8668 1.0171 0.8346 1.2394 
Virus or malware... race Hispanic, Latino, or Spanish White -0.1814 -0.1258 -0.9652 0.3345 0.8818 0.6831 1.1384 
Virus or malware... race Middle Eastern... White 0.8404 0.5825 0.8506 0.3950 1.7905 0.4678 6.8534 
Virus or malware... race Native Hawaiian... White 0.3163 0.2193 0.2355 0.8138 1.2452 0.2009 7.7191 
Virus or malware... sexuality LGBT non-LGBT 0.2539 0.1760 1.3852 0.1660 1.1924 0.9296 1.5296 
Virus or malware... disability Disability non-Disability 0.5396 0.3740 4.3053 0.0000 1.4536 1.2260 1.7234 
Virus or malware... political_party Independent Democrat 0.3385 0.2346 2.7161 0.0066 1.2644 1.0675 1.4977 
Virus or malware... political_party Republican Democrat 0.1680 0.1164 1.3665 0.1718 1.1235 0.9507 1.3277 
Virus or malware... urbanicity Rural Suburban 0.0286 0.0198 0.2251 0.8219 1.0200 0.8583 1.2123 
Virus or malware... urbanicity Urban Suburban 0.0242 0.0168 0.2065 0.8364 1.0169 0.8670 1.1928 
Virus or malware... age 18-24 65 -0.7598 -0.5266 -2.8602 0.0042 0.5906 0.4117 0.8473 
Virus or malware... age 25-34 65 -0.5636 -0.3907 -2.6373 0.0084 0.6766 0.5061 0.9045 
Virus or malware... age 35-44 65 -0.1651 -0.1144 -0.8034 0.4217 0.8919 0.6746 1.1791 
Virus or malware... age 45-54 65 -0.3466 -0.2402 -1.7893 0.0736 0.7864 0.6045 1.0232 
Virus or malware... age 55-64 65 -0.0430 -0.0298 -0.2562 0.7978 0.9706 0.7727 1.2193 
Virus or malware... parentage Has kids Does not have kids 0.1600 0.1109 1.5290 0.1263 1.1173 0.9692 1.2880 
Virus or malware... work_status Part-time Full-time 0.0451 0.0312 0.2648 0.7912 1.0317 0.8188 1.3001 
Virus or malware... work_status Retired Full-time -0.1170 -0.0811 -0.6736 0.5006 0.9221 0.7283 1.1675 
Virus or malware... work_status Stay-at-home parent Full-time -0.6984 -0.4841 -2.2392 0.0251 0.6163 0.4034 0.9414 
Virus or malware... work_status Student Full-time 0.1398 0.0969 0.3952 0.6927 1.1018 0.6813 1.7819 
Virus or malware... work_status Unemployed / Not working Full-time -0.1897 -0.1315 -1.0992 0.2717 0.8768 0.6936 1.1084 
Virus or malware... education College degree High school 0.6044 0.4189 3.9703 0.0001 1.5203 1.2363 1.8696 
Virus or malware... education Professional schooling or degree High school 0.7385 0.5119 4.3154 0.0000 1.6685 1.3223 2.1052 
Virus or malware... education Some college... High school 0.5058 0.3506 3.7530 0.0002 1.4199 1.1823 1.7052 
Virus or malware... education Some or no high school High school -0.0935 -0.0648 -0.3184 0.7502 0.9372 0.6288 1.3969 
Virus or malware... resource_high 1 0 0.2164 0.1500 2.0281 0.0426 1.1618 1.0051 1.3430 
Virus or malware... access_high 1 0 0.2061 0.1429 1.6999 0.0892 1.1536 0.9784 1.3601 
Virus or malware... underserved_high 1 0 -0.0544 -0.0377 -0.4135 0.6792 0.9630 0.8052 1.1516 
Virus or malware... prominence_high 1 0 -0.0399 -0.0277 -0.3007 0.7636 0.9727 0.8122 1.1649 
Virus or malware... marginalization_high 1 0 0.2208 0.1531 1.5246 0.1274 1.1654 0.9572 1.4189 
Virus or malware... reliance_high 1 0 -0.0119 -0.0082 -0.1048 0.9165 0.9918 0.8503 1.1569 
Virus or malware... social_high 1 0 -0.0492 -0.0341 -0.4067 0.6842 0.9665 0.8200 1.1391 
Virus or malware... sensitive_high 1 0 0.2816 0.1952 2.0250 0.0429 1.2155 1.0063 1.4683 
Virus or malware... legal_high 1 0 0.1507 0.1045 0.9711 0.3315 1.1101 0.8991 1.3706 
Virus or malware... relationship_high 1 0 0.5426 0.3761 4.2742 0.0000 1.4566 1.2259 1.7308 

Scam, phishing, trick... gender Male Female 0.4019 0.2786 4.1686 0.0000 1.3212 1.1590 1.5061 
Scam, phishing, trick... gender Non-binary Female 1.0706 0.7421 1.2302 0.2186 2.1003 0.6439 6.8506 
Scam, phishing, trick... race American Indian... White -0.0091 -0.0063 -0.0195 0.9845 0.9937 0.5264 1.8758 
Scam, phishing, trick... race Asian White -0.5533 -0.3835 -2.1146 0.0345 0.6815 0.4776 0.9723 
Scam, phishing, trick... race Black or African American White 0.0341 0.0236 0.2485 0.8038 1.0239 0.8499 1.2335 
Scam, phishing, trick... race Hispanic, Latino, or Spanish White -0.0718 -0.0498 -0.4170 0.6767 0.9515 0.7531 1.2021 
Scam, phishing, trick... race Middle Eastern... White -0.1094 -0.0758 -0.1173 0.9067 0.9270 0.2609 3.2932 
Scam, phishing, trick... race Native Hawaiian... White 0.2593 0.1797 0.1944 0.8459 1.1969 0.1955 7.3288 
Scam, phishing, trick... sexuality LGBT non-LGBT 0.4342 0.3010 2.4335 0.0150 1.3512 1.0603 1.7218 
Scam, phishing, trick... disability Disability non-Disability 0.4719 0.3271 3.9180 0.0001 1.3870 1.1776 1.6335 
Scam, phishing, trick... political_party Independent Democrat 0.4307 0.2985 3.6781 0.0002 1.3479 1.1496 1.5802 
Scam, phishing, trick... political_party Republican Democrat 0.2657 0.1842 2.3115 0.0208 1.2022 1.0284 1.4054 
Scam, phishing, trick... urbanicity Rural Suburban 0.2348 0.1627 1.9758 0.0482 1.1767 1.0013 1.3829 
Scam, phishing, trick... urbanicity Urban Suburban 0.0272 0.0189 0.2463 0.8054 1.0190 0.8770 1.1841 
Scam, phishing, trick... age 18-24 65 -0.1801 -0.1248 -0.7461 0.4556 0.8827 0.6359 1.2252 
Scam, phishing, trick... age 25-34 65 -0.5661 -0.3924 -2.8321 0.0046 0.6754 0.5148 0.8862 
Scam, phishing, trick... age 35-44 65 -0.4689 -0.3250 -2.3849 0.0171 0.7225 0.5532 0.9437 
Scam, phishing, trick... age 45-54 65 -0.3393 -0.2352 -1.8444 0.0651 0.7904 0.6156 1.0148 
Scam, phishing, trick... age 55-64 65 -0.2652 -0.1838 -1.6538 0.0982 0.8321 0.6692 1.0346 
Scam, phishing, trick... parentage Has kids Does not have kids 0.1554 0.1077 1.5803 0.1140 1.1138 0.9744 1.2730 
Scam, phishing, trick... work_status Part-time Full-time 0.0278 0.0193 0.1754 0.8608 1.0195 0.8217 1.2649 
Scam, phishing, trick... work_status Retired Full-time 0.0562 0.0389 0.3393 0.7344 1.0397 0.8303 1.3019 
Scam, phishing, trick... work_status Stay-at-home parent Full-time -0.1748 -0.1212 -0.6740 0.5003 0.8859 0.6228 1.2601 
Scam, phishing, trick... work_status Student Full-time -0.0404 -0.0280 -0.1273 0.8987 0.9724 0.6318 1.4967 
Scam, phishing, trick... work_status Unemployed / Not working Full-time 0.1814 0.1257 1.1346 0.2565 1.1340 0.9126 1.4090 
Scam, phishing, trick... education College degree High school 0.7562 0.5241 5.3067 0.0000 1.6890 1.3917 2.0498 
Scam, phishing, trick... education Professional schooling or degree High school 0.9499 0.6584 5.8735 0.0000 1.9318 1.5507 2.4065 
Scam, phishing, trick... education Some college... High school 0.5636 0.3906 4.5365 0.0000 1.4779 1.2484 1.7496 
Scam, phishing, trick... education Some or no high school High school 0.0979 0.0679 0.3804 0.7037 1.0702 0.7544 1.5184 
Scam, phishing, trick... resource_high 1 0 0.5033 0.3489 5.0253 0.0000 1.4175 1.2371 1.6241 
Scam, phishing, trick... access_high 1 0 0.2388 0.1655 2.0800 0.0375 1.1800 1.0096 1.3791 
Scam, phishing, trick... underserved_high 1 0 -0.1670 -0.1158 -1.3561 0.1751 0.8907 0.7534 1.0529 
Scam, phishing, trick... prominence_high 1 0 -0.1372 -0.0951 -1.0956 0.2732 0.9093 0.7671 1.0779 
Scam, phishing, trick... marginalization_high 1 0 -0.0472 -0.0327 -0.3394 0.7343 0.9678 0.8011 1.1692 
Scam, phishing, trick... reliance_high 1 0 -0.1175 -0.0814 -1.1086 0.2676 0.9218 0.7982 1.0645 
Scam, phishing, trick... social_high 1 0 -0.1450 -0.1005 -1.2824 0.1997 0.9044 0.7755 1.0546 
Scam, phishing, trick... sensitive_high 1 0 0.0517 0.0358 0.3834 0.7014 1.0365 0.8631 1.2447 
Scam, phishing, trick... legal_high 1 0 0.1859 0.1289 1.2416 0.2144 1.1375 0.9282 1.3941 
Scam, phishing, trick... relationship_high 1 0 0.7640 0.5295 6.1877 0.0000 1.6981 1.4359 2.0082 

Table 15: Model 2: contextual risk factors + demographics x digital-safety attacks. Part 4 of 5 tables includes dependent variables: 
Been the target of a virus or malware attack and Been the target of a scam or phishing attack 
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Dependent Variable Independent Variable Treatment Baseline 𝛽 (log2) Log Odds (𝛽 ) t statistic P r (> |t |) Odds Ratio CI (lower) CI (upper) 

Insulted, treated badly... gender Male Female 0.0431 0.0299 0.3865 0.6991 1.0303 0.8855 1.1989 
Insulted, treated badly... gender Non-binary Female 1.4684 1.0178 1.5698 0.1165 2.7672 0.7765 9.8615 
Insulted, treated badly... race American Indian... White 0.8413 0.5832 1.7339 0.0829 1.7917 0.9268 3.4638 
Insulted, treated badly... race Asian White -1.0027 -0.6950 -3.0977 0.0020 0.4991 0.3215 0.7747 
Insulted, treated badly... race Black or African American White -0.7302 -0.5062 -4.6695 0.0000 0.6028 0.4874 0.7455 
Insulted, treated badly... race Hispanic, Latino, or Spanish White -0.1126 -0.0780 -0.6024 0.5469 0.9249 0.7175 1.1923 
Insulted, treated badly... race Middle Eastern... White 0.0794 0.0550 0.0763 0.9392 1.0565 0.2571 4.3427 
Insulted, treated badly... race Native Hawaiian... White -0.9334 -0.6470 -0.6386 0.5231 0.5236 0.0719 3.8148 
Insulted, treated badly... sexuality LGBT non-LGBT 0.6851 0.4749 3.6929 0.0002 1.6079 1.2496 2.0688 
Insulted, treated badly... disability Disability non-Disability 0.8445 0.5853 6.3162 0.0000 1.7956 1.4974 2.1532 
Insulted, treated badly... political_party Independent Democrat 0.2134 0.1479 1.6029 0.1089 1.1595 0.9676 1.3894 
Insulted, treated badly... political_party Republican Democrat -0.0685 -0.0475 -0.5126 0.6082 0.9536 0.7952 1.1436 
Insulted, treated badly... urbanicity Rural Suburban 0.2271 0.1574 1.6613 0.0967 1.1705 0.9721 1.4094 
Insulted, treated badly... urbanicity Urban Suburban 0.1175 0.0814 0.9305 0.3521 1.0848 0.9139 1.2878 
Insulted, treated badly... age 18-24 65 2.6932 1.8668 9.7654 0.0000 6.4676 4.4466 9.4073 
Insulted, treated badly... age 25-34 65 2.1964 1.5224 9.2716 0.0000 4.5833 3.3221 6.3233 
Insulted, treated badly... age 35-44 65 1.5605 1.0817 6.6589 0.0000 2.9496 2.1453 4.0554 
Insulted, treated badly... age 45-54 65 0.8746 0.6062 3.8759 0.0001 1.8335 1.3494 2.4913 
Insulted, treated badly... age 55-64 65 0.8924 0.6186 4.4688 0.0000 1.8563 1.4152 2.4348 
Insulted, treated badly... parentage Has kids Does not have kids 0.0514 0.0357 0.4529 0.6506 1.0363 0.8881 1.2092 
Insulted, treated badly... work_status Part-time Full-time 0.2412 0.1672 1.3632 0.1728 1.1820 0.9294 1.5031 
Insulted, treated badly... work_status Retired Full-time -0.0819 -0.0567 -0.4078 0.6834 0.9448 0.7193 1.2410 
Insulted, treated badly... work_status Stay-at-home parent Full-time -0.1014 -0.0703 -0.3478 0.7280 0.9322 0.6274 1.3849 
Insulted, treated badly... work_status Student Full-time -0.0359 -0.0249 -0.1101 0.9123 0.9754 0.6265 1.5187 
Insulted, treated badly... work_status Unemployed / Not working Full-time 0.1621 0.1123 0.9272 0.3538 1.1189 0.8824 1.4188 
Insulted, treated badly... education College degree High school 0.1965 0.1362 1.1795 0.2382 1.1459 0.9138 1.4370 
Insulted, treated badly... education Professional schooling or degree High school 0.3820 0.2648 2.0400 0.0413 1.3032 1.0104 1.6807 
Insulted, treated badly... education Some college... High school 0.4040 0.2800 2.8117 0.0049 1.3231 1.0885 1.6083 
Insulted, treated badly... education Some or no high school High school -0.2476 -0.1716 -0.8627 0.3883 0.8423 0.5703 1.2439 
Insulted, treated badly... resource_high 1 0 0.1449 0.1005 1.2640 0.2062 1.1057 0.9462 1.2920 
Insulted, treated badly... access_high 1 0 0.2054 0.1423 1.6093 0.1075 1.1530 0.9695 1.3712 
Insulted, treated badly... underserved_high 1 0 -0.1875 -0.1300 -1.3175 0.1877 0.8781 0.7237 1.0654 
Insulted, treated badly... prominence_high 1 0 -0.0860 -0.0596 -0.6111 0.5411 0.9421 0.7782 1.1406 
Insulted, treated badly... marginalization_high 1 0 0.6413 0.4445 4.2868 0.0000 1.5598 1.2729 1.9113 
Insulted, treated badly... reliance_high 1 0 -0.2875 -0.1993 -2.3391 0.0193 0.8193 0.6933 0.9682 
Insulted, treated badly... social_high 1 0 0.0821 0.0569 0.6367 0.5243 1.0585 0.8885 1.2612 
Insulted, treated badly... sensitive_high 1 0 0.0905 0.0628 0.6107 0.5414 1.0648 0.8705 1.3023 
Insulted, treated badly... legal_high 1 0 0.0624 0.0433 0.3842 0.7008 1.0442 0.8374 1.3021 
Insulted, treated badly... relationship_high 1 0 1.2001 0.8318 9.4107 0.0000 2.2976 1.9321 2.7322 

Unwanted explicit content... gender Male Female -0.0524 -0.0364 -0.5107 0.6096 0.9643 0.8387 1.1087 
Unwanted explicit content... gender Non-binary Female 1.1362 0.7875 1.4504 0.1470 2.1980 0.7583 6.3709 
Unwanted explicit content... race American Indian... White -0.0232 -0.0161 -0.0464 0.9630 0.9840 0.4986 1.9421 
Unwanted explicit content... race Asian White -0.6898 -0.4782 -2.2827 0.0224 0.6199 0.4112 0.9346 
Unwanted explicit content... race Black or African American White 0.0097 0.0068 0.0678 0.9459 1.0068 0.8282 1.2238 
Unwanted explicit content... race Hispanic, Latino, or Spanish White 0.0409 0.0284 0.2291 0.8188 1.0288 0.8071 1.3112 
Unwanted explicit content... race Middle Eastern... White 1.9885 1.3783 1.9266 0.0540 3.9683 0.9764 16.1282 
Unwanted explicit content... race Native Hawaiian... White 0.9468 0.6563 0.6891 0.4907 1.9276 0.2981 12.4637 
Unwanted explicit content... sexuality LGBT non-LGBT 0.3798 0.2632 2.1182 0.0342 1.3011 1.0199 1.6600 
Unwanted explicit content... disability Disability non-Disability 0.6088 0.4220 4.8735 0.0000 1.5250 1.2869 1.8070 
Unwanted explicit content... political_party Independent Democrat 0.2009 0.1393 1.6152 0.1063 1.1494 0.9707 1.3611 
Unwanted explicit content... political_party Republican Democrat 0.1756 0.1217 1.4278 0.1534 1.1294 0.9556 1.3349 
Unwanted explicit content... urbanicity Rural Suburban 0.2214 0.1535 1.7632 0.0779 1.1659 0.9830 1.3828 
Unwanted explicit content... urbanicity Urban Suburban -0.1058 -0.0733 -0.8960 0.3703 0.9293 0.7916 1.0909 
Unwanted explicit content... age 18-24 65 1.5233 1.0559 5.9941 0.0000 2.8745 2.0353 4.0599 
Unwanted explicit content... age 25-34 65 1.0391 0.7203 4.8392 0.0000 2.0550 1.5350 2.7510 
Unwanted explicit content... age 35-44 65 0.9292 0.6440 4.4163 0.0000 1.9042 1.4308 2.5342 
Unwanted explicit content... age 45-54 65 0.5621 0.3897 2.8296 0.0047 1.4765 1.1272 1.9339 
Unwanted explicit content... age 55-64 65 0.3789 0.2626 2.1550 0.0312 1.3003 1.0241 1.6511 
Unwanted explicit content... parentage Has kids Does not have kids 0.3045 0.2111 2.8894 0.0039 1.2350 1.0703 1.4251 
Unwanted explicit content... work_status Part-time Full-time 0.2033 0.1409 1.2233 0.2212 1.1514 0.9186 1.4430 
Unwanted explicit content... work_status Retired Full-time -0.0320 -0.0222 -0.1776 0.8591 0.9781 0.7659 1.2491 
Unwanted explicit content... work_status Stay-at-home parent Full-time -0.3010 -0.2086 -1.0840 0.2784 0.8117 0.5566 1.1836 
Unwanted explicit content... work_status Student Full-time 0.3556 0.2465 1.1162 0.2643 1.2795 0.8300 1.9723 
Unwanted explicit content... work_status Unemployed / Not working Full-time 0.0267 0.0185 0.1597 0.8731 1.0187 0.8119 1.2781 
Unwanted explicit content... education College degree High school 0.4618 0.3201 2.9938 0.0028 1.3773 1.1169 1.6983 
Unwanted explicit content... education Professional schooling or degree High school 0.5436 0.3768 3.1207 0.0018 1.4576 1.1505 1.8468 
Unwanted explicit content... education Some college... High school 0.6980 0.4838 5.2006 0.0000 1.6223 1.3519 1.9468 
Unwanted explicit content... education Some or no high school High school 0.0519 0.0360 0.1909 0.8486 1.0367 0.7163 1.5003 
Unwanted explicit content... resource_high 1 0 0.3623 0.2511 3.4274 0.0006 1.2854 1.1135 1.4839 
Unwanted explicit content... access_high 1 0 0.1957 0.1357 1.6310 0.1029 1.1453 0.9730 1.3481 
Unwanted explicit content... underserved_high 1 0 -0.2183 -0.1513 -1.6643 0.0961 0.8596 0.7193 1.0272 
Unwanted explicit content... prominence_high 1 0 0.0523 0.0362 0.3985 0.6903 1.0369 0.8677 1.2391 
Unwanted explicit content... marginalization_high 1 0 0.1979 0.1372 1.3851 0.1660 1.1470 0.9447 1.3927 
Unwanted explicit content... reliance_high 1 0 -0.1595 -0.1106 -1.4101 0.1585 0.8953 0.7677 1.0441 
Unwanted explicit content... social_high 1 0 -0.1073 -0.0744 -0.8875 0.3748 0.9283 0.7876 1.0941 
Unwanted explicit content... sensitive_high 1 0 -0.0434 -0.0301 -0.3086 0.7576 0.9704 0.8017 1.1746 
Unwanted explicit content... legal_high 1 0 0.1872 0.1297 1.2250 0.2206 1.1385 0.9251 1.4012 
Unwanted explicit content... relationship_high 1 0 0.9149 0.6341 7.4412 0.0000 1.8854 1.5954 2.2282 

Table 16: Model 2: contextual risk factors + demographics x digital-safety attacks. Part 5 of 5 tables includes dependent variables: 
Been insulted or treated badly online and Been exposed to unwanted explicit content 
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