© APR 2025 | IRE Journals | Volume 8 Issue 10 | ISSN: 2456-8880

The Critical Impact of Al: A Case Study on Child
Victimization

EBELE PRECIOUS OKEMBA
University of Kent, School of Computing, Faculty of Science

Abstract- Artificial Intelligence (Al) is rapidly
transforming various sectors, including child
protection services. While AI has the potential to
aid in identifying and preventing child
victimization, it also poses ethical and legal
challenges. This paper examines the critical impact
of Al in child victimization cases, exploring its
benefits, risks, and implications for policymakers.
The study further delves into ethical
considerations, Al biases, and future trends in AI-
driven child protection.

Indexed  Terms-  Artificial Intelligence, Child
Victimization, Online Exploitation, AI Ethics,
Digital Safety, Technological Abuse.

L INTRODUCTION

The impact of artificial intelligence (Al) on society
has been profound and multifaceted, affecting
various sectors, including healthcare, education,
criminal justice, and others. The growing impact of
artificial intelligence (AI) on society is particularly
evident in its role in addressing child victimization,
a pressing global concern particularly in Western
regions, which has garnered significant attention due
to both its potential for harm and its utility in
prevention and intervention strategies. While Al
presents  opportunities for prevention and
intervention, its misuse also raises significant ethical
and legal challenges, especially in Western regions
where technology adoption is widespread.

Al's application in combating child victimization
has been transformative in areas such as identifying
and mitigating online exploitation. Tools like those
developed by the Zero Abuse Project have
demonstrated how Al can be leveraged to track and
identify patterns of abuse, creating opportunities for
timely intervention by law enforcement and child
protection  agencies. = However,  successful
implementation requires extensive collaboration
between technologists and child protection experts
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to ensure that the systems are effective and ethically
sound[1][2].

Over the past two decades, the intersection of Al and
child victimization has become a critical area of
study, emphasizing both its potential to protect and
its capacity for harm. Research in this domain
broadly focuses on three key areas: Al applications
in combating online child exploitation, predictive
tools in child welfare, and ethical concerns. Al-
driven tools have shown promise in identifying and
curbing online exploitation, including detecting
child sexual abuse material (CSAM). Organizations
such as the National Centre for Missing and
Exploited Children (NCMEC) and initiatives like Al
for Good have developed Al systems capable of
identifying patterns in digital content, helping law
enforcement  track  perpetrators, and dismantle
exploitation networks [1][2]. Tools like Microsoft's
PhotoDNA are instrumental in detecting CSAM
across platforms, contributing significantly to global
child protection efforts.

Conversely, Al has also been implicated in
facilitating new forms of abuse, such as generating
synthetic child sexual abuse material (CSAM). This
raises ethical dilemmas, particularly in cases where
no real child is directly depicted. Scholars like those
at the National Centre for Missing and Exploited
Children (NCMEC) have highlighted the challenge
of balancing First Amendment rights with the need
to prevent harm caused by these materials. The
proliferation of such Al-generated content
demonstrates the dual-edged nature of the
technology [1][2]. However, Al has also introduced
new challenges. The misuse of generative Al to
create synthetic CSAM has sparked significant
concern. Studies indicate that such materials, while
not involving real children, can still perpetuate harm
by normalizing abusive behaviours [1].
Furthermore, the rise of predictive Al in child
welfare systems has raised questions about
algorithmic bias and the potential for discrimination
in identifying at-risk children[3].
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The societal implications of Al extend beyond
immediate victimization concerns. David Finkelhor
and Patricia Hashima's concept of "developmental
victimology"  provides a  framework for
understanding how criminal victimization affects
children  uniquely, often with long-term
developmental consequences. Routine Activity
Theory further contextualizes how technology like
Al can inadvertently increase opportunities for
abuse while also offering tools to mitigate
risks[3][4]. Despite the potential benefits,
significant challenges remain. Al systems often rely
on vast datasets that can inadvertently encode biases,
impacting the fairness and reliability of these tools.
Moreover, concerns about privacy, data security, and
the potential for misuse underline the importance of
robust regulatory frameworks to govern Al
applications in child protection.

The methodologies employed in this field range
from machine learning models to qualitative
analyses of Al's societal impacts. Quantitative
studies have focused on algorithm development and
performance metrics, such as accuracy in identifying
abusive content. For instance, AI models trained on
large datasets have achieved significant accuracy in
detecting grooming behaviours online. However,
these studies often highlight the limitations of
existing datasets, which may inadvertently encode
biases, impacting the fairness of Al systems.

Qualitative research provides critical insights into
the ethical and societal implications of Al in child
protection. Scholars like David Finkelhor emphasize
the importance of "developmental victimology" in
understanding how technology affects children
uniquely, framing Al's role within broader
criminological theories[3]. Ongoing debates centre
on the ethical dilemmas posed by Al. The creation
and proliferation of synthetic CSAM have raised
questions about legal frameworks, particularly in
regions like North America and Europe. Critics
argue that existing laws may inadequately address
the challenges posed by mnon-human-generated
content[3]. Similarly, discussions about algorithmic
transparency and accountability in predictive tools
for child welfare remain contentious. Advocates call
for more explainable Al systems to ensure equitable
outcomes.

Al as a Tool for Prevention and Protection

Al technologies are increasingly being leveraged to
identify and combat child victimization. For
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example, advanced machine learning algorithms are
employed to detect online grooming behaviours,
identify child exploitation content, and monitor
risky interactions on social media platforms.
Organizations like UNICEF emphasize Al's capacity
to analyse large datasets, uncovering patterns of
abuse and enabling timely interventions. Tools like
these have helped protect children by offering
tailored, data-driven solutions to complex social
issues[4].

In Western regions, Al-powered tools have been
integrated into child welfare systems to predict risk
factors for abuse or neglect, as demonstrated by
agencies using predictive analytics to support at-risk
families. These applications show promise in
improving response times and resource allocation.

The effectiveness of Al-driven interventions is
sometimes questioned. Critics highlight false
positives in predictive models and the unintended
consequences of relying on automation in sensitive
contexts like child welfare.

Risks, Ethical Concerns & Legal Consideration

Despite its potential, Al also introduces risks.
Scholars such as Ying Xu from the Harvard
Graduate School of Education have highlighted how
algorithmic ~ systems, such as  content
recommendation engines on platforms like
YouTube, can inadvertently expose children to
harmful content. The personalized nature of these
algorithms may amplify risks, especially when
safeguards are inadequate[5].

Additionally, there are concerns about privacy and
data security. Children's data collected by Al
systems can be vulnerable to misuse, leading to
identity theft or exploitation. Ethical questions also
arise regarding the balance between surveillance and
protecting children's autonomy.

Ethical debates often centre on data privacy for
children. Critics argue that current laws inadequately
protect children from invasive data collection by Al-
powered platforms[6].

Al implementation in child protection presents
ethical dilemmas and legal challenges. Key concerns
include:

e Privacy Violations: The collection and use of
children's data must comply with stringent
privacy laws (7).
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e Informed Consent: Ensuring that guardians and
affected children understand AI’s role in
protection efforts (8).

e Legal Frameworks: Existing laws, such as the
Children's Online Privacy Protection Act
(COPPA) and the General Data Protection
Regulation (GDPR), provide guidelines, but new
policies must address emerging Al risks (9).

e Accountability: Determining responsibility
when Al systems fail or produce biased
outcomes.

Challenges in Regulation and Implementation

The lack of standardized benchmarks for responsible
Al use is a critical challenge. In Western countries
like the U.S., UK, and EU, regulatory frameworks
are evolving, but inconsistencies remain. The
Stanford Al Index highlights the need for universal
guidelines to ensure Al systems are transparent,
equitable, and protective of human rights.

Moreover, researchers such as Darrell West from
Brookings emphasize that bias in Al systems must
be addressed to prevent discrimination or exclusion,
particularly in sensitive applications like child
protection[10].

Path Forward

To maximize Al's positive impact while mitigating
risks, experts advocate for interdisciplinary
collaboration among technologists, policymakers,
and child rights advocates. Transparency in Al
decision-making enhanced ethical standards, and
investments in Al literacy for children and
caregivers are essential steps. These efforts would
ensure that Al evolves into a tool that supports,
rather than endangers, vulnerable populations.

This dual nature of Al—its capacity to harm and
protect—underscores the urgent need for research
and dialogue on its role in child victimization
globally, with specific attention to ethical, cultural,
and regional nuances in Western societies.

Evolution of Al in Child Protection & Al in Crimin
al Behaviour

Early applications of Al in child protection involved
simple machine-learning tools designed to analyse
patterns in small datasets. Over time, advancements
in neural networks and natural language processing
have enabled Al to identify grooming behaviours,
track CSAM, and predict risks in child welfare
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systems. Tools like Microsoft’s PhotoDNA have
been instrumental in combating online exploitation,
setting a precedent for more sophisticated
interventions. While AT aids in crime prevention, its
misuse by offenders has grown. Generative Al
technologies now enable the creation of deepfake
images and videos, complicating efforts to detect
and prosecute exploitation cases. This evolution
underscores the need for Al systems that can adapt
to these emerging threats.

1L METHODOLOGIES

e Qualitative Approaches: Qualitative studies,
often conducted through interviews with affected
families or child welfare experts, provide deep,
contextual insights into the impact of Al. These
studies explore how families perceive Al-driven
tools in addressing child exploitation and
victimization. For instance, narratives from
families who Dbenefited from Al-based
interventions highlight its potential to prevent
harm. However, such studies are frequently
constrained by small sample sizes, limiting the
generalizability of their findings.

e Quantitative Approaches: Quantitative research
focuses on analysing large datasets to predict
risks or identify trends in child victimization. For
example, machine learning algorithms process
extensive digital records to detect online
grooming or trafficking networks. These studies
are valued for their generalizability and
statistical rigor. However, they often face
criticism for issues of algorithmic bias, as
predictive models may reflect and reinforce
existing societal inequities.

e Mixed Methods:  Mixed-methods  research
combines the strengths of both qualitative and
quantitative  approaches.  For  example,
integrating statistical analysis of AI’s predictive
accuracy with interviews allows researchers to
validate findings within real-world contexts.
While this approach is comprehensive,
challenges include reconciling different data
types and ensuring consistency in interpretation.

Major Findings and Contributions

e Al as aProtective Tool: Al has demonstrated
significant potential as a protective tool in
combating child victimization. For instance,
systems like Microsoft's PhotoDNA effectively
identify and flag child sexual abuse material
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(CSAM), aiding law enforcement agencies
globally. Predictive analytics tools have also
been implemented to assess the likelihood of
child abuse in welfare systems, helping prioritize
cases for intervention. These technologies
highlight the proactive capabilities of Al in
safeguarding children.

e Al as an Enabler of Harm: Conversely, Al’s
misuse poses serious risks. Social media
algorithms, designed to maximize engagement,
can inadvertently facilitate exploitation by
exposing children to predators or harmful
content. Generative Al has further exacerbated
these risks by enabling the creation of synthetic
CSAM, a phenomenon that challenges legal and
ethical boundaries.

e Contrasting Studies: Research comparing the
effectiveness of Al in different regions reveals
significant disparities. In North America and
Europe, robust regulatory frameworks and
technological infrastructure have enhanced Al’s
protective impact. However, in under-resourced
regions, limited access to advanced technologies
and weaker oversight hinder Al’s effectiveness,
highlighting the need for more -equitable
technological deployment.

Ongoing Debates and Emerging Trends

e Current Debates:

Key debates in the field include balancing Al
innovation with ethical responsibilities. While
Al offers unprecedented tools for child
protection, critics emphasize the risks of privacy
invasion and over-surveillance. Public-private
partnerships in Al deployment have also drawn
scrutiny, as they necessitate navigating tensions
between corporate interests and child welfare
objectives.

e Trends and Emerging Technologies

Generative Al technologies represent a double-
edged sword. While they enhance creative and
educational opportunities, they also introduce new
avenues for harm, such as creating exploitative
content. Advances in explainable Al—designed to
make algorithmic decisions transparent and
understandable—are emerging as a critical focus to
ensure accountability and trust in child welfare
applications.
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The evolution of Al in child protection will likely
include:

e Enhanced Machine Learning Models: Al
systems capable of detecting nuanced
behavioural patterns indicative of abuse (11).

e Blockchain for Data Security: Secure and
transparent record-keeping for child welfare
cases (12).

e Al-powered chatbots: Tools that allow children
to report abuse anonymously and receive
immediate assistance (13).

e Real-Time Monitoring Systems: Al-driven
surveillance to identify potential abuse in online
interactions.

Al Bias and Its Impact on Child Victimization Cases

Al tools can inadvertently reinforce biases present in
datasets, leading to:

e Racial and Socioeconomic  Disparities:
Algorithms may disproportionately flag children
from marginalized communities (14).

e Misidentification: Inaccurate facial recognition
results may wrongly accuse or overlook actual
victims (15).

e Mitigation Strategies: Policymakers must ensure
Al systems are trained on diverse and
representative datasets, implement fairness
audits, and develop bias-detection tools (16).

Case Studies of Al in Action
Success Stories

1. Project Artemis by Microsoft: Detects potential
child exploitation in online chat platforms,
flagging concerning conversations (17).

2. Thorn's Spotlight Tool: Utilized by law
enforcement to identify victims of trafficking
through Al-driven data analysis (18).

Challenges and Controversies

e Over-Reliance on Al: Some agencies have
reported false positives leading to wrongful
investigations (19).

e FEthical Dilemmas: Cases where Al predictions
influenced decisions that were later found to be
incorrect or biased.

Stakeholder Perspectives
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e Law Enforcement: Al assists in investigations
but requires human oversight to prevent
wrongful accusations.

e Social Workers: Need Al tools that integrate
seamlessly into case management systems.

o Al Developers: Must create transparent and bias-
free algorithms.

e Policymakers: Should draft regulations that
balance innovation with child safety and privacy.

Key Theories and Concepts

e Algorithmic Bias
Algorithmic bias refers to the systematic errors
in Al systems that can lead to unfair treatment or
inaccurate outcomes, often perpetuating societal
inequities. In child protection, these biases may
arise from skewed datasets used to train Al tools,
which can lead to overrepresentation or
underrepresentation of certain demographic
groups. For example, biased algorithms may
misidentify at-risk children based on racial or
socioeconomic stereotypes, affecting their
access to resources[4].

e Surveillance Capitalism
This concept, popularized by Shoshana Zuboff,
describes how corporations exploit personal data
for profit. In the context of child victimization,
surveillance capitalism manifests in the use of
Al-powered platforms that gather extensive data
on children’s online activities, sometimes
without adequate safeguards. Such practices
raise concerns about the commodification of
children’s privacy and the potential for this data
to be misused by malicious actors[3].

e Digital Childhood
The term "digital childhood" encapsulates the
growing influence of digital technologies in the
lives of children. While digital platforms offer
educational and social opportunities, they also
expose children to risks such as cyberbullying,
exploitation, and privacy violations. Al plays a
dual role here, serving as both a protective
mechanism and a tool that can inadvertently
amplify risks[4].

e Routine Activity Theory
This criminological framework suggests that
crimes occur when motivated offenders, suitable
targets, and the absence of capable guardians
converge. In the digital age, Al and online
platforms act as facilitators, creating
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opportunities for exploitation. For instance,
predators may use Al-powered tools to identify
vulnerable children or generate synthetic content
for exploitation purposes
e Technological Determinism

Technological ~ determinism  posits  that
technology drives societal change and influences
social structures. In this context, Al is viewed as
a force reshaping child protection practices, law
enforcement strategies, and the dynamics of
abuse. While AI’s predictive capabilities have
revolutionized child welfare interventions, they
have also introduced challenges, such as reliance
on automated systems over human judgment.

Gaps in Knowledge and Areas for Future Research

Despite advancements, significant gaps remain in
the field. First, there is limited research on the long-
term impact of Al-driven interventions on children
and families. Studies often focus on short-term
outcomes without considering potential unintended
consequences.

Second, geographical disparities in research leave
regions like Africa and South America
underrepresented. Most studies emphasize North
America, Europe, and parts of Asia, limiting the
generalizability of findings[3].

Third, the ethical frameworks guiding Al use in
child protection lag behind technological
advancements. Researchers and policymakers must
address questions of data privacy, consent, and the
potential misuse of Al tools in emerging domains
such as virtual and augmented reality environments

[4].
Gaps in the Literature and Recommendations
Identified Gaps

1. Limited Longitudinal Studies on Al Interventio
ns: Most existing studies on AI in child
protection focus on short-term impacts, such as
the immediate efficacy of detection tools like
PhotoDNA or predictive analytics in welfare
systems. However, there is limited research on
the long-term outcomes of these interventions.
For example, do Al systems lead to sustained
reductions in child victimization rates, or do they
create unintended consequences over time? This
lack of longitudinal research limits our
understanding of the broader societal and
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developmental effects of Al-driven

interventions.

. Insufficient Focus on Diverse Cultural and Soci
o-Economic Contexts: Research in Al and child
victimization is heavily concentrated in
technologically advanced regions like North
America and Europe. This geographic bias
overlooks the unique challenges faced by low-
resource settings in Africa, South America, and
parts of Asia, where access to advanced Al tools
is limited. Moreover, cultural differences in
child-rearing practices, privacy norms, and trust
in technology are often not considered, making it
difficult to generalize findings globally.

. Ethical Frameworks Lagging Behind Technolog
ical Advancements: As Al capabilities evolve,
ethical guidelines have not kept pace. Emerging
issues like the proliferation of synthetic child
sexual abuse material (CSAM) generated by Al
highlight the urgent need for clear legal and
ethical frameworks which has outpaced the
establishment of comprehensive ethical
frameworks. Critical issues, such as data privacy,
consent, and the misuse of Al in creating harmful
content, remain inadequately addressed. Ethical
guidelines often fail to provide clear solutions for
balancing technological innovation with child
protection Additionally, questions about data
privacy, algorithmic transparency, and the
accountability of AI developers remain
inadequately addressed in both academic
literature and policy-making.

RECOMMENDATIONS

. Call for Interdisciplinary Research: To address
the complexity of AI’s impact on child
victimization, future research should integrate
perspectives from Al technology, ethics, law, and
social work. For instance, collaborations
between data scientists and criminologists could
improve the effectiveness and fairness of
predictive tools, while ethicists and legal
scholars can help establish robust accountability
mechanisms.

. Advocate for Robust Policy Guidelines: Govern
ments and international organizations should
develop comprehensive policies that regulate Al
in child protection. These guidelines should
emphasize transparency in Al decision-making,
ensure equitable deployment across socio-
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economic settings, and enforce accountability
for misuse. Initiatives like the European Union’s
Al Act could serve as models for establishing
global standards.

Suggest Areas for Future Study:

e Cyberbullying Prevention: Investigate how Al
can  proactively detect and  mitigate
cyberbullying, especially on social media
platforms widely used by children.

e Virtual Reality (VR) Exploitation Risks: Explore
the emerging risks associated with VR
environments, where predators may exploit
children in virtual spaces.

e Bias Mitigation in Al Models: Research methods
to reduce algorithmic bias in predictive tools,
ensuring fair and equitable outcomes for all
demographic groups

By addressing these gaps and implementing the
recommended strategies, gaps, the field can advance
toward a more equitable and effective application of
Al in child protection. Long-term studies, global
inclusivity, and ethical rigor are essential to ensuring
that Al serves as a transformative tool for
safeguarding children across diverse contexts.
Future efforts can ensure Al serves as a
transformative yet ethical tool in protecting children
worldwide. These steps are critical for mitigating
harm and building trust in Al technologies within
vulnerable populations.

CONCLUSION

Artificial intelligence (Al) plays a complex role in
addressing child victimization, serving both as a
transformative tool for protection and a potential
enabler of harm. On one hand, tools like PhotoDNA
and predictive analytics empower law enforcement
and child welfare agencies to proactively detect
exploitation and identify at-risk individuals. These
advancements enhance intervention capabilities and
disrupt harmful networks, demonstrating Al's
potential as a protective force. On the other hand, Al
inadvertently facilitates harm through social media
algorithms that expose children to predators and
generative Al that produces synthetic child sexual
abuse material (CSAM), introducing significant
legal and ethical challenges.

Operational and ethical issues, such as algorithmic
bias, lack of transparency, and outdated ethical
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frameworks, complicate Al's effectiveness. Without
proper oversight, these systems risk perpetuating
inequities and enabling misuse. Research methods
further highlight these complexities: qualitative
studies provide rich insights but lack scalability,
quantitative approaches are generalizable but prone
to bias, and mixed methods attempt to balance these
strengths while facing alignment challenges.
Emerging trends, including generative Al and
explainable AlI, underscore both the risks and
opportunities inherent in this field. Generative Al
introduces new avenues for harm, while explainable
Al offers promise for enhancing transparency and
accountability.

To address these challenges, comprehensive
guidelines and robust policy measures are critical.
Policymakers must prioritize ethical considerations,
such as data privacy and algorithmic accountability
while enforcing strict regulations on generative Al.
Cross-sector collaboration is essential to ensure Al
serves its intended protective purpose. Practitioners
should adopt explainable Al systems to improve
trust and equitable outcomes, coupled with
specialized training to enhance the ethical
application of these technologies. Further research is
necessary to evaluate Al’s long-term effects, expand
studies to underrepresented regions, and explore its
role in emerging digital environments, such as
virtual and augmented reality.

Al’s dual role as both a mitigator and enabler of
child victimization highlights the need for a
balanced approach to its deployment. Its
unparalleled capabilities to detect and prevent harm
must be carefully weighed against its potential for
misuse.  Ethical development, emphasizing
transparency, inclusivity, and accountability, is
paramount to aligning Al systems with child welfare
objectives. Interdisciplinary collaboration and
adherence to ethical standards are critical to
ensuring that Al serves societal good rather than
harm.

In conclusion, while Al offers promising solutions to
combat child victimization, its development and
application must be carefully managed to minimize
risks. Future studies should prioritize diverse
geographical contexts, explore the long-term
implications of Al interventions, and develop robust
ethical frameworks to govern its use responsibly. By
addressing these gaps, researchers and practitioners
can harness Al’s capabilities to safeguard children
globally, ensuring that it remains a transformative
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tool for protection rather than a disruptive force for
harm.
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