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Abstract

Financial fraud poses a significant threat to individuals’ financial well-being, particularly
among older adults who may experience cognitive decline and limited financial decision-making
capacity. This study examines how early life adversities (ELAs) contribute to financial fraud
vulnerability in later life, with a specific focus on the moderating effects of financial literacy,
resilience, social support, and financial guidance. While prior research has linked ELAs to
various negative life outcomes, little is known about how early-life adversity influences financial
decision-making and fraud susceptibility in adulthood. This study addresses this gap by
exploring whether individuals with ELA histories are at greater risk of financial fraud and
whether certain protective factors can mitigate this vulnerability.

Using data from the Health and Retirement Study (HRS), this study employs quantitative
methods, including logistic and linear regression analyses, to examine the relationship between
ELAs and financial fraud vulnerability. Multiple imputation techniques are used to address
missing data and ensure the robustness of findings. The analysis explores direct effects of ELAs
on fraud victimization, as well as the moderation effects of demographic and protective factors.
Additionally, the study investigates three-way interactions between ELAs, financial literacy, and
psychological resilience to assess whether the combined presence of financial knowledge and
behavioral adaptability reduces fraud susceptibility.

The findings indicate that ELA exposure is significantly associated with greater financial
fraud vulnerability, supporting the life course theory perspective that early-life adversity has
long-term economic consequences. However, financial literacy alone does not serve as a
protective factor unless paired with resilience, suggesting that financial knowledge must be

supplemented with behavioral and psychological adaptability. Among demographic moderators,



gender, age, and education significantly influence fraud vulnerability, while race, marital status,
and employment status do not. The study also finds that resilience strengthens the protective
effects of financial literacy, highlighting the need for financial education programs that integrate
both knowledge acquisition and behavioral coaching.

These findings have important theoretical, practical, and policy implications. The study
extends life course model by demonstrating how childhood adversity creates long-term financial
disadvantages, reinforcing the need for early interventions that promote both financial and
psychological resilience. Practical implications suggest that financial planners should incorporate
trauma-informed approaches when advising clients with ELA histories, while financial educators
should design curricula that integrate fraud awareness and behavioral resilience training. Policy
recommendations include targeted fraud prevention programs for at-risk individuals and
regulatory measures that enhance consumer protections against financial exploitation. By
providing empirical evidence on the intersection of ELAs, financial decision-making, and fraud
vulnerability, this study contributes to the growing fields of behavioral finance and financial

therapy and informs strategies to improve financial security for vulnerable populations.
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and employment status do not. The study also finds that resilience strengthens the protective
effects of financial literacy, highlighting the need for financial education programs that integrate
both knowledge acquisition and behavioral coaching.

These findings have important theoretical, practical, and policy implications. The study
extends life course model by demonstrating how childhood adversity creates long-term financial
disadvantages, reinforcing the need for early interventions that promote both financial and
psychological resilience. Practical implications suggest that financial planners should incorporate
trauma-informed approaches when advising clients with ELA histories, while financial educators
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Chapter 1 — Introduction

Introduction and Statement of the Problem

The complexities of human behavior are shaped by a myriad of experiences, most notably
those encountered during the formative years of childhood. Early life experiences, whether
beneficial or detrimental, form the cognitive and emotional foundations that influence decision-
making, behaviors, and long-term well-being (Fox et al., 2010; McLeod & Almazan, 2003;
Rutter, 1989; Sroufe et al., 2010). Among these foundational experiences, early life adversities
(ELAs), such as early exposure to abuse, neglect, or family dysfunction, may influence how
individuals manage financial risks later in life. This study explores whether ELAs play a role in
shaping susceptibility to financial exploitation, scams, and fraud in adulthood.

For purposes of this study, financial fraud vulnerability is defined as an individual’s
susceptibility to deceptive or manipulative financial practices that result in economic loss
(DeLiema et al., 2020; James et al., 2014). This encompasses vulnerability to investment fraud,
consumer scams, identity theft, and financial exploitation through various channels including
digital, telephone, and in-person schemes. Recent estimates from the Federal Trade Commission
(2024) indicate that American lost over $10 billion to fraud in 2023, with older adults and
vulnerable populations bearing a disproportionate burden of these losses. ELAs encompass a
range of stressful or traumatic experiences that occur before age 18, including neglect, physical
and emotional abuse, and household dysfunction (Sansone et al., 2012). The negative
consequences of ELAs are well-documented, linking childhood adversity to mental and physical
health challenges (Felitti et al., 1998; Knifton & Inglis, 2020; Lippard & Nemeroff, 2020),
maladaptive behaviors (Price et al., 2018; Windle et al., 2018), and diminished economic

opportunities (Carvalho, 2012; Metzler et al., 2017).
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While ELAs have been extensively studied in relation to health and psychological
outcomes, their impact on financial fraud vulnerability remains largely unexplored. Existing
research has demonstrated that ELAs impair decision-making processes (Gathergood, 2012;
Sansone et al., 2013), alter risk perception (Haushofer & Fehr, 2014), and diminished executive
function (Ross et al., 2022), the direct pathway connecting childhood adversity to financial fraud
susceptibility has not been systematically investigated. This critical gap limits our understanding
of why certain individuals become financial fraud victims while other in similar demographic
profiles remain protected. Understanding this relationship is critical, as financial fraud remains a
growing societal concern, particularly among aging populations with increased cognitive and
emotional vulnerabilities.

The financial domain provides a critical framework for understanding how early-life
adversity increases vulnerability to financial fraud. Individuals with ELA exposure may face
heightened financial vulnerability due to impaired decision-making, lower financial literacy, and
increased susceptibility to manipulative financial schemes (Gathergood, 2012; Ross et al., 2022).
Cognitive impairments and emotional dysregulation, commonly associated with ELAs, may
further compromise fraud detection abilities, making individuals more likely to fall victim to
scams (Ross et al., 2022). However, protective factors such as financial literacy (defined as the
knowledge, skills, and confidence needed to make responsible decisions), resilience, social
support (Hamby et al., 2018) and financial guidance (structured assistance from qualified
financial professionals) may buffer against these risks, potentially mitigating the long-term
financial consequences of childhood adversity.

This dissertation takes a multidisciplinary approach, drawing from psychology,

economics, consumer behavior, and behavioral finance to examine the relationship between



ELAs and financial fraud vulnerability in adulthood. Specifically, this dissertation investigates
whether financial literacy, resilience, social support, and financial guidance serve as protective
factors that moderate the relationship between ELA exposure and fraud vulnerability. By
addressing these relationships, this study advances our understanding of how early-life adversity
influences financial well-being and provides valuable insights for policymakers, financial
educators, and practitioners aiming to develop targeted interventions that reduce financial harm
among at-risk populations, fostering greater financial stability and resilience.

Purpose and Justification of the Study

The purpose of this study is to examine the impact of early life adversity (ELA) on
financial fraud vulnerability in adulthood. Specifically, this research investigates whether
individuals with ELA histories face a heightened risk of financial exploitation, scams, and fraud.
This study employs a quantitative approach using data from the Health and Retirement Study
(HRS), a nationally representative longitudinal dataset that captures both childhood experiences
and late-life financial outcomes.

Once this relationship is established, the study will assess whether financial literacy,
resilience, social support, and financial guidance serves as protective factors that mitigate these
risks. Understanding these dynamics is critical for developing evidence-based interventions that
help prevent financial harm among at-risk populations. The findings will directly inform the
development of targeted financial education programs and fraud prevention strategies for
individuals with ELA histories.

Background
The relationship between childhood trauma and adult financial vulnerability has gained

increasing attention in recent years, particularly as financial fraud schemes have become more



sophisticated and prevalent. Most research on early life adversities (ELAs) has focused on effects
on health, psychological well-being, and relational stability (Felitti et al., 1998; Knifton & Inglis,
2020; Lippard & Nemeroff, 2020; Price et al., 2018; Windle et al., 2018). Other studies have
extensively examined how ELAs contribute to mental health challenges, chronic illness, and
social difficulties. (Dube et al., 2003; Felitti et al., 1998; Hughes et al., 2017; Kalmakis &
Chandler, 2015; Papp et al., 2009; Petruccelli et al., 2019;). More recently, research has begun
exploring ELA’s economic consequences, showing associations with employment instability,
food and housing insecurity, and financial stress (CDC, 2021, 2024; Currie & Widom, 2010;
Harter & Harter, 2022; Hughes et al., 2024; Liu et al., 2013; McCrae et al., 2019; Metzler et al.,
2017).

Recent studies have identified specific mechanisms through which childhood adversity
may increase financial vulnerability. Lund et al. (2023) demonstrated that ELA exposure is
associated with impaired executive functioning, which directly affects complex financial
decision-making processes essential for fraud detection. Similarly, Kalia and Knauft (2020)
found that disrupted emotional regulation — a common consequence of childhood trauma —
significantly influences risk assessment capabilities, making individuals more susceptible to
high-pressure sales tactics and emotional manipulation in financial contexts. Additionally,
Schneider et al. (2020) documented how ELA survivors often develop diminished social support
networks in adulthood, eliminating the protective guidance and oversight that typically shields
individuals from fraudulent schemes and financial exploitation.

While these studies highlight the indirect financial consequences of ELAs, far less is
known about their direct impact on financial fraud vulnerability. Individuals with ELA exposure

may have lower financial literacy, impaired judgement in recognizing deceptive financial



schemes, and weaker social support networks — factors that increase their vulnerability to scams
and exploitation (Gutter & Copur, 2011; James et al., 2014; Ross et al., 2022; Shim et al., 2013)
However, protective factors such as financial literacy, resilience, social support, and financial
guidance (Kim & Chatterjee, 2013; Masten, 2014) may reduce these risks by fostering better
decision-making skills and strengthening fraud detection abilities.
Need for the Study

Financial fraud and exploitation have become pressing public concerns, particularly
among older adults. According to the FBI’s Crime Complaint Center (2024), Americans lost
over $10.3 billion to internet-enabled fraud in 2023, with individuals over 60 experiencing the
highest per-capita losses. The Raval (2021) report indicates that fraud-related financial losses
have increased dramatically in recent years, disproportionality affecting individuals with
cognitive vulnerabilities, economic hardship or limited financial literacy. Common fraud
schemes targeting vulnerable populations include romance scams ($1.14 billion in losses in
2023), investment fraud ($3.94 billion in losses), business email compromise ($2.7 billion in
losses), and tech support scams particularly targeting older adults ($1.2 billion in losses; FBI,
2024). Given that ELA survivors are at a heightened risk for economic stress and cognitive
impairments, understanding the link between ELA exposure and fraud vulnerability is critical.

This study is particularly relevant for financial planning professionals, as clients with
ELA histories may exhibit unique financial vulnerabilities. Many individuals with ELA exposure
face difficulties in financial planning, risk assessment, and fraud detection (Archuleta & Grable,
2010; Harter & Harter, 2022; Hughes et al., 2024). As specialized fields such as financial therapy

gain prominence (Ford et al., 2020), research at the intersection of ELAs, financial literacy,



resilience, social support, and financial guidance is needed to develop more effective financial
education programs and interventions (Kim & Chatterjee, 2013).

The selection of the Health and Retirement Study (HRS) as the primary data source offers
several advantages: its longitudinal design allows for examination of long-term effects; its large,
nationally representative sample enhances generalizability; it provides comprehensive measures
of both childhood experiences and financial outcomes; and it contains detail information about
protective factors and demographic characteristics. Although prior research has explored
financial literacy and resilience in various contexts (Dube et al., 2003; Felitti et al., 1998; Hughes
et al., 2017; Kalmakis & Chandler, 2015; Knifton & Inglis, 2020; Lippard & Nemeroff, 2020;
Papp et al., 2009; Petruccelli et al., 2019; Windle et al., 2018), no existing studies have
systematically examined how these factors — along with social support and financial guidance —
influence the relationship between ELAs and financial fraud vulnerability. This study aims to
address this gap by evaluating whether financial literacy, resilience, social support, and financial

guidance moderate the impact of ELAs on fraud vulnerability.

Research Questions

This study employs a systematic approach to understanding the relationship between
early life adversity (ELA) and financial fraud vulnerability over the life course. The following
research questions are structured to examine both the direct effects and potential protective
mechanisms:

1. How do early life adversities (ELAs) affect financial fraud vulnerability (magnitude,
dose-response), and does this vary by demographic factors?
2. Does resilience, along with social support or financial guidance, buffer the ELAs-fraud

vulnerability link, and do these effects differ by demographic characteristics?



3. Does financial literacy moderate the ELAs — fraud relationship, and how does it interact

with resilience or other protective factors across different demographic groups?
Hypotheses

Based on existing literature and theoretical frameworks, this study proposes the following
directional hypotheses:

Direct Effects of ELAs on Financial Vulnerability

Hla: Individuals with at least one ELA are at greater risk of financial fraud compared to

those with no ELAs.

H1b: The relationship will show a dose-response pattern, with more ELAs predicting

higher vulnerability.

Moderating Effects of Demographics

H2: The effect of ELAs on financial vulnerability will be stronger for racial minorities,

due to compounded systemic barriers and reduced access to financial resources.

H3: The effect of ELAs on financial vulnerability is moderated by gender, with women

being more vulnerable than men.

H4: The effect of ELAs on financial vulnerability will be strongest among older adults

(age 65+), with the with the relationship strengthening as cognitive decline increases.

H5: The effect of ELAs on financial vulnerability is moderated by marital status, with

unmarried individuals experiencing greater financial vulnerability compared to married

individuals.

H6: The effect of ELAs on financial vulnerability is moderated by educational

attainment, with higher education reducing vulnerability.



H7: The effect of ELAs on financial vulnerability is moderated by employment status,
with unemployed or underemployed individuals exhibiting a stronger relationship.
Moderating Effects of Protective Factors

HS8: Resilience moderates the relationship between ELAs and financial vulnerability,
such that individuals with higher resilience experience lower financial vulnerability.
HO: Financial literacy moderates the relationship between ELAs and financial
vulnerability, such that individuals with higher financial literacy are less likely to fall
victim.

H10: Social support moderates the relationship between ELAs and financial
vulnerability, such that individuals with higher social support experience lower financial
vulnerability.

H11: Financial guidance moderates the relationship between ELAs and financial
vulnerability, such that individuals who receive financial coaching or guidance
experience lower financial vulnerability.

H12: There is a three-way interaction between ELAs, resilience, and financial literacy,
such that individuals with high resilience and high financial literacy experience the
lowest levels of financial vulnerability.

H13: There is a three-way interaction between ELAs, social support, and financial
literacy, such that individuals with high social support and high financial literacy
experience the lowest levels of financial vulnerability.

H14: There is a three-way interaction between ELAs, financial guidance, and financial
literacy, such that individuals with high financial guidance and high financial literacy

experience the lowest levels of financial vulnerability.



Theoretical Framework

This research is guided by two complementary theories: life course model (Moschis,
2019a) and resiliency theory (Zimmerman, 2013). These theories work together to provide a
comprehensive understanding of financial vulnerability. Life course model provides a framework
for understanding how early-life adversities, such as ELAs, shape long-term financial outcomes,
while resiliency theory, in turn, explains why some individuals demonstrate financial resilience
despite experiencing childhood adversity. The integration of these theories suggests that while
ELAs create vulnerability pathways, protective factor can modify these trajectories through
specific mechanisms.

Life Course Model

Life course model examines human development as a lifelong process shaped by
historical, social, and personal contexts (Moschis, 2019a). It posits that timing, accumulation of
risk, and social structures play critical roles in shaping an individual’s developmental trajectory
(Moschis, 2019a). The timing dimension of life course model is particularly relevant to financial
decision-making and fraud vulnerability. Exposure to adversity during critical developmental
periods — such as adolescence when financial attitudes are forming — may have disproportionate
effects on later financial behavior (Brumley et al., 2017). The timing (Ts) of ELA exposure may
disrupt the development of risk assessment abilities and trust mechanisms essential for detecting
fraudulent schemes (Harter & Harter, 2022; Nur et al., 2022). For instance, ELAs occurring
during adolescence may have particularly strong effects on financial capability development, as
this is a critical period for learning financial management skills (Fine & Kotelchuck, 2010; Kuh

et al., 2003)



The accumulation pathway suggests that repeated exposure to adversity compounds
negative effects, creating what Elder (1998) terms “cumulative disadvantage.” This accumulation
exacerbates fraud vulnerability by progressively impairing cognitive and emotional regulation
capacities crucial for financial decision making (Morduch & Schneider, 2017; Nu et al., 2022).
Each additional ELA appears to incrementally reduce financial judgement capacity (Schurer et
al., 2019) and emotional regulation — key protective factors against financial exploitation (Elder
et al., 2003; Kahn & Pearlin, 2006; Schroeder, 2018).

The contextual dimensions emphasize that childhood experiences occur within broader
socioeconomic, familial, and historical environments (Hope, 2019). According to Seligman et al.
(2013), these context-dependent experiences create enduring patterns of financial behavior and
vulnerability. For example, childhood economic hardship combined with other ELAs creates
compounded vulnerability to financial exploitation through multiple pathways (Schurer et al.,
2019).

Empirical research supports these theoretical mechanisms, demonstrating that repeated
exposure to childhood adversity significantly increases susceptibility to financial fraud (Brockie
et al., 2015; Cavanaugh et al., 2015; Felitti et al., 1998; Fox et al., 2015; Hughes et al., 2017).
However, structural factors including race, socioeconomic status, and community resources
moderate these relationships (Brown et al., 2016; McLeod & Owen, 2004). Strong social support
networks and financial literacy resources may facilitate resilience, while systemic barriers
intensify financial vulnerability for marginalized groups (Mossakowski, 2008; Nwosu & Ilori,
2024).

Resiliency Theory
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Resiliency theory (Zimmerman, 2013) offers a powerful explanatory framework for
understanding why some individuals maintain positive financial and psychological well-being
despite experiencing adversity (Masten, 2016). In the context of financial fraud vulnerability,
resilience represents not merely the absence of financial harm but rather an active process of
adaption that enables individuals to recognize financial threats, make sound decisions under
pressure, and recover from economic setbacks (Joseph & Linley, 2006; Southwick et al., 2014).

The theoretical foundation of resilience research emerged in the 1970s and 1980s through
the work of Garmezy, Rutter, and Werner (Howard et al., 1999; Johnson & Wiechelt, 2004). The
landmark Kauai Longitudinal Study provided compelling evidence that positive outcomes were
possible despite significant adversity exposure (Werner, 1989). This study revealed that
approximately one-third of high-risk children developed into competent, confident adults
through specific protective mechanisms (Werner, 1989) These findings catalyzed research into
how financial and psychological resilience might develop despite early adversity (Masten, 2016).

Contemporary resilience literature has evolved beyond viewing resilience as a fixed
personality trait toward understanding it as a dynamic, multidimensional process. Masten (2016)
defines resilience as “the capacity for successful adaptation to disturbances that threaten system
function, viability, or development” (p. 298). This definition is particularly relevant to financial
contexts, where adaption to economic threats requires multiple protective capacities (Briguglio et
al., 2014; Klapper & Lusardi, 2020). Resilience emerges through interactions between
individuals and their environments, emerging from a combination of psychological strengths
(e.g., cognitive abilities, problem-solving skills, emotional regulation, and financial literacy) and
external protective factors (social support networks, financial guidance, and access to community

resources) (Heard-Garris et al., 2018; Masten, 2016).

11



Empirical research demonstrates that individuals with greater resilience are better
equipped to make sound financial decisions, avoid financial exploitation, and navigate financial
hardships more effectively (Southwick et al., 2014). Conversely, risk factors such as economic
hardship, family instability, and adverse social environments can increase an individual’s
vulnerability to financial distress (Johnson & Wiechelt, 2004). While resilience cannot eliminate
all impacts of childhood adversity, it functions as a critical buffer against financial exploitation.
The role of social support and financial guidance in resilience

Social support and financial guidance play critical roles in fostering financial resilience
and reducing financial fraud vulnerability. Social support encompasses both actual assistance
(received support) and the perception that help is available when needed (perceived support)
(Park et al., 2017). Strong social networks provide emotional stability, enhance financial
knowledge, and raise fraud awareness, reducing the likelihood of risky financial behaviors and
financial vulnerability (Friedline et al., 2017; Reblin & Uchino, 2008).

Financial guidance — whether through financial coaching, professional advisors, or
educational programs — strengthens financial resilience by promoting responsible financial
behaviors and reducing fraud susceptibility (Collins et al., 2013; Theodos et al., 2015). This is
particularly relevant for early life adversity (ELA) survivors, who face higher risks of financial
distress and impulsive financial behaviors. Structured financial coaching programs can help
mitigate these risks and enhance financial resilience (Tumataroa & O’Hare, 2019).

By integrating life course and resilience theoretical frameworks, this study offers a
comprehensive model for understanding how ELAs influence financial vulnerability and how
protective factors — including resilience, financial literacy, social support, and financial guidance

— can collectively reduce susceptibility to financial fraud.
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General Conceptualization of the Theory

A foundational model for understanding life course model comes from the consumer
behavior research of Moschis (2019b). The model presented in Figure 1 is adapted from the
Conceptual Life Course Model (Moschis, 2019a) and illustrates how early-life experiences shape
behavioral and decision-making patterns over time.

Figure 1.1. Conceptual Life Course Model
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A Conceptual Life Course Model (Moschis, 2019a)

Moschis’ (2019a) model represents a revision and expansion of an earlier life course
model (Moschis, 2007), which has been widely applied in consumer behavior research (Mathur
& Kasper, 2019; Mathur et al., 2020). This updated model has been instrumental in examining
how life events — both expected (e.g., entering Kindergarten) and unexpected (e.g., childhood
trauma) — influence long-term outcomes. The model identifies three interdependent adaptation

processes triggered by these events at Time 1 (T1): (1) socialization processes, which shapes
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values, attitudes, and behaviors, (2) stress and coping responses, which determine resilience to
adversity, and (3) developmental changes, which reflect cognitive, emotional, and financial
growth or decline over time. These adaptation processes influence behavioral outcomes at Time
2 (T2), representing later-life consequences of earlier experiences.

The life course perspective emphasizes that personal development, stability, and
behavioral shifts are not random but shaped by dynamic life conditions, social structures, and
environmental changes (Elder & Johnson, 2002). Individuals actively construct their life courses
through decision-making, constrained by both personal limitations (e.g., biological, financial,
social capital) and structural conditions (e.g., market factors, educational opportunities, systemic
barriers). Events at T1 do not operate in isolation; instead, they interact with structural and
contextual factors, meaning that early adversities may compound over time or be mitigated by
protective mechanisms such as education, financial literacy, and social support.

While Moschis’ model provides a strong foundation for understanding consumer
decision-making, this study extends it to examine financial fraud vulnerability. Specifically, this
research integrates elements of life course model and resilience theory to explore how early life
adversities (ELAs) influence financial fraud vulnerability in adulthood. Figure 2 presents the
adapted life course model, which builds upon Moschis’ framework by incorporating ELAs,
resilience, financial literacy, financial guidance, and social support as key factors shaping

financial fraud vulnerability.
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Figure 1.2. Integrated Conceptual Model of ELAs, Protective Factors, and Financial Fraud
Vulnerability
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In this adapted model, T1 represents exposure to ELAs during childhood, while T2
reflects financial fraud vulnerability in adulthood, including susceptibility to financial
exploitation, scams, and fraud. ELAs are hypothesized to increase financial fraud vulnerability
by impairing financial decision-making, reducing financial literacy, and contributing to
economic instability. However, protective factors such as resilience, financial literacy, social
support, and financial guidance may help buffer against these risks by fostering adaptive coping
strategies, improving financial awareness, and enhancing fraud detection skills. While the
demographic factors are included primarily as controls, we acknowledge their potential role as
moderators in the ELA-fraud relationship. Individuals with higher educational attainment,
greater financial guidance, or stronger social support networks may be better equipped to
navigate financial risks and avoid fraud, whereas those facing systemic barriers may experience

heighted financial vulnerability.
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The integrated conceptual model provides a comprehensive framework for understanding
how early-life adversity translates into financial fraud vulnerability later in life. This model
underscores the importance of both risk and protective factors in shaping long-term financial
outcomes, emphasizing the role of financial education, financial guidance, resilience, and social
support in mitigating fraud vulnerability. This conceptual approach offers insights that can
inform interventions aimed at improving financial resilience among individuals with histories of
childhood adversity.

Limitations

This study has several limitations that highlight opportunities for future research on the
relationship between early life adversities (ELAs) and financial vulnerability in adulthood. A key
limitation is the reliance on an existing dataset, the Health and Retirement Study (HRS), which
was not specifically designed to investigate ELAs and financial fraud. Consequently, proxy
variables are used to measure certain constructs, which may not fully capture the complexity of
these relationships. While we have utilized measurement approaches validated in peer-reviewed
literature, inherent measurement limitations remain.

The correlational nature of the findings represents another significant limitation. Despite
the HRS’s longitudinal design, this study cannot establish definitive causal relationships between
ELAs and financial fraud vulnerability. Life course model provides a strong theoretical
foundation for connecting early-life adversity to long-term financial outcomes, but future
research using experimental or quasi-experimental designs is needed for more rigorous causal
assessment causality more rigorously. Additionally, the reliance on self-reported data introduces
potential recall and social desirability bias, particularly regarding childhood experiences and

financial behaviors. Though research indicates that self-reported data in social science research
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can be reliable, particularly when confidentiality is assured (Lelkes et al., 2012; Mitchell &
Jolley, 2010), potential inaccuracies in retrospective reporting remain a concern.

Furthermore, this study primarily examines financial literacy as a protective factor
against financial fraud vulnerability, while excluding other potential interventions such as mental
health support, social safety nets, emotional resilience-building programs. Future research should
explore these additional protective mechanisms to develop a more comprehensive understanding
of how individuals with ELA histories can mitigate financial risks.

Despite these limitations, this study makes a meaningful contribution to the expanding
body of literature on financial fraud vulnerability and childhood adversity. By integrating life
course and resilience theories, it provides novel insights into the enduring financial consequences
of ELAs. Future research would benefit from experimental or qualitative approaches to capture
the lived experiences of individuals with ELA histories, complementing quantitative analyses.
Additionally, investigating the effectiveness of financial education initiatives and broader policy
interventions could establish a more comprehensive framework for fostering financial resilience
among vulnerable populations.

Summary and Potential Implications

This study deepens our understanding of how early life adversity (ELA) influence fraud
vulnerability throughout adulthood, yielding critical insights for financial planning practitioners,
policymakers, and educators. Financial planning practitioners working with trauma-affected
clients often lack awareness of how early adversity shapes financial behaviors and fraud
susceptibility. By recognizing these connections, financial planners, advisors, and financial
therapists can deliver more effective, trauma-informed financial guidance that strengthens

clients’ financial resilience.
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The findings of this study reveal several significant implications. First, financial
practitioners must acknowledge that childhood trauma fundamentally influences financial
behaviors, including risk aversion, impulsivity, and vulnerability patterns. This necessitates
trauma-informed financial planning approaches that address both the psychological and
emotional dimensions of financial decision-making. Practitioners should incorporate thoughtful,
sensitive inquiry about clients’ financial histories to uncover underlying factors influencing their
financial choices.

These findings also emphasize the protective value of financial literacy, social support
networks, and professional guidance. Policymakers and educators should integrate
comprehensive financial literacy and fraud prevention initiatives within trauma-informed
programming, ensuring that vulnerable populations receive essential knowledge and support.
Financial education curricula should specifically address the intersection between trauma,
decision-making processes, and fraud awareness, equipping individuals with more effective
financial decision-making skills.

Furthermore, this research highlights the necessity for cross-disciplinary collaboration
among financial planners, financial therapists, mental health professionals, and social service
providers. Financial resilience development requires comprehensive support — reinforced through
robust social networks and accessible financial coaching. Structured financial coaching programs
can help clients with ELA histories develop healthier financial habits, while strong social
connections serve as important protective mechanisms that reduce financial stress and fraud
vulnerability.

This research ultimately demonstrates that childhood experiences profoundly shape adult

financial behaviors, underscoring the need for holistic financial planning approaches. By
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systematically integrating financial education, social support mechanisms, and professional
financial guidance into client strategies, financial professionals can proactively support at-risk
individuals, strengthen financial resilience, and advance the broader dialogue on financial

security and fraud prevention.
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Chapter 2 — Review of the Literature

Early life adversity (ELA) encompasses a broad range of early-life adversities, including
physical and emotional abuse, neglect, and household dysfunction (Felitti et al., 1998). Extensive
research has established ELAs as a major determinant of long-term health and psychological
well-being, with lasting effects on emotional regulation, cognitive development, and social
stability (Felitti et al., 1998; Hughes et al., 2017). While the connection between ELAs and
negative health outcomes are well-documented, less attention has been given to their impact on
financial behaviors and vulnerabilities.

Emerging research suggests that individuals with ELA histories may be more susceptible
to financial exploitation, impulsive decision-making, and economic instability (Ross et al.,
2022). However, the mechanisms through which ELAs shape financial vulnerability remain
largely unexplored. This chapter reviews the literature on the relationship between ELAs and
financial behaviors, focusing on how ELAs contribute to financial vulnerability, including fraud
susceptibility. Additionally, it explores the role of protective factors, including financial literacy,
social support and financial guidance. By synthesizing interdisciplinary research, this chapter
highlights existing gaps in the literature and provides the foundation for examining the role of
protective factors in mitigating financial vulnerability among individuals with ELA exposure.

Early Life Adversity

Early life adversities (ELAs) refer to a broad range of early-life adversities that
significantly impact long-term health, psychological well-being, and social functioning
(Petruccelli et al., 2019). These experiences are generally classified into three categories: abuse
(physical, emotional, and sexual), neglect (physical and emotional), and household dysfunction

(e.g., exposure to domestic violence, parental substance abuse, divorce, or incarceration of
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family member). Early exposure to such stressors has been linked to negative developmental,
cognitive, and emotional outcomes, often extending into adulthood (Felitti et al., 1998; Hughes
etal., 2017).

Research consistently shows that ELAs are highly prevalent across populations. The
landmark study by Felitti et al. (1998) found that nearly two-thirds of participants reported at
least one ELA, and over 20% experienced three of more. Subsequent large-scale studies have
confirmed similar patterns, with ELAs disproportionately affecting individuals from low-income
and marginalized communities (Bellis et al., 2014; Merrick et al., 2019). Reports indicate that
over 3 million cases of child maltreatment are reviewed annually by Child Protective Services
(US Department of Health and Human Services, 2023).

The consequences of ELAs extend beyond childhood, shaping long-term psychological
and behavioral patterns. Early trauma alters neurodevelopment, emotional regulation, and stress
response systems, making individuals more vulnerable to depression, anxiety, and maladaptive
coping behaviors (Dube et al., 2005; Greeson et al., 2014). A dose-response relationship has
been observed, where higher ELA exposure correlates with increased emotional and behavioral
difficulties in both childhood and adulthood (Burke et al., 2011; Ford et al., 2009).

Certain populations exhibit heighted vulnerability to adverse effects of ELAs. Survivors
of childhood sexual abuse and children of parents with substance abuse disorders are particularly
at risk for poor mental health, substance dependency, and behavioral instability (Anderloni et al.,
2012; Brown et al., 1999; Gottschall et al., 2022). Parental alcohol abuse, in particular, has been
linked to higher rates of depression, increased likelihood of alcohol dependency, and persistent

emotional distress into adulthood (Anda et al., 2002; Wilson, 2010).
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While the relationship between ELAs and health outcomes is well established, fewer
studies have examined how childhood adversity shapes financial behaviors. Neurodevelopment
disruptions caused by ELAs — such as impaired executive functioning, heightened emotional
reactivity, and altered risk perception — can significantly influence financial decision-making,
including impulsivity, risk-taking, and susceptibility to financial fraud (Ross, et al., 2022).
Individuals with ELA histories often exhibit difficulty with long-term financial planning,
economic self-regulation, and financial self-efficacy (Gutter & Copur, 2011). The following
section explores the link between ELA exposure and financial behaviors, highlighting key
mechanisms such as impulsivity, economic hardship, and financial exploitation risk.

Early Life Adversity and Financial Behaviors

Financial behavior is a complex, multidimensional construct encompassing various
activities, such as cash management, credit usage, savings, investment decisions, and long-term
financial planning (Jorgensen et al., 2017; Stolper & Walter, 2017). While financial decision-
making has historically been examined in economic and behavioral finance contexts, an
increasing body of research highlights the role of psychological and development factors in
shaping financial behaviors. Early life adversities (ELAs) have been linked to impulsivity,
financial risk-taking, financial literacy, and vulnerability to financial exploitation (Friedline et
al., 2021; Ross et al., 2022).

Although causality has not been firmly established, a growing body of literature suggests
that early-life adversity contributes to long-term financial challenges (Merrick et al., 2019).
Individuals with ELA exposure are at greater risk of financial hardship, lower financial literacy,

and impaired financial decision-making, increasing their susceptibility to economic stressors and
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financial exploitation (Harter & Harter, 2022; Lusardi, 2012). The following sections outline key
pathways through which ELAs shape financial behaviors.

Impulsivity, risk-taking, and financial decision making

One key mechanism linking ELAs to financial vulnerability is impaired self-regulation,
which often manifests as heightened impulsivity, compulsive spending, and poor financial
planning. Research suggests that ELA exposure disrupts brain regions associated with executive
functioning, including impulse control, delayed gratification and financial decision-making
(Sansone et al., 2013). Hyperbolic discounting — a tendency to prioritize short-term rewards over
a long-term financial stability — is particularly common among individuals with childhood
trauma (Haushofer & Fehr, 2014). This pattern aligns with studies showing that ELA survivors
are more likely to engage in impulsive financial behaviors, such as excessive credit card usage,
payday lending, and compulsive buying (Gathergood, 2012). Empirical research supports these
findings. Sansone et al. (2013) found that individuals who experienced childhood emotional
abuse exhibited significantly higher compulsive buying tendencies. Similarly, Liu et al. (2013)
reported that ELA survivors faced heightened financial distress, including greater debt
accumulation, foreclosure risk, and bankruptcy rates. These findings underscore the role of early-
life adversity in shaping maladaptive financial behaviors.

These patterns are consistent with broader findings in behavioral finance, where adverse
early-life conditions predict increased financial risk-taking in adulthood (Gathergood, 2012).
Individuals with a history of childhood trauma often display weaker financial planning habits
and greater reliance on high-interest debt, reflecting an inability to engage in long-term financial
goal setting (Grohmann et al., A., 2015).

Economic hardship, employment instability and financial struggles
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ELAs have been strongly linked to reduced financial stability and employment
difficulties. Economic adversity in childhood can create intergenerational cycles of financial
insecurity, as individuals with ELA exposure are more likely to face challenges in employment,
lower wages, and financial instability (Conger et al., 1994; Eckenrode et al., 2014). The lowa
Project (Conger et al., 1994), a seminal qualitative study of rural families, demonstrated that
economic stressors during childhood shape long-term financial behaviors by increasing
emotional distress, limited financial role models, and fostering negative coping mechanisms.

Hall (2000) conducted qualitative research on low-income African American women and
found that child abuse survivors frequently struggled with financial literacy, employment
stability, and financial independence. Participants frequently reported:

1. Alack of financial role models or exposure to financial education.

2. Heightened emotional distress (anger, depression, trust issues), which interfered with
long-term financial planning.

3. Areliance on short-term coping mechanisms, such as compulsive spending or avoidance
of financial decision-making.

More recent studies confirm these findings, showing ELA survivors often experience
greater job instability, lower earnings, and difficulty managing financial responsibilities (Harter
& Harter, 2022; Font et al., 2016; Ross et al., 2022). Given the strong relationship between
childhood economic hardship and financial insecurity in adulthood, some researchers argue that
ELAs function as a precursor to chronic financial stress (Liu et al., 2013).

Financial exploitation and vulnerability to fraud

Beyond impulsive spending and economic instability, individuals with a history of early

life adversity (ELA) are at heighted risk of financial exploitation, scams and fraud (James et al.,
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2014; Merrick et al., 2019; Ross et al., 2022). Exposure to early-life adversity has been linked to
long-term impairments in trust, financial literacy, and risk perception, which may increase
vulnerability to predatory financial practices such as high-interest payday loans, fraud schemes,
and financial abuse by family members (Friedline et al., 2021; Kim et al., 2023; Sweet et al.,
2018). Research suggests that ELA survivors often struggle with financial self-efficacy and
decision-making, making them more susceptible to manipulation and economic coercion
(Friedman, 2018; Harter & Harter, 2022).

Empirical studies on financial vulnerability provides further evidence that link between
ELAs and fraud susceptibility. Acierno et al. (2017) found that individuals who reported higher
ELA exposure were significantly more likely to experience financial exploitation in adulthood.
Similarly, Lichtenberg et al. (2013, 2016) identified psychological vulnerability — closely tied to
early trauma — as a key predictor of financial fraud vulnerability among older adults. These
findings highlight the long-term consequences of childhood adversity on financial well-being,
emphasizing the role of cognitive and emotional regulation in financial decision-making.

The long-term effects of ELAs on financial vulnerability are particularly concerning
given that fraudulent financial schemes disproportionately target individuals experiencing
economic hardship, cognitive decline, or social isolation (Burnes et al., 2017; DeLiema, 2018;
DeLiema et al., 2020; Wood & Lichtenberg, 2017). Research suggests that financial literacy and
social support systems may serve as protective factors, buffering again fraud susceptibility and
reducing financial exploitation risks (Beach et al., 2018; DeLiema et al., 2020; Friedline et al.,
2021). Given the increased exposure of ELA survivors to financial vulnerability, further research
is needed to explore targeted interventions that enhance financial resilience and fraud prevention

strategies for vulnerable populations.
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Protective Factors and Financial Resilience

Financial literacy as a protective factor

Financial literacy plays a crucial role in shaping financial decision-making, economic
stability, and long-term financial well-being. It encompasses an individual’s ability to understand
and apply financial concepts, including budgeting, saving, investing, and managing credit
(Lusardi & Mitchell, 2014). While financial literacy is widely recognized as an important
determinant of financial outcomes, its role as a protective factor for individuals with early life
adversities (ELAs) remains underexplored. Given that ELA exposure is associated with
increased financial stress, risk-taking behaviors, and vulnerability to financial exploitation (Ross
et al., 2022), financial literacy may serve as a critical mechanism in reducing financial harm.

Research has consistently demonstrated that higher financial literacy is associated with
improved financial behaviors and outcomes (Lusardi & Mitchell, 2014; Wagner, 2019).
Individuals with greater financial knowledge are more likely to engage in long-term financial
planning, maintain emergency savings, and make informed borrowing decisions (Hung et al.,
2009; Seay et al., 2017). By contrast, low financial literacy is linked to poor financial decision-
making, high-cost borrowing, and increased financial stress (Lusardi et al., 2017)

Mitchell and Lusardi (2015) found that financial literacy varies significantly by
educational attainment, gender, and socioeconomic background, with historically marginalized
groups exhibiting lower financial knowledge. This financial literacy gap contributes to economic
disparities, particularly among individuals with limited access to financial resources (Al-Bahrani
et al., 2019, 2020; Hasler et al., 2018). Given that ELAs disproportionately affect individuals
from lower-income and disadvantages backgrounds (Merrick et al., 2019), the intersection of

financial literacy and financial vulnerability is particularly relevant.
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Individuals with ELA exposure may be particularly susceptible to financial risks,
including impulsive financial behaviors, economic instability, and financial exploitation
(Friedline et al., 2021; Sweet et al., 2018). Research suggests that low financial literacy
exacerbates these risks by limiting an individual’s ability to assess financial products, recognize
predatory lending practices, and make informed economic decisions (James et al., 2014; Wood &
Lichtenberg, 2017). Acierno et al. (2017) found that individuals with higher ELA exposure were
significantly more likely to experience financial exploitation in adulthood. However, financial
literacy emerged as a key protective factor, reducing fraud susceptibility and improving
resilience. Similarly, Friedline et al. (2021) highlighted financial literacy as a mitigating factor
against financial stress and economic instability, particularly for individuals with a history of
economic hardship.

Behavioral finance research also suggests that financial literacy may counteract the
impulsivity and short-term decision-making patterns commonly observed in ELA survivors.
Gathergood (2012) found that individuals with limited self-control and high impulsivity — traits
often linked to ELA exposure (Sansone et al., 2013) — were more likely to engage in high-
interest borrowing and compulsive spending. Financial education and literacy interventions can
help mitigate these tendencies by fostering financial self-regulation and promoting goal-oriented
financial behaviors (Kaiser & Menkhoff, 2017, 2020).

Financial education has been shown to improve financial knowledge and promote
responsible financial behaviors. A meta-analysis by Kaiser and Menkhoff (2017, 2020) found
that financial education programs significantly increased financial literacy and positively

influenced financial behaviors, particularly when programs exceeded ten hours of instruction.
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The study emphasized that financial education was most effective when delivered at critical
decision-making moments, reinforcing the concept of a “teachable moment.”

However, some researchers have raised concerns about the long-term efficacy of
financial education. Mandell and Klein (2007) questioned whether financial education alone
could lead to meaningful behavioral changes, particularly if motivation and engagement were
lacking. Similarly, Fernandes et al. (2014) argues that financial education had limited long-term
effects on financial behaviors. In contrast, more recent research by Kaiser and Menkhoff (2017,
2020) and Lusardi and Mitchell (2014) provide robust evidence supporting the sustained benefits
of financial education, particularly when tailored to the needs of vulnerable populations. For
ELA-exposed individuals, financial education may serve as an essential tool for reducing
financial vulnerability. Given the heightened financial risks associated with early-life adversity,
targeted financial literacy programs — especially those integrated with trauma-informed
approaches — could play a vital role in enhancing financial resilience (Harter & Harter, 2021;
Mancone, 2024).

Social support as a protective factor

Social support is a well-documented protective factor that influences psychological well-
being, emotional regulation, and resilience across the lifespan (Gable, 2019). Given the
significant and lasting impact of early life adversity (ELA) on financial decision-making and
economic stability, social support may serve as a crucial buffer that mitigates financial
vulnerability. Studies suggest that individuals with strong social networks are more likely to
exhibit resilience in adulthood, navigate financial challenges effectively, and avoid financial

exploitation (Bellis et al., 2017; Burke-Harris, 2018; Reblin & Uchino, 2008).
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Social support encompasses both received support (actual help and resources provided by
others) and perceived support (the belief that one has access to help when needed) (Gable, 2017).
Both forms of support have been shown to promote well-being by reducing stress, enhancing
coping mechanisms, and fostering adaptive behaviors (Harber et al., 2007). From a financial
perspective, social support provided tangible benefits, such as shared financial knowledge, direct
economic assistance and guidance in financial decision-making (Friedline et al., 2021).

The protective function of social support in financial behaviors is particularly relevant for
individuals with ELA exposure. Childhood adversity often results in disrupted attachment
patterns, impaired trust, and heightened economic stress, increasing the likelihood of financial
mismanagement and risk-taking behaviors (Ross et al., 2022; Sansone et al., 2013), However,
individuals with strong social networks may be better positioned to mitigate these risks. For
example, Bellis et al. (2017) found that individuals with ELA exposure who had access to a
trusted adult during childhood exhibited significantly lower levels of financial distress and
harmful economic behaviors in adulthood. Additionally, social support networks provide
emotional stability, which can counteract the long-term effects of financial stress and impulsive
financial decision-making.

The presence of supportive relationships plays a crucial role in financial literacy and
decision-making. Research indicates that individuals with strong social ties are more likely to
seek financial advice, plan for the future, and engage in responsible financial behaviors
(Friedline et al., 2021; Sweet et al., 2018). Moreover, social networks can serve as information
financial advisors, helping individuals recognize predatory lending practices, avoid financial
scams, and develop sound financial habits. (Kim et al., 2023). Conversely, the absence of social

support has been linked to financial risk-taking and economic instability. Burke-Harris (2018)
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emphasized that childhood trauma disrupts stress response system, making individuals more
susceptible to economic hardship and financial distress. Without the buffering effect of social
support, individuals exposed to ELAs may struggle with financial anxiety, avoid long-term
planning, and exhibit higher rates of financial vulnerability (Cheong et al., 2017).

Financial exploitation and fraud disproportionately affect individuals with ELA exposure,
as childhood adversity is often associated with lower financial self-efficacy and impaired risk
perception (Ross et al., 2022). However, social support may serve as a protective mechanism by
increasing financial awareness and reducing susceptibility to fraudulent schemes. Empirical
studies highlight the role of social networks in preventing financial victimization. Acierno et al.
(2017) found that individuals with higher levels of perceived social support were significantly
less likely to experience financial exploitation. Similarly, research on elder financial abuse
indicates that social isolation is one of the strongest predictors of financial fraud and
vulnerability (James et al., 2014). These findings underscore the importance of social
connections in safeguarding individuals against financial harm.

Long-term financial stability is often influenced by early-life social environment and the
availability of support systems. Studies on intergenerational financial behavior suggest that
individuals who grow up in supportive households are more likely to develop positive financial
habits and achieve economic stability in adulthood (Conger et al., 1994). Conversely, individuals
who lack strong support systems often face greater economic hardship, reinforcing cycles of
vulnerability (Eckenrode et al., 2014). Marriott et al. (2013) further demonstrated that supportive
relationships in adulthood can enhance resilience and mitigate the long-term effects of childhood
adversity. Specifically, individuals with ELA exposure who reported strong interpersonal

relationships exhibited higher levels of financial well-being and economic security. These
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findings align with research in social capital, which suggests that social connections provide
access to financial knowledge, job opportunities, and economic resources (Beach et al., 2018;
Kim et al., 2023).

Financial guidance as a protective factor

Financial guidance and coaching play a critical role in fostering financial resilience,
particularly for individuals with a history of early life adversity (ELA). Professional financial
advisors, financial coaches, and structured financial interventions provide individuals with the
tools to navigate complex financial decisions, mitigate financial risks, and build long-term
stability. Given the ELA survivors are more likely to experience impulsive spending, economic
instability, and financial exploitation (Ross et al., 2022), access to financial coaching and
professional guidance can serve as a critical buffer against these vulnerabilities.

Financial coaching is defined as “an ongoing process that involves setting goals,
establishing a concrete plan of action, monitoring one’s progress, and ideally, forming new
positive financial habits” (Collins et al., 2013, p. 1). Unlike financial education programs, which
focus primarily on knowledge acquisition, financial coaching emphasized behavior change
through personalized guidance and accountability. Studies indicate that financial coaching
produces significant positive effects on perceptions of financial well-being (Theodos et al.,
2015), which in turn, enhance financial confidence and satisfaction (Atlas et al., 2019).
Individuals who participate in financial coaching interventions also demonstrate improved
financial self-control, leading to healthier financial behaviors over time (Tumataroa & O’Hare,
2019).

Empirical studies have documented the effectiveness of financial coaching in improving

financial behaviors and outcomes. Modestino et al. (2019) found that individuals receiving
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financial coaching showed significant improvements in credit scores compared to a control
group. Participants also reported being in better financial situations post-intervention, including
reduced eviction risks, fewer interactions with collection agencies, and improved financial
stability. Similarly, a study by the Urban Institute found that financial coaching participants had
significantly improved credit ratings and accumulated twice the savings compared to those in a
control group. (Theodos et al., 2015). Moulton et al. (2015) examined first time home buyers
who received financial education modules combined with telephone coaching and found that
these individuals were less likely to default on mortgages, had lower overall debt balances, and
were more likely to maintain savings post-purchase.

Access to financial guidance has been shown to mitigate financial vulnerability by
promoting informed decision-making and encouraging disciplined financial practices (Stolper &
Walter, 2017). Individuals who work with financial advisors or coaches are more likely to
develop effective savings strategies, avoid high-cost debt, and engage in proactive financial
planning (LeSure, 2014). Given the link between ELAs and impulsive financial behaviors,
targeted financial interventions can provide a structured approach to improving long-term
financial outcomes. Research suggests that financial coaching and advisory services not only
increase financial stability but also reduce the likelihood of engaging in high-risk financial
behaviors such as payday lending, high-interest credit card usage, and predatory loan schemes
(Friedline et al., 2021; Sweet et al., 2018).

Financial coaching may also serve as an important tool in addressing age-related financial
challenges. As individuals age, their perceptions of financial well-being may become more
positive (Tenney & Kalenkoski, 2019), yet financial management difficulties often increase with

age. Bleijenberg et al. (2017) reported that nearly 69% of individuals aged 85 and older
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experience difficulties managing their finances. The concept of Age-Associated Financial
Vulnerability (AAFV) suggests that even cognitively intact older adults may exhibit financial
behaviors that increase their risk for fraud, exploitation, and financial mismanagement (Lachs &
Han, 2015). Given these risks, structured financial coaching programs designed for older adults
can plan a vital role in mitigating financial vulnerability and ensuring financial security later in
life.

Research suggests that financial literacy alone is not always sufficient to prevent financial
exploitation — financial coaching and guidance provide additional layers of protection against
fraud and economic abuse (Friedman, 2018). Financial advisors help clients recognize and avoid
predatory financial practices, establish fraud prevention strategies, and build financial resilience.
DeLiema (2018) highlights the importance of financial education and guidance in preventing
fraud victimization, particularly among older adults and financially vulnerable populations,
Adpvisors and financial coaches play a key role in developing fraud detection strategies,
monitoring suspicious transactions, and implementing financial safeguards such as power of
attorney arrangements and automated alerts (Wood & Lichtenberg, 2017).

For ELA survivors, who may be at heightened risk of financial exploitation due to
impaired financial decision-making and trust issues, financial coaching offers structured support
to enhance financial self-efficacy (Kim et al., 2023). Studies indicate that individuals who
receive professional financial advice demonstrate greater financial autonomy, improved money
management skills, and reduced susceptibility to financial fraud (Greenberg & Hershfield, 2019;
Stolper & Walter, 2017). By fostering informed decision-making and promoting financial
resilience, financial coaching serves as a crucial intervention for individuals navigating financial

challenges linked to early-life adversity.
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Resilience as a protective factor

Resilience is a crucial protective mechanism that enables individuals to adapt to
adversity, regulate emotions, and develop strategies for long-term stability. Despite the
significant risks associated with early life adversity (ELA), many individuals demonstrate
resilience by overcoming financial stress, impulsive decision-making tendencies, and
vulnerability to financial exploitation (Ross et al., 2022). Resilience is not a fixed trait, but a
dynamic process shaped by biological, psychological, and social factors (Bonanno, 2004; Casco
et al., 2017). It encompasses the ability to maintain or regain a stable trajectory of functioning
despite challenges (Masten, 2014). Researchers emphasize that resilience is fostered through
both internal and external protective factors, including financial literacy, social support, and
financial guidance, all of which serve as buffers against the negative financial consequences of
ELA exposure (Southwick et al., 2014).

Understanding the pathways through which resilience mitigates financial vulnerability is
critical. Emotional and cognitive regulation are central to financial resilience, as individuals with
higher resilience exhibit greater self-regulation and impulse control, allowing for more deliberate
financial decision making (Cortina et al., 2016). The ability to process adversity in a constructive
manner significantly influences long-term financial planning behavior, reducing economic stress
and fostering financial self-efficacy (Heard-Garris et al., 2018). In a large-scale study, Heard-
Garris et al. (2018) found that resilience in children was strongly associated with lower financial
stress in adulthood, particularly when supported by stable family environments and strong social
connections.

The development of adaptive coping strategies further enhances financial resilience.

Problem-focused coping, which involves proactively addressing financial stressors and seeking

34



long-term solutions, is associated with improved financial outcomes and reduced risk-taking
behaviors (Lazarus & Folkman, 1984; Sheffler et al., 2019). In contrast, avoidant coping — often
observed in individuals with ELA exposure — is linked to high-interest borrowing, compulsive
spending, and financial mismanagement (Poole et al., 2017; Wadsworth, 2015). Research
indicates that financial resilience can be cultivated by promoting adaptive financial coping
mechanisms, such as budgeting, financial planning, and delaying gratification., which in turn
reduce financial distress and improve economic stability (Hildon et al., 2008; van Kessel, 2013).

Positive early-life experiences also play a crucial role in fostering resilience and
counteracting negative effects of ELAs. Narayan et al. (2018) introduced the Benevolent
Childhood Experiences (BCEs) scale, which identifies protective factors such as stable
caregiving, perceived safety, and strong family connections. Their study found that individuals
with higher BCE scores exhibited greater financial resilience, lower economic stress, and a
reduced likelihood of engaging in risky financial behaviors. These findings suggest that positive
childhood experiences can act as a counterbalance to the financial vulnerabilities associated with
ELA exposure, reinforcing the importance of early support systems in shaping financial well-
being.

Beyond individual coping mechanisms, resilience is also influenced by broader social and
community factors. Social cohesion, trust in financial institutions, and access to financial
resources contribute to greater financial resilience by providing individuals with the support
needed to make informed financial decisions and avoid economic hardship (Gelkopf et al.,
2012). Individuals with strong social networks are more likely to seek financial advice, recognize
financial risks, and engage in responsible financial behaviors (Bellis et al., 2017). Community-

based interventions that promote financial literacy and access to financial resources have been
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found to enhance financial resilience, particularly among individuals with ELA exposure
(Friedline et al., 2021). Resilience-building interventions can also mitigate long-term risks and
improve financial well-being. Studies have demonstrated that individuals with strong resilience
exhibit lower rates of depression, anxiety, and financial distress despite experiencing childhood
adversity (Beutel et al., 2017). Interventions focused on financial education, social support
networks, and financial coaching can enhance financial resilience by equipping individuals with
the tools to navigate financial challenges effectively (Borge et al., 2016; Theodos et al., 2015).
Demographic Factors in ELA-Related Financial Vulnerabilities

Early life adversities (ELAs) are not uniformly distributed across populations; rather,
they disproportionately affect individuals from lower socioeconomic backgrounds, gender, racial
and ethnic minorities, and marginalized communities (Hunt et al., 2017; Maguire-Jack et al.,
2020). These disparities contribute to long-term challenges in educational attainment,
employment stability, and financial security, all of which influence financial behaviors and fraud
susceptibility in adulthood.

Education, employment, and economic disparities

Exposure to ELAs is associated with lower levels of education attainment and increased
employment instability, both of which are critical determinants of financial well-being.
Individuals with a history of ELAs are significantly less likely to complete high school or pursue
higher education, leading to reduced earning potential and increased resilience on high-cost
borrowing (Boden et al., 2007; Zielinski, 2009). These individuals also experience higher
unemployment rates and lower lifetime earnings compared to those without ELA exposure (Font

& Maguire-Jack 2016; Liu et al., 2013). The resulting economic strain can perpetuate cycles of
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financial hardship, increasing reliance on short-term financial coping mechanisms such as
payday loans or high-interest debt (Gathergood, 2012).

Racial and ethnic disparities

Racial and ethnic minorities, particularly Black and Hispanic individuals report higher
rates of ELA exposure compared to their White counterparts, often due to systemic inequalities,
economic disadvantages, and intergenerational trauma (Fagan & Novak, 2018; Mersky &
Janczewksi, 2018). These disparities have long-term financial consequences, as early-life
adversity compounds existing structural barriers to wealth accumulation. Research indicates that
lower financial literacy among racial minorities further exacerbate financial vulnerability,
increasing susceptibility to economic instability and financial fraud (Friedline et al., 2021;
Lusardi et al., 2017)

Gender disparities

Women, particularly those who experienced ELAs, exhibit distinct financial behaviors
and vulnerabilities compared to men. Research suggests that female ELA survivors face greater
financial insecurity, lower financial confidence, and higher susceptibility to financial exploitation
(Harter & Harter, 2022; Sansone et al., 2013). Gender disparities also emerge in financial fraud
susceptibility, with women being more likely to experience financial coercion or abuse,
particularly in the context of romantic relationships (Friedman, 2018). Additionally, sexual
minority individuals report heightened ELA exposure and associated economic stressors, further
complicating their financial resilience (Friedman et al., 2011; Sterzing et al., 2017).
Vulnerability to Financial Fraud in Adulthood

As the older adult population increases, financial fraud and exploitation have become a

growing public concern (FBI, 2024; FINRA, 2013). Older individuals face heightened risks due
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to cognitive aging, social isolation, and declining financial decision-making abilities (Acierno et
al., 2010; James et al., 2014; Ruffman et al., 2012). Reports of financial victimization have
surged in recent years, with the Raval (2021) noting a fourfold increase in suspicious activity
reports filed by banks and financial institutions from 2013 to 2017. Notably, approximately 70%
of these reports involved individuals aged 60 years and older, with one-third involving those
over 80.

Financial exploitation is among the most common forms of elder abuse, often
perpetrated by family members, caregivers, or financial predators (Acierno et al., 2010; Laumann
et al., 2008; Pinsker et al., 2012). Studies estimate that 3.5% to 5.2% of older adults experience
financial exploitation annually (Acierno et al., 2017; Beach et al., 2010). African American
adults and those experiencing economic hardship report disproportionately higher rates of
financial victimization (Beach et al., 2010; Laumann et al., 2008). Furthermore, individuals with
a history of ELA exposure are more likely to encounter financial hardship and lack strong social
networks, further increasing their vulnerability to fraud and exploitation (Ross et al., 2022).

The long-term consequences of financial fraud extend beyond economic losses, often
leading to mental health decline, increased anxiety, depression, and lower life satisfaction
(Aceirno et al., 2017; Pinkser et al., 2012; Weissberger et al., 2020). Fraud victims are
significantly more likely to exhibit poor self-rated health, heightened financial stress, and
decreased psychological well-being compared to their non-victimized counterparts (Weissberger
et al., 2020). Cognitive impairments and executive function decline further compound
vulnerability, particularly among older adults with diminished financial literacy (Boyle et al.,
2013; Judges et al., 2017; Wood et al., 2016).

Risk factors for financial fraud susceptibility

38



Cognitive decline and executive function impairment

Studies show that declining cognitive abilities are closely linked to fraud susceptibility
(Boyle et al., 2013; Wood et al., 2014). Older adults with mild cognitive impairment (MCI) often
struggle with complex financial decisions, risk assessment, and scam detection (Han et al.,
2016). Neuropsychological research highlights the role of brain regions responsible for trust and
risk perception, showing that fraud victims often exhibit reduced activity in areas linked to
critical thinking and skepticism (Spreng et al., 2016).

Social isolation and lack of protective relationships

Research suggests that social isolation is one of the strongest predictors of financial fraud
vulnerability (DeLiema, 2018; James et al., 2014). Older adults without strong social support
networks are more susceptible to coercion, undue influence, and deceptive financial schemes
(Quinn et al., 2017). Routine Activity Theory (DeLiema, 2018) posits that fraud occurs when a
vulnerable target, a motivated offender, and the absence of capable guardianship intersect,
underscoring the importance of social support as a protective mechanism.

Financial literacy and economic hardship

Lower financial literacy is strongly correlated with financial fraud vulnerability (James et
al., 2014; Wood & Lichtenberg, 2017). Older adults with limited financial knowledge are less
able to identify deceptive investment opportunities, predatory lending practices, or fraudulent
financial advisors (Friedline et al., 2021). Research also indicates that individuals with higher
financial stress and economic instability are more likely to fall victim to scams promising quick

financial relief or high-return investments (Lichtenberg et al., 2013, 2016).
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Summary

This study examines the relationship between early life adversity (ELA) and financial
fraud vulnerability, focusing on how early-life adversity increases the likelihood of financial
exploitation in adulthood. While significant research has explored the effects of ELAs on health
and psychological well-being, far less is known about how childhood adversity influences
financial behaviors and fraud vulnerability. Childhood trauma, including physical and emotional
abuse, neglect, and household dysfunction, can have lasting effects on cognitive development,
emotional regulation, and risk perception, all of which play a critical role in decision-making
(Felitti et al., 1998; Knifton & Inglis, 2020; Lippard & Nemeroff, 2020). Individuals exposed to
ELAs may exhibit greater difficulties in recognizing fraudulent schemes, lower financial self-
efficacy, and increased susceptibility to economic exploitation. However, not all individuals with
ELA histories experience financial fraud, suggesting that protective factors such as financial
literacy, social support, and financial guidance may mitigate the risk.

This study is grounded in life course model and resiliency theory, which together provide
a framework for understanding both the cumulative disadvantages associated with ELAs and the
mechanism through which individuals develop financial resilience. Life course model posits that
early-life experiences shape long-term development trajectories, with the timing, duration, and
accumulation of risk playing a crucial role in financial vulnerability. Repeated exposure to
adversity may create cumulative disadvantages that extend into adulthood, increasing the
likelihood of financial instability, impaired judgement in financial matters, and heightened risk
of fraud victimization (Hughes et al., 2017; Lee & Chen, 2017). Moreover, socioeconomic
background, access to financial education, and social networks may moderate these effects,

shaping financial vulnerability in different ways across racial, gender, and economic groups.
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Complementing this perspective, resiliency theory explains why some individuals can
resist financial fraud despite experiencing childhood adversity. Resilience is not simply the
absence of financial victimization but rather a dynamic process of adaptation, influenced by both
internal psychological strengths and external support systems. Individuals with greater resilience
often exhibit stronger awareness, improved decision-making, and heightened ability to recognize
fraudulent financial schemes (O’Connor et al., 2019; Zheng et al., 2024). Factors such as
financial literacy, social support, and access to financial coaching may buffer the negative effects
of ELAs, helping individuals develop the skills necessary to protect themselves from financial
fraud.

Despite growing recognition of the connection between childhood trauma and financial
fraud vulnerability, research gaps persist. Few studies have examined the specific pathways
through which ELAs increase susceptibility to fraud, and there is limited evidence on how
protective factors mitigate these risks. Additionally, race, gender, and socioeconomic status may
influence the extent to which ELAs affect financial fraud vulnerability, further complicating the
relationship between early-life adversity and economic exploitation. This study integrates life
course model and resiliency theory to examine how ELA exposure shapes financial vulnerability
and to identify protective factors that may mitigate financial risks. Specifically, the research
addresses the following key gaps in the literature: (1) the need to examine financial literacy,
social support, and financial guidance as protective factors and (2) the role of demographic
moderators in shaping financial risk among ELA survivors. By addressing these gaps, this study
contributes to the growing field of financial trauma research and informs interventions designed

to protect financially vulnerable populations from fraud.
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Chapter 3 — Methodology

This dissertation examines the relationship between early life adversity (ELA) and
financial fraud vulnerability in adulthood, focusing on how early-life adversity may increase the
likelihood of financial exploitation and fraud vulnerability. While previous research has explored
the psychological and behavioral effects of ELAs, limited attention has been given to their
influence on financial decision-making and fraud susceptibility (Nur et al., 2022). This study
seeks to address this gap by investigating whether individuals with a history of ELAs are at
higher risk of experiencing financial fraud and whether protective factors, such as resilience,
financial literacy, social support, and financial guidance, moderate this relationship.

This chapter outlines the methodological approach used to analyze these relationships.
The first section describes the dataset and sample selection, outlining the Health and Retirement
Study (HRS) waves utilized, sample inclusion criteria, and weighting adjustments. The second
section focuses on variable measurement, detailing how key constructs — including ELAs,
financial fraud vulnerability, and protective factors — are operationalized, coded, and
incorporated into the analysis. The final section provides an overview of the statistical analysis
plan, including model specifications, robustness checks, and interpretation frameworks.

Dataset and Sample Selection

This study utilizes data from the 2008, 2010, 2012, 2016, and 2020 waves of the Health
and Retirement Study (HRS), a nationally representative longitudinal dataset sponsored by the
National Institute on Aging under grant number NIA U01AGO009740 and administered by the
University of Michigan. The HRS was established to examine the complex interactions between
health, economic, and social dynamics associated with aging in the United States (Sonnega et al.,

2014). Since its inception in 1992, the HRS has expanded to include seven birth cohorts, ranging
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from individuals born between 1890-1941 to the Late Baby Boomer cohort, which was added in
2016 to capture the experiences of a younger segment of older adults. The longitudinal and
multidisciplinary design of the HRS makes it uniquely suited for examining life-course factors,
including the impact of early-life adversity on financial behavior in later life. This dataset
provides biennial data on a diverse population of over 43,000 individuals aged 50 years and
older, making it one of the most comprehensive resources for studying financial behaviors and
vulnerabilities among older adults (Fisher & Ryan, 2018).

The HRS dataset includes detailed interviews covering a wide range of themes, including
employment history, retirement planning, income, assets and liabilities, health, and psychosocial
factors, making it a valuable resource for examining financial vulnerability and fraud
victimization in older adults. The study sample is drawn using a multi-stage area probability
sampling design with geographical stratification, ensuring geographical diversity and intentional
oversampling of African American and Hispanic populations, allowing for subgroup-specific
analyses (Sonnega et al, 2014). To ensure generalizability, survey weights were applied to adjust
for unequal probabilities of selection and nonresponse bias (Nielsen & Seay, 2014).

To assess the relationship between ELAs and financial fraud vulnerability, this study
integrates key measures from multiple HRS waves, capturing both early-life adversity and later-
life financial outcomes. For accessibility and consistency, this study leverages the RAND HRS
Longitudinal file, which standardizes multiple waves of HRS data by providing cleaned and
structured variables for efficient analysis (RAND, 2023). Specifically, this study integrates
measures of adverse childhood experience, financial fraud vulnerability, social support,
resilience, financial guidance, and financial literacy. The ELA measure is constructed using

responses from the 2008-2012 Leave Behind Questionnaires (LBQs), which collected
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retrospective data on childhood experiences (Smith et al., 2017). Financial fraud vulnerability is
derived from the 2016 HRS financial mismanagement and fraud module, which assesses
respondents’ experiences with investment fraud, scams, and unauthorized financial transactions.

Financial literacy is measured using a series of financial knowledge questions from the
2010 HRS survey, assessing respondents’ understanding of interest rates, inflation, differences
between stocks versus mutual funds, and asset return expectations. To ensure reliability, these
items were drawn from a widely used financial literacy scale developed by Lusardi & Mitchell
(2011). Resilience is captured using the Self-Rated Resilience Scale (SRS) from the 2016 HRS
Leave Behind questionnaire, a validated measure assessing psychological resilience (Manning et
al., 2016). Similarly, social support is assessed using responses from the HRS Leave Behind
questionnaire, which evaluates interpersonal relationships and perceived levels of support
systems across key social connections, including spouses, children, other family members, and
friends.

Finally, financial guidance is operationalized based on respondents’ self-reported
engagement with financial professionals or participation in structured financial education
programs using data from the 2016 experimental module. Because financial guidance was
assessed through an experimental module administered to a random subsample of respondents,
the sample size for this measure is smaller than that of other key variables. This limitation should
be considered when interpreting results involving financial guidance. The data set provides a
robust foundation for examining how early-life adversity influences financial fraud vulnerability
in later life, while allowing for an assessment of moderating factors such as financial literacy,

social support, resilience, and financial guidance.

44



Variable Measurement

Outcome Variable: Financial Fraud Vulnerability

Financial fraud vulnerability refers to an individual’s likelihood of experiencing
fraudulent financial schemes, including investment scams and deceptive solicitations that result
in financial loss. While prior research has examined fraud prevalence among older adults,
relatively few studies have utilized multiple waves of the HRS fraud data to assess longitudinal
fraud victimization trends over time (Anderson, 2013; DeLiema et al., 2020; Pak & Shadel,
2011). This study integrates five waves of HRS fraud data (2008, 2010, 2012, 2016, and 2020) to
construct a comprehensive fraud victimization measure that accounts for both general self-
reported fraud and more granular fraud experiences introduced in 2016.

Because the 2016 HRS Financial Mismanagement at Older Ages module was an
experimental module, the sample size for that wave is significantly smaller (~10% of the full
HRS Core sample) (HRS, 2023). Experimental modules in the HRS are randomly assigned to
different subsamples, meaning each respondent receives only one experimental module per wave
(HRS, 2023). As a result, the number of respondents available for financial fraud analysis in
2016 is substantially smaller than other waves, which may impact statistical power and
generalizability. To mitigate this issue, this study incorporates multiple waves of fraud data,
improving the reliability of fraud measurement across time.

This study operationalized financial fraud vulnerability using two classification
approaches: as a binary fraud victimization measure (0 = No Fraud, 1 = Fraud Victim) and an
ordinal fraud severity measure (0 = No Fraud, 1 = HRS Reported Fraud, 2 = Other Financial
Fraud). The binary fraud victimization measure captures whether an individual reported at least

one fraud experience across any of the five waves. This measure is derived from validated HRS
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survey items that assess direct experiences of fraud, excluding general financial mismanagement
or unauthorized account misuse (e.g., identity theft). Specifically, fraud victimization is
identified using a self-report fraud victim question from the 2008, 2010, 2012, and 2020 HRS
waves, as well as more detailed fraud classifications introduced in 2016.

The 2016 HRS fraud questions capture specific types of fraud experiences such as
investment fraud, fraudulent recommendations, and prize scams. Specifically, the fraud items
include:

1. Investing money after a free meal (e.g., seminar-based fraud schemes).

2. Investing in a knowingly fraudulent opportunity (e.g., direct financial misrepresentation).
3. Investing based on a fraudulent recommendation from a relative or financial advisor.

4. Paying money to receive a prize, lottery, or award.

Each of these fraud types represent a direct financial loss resulting from deceptive
practices, aligning with prior HRS-based fraud research (DeLiema et al., 2020). Responses were
coded as “1” if the participant reported experiencing at least one of these fraudulent incidents
within the past five years and “0” otherwise. To ensure consistency in measurement across
waves, this study excludes general financial mismanagement or account misuse (e.g.,
unauthorized account use or identity theft), as these incidents may not reflect direct fraud
experiences but rather broader financial abuse or cybercrime.

To account for differences in fraud complexity, this study also classifies fraud
experiences using the ordinal fraud severity measure (0-2). This categorization ensures statistical
power, aligns categories across waves, and prevents small cell counts that could affect model
reliability. Specifically, HRS-reported fraud (coded as 1) includes self-reported fraud

victimization from the 2008, 2010, 2012, or 2020, while Other Financial Fraud (coded as 2)
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includes more specific fraud incidents reported in the 2016 module, such as investment fraud,
prize scams, and fraudulent recommendations.

Since this study integrates multiple waves of fraud data, several statistical considerations
must be addressed. First, sample selection bias may influence findings, as only a subset of HRS
respondents were randomly assigned to the 2016 fraud module, while other waves rely on
general self-reports. Second, low prevalence rates for fraud necessitate careful interpretation of
statistical models, particularly in identifying risk factors associated with fraud victimization. To
address these challenges, this study employs logistic regression for the binary fraud vulnerability
measure and ordered logistic regression for the fraud severity scale, ensuring a structured
analysis of fraud risk factors while accounting for sample composition differences across waves.

By integrating both fraud victimization and fraud severity classifications, this study
ensures a robust and replicable approach to measuring financial fraud vulnerability in older
adults. However, given the constraints of the HRS sampling framework, findings should be
interpreted in consideration of potential sample size limitations and selection bias. The final
fraud vulnerability is summarized in Table 3.1.

Table 3.1. Measurement of Financial Fraud Vulnerability

Variable Measure Wave(s) Used
ment

Investment after free  “In the past five years, did you [or your lifyes; 0 2016

meal/seminar husband/wife/partner] invest money after  if no

a meeting that offered a free meal and
educational information for some sort of
investment, including, but not limited to, a
vacation timeshare or an annuity

product?”
Fraudulent "Do you think you [or your lifyes; 0 2016
investment (self- husband/wife/partner]| have ever put your  if no
report) money into a fraudulent investment in the

past five years?"
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Fraud investment by  "In the past five years, have you [or your 1 ifyes; 0 2016
relative/advisor husband/wife/partner] invested money in  if no

an opportunity recommended by a friend,

a relative, or a financial advisor which

turned out to be fraudulent?"

Paid to win an award "In the past five years, have you [or your 1 if yes; 0 2016
husband/wife/partner] paid money to if no
someone who told you that you had won a
prize or a lottery or had been selected to
receive an award such as money, a free
vacation, or other product or service?"

Fraud victim Have you been the victim of fraud in the lLifyes; 0 2008, 2010, 2012,
past five years? if no 2020

Fraud Severity Categorization of fraud victimization 0 =No All Waves
(Ordinal Scale) Fraud, 1

= HRS-

Reported

Fraud, 2

= Other

Financial

Fraud

Independent Variable: Early Life Adversity

Early life adversities (ELAs) were assessed using self-reported measures from the 2008,
2010, and 2012 waves of the Health and Retirement Study (HRS) psychosocial leave-behind
questionnaire. These ELA items were originally developed as part of a longitudinal study
examining the health consequences of trauma in older adults Krause et al., 2004) and were
influenced by research on the cumulative impact of lifetime adversity (Turner & Lloyd, 1995).
While these indicators are drawn from research on adverse childhood experiences (ACEs), they
are not intended to represent a comprehensive ACE index. Rather, they capture broader forms of
early-life hardship and trauma relevant to long-term financial behavior, consistent with the life

course model.
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This study examines four validated early childhood adversity indicators that reflect early-
life stressors. These indicators represent distinct dimensions of adversity, including:

1. Educational Challenges — “Before you were 18 years old, did you have to do a year of
school over again?”

2. Household Dysfunction — “Before you were 18 years old, did either of your parents drink
or use drugs so often that it caused problems in the family?”

3. Exposure to Violence — “Before you were 18 years old were you ever physically abused
by either of your parents?”

4. Juvenile Legal Involvement — “Before you were 18 years old, were you ever in trouble
with the police?”

Each ELA item was coded as a binary variable, where a response of “Yes” indicated
exposure (coded as 1), and “No” indicated no exposure (coded as 0). Response of “Don’t Know”
or “Refused” were coded as missing to ensure data quality. To maximize data availability,
responses were drawn from the most recent available wave for each participant, prioritizing data
from 2012, followed by 2010, and then 2008.

To capture the cumulative impact of childhood adversity, a three-category ELA exposure
variable was created. This categorization aligns with prior research, which suggests that the
effects of early hardships accumulate, with two or more adversities often associated with
significantly higher risk (Fujiwara, 2022; Hamby et al., 2021; Petruccelli et al., 2019).
Respondents who report no ELA exposure were assigned a value of “0”, those who experienced

exactly one ELA were assigned a value of “1”, and individuals who experienced two or more

ELAs were assigned a value of “2”.
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A limitation of these measures is that they were only collected from respondents who
completed the psychosocial leave-behind questionnaire, meaning they were not administered to
all HRS participants. This introduces potential selection bias, as individuals who received and
completed the questionnaire may differ systematically from those who did not. Despite this
limitation, prior studies (Ross et al., 2022) have found robust associations between childhood
trauma and financial behaviors in older adults. Other research has shown that early-life adversity
can impair self-control and decreases financial well-being in later life (Choung & Pak, 2023).
These effects may manifest through poor financial decision-making, reduced retirement savings,
or increased susceptibility to financial fraud.

The most frequently reported early life adversity was parental substance abuse (16.64%),
followed by repeating a year in school (15.69%), physical abuse (7.63%), and juvenile legal
involvement (5.93%). While all four items are included in the cumulative ELA index, the
“school over again” item is interpreted more cautiously in the context of trauma. Given the
historical differences in retention practices, particularly in earlier cohorts, this indicator may
capture educational or structural challenges rather than interpersonal adversity. It is retained due
to its potential relevance to developmental disruption and long-term disadvantage, but it is not
conceptually group with core trauma-related indicators such as parental substance use or physical
abuse. Table 3.2 presents the distribution of individual ELA indicators and the final binary ELA
variable.

Table 3.2. Distributions of ELA Indicators

Variable % Exposed
School over again 15.69
Parental substance use 16.64
Physical abuse 7.63
Juvenile legal involvement 593

1 ELA 17.45
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2+ ELAs 6.63

Moderating Variable: Financial Literacy

Financial literacy was assessed using three financial knowledge questions designed to
evaluate the respondents’ understanding of fundamental financial concepts: interest rates,
inflation, differences between stocks and mutual funds. These questions were sourced from the
2010 HRS Financial Sophistication and Investment Decision Making module, which was
administered as an experimental module to random subsample of respondents. Due to its random
assignment design, only a small percentage of the full HRS sample received this module,
introducing potential selection bias (HRS, 2023)

This financial literacy measure, often referred to as the “Big Three” financial literacy
questions, was developed by Lusardi and Mitchell (2011) and has been widely used in empirical
research on financial literacy and well-being outcomes. This scale has been adopted in national
and international surveys, demonstrating predictive validity across diverse populations (Lusardi
& Mitchell, 2014). Despite its relatively low internal consistency in some studies, Lusardi and
Mitchell (2011) argue that the three questions capture distinct yet complementary dimensions of
financial literacy, making it a benchmark for assessing financial knowledge

Each financial literacy question was coded as a dichotomous variable, where a correct
response was assigned a value of 1, and an incorrect or “Don’t Know” response was coded as 0.
The financial literacy concepts were measured using the following questions:

1. Interest rate. The question assessing knowledge of interest rate asked: “Suppose
you had $100 in a savings account and the interest rate was 2% per year. After 5
years, how much do you think you would have in the account if you left the

money to grow - more than $102, exactly $102, or less than $102?” Five options
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were provided: (1) more than $102, (2) exactly $102, (3) less than $102, (8) DK
(Don't Know), NA (Not Ascertained), and (9) RF (Refused). Respondents who
correctly answered (1) more than $102 were coded as “1”, otherwise “0”.

2. Inflation rate. Knowledge of inflation was measured with the following question:
“Imagine that the interest rate on your savings account was 1% per year and
inflation was 2% per year. After 1 year, would you be able to buy more than
today, exactly the same as today, or less than today with the money in this
account?” Five choices were provided: (1) more than today, (2) exactly the same
as today, (3) less than today, (8) DK (Don't Know), NA (Not Ascertained), and (9)
RF (Refused). Respondents who correctly answered (3) less than today were
coded as “1”, otherwise “0”.

3. Stock vs. mutual fund. A true or false question was asked to measure respondents’
understanding of the difference between stock and mutual funds: “Do you think
that the following statement is true or false: buying a single company stock
usually provides a safer return than a stock mutual fund?”” Four options were
provided: (1) true, (5) false, (8) DK (Don't Know), NA (Not Ascertained), and (9)
RF (Refused). Respondents who correctly answered (5) false were coded as “17,
otherwise “0”.

A composite index was created to measure financial literacy by summing the number of
correctly answered questions, resulting in a scale ranging from 0 to 3, with higher scores
indicating greater financial literacy.

This measure is consistent with prior research that has linked high financial literacy to

improved retirement planning, lower debt accumulation, and increased financial resilience
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(Klapper & Lusardi, 2020; Lusardi & Mitchell, 2011, 2014; Lusardi & Tufano, 2015). However,
since the questions capture distinct concepts, the scale may demonstrate lower internal
consistency than multi-item scales designed to measure a single dimension (Gignac & Ooi,
2022). A Cronbach’s Alpha analysis was conducted to assess the internal consistency of the
financial literacy measure, as shown in Table 3.3.

Table 3.3. Cronbach's Alpha for Financial Literacy Scale

Cronbach's
Items o M S.D. Min. Max.
Financial Literacy 3 0.72 2.31 0.83 0 3

The distribution of respondent scores across the financial literacy index is presented in
Table 3.4.

Table 3.4. Financial Literacy Score Distribution (N = 1,806)

Financial Literacy Score (0-3) Frequency Percent
0 53 2.93
1 320 17.72
2 642 35.55
3 791 43.80

Moderating Variable: Financial Guidance

Financial guidance was assessed based on the respondents’ reported receipt of assistance
in managing their financial decisions. Specifically, the variable captured whether individuals
received help with savings, investments, taxes, insurance, mortgage, retirement, or government
benefits decisions. The assessment was based on responses to two questions in the 2016 HRS
Financial Advice and Capacity at Older Ages experimental (Module 3), which was administered
to a randomly selected subsample representing approximately 10% of the total HRS sample
(HRS, 2023). The experimental design means that not all respondents were asked about financial

guidance, introducing a potential source of selection bias
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The first question measured whether a respondent received financial guidance.
Participants were asked: “Does anyone currently help you [and your spouse/partner] make
decisions about your money management, particularly saving, investment, taxes, insurance, or
benefits?” Four options were provided: (1) Yes, (5) No, (8) Don’t Know (DK), and (9) Refused
(RF). A binary variable was created to indicate whether the respondent reported receiving any
financial guidance. Respondents who answered “Yes” were coded as 1, and those who answered
“No” were coded as 0. To avoid misclassification, respondents who selected DK or RF were
coded as missing values.

The second question examined the source(s) of financial guidance with the following
prompt: “Who helps you [or your spouse/partner] with making decisions about money
management, particularly saving, investment, taxes, insurance, mortgage, retirement, or
benefits” Respondent could select multiple sources, including: (1) Child or child-in-law, (2)
Other relative, (3) Friend, (4) Financial advisor, planner, accountant, or other professional
investment counselor, (5) Lawyer, (6) Banker, (7) Social Security representative (8) Human
Resources staff, (9) Online calculator, and (10) Other. Based on the responses, three distinct
categories of financial guidance were created based on these responses:

1. Professional guidance was coded as 1 if the respondent selected financial advisor,
planner, accountant, or other professional investment counselor, lawyer, banker, and 0
otherwise.

2. Family and friends’ guidance was coded as 1 if the respondent reported receiving

financial advice from a child or child-in-law, other relatives, or friends, and 0 otherwise.
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3. Institutional guidance was coded as 1 if the respondent relied on an online calculator,
social security representative, or HR staff as a source of guidance, or other, and 0
otherwise.

A composite financial guidance variable was created to indicate whether the respondent
reported receiving financial guidance from at least one source. The variable was coded as 1 if
guidance was received from any of the three categories and 0 otherwise. An additional variable
was created to indicate whether respondents received guidance from multiple sources, reflecting
the degree to which individuals engage with various financial advice providers. Since these
questions were part of an experiment module, missing values were not assumed to indicate a lack
of financial guidance but rather that the respondent was not part of the randomly assigned
subsample. This limitation must be considered when interpreting results, as the sample for this
variable is smaller compared to other study variables.

Given that prior research has highlighted the importance of financial guidance in shaping
financial behaviors and outcomes (Collins, 2012; Collins et al., 2012; Lusardi & Mitchell, 2014;
Marsden et al., 2011), this study investigates whether financial guidance acts as a moderator in
the relationship between ELAs and financial fraud vulnerability. In particular, receiving financial
guidance may improve individuals’ financial decision-making abilities, lowering their risk of
exploitation. Table 3.5 presents the distribution of financial guidance sources.

Table 3.5. Financial Guidance Distribution (N = 1,680)

Financial Guidance Source Frequency Percent
No Financial Guidance 781 46.48
Receives Financial Guidance 451 26.85
Financial Guidance from Professionals 2901 17.32
Financial Guidance from Family/Friends 134 7.98
Financial Guidance from Institutions 23 1.37

Moderating Variable: Psychological Resilience
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Psychological resilience was measured using a subset of items adapted from Wagnild and
Young’s (1993) Resilience Scale, a well-established, multidimensional scale validated for use
across adulthood (Wagnild, 2009). The Self-Rated Resilience Scale (SRS) was constructed using
data from the 2016 wave of the HRS Leave Behind Questionnaire, which has been widely
replicated as a robust measure of psychological resilience in nationally representative samples
(King et al., 2019; Manning et al., 2016; Taylor & Carr, 2021).

The SRS was calculated using responses to twelve statements designed to assess an
individual’s ability to adapt to change, maintain focus under pressure, and recover from
challenges. Respondents were asked to indicate the extent to which they agreed or disagreed with
each statement. To ensure comparability across items, all responses were consolidated into a
standard 5-point Likert scale, where: 1 = Strongly Disagree, 2 = Somewhat Disagree, 3 = Neutral
(Slightly Agree/Slightly Disagree/Neither Agree nor Disagree), 4 = Somewhat Agree, and 5 =
Strongly Agree. This transformation was necessary because some items were originally on a 6-
point scale and others on a 7-point scale. For 6-point scale items, slightly agree and slightly
responses were collapsed into the neutral category. For 7-point scale items, “neither agree nor
disagree” was mapped into the neutral category to maintain consistency across all items.

Several items were reverse coded to ensure that higher scores consistently represented
greater resilience. The twelve items included:

1. “I can do the things that I want to do.”

2. “I am satisfied with my life.”

3. “The future seems hopeless to me and I can’t believe that things are changing for the
better.” (reverse-coded)

4. “In most ways my life is close to ideal.”
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5. “So far, I have gotten the important things I want in life.”

6. “What happens in my life is often beyond my control.” (reverse-coded)

7. “When I really want to do something, I usually find a way to succeed at it”

8. “I feel it is impossible for me to reach the goals that I would like to strive for.” (reverse-
coded)

9. “If something can go wrong for me, it will.” (reverse-coded)

10. “I can do just about anything I really set my mind to.”

11. “I have a sense of direction and purpose in life”

12. “There is really no way I can solve the problems I have.” (reverse-coded)

To standardize responses for scaling, each item was transformed to range from 0 to 1,
where 0 represents the lowest level of resilience and 1 represents the highest level. The final SRS
score was calculated by summing the standardized values across all twelve items, creating a
continuous measure ranging from 0 to 12 with higher scores indicating greater psychological
resilience. This methodological approach aligns with prior studies demonstrating the strong
construct validity and predictive efficacy of the SRS (Manning et al., 2016; Taylor et al., 2019;
Taylor et al., 2024).

A Cronbach’s Alpha analysis was conducted to assess the internal consistency of the
SRS, with the results presented in Table 3.6. The scale demonstrated excellent reliability (o =
0.85), suggesting strong internal consistency. By constructing a standardized resilience index,
this study ensures comparability across diverse respondents and facilitates robust analysis of the
moderating effects of resilience on financial fraud vulnerability. The final resilience measure was
included in the regression models as a moderator to evaluate whether it influenced the strength of

the relationship between childhood adversity and financial fraud vulnerability.
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Table 3.6. Cronbach's Alpha for Psychological Resilience Scale

Cronbach's
Items o M S.D. Min. Max.
Mental Status 12 0.85 8.60 2.03 0.75 12

Moderating Variable: Social Support

Perceived social support was assessed using measures from the 2010 and 2012 waves of
the HRS Leave Behind Questionnaire, which captures respondents’ perceived support from four
primary relationship types: spouse/partner, children, other family members, and friends.
Respondents rated three dimensions of support within each relationship type based on the
following questions:

1. “How much do they really understand the way you feel about things?”
2. “How much can you rely on them if you have a serious problem?”
3. “How much can you open up to them if you need to talk about your worries?”

Each item was scored on a 4-point Likert scale, where 0 = Not at all, 1 = A little, 2 =
Some, and 3 = A lot. Responses of “Don’t Know” (DK) or “Refused” (RF) were coded as
missing to ensure accurate calculations and avoid bias in the composite measure.

For each relationship category, a mean score was calculated across the three support
dimensions. These relationship-specific scores were then averaged to create an overall perceived
social support index, resulting in a continuous measure ranging from 0 to 3, where higher values
indicate greater perceived social support. The multi-source social support index follows previous
research utilizing relational measures in aging populations (Smith et al., 2017). The final
composite index captures the breadth and depth of an individual’s perceived social support
network, which has been shown to serve as a protective factor in mitigating financial fraud
vulnerability. Prior research suggests that greater social support is associated with lower

financial exploitation risk, as it provides both emotional and informational resources that
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enhance financial decision-making and reduce susceptibility to fraud attempts (Antonucci et al.,
2014; DeLiema et al., 2020; Uchino, 2009). Table 3.7 presents the internal consistency of the
social support scale.

Table 3.7. Cronbach's Alpha for Social Support Scale

Cronbach's
Items o M S.D. Min. Max.
Mental Status 3 0.57 0.83 0.55 0 3

Figure 3.1 illustrates the moderating effects of protective factors (resilience, financial
literacy, social support, and financial guidance) and three-way interaction effects on the
relationship between early life adversity (ELA) and financial fraud vulnerability. The smaller
dashed arrows represent moderating influences, indicating that protective factors may buffer or
amplify the relationship between ELAs and financial fraud vulnerability. The three-way
interaction terms (ELAs x Resilience x Financial Literacy, ELAs x Social Support x Financial
Literacy, and ELAs x Financial Guidance x Financial Literacy), shown as larger dashed arrows,

explore whether combinations of protective factors influence financial fraud risk in later life.
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Figure 3.1. Moderation Model of ELAs and Financial Fraud Vulnerability

T, Timing and Time (Tg) T,
Financial Social Resilience Financial
Literacy Support Guidance
Early Life Financial
Adversity — = - Fraud
(ELA) Vulnerability
ELA x Resilience x Financial Literacy

| ELA x Social Support x Financial Literacy

ELA x Financial Guidance x Financial Literacy
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Age, Marital

Status,
Employment
Status

Control Variables

The control variables included in this study were selected based on prior research in
financial decision-making, consumer behavior and vulnerability (Rajan et al., 2021; Schwandt,
2018). These variables are categorized into four key domains: sociodemographic factors,
financial characteristics, cognitive function, and life-cycle indicators. Controlling for these
variables allows for a more accurate analysis of the relationship between early life adversity
(ELA) and financial fraud vulnerability by reducing protentional confounding effects and
improving model precision.

Socio-demographic. Demographic characteristics play a well-documented role in
financial decision-making and fraud susceptibility (James et al., 2014; Kim & Chatterjee, 2013).

This study controls for age, gender, race, marital status, education level, and employment status,
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as these factors influence financial risk perception, decision-making tendencies, and vulnerability
to financial exploitation.

e Age was included as a continuous variable, drawn from the 2020 wave of the HRS,
reflecting participants’ age at the time of the most recent survey response. Prior research
suggests that older adults may face heightened financial vulnerability due to cognitive
decline and increased exposure to fraud schemes (Hale et al., 2020; Lusardi & Mitchell,
2014; Manly et al., 2022; Qian et al., 2021; Shao et al., 2019).

e Gender was coded as a binary variable, with males coded as 1 and females codes as 0,
aligning with studies showing that gender differences in financial literacy and risk
tolerance contribute to variation fraud susceptibility (Haahr-Pedersen et al., 2020;
Mueller et al., 2020).

e Race was self-reported and categorized into three groups: White respondents were coded
as 0, Black respondents as 1, and all other racial groups as 2. Missing race values were
not imputed unless data from prior waves allowed for inference.

e Marital status is categorized as either married/partnered (coded as 1) or unmarried (coded
as 0), reflecting research that suggests single individuals may have greater financial
vulnerable due to the absence of a financial support system (Gutter & Copur, 2011).

e Education is included as a dichotomous variable, with respondents coded as 1 if they
attained some college education or higher and 0 if they completed only high school or
less.

e Employment status was also included as a binary variable, coded as 1 if the respondent
was currently working and 0 if unemployed or retired. This recognizes employment as a

key determinant of financial stability.
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All sociodemographic variables were obtained from the 2020 RAND HRS Longitudinal File,
a standardized dataset that harmonizes multiple waves of HRS data to improve cross-time
comparisons (RAND HRS Longitudinal File 2020 (V1), 2023).

Financial. Financial security is a strong predictor of financial behavior and resilience
(Farrell et al, 2016). To account for economic stability, net worth and credit card debts are
included as financial controls. Burbridge et al. (1988) note that net worth data often demonstrates
skewness, which may violate the assumption of normality. Given the skewed distribution of net
worth data, this study applied the inverse hyperbolic sine transformation of net worth to
normalize the data. Credit card debt is measured as a binary variable coded as 1 if the respondent
carries any credit card debt and 0 otherwise, reflecting financial strain and potential vulnerability
to financial fraud. Missing financial data were minimized using imputation where necessary,
ensuring that the final dataset preserved statistical power while maintaining data integrity.

Cognitive Ability. Cognitive ability is strongly linked to financial literacy and fraud
susceptibility (Lusardi & Mitchell, 2011). This study incorporates a cognitive function scale,
which is summed performance across multiple cognitive tasks as a proxy for cognitive function,
including measures of immediate and delayed word recall, as well as awareness of current events
(e.g., correctly identifying the current U.S. President and Vice President). The scale is
normalized to range from 0 to 8, with higher scores indicating better cognitive function. This
measure was adapted for use in the HRS from the Telephone Interview for Cognitive (TICS)
(Brandt et al., 1988), which was modeled after the Mini-Mental State Exam (MMSE) (Folstein et
al., 1983). Given that cognitive decline increases susceptibility to financial deception, controlling

for cognitive ability provides a clear understanding of financial vulnerability risks (Hale et al.,
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2020; Manly et al., 2022; Qian et al., 2021). Table 3.8 displays the internal consistency of the
mental status scale.

Table 3.8. Cronbach's Alpha for Mental Status Scale

Cronbach's
Items o M S.D. Min. Max.
Mental Status 8 0.72 6.27 1.78 0 8

A summary of the control variables used in this study is presented in Table 3.9, detailing
their measurement and coding.

Table 3.9. Measurement of Control Variables

Variable Measurement

Age Continuous variable (2020 HRS wave)

Gender 0 for Female; 1 for Male

Relationship Status 1 for Married/Partnered; 0 for unmarried in 2020

Race 0 if respondent reported being White; 1 for Black, 2 for Other

Education 1 if the respondent completed some college level education or
beyond; otherwise, 0 in 2020

Employment Status 1 if the respondent is working; 0 if not working in 2020

Net Worth Inverse hyperbolic sine transformation liquid net worth in 2020

Credit Card Debt 1 if respondent has any credit card debt; 0 if not

Cognitive Function Scale Continuous variable ranging from 0 to 8; sum of correct
responses

To further illustrate the anticipated relationships between ELAs, financial vulnerability,
and the moderating effects of protective factors, Table 3.10 presents the expected directional
effects of the study variables. The table outlines the direct impact of ELAs on financial fraud
vulnerability and the hypothesized highlights the hypothesized direct effect of ELAs on financial
fraud vulnerability, as well as the expected moderating roles of financial literacy, psychological
resilience, social support, and financial guidance. Additionally, it outlines the influence of key
control variables, which are essential for isolating the primary relationship under investigation.
This framework provides a structured approach for examining how early-life adversity translates
into financial risk later in life while considering the buffering effects of protective factors.
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Table 3.10. Expected Relationship between Model Variables and Financial Fraud Vulnerability

Financial Fraud Vulnerability
Expected Effect

Variable

Early Life Adversity (ELA)
Aggregate Measure +
Moderation by Financial Literacy
ELA x Financial Literacy -
Moderation by Protective Factors
ELA x Psychological Resilience -
ELA x Social Support -
ELA x Financial Guidance -
Three-Way Interactions
ELA x Psychological Resilience x Financial Literacy -
ELA x Social Support x Financial Literacy -
ELA x Financial Guidance x Financial Literacy -
Control Variables
Age +
Gender (Male vs. Females) +
Marital Status (Married vs. Unmarried) -
Race (White vs. Black or Other) -
Education (College vs. No College) -
Employment (Employed vs. Unemployed) -
Net Worth -
Credit Card Debt +
Cognitive Function Scale -

Data Analysis

This study used logistic regression analysis to examine the relationship between early life
adversity (ELA) and financial fraud vulnerability, incorporating moderating roles of financial
literacy, resilience, social support, and financial guidance. Logistic regression is well-suited for
this analysis as it allows for the estimation of relationships between independent variables, both
continuous and categorical, while predicting a binary outcome —financial fraud vulnerability. To
account for missing data in key variables, multiple imputation with predictive mean matching

(PMM) was used for financial literacy, resilience, social support, financial guidance, and credit
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card debt. The decision to use multiple imputation was based on an assessment of missing data
patterns, which indicated that the data were missing at random (MAR) rather than completely at
random (MCAR) (Wulff & Ejlskov, 2017). PMM was selected due to its ability to generate
plausible values that maintain the observed data distribution, reducing bias introduced by listwise
deletion (Akmam et al., 2019; Morris et al., 2014). Ten imputations were created, and estimates
were pooled to ensure robust inference (Durrant, 2005; Rubin, 1996; Rubin & Schenker, 1986).
Given the relatively low prevalence of fraud victimization within the sample, Firth logistic
regression was employed to address separation issues and mitigate bias in small event data
(Firth, 1993). Additionally, ordinary least squares (OLS) regression was used to analyze fraud
severity as a continuous outcome, providing a complementary assessment of financial fraud
vulnerability beyond binary categorization. To ensure that missing values did not bias the
estimation of the relationship between ELAs and financial fraud vulnerability, imputed values
were incorporated into the main regression models. Additionally, sensitivity analyses were
conducted using the original dataset (before imputation) to compare findings and assess the
robustness of the results.

Moderation analyses was conducted using interaction terms to evaluate whether financial
literacy, resilience, social support, and financial guidance buffer the relationship between ELAs
and fraud vulnerability. To ensure robustness, several model fit criteria were evaluated, including
McFadden’s R?, which assesses model improvement over a null model; Nagelkerke’s R2, which
adjusts McFadden’s measure to range between 0 and 1 for comparability; and Cox & Snell’s R?,
which is derived from likelihood-based statistics but does not reach 1. Further model selection
was guided by Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) to

identify the best-fitting model. The predictive accuracy of the models is assessed using
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classification tables and receiver operating characteristics (ROC) curve analysis.
Multicollinearity was examined using variance inflation factors (VIF), ensuring that predictors
did not exhibit excessive correlation. Because VIF is not directly available after multiple
imputation in Stata, we extracted the first imputed dataset and ran VIF diagnostics on it to
confirm that collinearity was not an issue.
Analysis Structure

The data for this study were processed and analyzed using Stata 18 (StataCorp, 2023),
leveraging multiple waves of the Health and Retirement Study (HRS) from 2008, 2010, 2012,
2016, and 2020, along with RAND-enhanced HRS data for additional control variables. The
analysis followed a structured approach beginning with data cleaning and preparation, which
involved removing duplicate cases, standardizing variable coding, and merging multiple datasets
to create a comprehensive analysis file. Missing data diagnostics were conducted to classify
missing patterns as missing at random (MAR) or missing completely at random (MCAR) based
on statistical tests (Little & Rubin, 2019). Following data cleaning, multiple imputation was
performed to handle missing values for financial literacy, resilience, social support, financial
guidance, and credit card debt using predictive mean matching (PMM). Race, gender, education,
employment status, and net worth were not imputed as they had no missing values. Imputation
results were validated by comparing distributions between observed and imputed values to
ensure consistency.

Once imputation was completed, descriptive and inferential analyses were conducted to
examine the relationships between key variables. Logistic regression models were estimated to
assess financial fraud vulnerability, while OLS regression models were used to examine fraud

severity as a continuous outcome. Sensitivity analyses were conducted to compare results
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between imputed and non-imputed datasets, testing the robustness of findings. To investigate
moderation effects, interaction terms were introduced to examine how financial literacy,
resilience, social support, and financial guidance influenced the relationship between ELAs and
fraud vulnerability.

Further robustness checks and model diagnostics were performed to validate results.
Variance inflation factors (VIF) were calculated to detect potential multicollinearity among
predictors, with VIF diagnostics conducted on the first imputed dataset for accuracy. Model fit
was assessed using AIC, BIC, and pseudo R? measures to determine the best-fitting model.
Additionally, predictive accuracy was evaluated using ROC curve analysis and classification
tables to assess how well the logistic models distinguish between fraud victims and non-victims.
The final step involved model selection and interpretation, where coefficients across models
were compared to assess stability across imputations. Pooled estimates were generated to ensure
reliable interpretation of results. This structured approach allowed for a rigorous and
comprehensive assessment of financial fraud vulnerability and the role of protective factors in
mitigating risk while accounting for missing data and ensuring the robustness of findings.
Hypotheses

Understanding the relationship between ELAs and financial fraud vulnerability requires a
structured examination of direct effects and moderating influences. This study tests a series of
hypotheses that explore how early-life adversity affects financial fraud risk and whether financial
literacy, resilience, social support, and financial guidance serve as protective mechanisms. Each
hypothesis is tied to a specific statistical model to ensure rigor in hypothesis testing.

Direct Effects of ELAs on Financial Vulnerability
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Hla: Individuals with at least one ELA are at greater risk of financial fraud vulnerability
compared to those with no ELAs.

H1b: The relationship will show a dose-pattern, with more ELAs predicting higher
vulnerability.

Moderating Effects of Demographics

H2: The effect of ELAs on financial vulnerability is moderated by race, such that certain
racial groups experience a stronger relationship.

H3: The effect of ELAs on financial vulnerability is moderated by gender, with one
gender being more vulnerable than the other.

H4: The effect of ELAs on financial vulnerability is moderated by age, with older adults
exhibiting a stronger relationship.

H5: The effect of ELAs on financial vulnerability is moderated by marital status, with
unmarried individuals experiencing greater financial vulnerability compared to married
individuals.

H6: The effect of ELAs on financial vulnerability is moderated by educational
attainment, with higher education reducing vulnerability.

H7: The effect of ELAs on financial vulnerability is moderated by employment status,
with unemployed or underemployed individuals exhibiting a stronger relationship.
Moderating Effects of Protective Factors

HS8: Resilience moderates the relationship between ELAs and financial vulnerability,

such that individuals with higher resilience experience lower financial vulnerability.

68



HO: Financial literacy moderates the relationship between ELAs and financial
vulnerability, such that individuals with higher financial literacy are less likely to fall
victim.

H10: Social support moderates the relationship between ELAs and financial

vulnerability, such that individuals with higher social support experience lower financial

vulnerability.

H11: Financial guidance moderates the relationship between ELAs and financial

vulnerability, such that individuals who receive financial coaching or guidance

experience lower financial vulnerability.

H12: There is a three-way interaction between ELAs, resilience, and financial literacy,

such that individuals with high resilience and high financial literacy experience the

lowest levels of financial vulnerability.

H13: There is a three-way interaction between ELAs, social support, and financial

literacy, such that individuals with high social support and high financial literacy

experience the lowest levels of financial vulnerability.

H14: There is a three-way interaction between ELAs, financial guidance, and financial

literacy, such that individuals with high financial guidance and high financial literacy

experience the lowest levels of financial vulnerability.

Upon testing these hypotheses, this study provides new insights into the mechanisms
through which ELAs influence financial vulnerability and the potential for resilience and
financial knowledge to mitigate fraud risk. The results of these analyses inform financial
education interventions, policy recommendations, and future research aimed at improving

financial security for at-risk populations.
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Chapter 4 — Findings and Results

Understanding financial vulnerability in later life requires a nuanced examination of both
psychological and economic factors. This study investigates how early life adversities (ELAs)
shape financial fraud vulnerability in older adults, with particular attention to the moderating
roles of financial literacy, resilience, financial guidance and social support. Using data from the
Health and Retirement Study (HRS), this analysis employs multiple imputation techniques to
address missing data and utilizes logistic and linear regression analyses to assess key predictors
of financial fraud vulnerability. The findings provide empirical evidence that early-life adversity
translates into financial vulnerability, highlighting the role of psychological and financial
resources in mitigating fraud.

This chapter presents the results, beginning with a demographic profile of the analytic
sample to establish the study’s population characteristics. Next, descriptive statistics detail the
distribution of key variables, including cognitive function, financial literacy, and resilience. The
chapter then transitions to the core regression analyses, identifying the strongest predictors of
fraud victimization and financial fraud vulnerability. Each analysis builds upon the conceptual
framework established in earlier chapters, systematically testing the hypotheses regarding the
interaction between psychological and financial characteristics in shaping financial outcomes in
older adults. This chapter concludes with a synthesis of the key findings, positioning them within
the broader literature and providing a foundation for the discussion in the final chapter.

Demographic characteristics of the sample

An overview of the sample characteristics is presented in Tables 4.1 and 4.2. The final
analytic sample consists of 15,681 respondents drawn from the Health and Retirement Study

(HRS). Given the complexity of the HRS sampling design and the presence of missing data in
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key financial and psychological variables, multiple imputation was employed to ensure the
integrity of the dataset. Specifically, imputation was applied to financial literacy, social support,
resilience, financial guidance, cognitive function, and credit card debt to mitigate potential bias
associated with missing responses.

The gender distribution of the sample was 59.36% female (n = 9,309) and 40.64% male
(n=6,732). The mean age of respondents in 2020 was 68.06 years (SD = 10.83), with an age
range from 50 to 104 years. To facilitate interpretation, age was categorized into three groups:
younger-old adults (<60 years old) (27.14%, n = 4,256), middle-aged-old adults (61-75 years
old) (45.90%, n = 7,198), and older-old adults (76 years and older) (26.97%, n = 4,227). These
age categorizations reflect meaningful distinctions in financial decision-making and differential
vulnerability to economic stressors in later life.

In terms of racial composition, 65.45% of respondents (n = 10,265) identified as White,
22.04% (n = 3,454) identified as Black, and 12.51% (n = 1,962) identified as another racial
category. Educational attainment was classified into two categories: 46.66% of respondents had
less than a college education, while 53.34% had completed college or attained a higher degree.
Employment status at the time of data collection indicated that 64.13% of respondents were not
working, whereas 35.87% remained in the workforce. Marital status was balanced, with 59.85%
of respondents being married (n = 9,385) and 40.15% being unmarried (n = 6,296).

Financial vulnerability was assessed through self-reported experiences of fraud
victimization. Within the sample, 7.63% (n = 1,196) of respondents reported being victims of
financial fraud, while 92.37% (n = 14,485) did not report such experiences. Additionally,
31.78% (n = 4,984) of respondents reported having outstanding credit card debt, while 68.22% (n

=10,697) had no credit card balances. Although credit card debt does not directly indicate fraud
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vulnerability, it serves as an indicator of financial strain that may increase susceptibility. These
findings highlight the prevalence of financial fraud among older adults and reinforce the
importance of examining the psychological and financial factors that contribute to susceptibility
to financial exploitation.

Table 4.11. Sample Characteristics of Categorical Variables (N = 15,681)

Variable n %
Gender

Female 9,309 59.36%

Male 6,372 40.64%
Age Group

Young (< 60) 4,256 27.14%

Middle-Aged (61-75) 7,198 45.90%

Older (76+) 4,227 26.97%
Race

White 10,265 64.45%

Black 3,454 22.04%

Other 1,962 12.51%
Education

Less than college 7,316 46.66%

College or higher 8,365 53.34%
Marital Status

Married 9,385 59.85%

Not Married 6,296 40.15%
Employment status

Not Working 10,060 64.13%

Working 5,621 35.87%
Credit Card Debt

No Credit Card Debt 10,697 68.22%

Has Credit Card Debt 4,984 31.78%
Fraud Victimization

No Fraud Victimization 14,485 92.37%

Fraud Victimization 1,196 7.63%

Table 4.2 presents the summary statistics for the continuous variables included in the
study. The average financial literacy score was 2.30 (SD = 0.79), measured on a 0-3 scale,
indicating moderate levels of financial knowledge among respondents. Resilience, assessed using
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a 0-12 standardized scale, had a mean score of 8.73 (SD = 1.98), reflecting differences in
psychological adaptability across the sample. Social support, measured on a 0-3 scale, had a
mean of 0.85 (SD = 0.54), suggesting that participants reported low to moderate perceived social
support from their networks.

Cognitive function scores, ranging from 0 to 8, had a mean of 6.29 (SD =1.17),
providing insight into the overall cognitive ability of respondents. Finally, net worth,
transformed using the inverse hyperbolic sine (IHS) function to account for skewness, had a
mean of 10.55 (SD = 6.21). These summary statistics establish the distribution and central
tendencies of key financial and psychological constructs in the sample, providing a foundation
for subsequent analyses.

Table 4.12. Sample Characteristics of Scales and Continuous Variables (N = 15,681)

Variable M SD Min Max
Age (2020) 68.06 10.83 50 104
Financial Literacy Score (0-3) 2.31 0.83 0 3
Resilience Score (0-12) 8.73 1.98 0.75 12
Social Support Score (0-3) 0.85 0.54 0 3
Cognitive Function (0-8) 6.29 1.17 0 8
IHS Net Worth (Transformed) 10.55 6.21 -11.09 16.26

Bivariate Correlations and Preliminary Analyses

Bivariate Correlations

Before proceeding to the primary regression analyses, bivariate correlations and
preliminary statistical tests were conducted to examine the relationships between key study
variables. These analyses provide an initial examination of associations between psychological,
financial, and demographic factors and financial vulnerability outcomes, specifically fraud

victimization and fraud severity.
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Table 4.13. Bivariate Correlation Matrix for Key Continuous Variables

Variables 1 2 3 4 5 6 7 8 9
1. ELA Score 1.00

2. Financial Literacy -0.02 1.00

3. Resilience -0.06™  0.157  1.00

4. Social Support 0.06"  -0.10"" -0.35""  1.00

5. Financial Guidance  -0.02 0.09""  0.20"™" -0.09"" 1.00

6. Cognitive Function ~ -0.02 0.12" 0.22""  -0.02  0.06™"  1.00

7. New Worth (IHS) -0.09™"  0.04™  0.08™  -0.02 0.04™ 0.10"™"  1.00

8. Credit Card Debt 0.06""  0.06"™ -0.04" 0.02  -0.05"" 0.11"™ -0.08""  1.00

9. Fraud Severity 0.03"" -0.01 0.01 0.02™" -0.01  0.03"™ 0.03" 0.05" 1.00

Notes. Correlations are based on pooled imputed datasets; p <.05. “p <.01. **p <.001.

Table 4.3 presents the bivariate correlations among continuous study variables, including
early life adversities (ELAs), financial literacy, resilience, social support, financial guidance,
cognitive function, net worth (IHS transformed), credit card debt, and financial fraud severity.
Correlations were computed separately for non-imputed data (m=0) and pooled across multiple
imputations to ensure robustness. Initial correlation analysis revealed several notable patterns.
Financial literacy was negatively correlated to ELAs (r = -0.02, p <.05), suggesting that
individuals with higher childhood adversity exhibited lower financial knowledge. Resilience
demonstrated a positive association with financial literacy (r = 0.15, p <.01), indicating that
individuals with greater psychological adaptability also displayed stronger financial knowledge.
A moderate negative correlation between social support and resilience (r =-0.35, p <.001),
suggests that individuals with higher resilience may rely less on external support networks. Fraud
severity exhibited small but statistically significant correlations with multiple predictors,
including social support (r = 0.02, p <.01) and ELAs (r = 0.03, p <.001). These results imply a
modest relationship between these psychological and financial factors and an individual’s
susceptibility to fraud. Notably, credit card debt was positively correlated with ELAs (r = 0.06, p

<.001) and financial literacy (r = 0.06, p < .001), while net worth exhibited positive associations
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with cognitive function (r = 0.10, p <.001) and financial literacy (r = 0.04, p < .01). These
findings underscore the intricate relationships between financial well-being, cognitive function,
and early-life adversity.

Chi-Square Analysis for Categorical Variables

The chi-square analyses examined the association between fraud victimization and key
demographic factors. The results indicated a statistically significantly association between
gender and fraud victimization X?(1, n = 15,681) = 6.00, p = .014, with females experiencing
slightly higher rates of fraud victimization compared to males. Race was also a significant
predictor X?(2, n = 15,681) = 32.05, p < .001, with Black and Other racial groups reporting
higher fraud victimization rates compared to White respondents. Educational attainment was
strongly associated with fraud victimization, X?(1, n=15,681) = 86.25, p < .001, where
individuals with a college degree or higher reported greater likelihood of fraud victimization
compared to those with less education. Employment status was significantly linked to fraud
victimization, X?(1, n=15,681) = 7.18, p = .007, with non-working individuals at a higher risk.
Marital status was not significantly associated with fraud victimization X?(1, n=15,681) = 0.76,
p = .384, indicating that being married or unmarried did not meaningfully influence fraud
victimization.

T-Tests and ANOVA for Fraud Severity

To assess group differences in fraud severity, independent sample t-tests and one-way
analysis of variance (ANOVA) were conducted. As shown in Table 4.4, men reported
significantly higher fraud severity scores (M = 0.092, SD = 0.32) compared to women (M =
0.079, SD = 0.30), t(15,679) = -2.50, p = .012. Age group differences were also significant, F(2,

15,678) = 41.36, p < .001, with middle-old-aged adults (61-75 years old) reporting higher fraud
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severity than both younger (< 60) and older (76+) adults. Race was significantly associated with
fraud severity, F(2, 15,678) = 11.00, p <.001, with Black (M = 0.077, SD = 0.31) and Other
racial groups (M = 0.057, SD = 0.26) reporting slightly higher fraud severity scores than White
respondents (M = 0.092, SD = 0.31). Educational attainment showed a pronounced effect, F(1,
15,679) = 75.15, p < .001, with those holding a college degree (M = 0.104, SD = 0.34) reporting
greater fraud severity scores compared to individuals with lower educational attainment (M =
0.062, SD = 0.27). Marital status was not significantly associated with fraud severity, F(1,
15,679) = 0.85, p = .355, with married (M = 0.086, SD = 0.31) and unmarried individuals (M =
0.082, SD = 0.31) reporting similar fraud severity levels. Lastly, employment status was
associated with fraud severity, F(1, 15,679) = 5.54, p = .019, with non-working respondents (M
=0.089, SD = 0.31) experiencing slightly higher fraud severity levels compared to those who
were employed (M = 0.077, SD = 0.30). While the effect sizes were small, these findings
highlight important differences in fraud severity across key socioeconomic groups and support
the need for further multivariate analyses to understand the interplay between financial,
psychological, and demographic risk factors in determining fraud vulnerability.

Table 14. T-Test and ANOVA Results for Fraud Severity Across Demographic Groups

Variable M (SD) t df p-value Effect Size
Gender -2.50 15,679 012" d=.05 (Small)
Female 0.079 (0.30)
Male 0.092 (0.32)
Age Group 41.36 2,15,678 <.001"" n?>=.01 (Small)
Young (< 60) 0.051 (0.25)
Middle-Aged (61-75) 0.105 (0.34)
Older (76+) 0.084 (0.31)
Race 11.00 2,15,678 <.001""  n?>=.01 (Small)
White 0.092 (0.31)
Black 0.077 (0.31)
Other 0.057 (0.26)
Education 75.15 15,679  <.001™ n?=.01 (Small)
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Less than College 0.062 (0.27)

College or Higher 0.104 (0.34)

Marital Status 0.85 15,679 355 n?=.00 (No Effect)
Married 0.086 (0.31)
Unmarried 0.082 (0.31)

Employment Status 5.54 15,679 019" n?>=.00 (No Effect)
Not Working 0.089 (0.31)
Working 0.077 (0.30)

Normality Tests and Log Transformation

To assess the distribution of fraud severity, skewness and kurtosis measures were
examined, revealing substantial non-normality (skewness = 3.82, kurtosis = 18.13). The
D’ Agostino-Pearson test confirmed a significant deviation from normality (p <.001). Visual
inspections, including histograms, kernel density plots, and Q-Q plots, further illustrated a right-
skewed distribution with a heavy tail.

A log transformation was attempted; however, due to the large number of zero values in
fraud severity, this method produced 92,790 missing cases, making statistically impractical.
Given the large sample size, normality was not required for regression analyses. Instead, robust
standard errors were employed to account for potential heteroskedasticity, ensuring the validity
of statistical inference.

The bivariate correlations, chi-square tests, and group comparisons provide initial
evidence supporting the hypothesized relationships between ELAs, psychological characteristics,
and financial vulnerability. While the observed associations are modest, they indicate that both
psychological and financial factors contribute to fraud susceptibility. The following sections
present the results of the regression analyses, which formally test these relationships within a

multivariate framework, accounting for potential confounders and interaction effects.
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Regression Analyses and Hypothesis Testing

To examine the predictors of financial fraud victimization and fraud severity, a series of
regression analyses were conducted. Logistic regression was used to estimate the likelihood of
fraud victimization as a binary outcome, while ordinary least squares (OLS) regression was
employed to analyze predictors of fraud severity. Given the presence of missing data, multiple
imputation techniques were applied across five imputed datasets to improve estimate reliability.
These models allow for an assessment of how demographic, financial, and psychological factors
contribute to financial vulnerability among older adults.

Logistic Regression: Predicting Fraud Victimization

Table 4.5 presents the results of the logistic regression predicting fraud victimization.
Individuals who experienced at least one early life adversity (ELA) had 19% higher odds of
reporting fraud victimization (OR = 1.19, p <.001), suggesting a long-term link between early-
life adversity and financial risk. Gender was also a significant predictor, with women having
25% higher odds of fraud victimization compared to men (OR = 1.25, p =.002). Age showed an
inverse relationship with fraud victimization, as each additional year of age was associated with
16% lower odds of experiencing fraud (OR = 0.84, p =.010). Educational attainment was also
associated with fraud victimization, with individuals holding a college degree or higher having
68% higher odds of fraud victimization (OR = 1.68, p <.001), possibly reflecting greater
engagement in financial activities that expose them to fraud risks.

Table 15. Logistic Regression Predicting Fraud Victimization

Variables B SE OR

ELA Exposure Category 0.18™ 0.05 1.20 (1.09, 1.33)
Financial Literacy Score (0-3) -0.02 0.05 0.98 (0.89, 1.08)
Overall Social Support Index (0-3) 0.07 0.07 1.07 (0.93, 1.24)
Standardized Resilience Score (0-12) -0.02 0.03 0.98 (0.93, 1.04)
Receives Financial Guidance (1=Yes, 0=No) 0.02 0.15 1.02 (0.76, 1.36)

78



Gender 0.22" 0.07 1.25 (1.09, 1.43)
Age Group -0.16™ 0.06 0.85 (0.75, 0.96)
Race -0.01 0.06 0.99 (0.88, 1.12)
Marital Status 0.05 0.08 1.05 (0.91, 1.22)
Education 0.52"* 0.07 1.68 (1.44, 1.95)
Employment Status -0.11 0.09 0.89 (0.75, 1.05)
Net Worth (IHS) 0.017 0.03 1.01 (1.00, 1.03)
Credit Card Debt 0.25" 0.09 1.28 (1.07, 1.53)
Cognitive Function Scale (0-8) 0.09" 0.04 1.10 (1.02,1.19)

Note. N = 9,420. Standard errors in parentheses. “p<.05, “"p<.01, “*p<.001.

Financial and psychological variables were included to assess their relationship with
fraud victimization. While financial literacy (OR = 0.98, p = .622), social support (OR =1.07, p
=.346), resilience (OR = 0.98, p = .511), and financial guidance (OR =1.02, p = .900) were not
significant predictors, individuals with credit card debt had 28% higher odds of reporting fraud
victimization (OR = 1.28, p = .011). This finding suggests that those with financial obligations
may be more vulnerable to fraudulent schemes. Additionally, cognitive function was positively
associated with fraud victimization, with each unit increase in cognitive function associated with
9% higher odds of fraud victimization (OR = 1.09, p = .024), implying that individuals with
better cognitive function may engage in financial activities that increase their exposure to fraud.
The logistic regression model was statistically significant (F(12, 717.9) = 6.81, p <.001), though
the pseudo R? value of the 0.021 suggests that additional unmeasured factors may influence
fraud victimization risk.
OLS Regression: Predicting Fraud Severity

To examine the predictors of fraud severity, an OLS regression model was estimated,
with results presented in Table 4.6. The findings revealed that ELAs were positively associated
with fraud severity, as individuals with greater ELA exposure reported higher fraud severity

scores (f =0.017, p =.002). Similar to the fraud victimization model, gender was a significant
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predictor, with men reporting higher fraud severity scores than women (f = 0.023, p =.003).
Age was negatively associated with fraud severity (§ = -0.015, p =.032), suggesting that
younger individuals were more likely to experience severe fraud incidents. Higher educational
attainment was also a strong predictor, with those holding a college degree reporting greater
fraud severity compared to those with less education (f = 0.050, p <.001).

Table 16. OLS Regression Predicting Fraud Severity

Variables Fraud Severity
ELA Exposure Category 0.017"
(0.005)
Financial Literacy Score (0-3) -0.003
(0.005)
Overall Social Support Index (0-3) 0.008
(0.009)
Standardized Resilience Score (0-12) -0.001
(0.003)
Receives Financial Guidance (1=Yes, 0=No) 0.002
(0.016)
Gender 0.023"™
(0.008)
Age Group -0.015
(0.007)
Race 0.003
(0.006)
Marital Status 0.005
(0.008)
Education 0.050"*"
(0.008)
Employment Status -0.013
(0.009)
Net Worth (IHS) 0.002*"
(0.001)
Credit Card Debt 0.026"
(0.010)
Cognitive Function Scale (0-8) 0.008
(0.004)
Constant 0.047
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(0.036)
R? 0.012
Note. N = 9,420. Standard errors in parentheses. “p<.05, **p<.01,""p<.001.

Among financial factors, credit card debt was significantly associated with higher fraud
severity scores (ff = 0.026, p = .018), reinforcing the idea that individuals with financial
liabilities may be more susceptible to severe fraud incidents. However, financial literacy (f = -
0.003, p =.549), social support (f = 0.008, p = .346), resilience (f =-0.001, p =.693), and
financial guidance (f = 0.002, p = .883) were not statistically significant predictors of fraud
severity. Additionally, cognitive function approached statistical significance but did not reach the
conventional statistical thresholds (f = 0.007, p =.062). The OLS model was statistically
significant (F(14, 686.1) = 5.99, p <.001), though the adjusted R? value of 0.012 suggest that the
included predictors explain only a small portion of the variance in fraud severity.

Interaction and Moderation Analysis

To assess whether psychological and financial factors moderate the relationship between
early life adversity (ELA) and financial vulnerability, a series of logistic and ordinary least
squares (OLS) regression models were conducted. These models included two-way interactions
to examine whether financial literacy, social support, resilience, and financial guidance moderate
the effects of ELAs on fraud victimization and fraud severity. Additionally, three-way
interactions were tested to explore whether the combined effects of ELAs, financial literacy, and
psychological resilience or external support systems further influence financial vulnerability.
Interaction terms were created by multiplying the centered predictor variables to mitigate
potential collinearity and ensure interpretability by reducing multicollinearity issues and
facilitating meaningful interpretation of moderation effects.

Logistic Regression: Moderation Effects on Fraud Victimization
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Table 4.7 presents the results of the logistic regression models testing two-way
interactions on fraud victimizations. The inclusion of interaction terms did not substantively
improve model fit, as evidenced by the minimal change in AIC (6371.19) and BIC (6499.90)
compared to the main effects model. None of the two-way interactions reached statistical
significance at conventional levels, suggesting that resilience (OR = 0.99, p = .814), financial
literacy (OR = 0.97, p = .622), social support (OR =1.19, p =.112), and financial guidance (OR
= 1.04, p = .697) failed to demonstrate significant moderating effects on the relationship between
ELAs and fraud victimization. These findings indicate that the relationship between ELAs and
fraud victimization remains constant across varying levels of these moderators, suggesting
limited interactive effects in this context.

Table 17. Logistic Regression: Two-Way Interactions on Fraud Victimization

Expanded Fraud Victimization

Variables
(Includes All Fraud Types)
ELA x Resilience 0.001
(0.027)
ELA x Social Support 0.099
(0.023)
ELA x Financial Literacy -0.086
(0.060)
ELA x Financial Guidance 0.093
(0.108)
Constant -2.987"
(0.355)

Note. N = 9,420. Standard errors in parentheses. “p<.05, **p<.01,""p<.001.
Three-way interactions were subsequently tested to determine whether the effects of
ELAs on fraud victimization vary as a function of both financial literacy and psychological or
social factors (Table 4.8). The three-way interaction between ELAs, resilience, and financial
literacy was statistically significant (OR = 0.84, p = .029), indicating that individuals with higher

resilience and financial literacy had 16% lower odds of fraud victimization. However, the
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interactions between ELAs, social support, and financial literacy (OR = 1.04, p =.754) and
ELAs, financial guidance, and financial literacy (OR = 1.15, p = .263) were not significant.
These findings suggest that resiliency may enhance the protective effects of financial literacy in
reducing financial fraud vulnerability, whereas social support and financial guidance do not
appear to offer additional protective benefits. This pattern implies that while resilience reinforced
the advantages of financial literacy, other support mechanisms may not adequately buffer against
fraud victimization.

Table 18. Logistic Regression: Three-Way Interactions on Fraud Victimization

Expanded Fraud Victimization

Variables
(Includes All Fraud Types)

ELA x Resilience x Financial Literacy 0.056"

(0.026)
ELA x Social Support x Financial Literacy 0.115

(0.094)
ELA x Financial Guidance x Financial Literacy 0.082

(0.115)
Constant -2.973*

(0.355)

Note. N = 9,420. Standard errors in parentheses. ‘p<.05, “p<.01,"*p<.001.

OLS Regression: Moderation Effects on Fraud Severity

OLS regression models were estimated to examine whether financial literacy, social
support, resilience, and financial guidance moderate the relationships between ELAs and fraud
severity (Table 4.10). Similar to the logistic regression results, none of the two-way interaction
terms were statistically significant, including ELAs x financial literacy (f = -0.004, p = .646),
ELAs x social support (f = 0.024, p = .074), ELAs x resilience (f =-0.001, p = .868), and ELAs
x financial guidance (§ = 0.007, p = .617). These results indicate that financial literacy and
psychological resources do not significantly alter the relationship between ELAs and fraud

severity at the two-way interaction level. This lack of significant moderation suggests that the
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impact of ELAs on fraud severity remains stable regardless of individual difference in these
resources.

Table 19. OLS Regression: Two-Way on Fraud Severity

Variables Fraud Severity
ELA x Resilience -0.001
(0.003)
ELA x Social Support 0.024
(0.013)
ELA x Financial Literacy -0.004
(0.008)
ELA x Financial Guidance 0.007
(0.014)
Constant 0.054
(0.039)
R? 0.014

Note. N = 9,420. Standard errors in parentheses. “p<.05, “*p<.01,""p<.001.

Table 4.10 displays the results for the three-way interaction models. The interaction
between ELAs, resilience, and financial literacy was statistically significant (f = 0.007, p =
.022), suggesting that resilience strengthens the protective effects of financial literacy in reducing
fraud severity. Conversely, the interaction between ELAs, social support, and financial literacy
(8 =0.014, p=.214) and ELAs, financial guidance, and financial literacy (f = 0.013, p=.319)
failed to reach statistical significance. Model fit statistics revealed a slight improvement in
explanatory power with the inclusion of the three-way interaction terms (AIC = 6822.71, BIC =
6951.42), though the adjusted R? remained relatively low (0.014), indicating that these predictors
explain only a small proportion of variance in fraud severity. While this model accounts for a
marginally greater share of variance, it suggests that other unmeasured factors may contribute
more substantially to fraud severity.

Table 4.20. OLS Regression: Three-Way on Fraud Severity
Variables Fraud Severity
ELA x Resilience x Financial Literacy 0.007"
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(0.003)

ELA x Social Support x Financial Literacy 0.014
(0.011)
ELA x Financial Guidance x Financial Literacy 0.013
(0.013)
Constant 0.043
(0.036)
R? 0.014

Note. N = 9,420. Standard errors in parentheses. “p<.05, **p<.01,""p<.001.

Summary of Analyses

This study examined the relationship between early life adversity (ELA), financial and
psychological factors, and financial vulnerability in older adults. The findings were derived from
a series of logistic and ordinary least squares (OLS) regression analyses, providing insights into
the direct effects of ELAs on fraud victimization and fraud severity, as well as the potential
moderating roles of financial literacy, social support, resilience, and financial guidance. The
analyses revealed that while ELAs consistently predicted fraud victimization, the effects of
financial literacy and resilience varied based on moderation models, suggesting that individual
differences in psychological adaptability may shape fraud risk.

Direct Effects on Fraud Victimization and Fraud Severity

The results supported the hypothesis that ELAs are associated with greater financial
vulnerability. Individuals with at least one ELA were significantly more likely to report fraud
victimization (H1a), and a dose-response pattern was observed, indicating that those with a
higher number of ELAs demonstrated increased financial vulnerability (H1b). Among
demographic factors, gender (H3), age (H4), and education (H6) were significant predictors, with
women, younger individuals, and those with higher levels of education exhibiting greater fraud

victimization risk. Marital status (H5) and employment status (H7) were not statistically
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significant at conventional levels, but exhibited marginal effects, while race (H2) was not a
significant predictor of fraud victimization.

Financial factors also played a role in predicting fraud vulnerability. Credit card debt
emerged as a significant predictor of both fraud victimization and fraud severity, suggesting that
financial strain may increase susceptibility to financial exploitation. In contrast, financial
literacy, social support, resilience, and financial guidance did not significantly predict fraud
victimization at the main effects level. Cognitive function was positively associated with fraud
victimization, suggesting that individuals with higher cognitive function engage in financial
activities that expose them to greater fraud risk. This finding suggests that greater financial
sophistication may be associated with increased exposure to complex financial decision-making,
which could heighten fraud risk.

Moderating Effects of Psychological and Financial Factors

Moderation analysis tested whether psychological and financial resources buffer the
effects of ELAs on financial vulnerability (H8-H11). No significant two-way interactions were
found, indicating that financial literacy, social support, resilience, and financial guidance did not
significantly alter the ELA-fraud relationship. These findings imply that the impact of ELAs on
fraud victimization is consistent across different levels of these resources.

However, in the three-way interaction models (H12-14), resilience strengthened the
protective effects of financial literacy, reducing fraud victimization and fraud severity among
individuals with high resilience and financial literacy. In contrast, the interactions involving
social support and financial guidance did not reach statistical significance, suggesting that these

external resources do not provide additional protective benefits in mitigating financial fraud risk.
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This patten of findings underscores the interplay between individual characteristics and financial
capabilities in determining fraud risk.

Figure 4.1 illustrated the tested moderation and three-way interaction effects on the
relationship between ELAs and financial fraud vulnerability. Solid arrows represent significant
relationships, while dashed arrows indicate non-significant effects.

Figure 4.1. Moderation Model with Empirical Results
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Model Performance and Implications

While the regression models were statistically significant, the variance explained was
relatively small, particularly in the prediction of fraud severity. The adjusted R? for fraud
severity remained low, indicating that while ELAs and financial factors contribute to fraud
vulnerability, additional unmeasured factors likely play a role in predicting financial fraud risk in
later life. The logistic regression models predicting fraud victimization also demonstrated

significant relationships but explained only a small portion of the variance. The relatively modest
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effect sizes indicate that additional research is needed to identify other key determinants of fraud
risk among older adults.

The results of this study indicate that while ELAs have a direct and persistent effect on
financial vulnerability, financial literacy alone does not fully mitigate the risk. While resilience
was not a significant predictor in this study, behavioral and psychological interventions remain
important for mitigating financial vulnerability. These findings have important implications for
policy and practice, suggesting that interventions should not only focus on improving financial
literacy but also incorporate strategies that address financial stress, cognitive function, and

financial decision-making skills.
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Chapter 5 — Discussion, Implication, and Conclusions

Financial fraud is a growing concern, particularly among older adults who may face
cognitive decline and complex financial decision-making challenges. In recent years, fraud
schemes have become increasingly sophisticated, targeting individuals with varying levels of
financial knowledge and psychological vulnerability. Estimates from the Federal Trade
Commission (2024) show that Americans lost over $10 billion to fraud in 2023, with older adults
and financially vulnerable populations experiencing a disproportionate share of these losses.
Despite growing efforts to combat financial exploitation, many individuals remain at high risk,
particularly those with limited financial literacy and lower psychological resilience.

While existing literature links early life adversity (ELA) to a range of negative outcomes,
including poor health, financial instability, and reduced financial well-being (Harter & Harter,
2022; Herzog & Schmahl, 2018), the relationship between ELAs and financial fraud
vulnerability remains relatively unexplored. Studies indicate that individuals with higher ELAs
score may be more impulsive, less likely to engage in long-term financial planning, and more
susceptible to high-pressure financial schemes (Ross et al., 2022; Shin et al., 2018). However,
the extent to which protective factors — such as financial literacy, resilience, social support, or
financial guidance — mitigate these risks is not well established.

This study builds on prior literature by examining both the direct effects of ELAs on
financial fraud vulnerability and the moderating roles of key protective factors. Using data from
the Health and Retirement Study (HRS), this research provides an empirical examination of how
early-life adversity shapes financial decision-making and fraud risk later in life. By applying life
course model and resiliency theory, this study explores the interplay between psychological

resilience, financial knowledge, external support systems, and financial guidance, providing
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insights that can inform financial education initiatives, fraud prevention programs and
policymaking.

This chapter discusses these findings in depth, highlighting their significance in both
theoretical and practical contexts. Specifically, the results underscore the critical role that
resilience plays in enhancing the protective benefits of financial literacy against fraud
vulnerability. Additionally, the chapter addresses study limitations and areas of future research.
While offering novel insights into the connections between ELAs, financial literacy, resilience,
and fraud vulnerability, this study also emphasizes the importance of further examining
psychological resilience’s role in shaping financial behaviors. Future research should extend this
line of inquiry to diverse populations and incorporate longitudinal and experimental designs to
establish causal relationships. Clarifying these mechanisms is essential for designing targeted
interventions, enhancing financial literacy programs, and strengthening fraud prevention
strategies, ultimately promoting greater financial security among vulnerable groups.

Discussion of Research Findings

This study examined the relationship between early life adversity (ELA) and financial
fraud vulnerability, focusing on both the direct effects and the moderating role of protective
factors such as financial literacy, resilience, social support, and financial guidance. Using data
from the Health and Retirement Study (HRS), this research investigates whether individuals with
ELA histories exhibited higher fraud vulnerability and whether psychological and financial
resources buffered this relationship. Guided by life course model and resiliency theory, the
findings provide insight into the long-term financial consequences of childhood adversity and the

mechanisms that may mitigate financial exploitation in later life.
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The statistical analyses support the hypothesis that ELA exposure is significantly
associated with greater financial fraud vulnerability. The results indicate that individuals with at
least one ELA were more likely to report fraud victimization, with a dose-response pattern
emerging — those with a higher number of ELAs exhibited even greater vulnerability. However,
contrary to expectations, financial literacy alone did not significantly reduce fraud vulnerability,
suggesting that cognitive financial knowledge alone is insufficient to prevent fraud without
behavioral or psychological resilience. Significantly, resilience, when paired with financial
literacy, demonstrated a protective effect highlighting the interplay between psychological
adaptability and financial decision-making. This finding represents a key contribution to the
literature by identifying resilience as an essential component for leveraging the benefits of
financial knowledge. While social support and financial guidance were hypothesized to buffer
against fraud risk, their moderating effects were not statistically significant implying that
external financial resources alone may not adequately mitigate financial vulnerability without
personal psychological strengths such as resilience.

Direct Effects

Psychological and Financial Relationships

This study examined the direct effects of ELAs on financial fraud vulnerability.
Hypotheses Hla and H1b predicted that individuals with ELAs would demonstrate greater
susceptibility to fraud, following a dose-response pattern in which higher ELA exposure
corresponds with increased fraud risk. The findings support these hypotheses, indicating that
childhood adversity significantly increases the likelihood of fraud victimization (OR = 1.19, p <
.001). These findings align with prior research demonstrating that early-life adversity is

associated with cognitive impairments, heighted impulsivity, and maladaptive financial
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behaviors, all of which can contribute to increased fraud susceptibility (Benmoyal-Bouzaglo et
al., 2019; Lovallo et al., 2013; McMullin et al., 2021; Ross et al., 2022). This study extends the
current understanding of ELA-related risk by demonstrating a clear link between ELA exposure
to financial fraud vulnerability in older adults.

While financial literacy is frequently considered a protective factor against fraud, this
study found no significant direct association between financial literacy and fraud victimization.
This finding contrasts with existing literature suggesting that financial knowledge reduces
susceptibility to scam (Kadoya et al., 2021; Lusardi & Mitchell, 2014; Zheng et al., 2024).
Instead, the current results imply that cognitive financial knowledge alone may be insufficient to
prevent fraud victimization without accompanying behavioral skills or psychological resources
such as resilience. Importantly, resilience showed a distinctly different pattern, with individuals
exhibiting higher resilience reporting reduced fraud susceptibility, though this effect emerged
most clearly in interaction with financial literacy, rather than directly. This finding is consistent
with resiliency theory, which suggests that adaptive coping mechanisms enable individuals to
navigate financial risk more effectively (Masten, 2016). Interventions should therefore prioritize
resilience-building alongside financial education.

Neither social support nor financial guidance demonstrated significant direct effects,
indicating that external support systems, while generally beneficial for financial well-being, do
not directly reduce fraud vulnerability. This finding is particularly important because it
challenges common assumptions that increased social connectedness or professional financial
guidance automatically reduces fraud risk. Additional research is needed to clarify why these
factors were ineffective in directly mitigating fraud victimization and to identify conditions

under which they may offer protection.
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Moderation Effects

Demographic Factors and Financial Vulnerability

This study also tested the moderating roles of demographic characteristics in the
relationship between ELAs and financial fraud vulnerability. Among these, gender, age, and
education emerged as significant factors. Gender significantly moderated the relationship
between ELAs and fraud vulnerability (H3), with women exhibiting higher odds of fraud
victimization compared to men. This finding aligns with previous research suggesting that
gender-based differences in financial decision-making and risk perception contribute to
differences in fraud susceptibility (Cumming et al., 2015; Mottola et al., 2024; Sandhu, 2020).

Contrary to expectations, younger individuals demonstrated higher levels of fraud
victimization, while older adults exhibited a weaker relationship between ELAs and fraud
vulnerability (H4). This finding diverges from prior research that emphasizes elder fraud risks
due to cognitive decline (James et al., 2014; Judges et al., 2017; Shao et al., 2019). Instead, it
aligns with emerging evidence suggesting that younger adults, particularly those engaged in
digital financial transactions, may face increased exposure to innovative or technology-driven
financial scams (Ogunola et al., 2024). Education also showed a significant moderation effect
(H6), with higher education levels correlating with increased fraud vulnerability. This
unexpected finding contradicts the assumption that higher education always enhances financial
decision-making skills and reduces fraud risk (Lusardi, 2019; Mandell & Klein, 2009). One
possible explanation is that individuals with higher education often have greater financial
resources or engage in more complex financial transactions, thereby increasing their visibility
and attractiveness to scam targeting. Additional research is needed to fully understand this

counterintuitive relationship. Marital status (HS), race (H2), and employment status (H7) did not
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significantly moderate the ELA-fraud relationship, indicating that these demographic factors
may not be as critical in shaping fraud vulnerability as initially hypothesized.

Protective Factors and Fraud Vulnerability

This study further examined whether financial literacy, resilience, social support, and
financial guidance moderated the relationship between ELAs and fraud vulnerability. Among
these, resilience emerged as a significant moderator (H8), reinforcing prior research that suggests
that psychological resources and adaptive coping strategies can mitigate the negative
consequences of childhood adversity on financial decision-making (Masten, 2016). Individuals
with higher resilience demonstrated a reduced likelihood of fraud victimization, even in the
presence of ELA exposure. This finding highlights the need for fraud prevention strategies that
incorporate resilience training to reduce financial risk.

By contrast, financial literacy did not significantly moderate the relationship between
ELAs and fraud vulnerability (H9). This finding diverges from prior research suggesting that
financial knowledge reduces susceptibility to scams (Kadoya et al., 2021; Lusardi & Mitchell,
2014; Zheng et al., 2024). Instead, it suggests that financial literacy alone may not be sufficient
to protect against fraud victimization unless paired with behavioral interventions or
psychological resources that emphasize emotional regulation and effective decision-making
(Fernandes et al., 2014; Stolper & Walter, 2017; Willis, 2008). Similarly, social support (H10)
and financial guidance (H11) were not significant moderators, suggesting that while these factors
may provide general financial benefits, they may not directly buffer against fraud victimization.
These findings indicate that traditional fraud prevention efforts relying solely on financial
education or advisory services may not be adequate for at-risk individuals unless they also

include strategies targeting psychological or behavioral factors.
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Interaction Effects

While financial literacy alone did not moderate the ELA-fraud vulnerability relationship,
it exhibited significant protective effects when combined with resilience. The three-way
interaction between ELAs, resilience, and financial literacy (H12) was statistically significant,
indicating that individuals with high resilience and financial literacy exhibited the lowest fraud
vulnerability (OR = .84, p = .029). This interaction suggests that financial knowledge is most
effective in reducing fraud susceptibility when individuals also possess strong psychological
adaptability. This aligns with behavioral financial literature, which emphasizes that financial
knowledge must be paired with emotional regulation and risk assessment skills to be effective in
real-world financial decision-making (Howlett et al., 2008; Kim et al., 2023; Riaz et al., 2024).

Conversely, social support and financial guidance did not exhibit significant three-way
interactions with financial literacy (H13, H14), suggesting that while these factors provided
general financial benefits, they may not directly counteract the cognitive and emotional
vulnerabilities associated with ELAs. These results imply that effective fraud prevention
strategies must integrate both financial knowledge and psychological resilience components.
Programs focused only on financial knowledge may neglect critical emotional regulation and
psychological adaptability necessary for fraud detection and prevention. Future interventions
should incorporate resilience training, cognitive behavioral approaches, and targeted fraud
awareness programs to equip individuals with both the knowledge and adaptive strategies
necessary to safeguard against financial exploitation. Table 5.1 summarizes all tested hypotheses

and whether the hypothesis was supported.
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Table 21. Summary of Hypotheses Support

H# Hypothesis Supported

Direct Effects

Individuals with at least one ELA are at greater risk of
financial fraud vulnerability compared to those with no
Hla ELAs. Yes

The relationship will show a dose-response pattern, with
Hlb more ELAs predicting higher vulnerability. Yes

Moderating Effects of Demographics

The effect of ELAs on financial vulnerability is moderated by
H2 race. No

The effect of ELAs on financial vulnerability is moderated by
H3 gender. Yes

The effect of ELAs on financial vulnerability is moderated by
H4 age. Yes

The effect of ELAs on financial vulnerability is moderated by
HS5 marital status. No

The effect of ELAs on financial vulnerability is moderated by
H6 educational attainment. Yes

The effect of ELAs on financial vulnerability is moderated by
H7 employment status. No

Moderating Effects of Protective Factors

Resilience moderates the relationship between ELAs and
H8 financial vulnerability. No

Financial literacy moderates the relationship between ELAs
H9 and financial vulnerability. No

Social support moderates the relationship between ELAs and
HI10 financial vulnerability. No

Financial guidance moderates the relationship between ELAs
HI1 and financial vulnerability. No

Three-Way Interactions

There is a three-way interaction between ELAs, resilience,
HI12 and financial literacy. Yes

There is a three-way interaction between ELAs, social
HI13 support, and financial literacy. No

There is a three-way interaction between ELAs, financial
H14 guidance, and financial literacy. No
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Implications of Findings

The findings from this study provide significant insights into the mechanisms driving
financial fraud vulnerability, particularly among older adults. The results demonstrate that while
early life adversity (ELA) directly increase susceptibility to financial fraud, financial literacy
alone is insufficient to mitigate this risk unless paired with psychological resilience. This
highlights that effective interventions must address both cognitive and psychological aspects of
financial decision-making. Additionally, the findings illustrate how demographic factors, such as
gender and educational attainment moderate financial vulnerability, highlighting the necessity of
tailored interventions that address the unique risks experienced by specific populations, including
women and highly educated individuals. These implications extend across multiple domains,
contributing theoretically to the fields of financial behavior, resilience, and life-course research,
while also informing practical fraud mitigation policies and fraud prevention programs. This
section explores these implications in depth, outlining how these findings can be applied to
develop more effective financial education initiatives, targeted fraud prevention strategies, and
evidence-based policymaking.

Theoretical Implications

Life course model posits that childhood experiences create developmental trajectories
that shape an individual’s financial behaviors in adulthood. This study builds upon life course
model by providing empirical evidence that early-life adversity creates lasting financial
disadvantages that persist well into later life, increasing financial fraud vulnerability in older
adulthood. The findings show that individuals with ELA histories experience higher odds of
fraud victimization, potentially due to cognitive impairments, heightened impulsivity, and

maladaptive financial behaviors developed in response to early adversity. This dose-response
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relationship further underscores the value of a life course perspective in understanding financial
risks across the lifespan. Additionally, the findings highlight that these trajectories are modifiable
when protective resources — particularly psychological resilience — are introduced, emphasizing
the importance of designing interventions that address both cognitive and behavioral
components.

Resiliency theory also plays a central role in interpreting these findings. The study
supports the notion that resilience functions as a protective factor, buffering the negative effects
of childhood adversity on financial decision-making. Traditional models of resilience have
primarily focused primarily on health and psychological well-being, but this research extends the
concept to financial behaviors. This represents a notable extension of resiliency theory by
demonstrating its applicability beyond mental health into the domain of financial decision-
making. Specifically, resilience emerged as essential in enhancing the effectiveness of financial
literacy, reducing fraud susceptibility significantly. Thus, integrating resilience training into
financial education programs may offer new pathways for mitigating long-term financial
vulnerability.

The findings also challenge existing theoretical assumptions that position financial
literacy as a standalone predictor of financial well-being. While financial literacy is widely
regarded as critical for effective financial decision-making (Lusardi & Mitchell, 2014), this study
demonstrates that it does not, by itself, significantly reduce fraud vulnerability. Instead, the
results indicate that financial literacy is most effective when paired with behavioral and
psychological resilience. This challenges traditional models of financial education, which often
overlook psychological and behavioral factors, and suggests that effective financial literacy

programs must incorporate resilience-building components, such as stress management, self-
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regulation, and fraud awareness. This integrated approach may help individuals more effectively
translate financial knowledge into protective behaviors.

Finally, the study also extends discussions on financial trauma by suggesting ELAs can
be viewed as a long-term financial stressor influencing fraud susceptibility. While previous
research primarily identifies ELAs as predictors of health and psychological outcomes,
conceptualizing ELAs explicitly as a form of financial trauma expands the behavioral finance
literature. Future theoretical models should account for the intersection of psychological
resilience, financial literacy, and fraud risk to more fully capture the complexity of financial
decision-making across the life course. By reframing ELAs within the context of financial
trauma, researchers may identify more targeted pathways for intervention, ultimately improving
financial security outcomes for vulnerable populations.

Practical Implications for Financial Planners and Educators

The findings from this study provide important insights that significantly enhance the
practice of financial advising and education, particularly for populations vulnerable to financial
fraud. Given that financial literacy alone was insufficient to reduce fraud vulnerability, it is
essential that financial professionals integrate resilience-building strategies into client
interactions. Financial professionals may benefit from incorporating behavioral and
psychological coaching techniques, such as helping clients recognize and manage impulsive
financial behaviors, improve decision-making under stress, and develop strategies for identifying
and responding to fraudulent schemes.

Financial educators should also reconsider the structure of financial literacy programs by
explicitly incorporating psychological resilience concepts. This could include specific training on

emotional regulation, cognitive biases in financial decision-making, and stress management
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skills. By restructuring financial education curricula to emphasize these psychological
components alongside traditional financial literacy, educators can better prepare individuals to
apply their knowledge effectively in real-world contexts, particularly in situations involving
potential fraud or financial exploitation.

Additionally, financial advisors should adopt a trauma-informed approach to financial
planning, recognizing that early-life adversity may significantly influence a client’s financial
behaviors and decision-making process. Although financial advisors are generally not equipped
to directly identify or diagnose ELAs, trauma-informed planning involves recognizing how
emotional and psychological factors stemming from trauma may manifest in client behavior.
Thus, advisors should receive training to recognize behavioral and emotional signs indicative of
financial vulnerability linked to early-life trauma. By cultivating empathy, trust, and emotionally
safe client interactions, advisors can deliver supportive, client-centered strategies that sensitively
address these underlying emotional factors.

Finally, financial education and professional certification programs should consider
incorporating resilience and trauma-informed financial advising content. By training financial
professionals in resilience-based financial planning, firms and educational institutions can better
support clients who have experienced childhood adversity and improve overall financial well-
being. Such training can empower advisors to address both cognitive and emotional aspects of
financial decision-making, enhancing the efficacy of fraud prevention and overall financial
wellness strategies.

Implications for Policy and Consumer Protection
The findings from this study provide clear directions for enhancing fraud prevention

policies and consumer protection strategies, particularly for older adults and populations with
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histories of early life adversity (ELAs). Given that financial literacy alone was insufficient to
significantly mitigate fraud risk without psychological resilience, policymakers should integrate
resilience-building components into national financial education initiatives. Government-funded
financial literacy programs should expand beyond traditional financial knowledge to include
training in self-regulation, emotional resilience, stress management, and fraud detection. Such
integrated approaches ensure individuals are prepared not only cognitively but also
psychologically to handle financial decisions under pressure.

Policymakers should also prioritize the development of targeted fraud prevention
programs specifically tailored to individuals with high ELA exposure. Current initiatives tend to
use generalized approaches that may be ineffective for vulnerable populations. Customized
interventions should address the unique psychological and behavioral vulnerabilities associated
with ELAs, incorporating resilience training and behavioral coaching that enhance adaptive
decision-making, impulse control, and emotional regulation skills. By doing so, policies can
more effectively mitigate the risks faced by these high-risk groups.

Regulatory agencies have an opportunity to proactively strengthen consumer protections
for financially vulnerable individuals. This can be achieved by requiring financial institutions to
implement enhanced fraud monitoring and early-warning systems for clients identified as at high
risk of exploitation. Additionally, strengthening legal protections against predatory financial
practices through stricter enforcement and clearer regulations could further safeguard vulnerable
individuals. Policymakers who proactively address these vulnerabilities will significantly reduce
fraud risks and enhance the financial security of affected populations.

Furthermore, the findings underscore the importance of fostering cross-sector

collaboration between financial institutions, social service providers, and mental health

101



professionals. By adopting a trauma informed approach to financial advising, professionals can
better understand and address how past adversities influence present financial behaviors. Such
collaboration could result in more effective support systems that integrate behavioral coaching,
mental health services, and tailored financial guidance. Encouraging cooperation between
financial educators, advisors, and mental health experts can lead to more holistic interventions
that effectively reduce fraud vulnerability.

Finally, consumer protection strategies should explicitly integrate psychological
resilience training into existing financial education curricula. Financial education initiatives must
move beyond traditional financial knowledge to include modules on stress management,
emotional self-regulation, fraud detection, and decision-making under pressure. Financial
institutions could also enhance their consumer protection measures by providing simplified,
accessible fraud prevention resources designed specifically for populations who have
experienced ELAs. By adopting trauma-informed and resilience-based approaches, policymakers
and financial institutions can significantly improve fraud prevention outcomes and foster long-
term financial security among vulnerable populations.

Limitation of Current Study

Several limitations should be acknowledged when interpreting the findings of this study.
First, this research relies on secondary data from the Health and Retirement Study (HRS). While
the HRS provides robust, nationally representative data beneficial for generalizability, the use of
secondary data inherently limits control over measurement tools and data quality. Self-reported
data on early life adversity (ELA) and financial fraud victimization are subject to recall bias and
social desirability bias, potentially leading to underreporting. This could result in an

underestimation of ELA prevalence or fraud victimization rates, potentially weakening the
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observed relationships. Additionally, the absence of detailed qualitative insights into
participants’ fraud experiences and decision-making processes limits the depth of interpretation
regarding psychological and behavioral dynamics. Qualitative data could provide a more
nuanced understanding of the emotional or cognitive mechanisms driving financial decisions and
responses to fraud.

Measurement limitations must also be considered. Financial literacy, resilience, and
social support were assessed using standardized scales provided by the HRS, but these scales
may not fully capture the nuanced dimensions of these complex constructs. For example,
financial literacy was assessed using a relatively brief three-item measure, which may not fully
represent participants’ actual financial knowledge or their ability to apply this knowledge
practically. Similarly, resilience and social support scales, while validated, may not fully capture
the dynamic and contextual nature of these psychological resources. Utilizing more
comprehensive or context-specific measures, such as multidimensional assessments or
qualitative interviews, could enhance the accuracy and richness of the findings related to these
variables.

Another limitation relates to the construction of the early life adversity (ELA) index.
While the indicators were selected based on literature linking early hardships to later-life
outcomes, they are not intended to represent a comprehensive ACE inventory. In particular, one
item — repeating a year in school — may not consistently reflect trauma or adversity. Historical
differences in school retention practices, especially among older cohorts, suggest that this
variable may instead reflect structural or educational challenges rather the interpersonal
adversity. As such, this item is retained in the cumulative ELA index due to its potential

relevance to developmental disruptions, but it is interpreted with caution and not conceptually
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grouped with trauma-related indicators like parental substance use or physical abuse. Future
studies should refine early adversity measures to distinguish between structural hardship and
direct psychological trauma. While this study takes a broader life course perspective by
considering a range of early disruptions, the conceptual clarity of the ELA index can be
strengthened in future work.

The generalizability of the findings also presents a limitation. Despite employing multiple
imputation techniques to address missing data and enhance representativeness, demographic
biases inherent in the HRS sample could affect generalizability. For instance, individuals from
marginalized racial, ethnic, or socioeconomic backgrounds may be underrepresented or
experience unique vulnerabilities not fully captured by the dataset. Therefore, caution should be
exercised when applying these findings to diverse populations, and additional studies focusing
explicitly on these groups are warranted. Future research would benefit from oversampling these
underrepresented populations or conducting studies specifically targeted at exploring unique
fraud risks within these groups.

Finally, despite the statistical significance of many findings, the relatively modest
explanatory power, as indicated by small effect sizes and low adjusted R-squared values,
suggests that other important variables influencing financial fraud vulnerability were not
captured in the present analysis. Factors such as personality traits, mental health conditions,
social isolation, or detailed financial behavioral patterns could significantly influence
susceptibility to fraud. The absence of these variables means the current findings should be
interpreted with caution, particularly when generalizing to broader policy or practical
interventions. Future research should incorporate these and other potential determinants to

develop a more comprehensive understanding of financial vulnerability in older adults.
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Recommendations for Future Studies

Future research should prioritize longitudinal designs to clarify temporal and causal
relationships between early life adversity (ELA), psychological resilience, financial literacy, and
fraud vulnerability. While cross-sectional analyses provided valuable insights, longitudinal data
can more effectively illuminate how early-life adversities shape financial trajectories over time,
thereby informing the optimal timing for interventions to interrupt negative financial trajectories.
Such research would clarify whether vulnerabilities such as reduced financial literacy and
resilience precede fraud victimization or emerge as consequences, significantly enriching
theoretical models and intervention frameworks.

Expanding the depth and breadth of measurement approaches also represent a promising
direction for future studies. The limitations associated with the brief, standardized assessments
utilized in this study suggest the value of employing more comprehensive, multidimensional
measures. Incorporating mixed-method approaches, including qualitative interviews or narrative
methodologies, could substantially deepen understanding of the complex psychological
processes involved in financial decision-making and fraud susceptibility. Qualitative data would
be particularly valuable in distinguishing between theoretical constructs like financial knowledge
and its practical application in real-world-decisions. These methodologies would allow
researchers to explore the nuanced, contextual factors influencing how financial literacy and
psychological resilience operate together to shape vulnerability or protection against fraud.
Improving measurement precision and depth can strengthen the validity of findings and lead to
more effective, targeted financial education programs.

Furthermore, targeted sampling strategies that include more diverse and underrepresented

populations are essential for future research. Given concerns regarding generalizability stemming
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from demographic biases within the current dataset, future studies should explicitly examine
racial, ethnic, socioeconomic, and other demographic groups identified as particularly vulnerable
in this research, such as highly educated individuals and women, as well as groups historically
underrepresented in fraud literature. Oversampling these populations or conducting populations-
specific investigations could uncover distinct risk factors, resilience strategies, and intervention
needs, thereby facilitating the development of culturally sensitive and effective fraud-prevention
practices. This targeted research has significant potential to inform policy and practice, ensuring
fraud prevention strategies are inclusive and effective for all segments of the population.

Qualitative research methodologies should also be prioritized to enhance the field’s
understanding of the lived experiences of individuals who have experienced ELAs and financial
fraud. Qualitative methods, such as in-depth interviews, focus groups, or case studies, could
yield richer and more contextually informed insights into the cognitive and emotional processes
underlying financial decision-making in response to fraud. By illuminating participants’
subjective experiences, future studies can contribute significantly to theoretical advancements, as
well as the design of nuanced and targeted interventions aimed at reducing fraud vulnerability.
This approach could also identify emotional triggers or decision-making patterns that are not
apparent through standardized quantitative measures alone, allowing for a more comprehensive
understanding of fraud susceptibility.

Lastly, future research would benefit from incorporating additional psychological, social,
and behavioral factors not captured by the current study. Given the modest explanatory power
identified, examining variables such as personality traits, mental health status, social isolation,
and detailed patterns of financial behaviors could significantly strengthen predictive models of

fraud susceptibility. Furthermore, future studies should consider employing more robust and
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multidimensional financial literacy measures that extend beyond the “Big Three” items, which,
while widely adopted, may not capture applied financial knowledge or behavioral competencies
critical for fraud prevention. In addition, the inclusion of technology-related measures, such as
digital literacy or perceived online safety, could offer valuable insight, especially given the rise
of internet-based scams and financial exploitation in digital environments. Integrating these
factors into research design would not only enhance theoretical understanding but also inform
more holistic intervention approaches, ultimately promoting greater financial security among
vulnerable older adults. Examining these additional factors could also identify specific points for
intervention, such as mental health support, digital safety education, community-based social
engagement programs, which may proactively reduce fraud vulnerability.

Conclusion

This study investigated the critical relationship between early life adversity (ELAs) and
vulnerability to financial fraud in older adulthood, applying life course and resiliency theories to
explore protective mechanisms potentially mitigating these risks. Utilizing data from the Health
and Retirement Study (HRS), the research identified that exposure to ELAs significantly elevates
the risk of financial fraud victimization, reinforcing the theory that early-life adversities create
enduring vulnerabilities that manifest prominently in financial contexts later in life. Importantly,
this vulnerability exhibited a clear dose-response relationship; greater ELA exposure consistently
predicted higher susceptibility to fraud, underscoring the cumulative impact of childhood
adversity on financial well-being across the life span.

Contrary to traditional assumptions within financial education research, financial literacy
alone was insufficient in protecting against fraud vulnerability among individuals with ELA

histories. The findings emphasized that financial knowledge, while essential, must be
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complemented by psychological resilience to effectively reduce financial vulnerability. This
important interaction suggests that cognitive financial knowledge alone cannot adequately
counteract the profound emotional and psychological dysregulation stemming from early-life
trauma. Consequently, effective interventions should integrate resilience-enhancing strategies,
such as emotional regulation, adaptive coping, and behavioral decision-making, alongside
traditional financial education components. This integrated approach not only enhances financial
outcomes but also equips individuals with the holistic skill set necessary to navigate complex
financial threats.

Demographic factors further clarified the ELA-fraud vulnerability relationship. Gender
emerged as a significant moderator, with women displaying higher overall odds of fraud
victimization, highlighting the necessity for gender-sensitive fraud prevention strategies.
Additionally, educational attainment revealed an unexpected moderation effect; individuals with
higher education levels reported increased fraud severity, potentially reflecting their greater
engagement in complex financial transactions, which may heighten fraud exposure. The findings
suggest that financial advisors and policymakers should tailor fraud prevention strategies to
account for the nuanced vulnerabilities, addressing not only gaps in knowledge but also
differences in financial behavior patterns across demographic groups.

From a practical and policy perspective, the findings advocate for a shift toward
comprehensive, trauma-informed financial planning practices. Financial planners, advisors, and
educators must recognize how ELAs shape clients’ financial decision-making and susceptibility
to financial fraud. To effectively mitigate the risk, financial professionals should integrate
resilience-based educational initiatives into their practices, incorporating emotional and

behavioral training alongside traditional financial literacy components. Policymakers also play a

108



crucial role by promoting trauma-informed programs targeting populations disproportionately
affected by ELAs, ensuring these initiatives address both cognitive and psychological
dimensions of fraud vulnerability. Furthermore, regulatory bodies should require financial
institutions to enhance fraud monitoring and implement protective measures, such as early-
warning systems for high-risk clients, thereby reinforcing consumer protections and fostering
financial resilience among vulnerable populations.

Despite its contributions, this study encountered several limitations, including reliance on
retrospective self-report measures, potential selection biases inherent in the Health and
Retirement Study’s experimental modules, and the modest explanatory power of statistical
models. Future research should address these gaps by employing longitudinal designs, qualitative
methodologies, and targeted sampling strategies to clarify causative pathways and deepen the
understanding of emotional and cognitive processes underpinning financial vulnerability.
Examining additional psychological factors, including personality traits and mental health status,
alongside detailed patterns of financial behavior, would further enrich theoretical frameworks
and inform more targeted interventions.

This research significantly advances our understanding of financial fraud vulnerability
through the lenses of life course and resiliency theories, elucidating the complex interplay
between childhood adversity, financial literacy, and resilience. By emphasizing the necessity of
resilience as a complement to financial literacy, the study underscores the importance of
integrated educational and policy interventions designed to address both cognitive and
psychological dimensions of financial vulnerability. As financial fraud continues to pose

substantial threats to economic security, particularly among vulnerable populations, the insights
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provided here offer a meaningful foundation for developing more holistic, effective strategies

aimed at reducing financial harm and promoting long-term financial resilience.
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Appendix A — Statistical Programming

The following is code I created in Stata 18 for this project.

Statistical programming (Stata)

/****************************************************************************

* Title: Dissertation - Final STATA Script
* Created by: Brandon Ratzlaff
* Last modified: 2/22/2025

* Purpose: Imports, cleans, and merges datasets for dissertation analysis
*****************************************************************************/

clear all
set maxvar 15000

global projdir "/Users/brandonratzlaff/Dropbox/Dissertation/Data"
cd "$projdir"

global data_ed "${projdir}/edited"

global data_raw "$ {projdir}/raw"

use hhidpn raracem ragender raeduc r15mstat r15work ///
using "${data_raw}/randhrs1992 2020v2.dta", clear

* GENDER: (0 = Female, 1 = Male)

gen gender = (ragender == 1)

label define gender 1bl 0 "Female" 1 "Male"
label values gender gender bl

* RELATIONSHIP STATUS (0 = Coupled, 1 = Single)

gen relationship_status = .

replace relationship_status = 0 if inlist(r15mstat, 1, 3) // Married or Partnered

replace relationship_status = 1 if inlist(r15mstat, 2, 4, 5, 6, 7, 8) // Single, Widowed, Divorced
label define relationship 1bl 0 "Coupled" 1 "Single"

label values relationship_status relationship 1bl
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drop if missing(relationship_status) // Drop cases where relationship status is missing

* VERIFY RELATIONSHIP STATUS DISTRIBUTION BEFORE MERGING
tab relationship_status, missing

* EDUCATION (0 = Less than College, 1 = College or Higher)
gen education = .

replace education = 0 if inlist(raeduc, 1, 2, 3)

replace education = 1 if inlist(raeduc, 4, 5)

label define educ_1bl 0 "Less than College" 1 "College or Higher"
label values education educ_1bl

drop if missing(education) // Drop cases with missing education

* EMPLOYMENT STATUS (0 = Not Working, 1 = Working)
gen employment_status = (rlSwork == 1)

label define employ 1bl 0 "Not Working" 1 "Working"

label values employment_status employ bl

* RACE (0 = White, 1 = Black, 2 = Other)

gen race = .

replace race = 0 if raracem == 1 // White

replace race = 1 if raracem == 2 // Black

replace race = 2 if raracem == 3 | missing(raracem) // Other

label define race Ibl 0 "White" 1 "Black" 2 "Other"
label values race race 1bl

* Check recoding before saving
tab race, missing

* Check initial race distribution before merging
di "Race Distribution BEFORE Merging"
tab race, missing

* SAVE BACKUP BEFORE MERGING
save "${data_ed}/HRS Demographics Cleaned Race Debug.dta", replace

* AGE (FROM 2020 WAVE)
use hhidpn ra019 using "${data_raw}/h20fla.dta", clear
rename ra019 age 2020

* CLEAN AGE VARIABLE (ENSURE NO PLACEHOLDERS OR ERRORS)

replace age 2020 =. if age 2020 <49 | age 2020 > 110 // Remove invalid ages
drop if missing(age 2020) // Ensure we only keep respondents with valid ages
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* RECODE AGE INTO CATEGORIES

gen age group =.

replace age group = 1 if age 2020 <= 60

replace age group =2 if age 2020 > 60 & age 2020 <= 75
replace age group = 3 if age 2020 > 75

label define age 1bl 1 "Young (<=60)" 2 "Middle-Aged (61-75)" 3 "Older (76+)", replace
label values age group age 1bl

* VERIFY AGE DISTRIBUTION BEFORE MERGING
tab age 2020, missing
tab age group, missing

* SAVE CLEANED AGE DATASET
save "${data_ed}/HRS Age Cleaned.dta", replace
clear

use hhidpn h15atotb using "${data_raw}/randhrs1992 2020v2.dta", clear

* NET WORTH (Inverse Hyperbolic Sine Transformation)

gen ihs networth20 = asinh(h15atotb) if h15atotb !=.

rename h15atotb networth20

label variable ihs_networth20 "IHS Transformed Net Worth (2020)"

* Trim Extreme Net Worth Values

gen networth_trim = networth20

replace networth_trim = -32800 if networth20 <-32800 // 1st percentile
replace networth_trim = 5753500 if networth20 > 5753500 // 99th percentile
gen ihs_networth trim = asinh(networth_trim)

save "${data_ed}/HRS NetWorth Cleaned.dta", replace
clear

* CREDIT CARD DEBT (FROM 2020 WAVE)
use hhidpn rq517 using "$ {data_raw}/h20fla.dta", clear

* Convert responses to binary format

gen credit_card debt=.

replace credit_card debt =1 if inlist(rq517, 1, 2)

replace credit card debt=0ifrq517 ==

replace credit card debt =. if inlist(rq517, 8, 9) // Don't Know or Refused responses
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label define ccdebt Ibl 0 "No Credit Card Debt" 1 "Has Credit Card Debt"
label values credit_card debt ccdebt Ibl

save "${data_ed}/HRS CreditCard Cleaned.dta", replace
clear

* COGNITIVE FUNCTION (FROM RAND DATA)
use hhidpn r15imrep r15dlrcp r15mop r15dyp r15yrp r15presp r15vpp r15dwp ///
using "${data_raw}/randhrs1992 2020v2.dta", clear

*Normalize Immediate and Delayed Recall (0-1)
gen imrc_scaled = r15imrep / 10 // Rescale Immediate Recall (0-1)
gen dlrc_scaled = r15dlrcp / 10 // Rescale Delayed Recall (0-1)

* Generate Cognitive Function Score (0-8 scale)

egen cognitive function = rowtotal(imrc_scaled dlrc_scaled r15mop r15dyp r15yrp r15presp
r15vpp r15dwp), missing

replace cognitive function = . if missing(imrc_scaled, dlrc_scaled, r15mop, r15dyp, r15yrp,
rl5presp, r15vpp, r15dwp)

label variable cognitive function "Cognitive Function Scale (0-8)"

save "${data_ed}/HRS CognitiveFunction Cleaned.dta", replace
clear

* Summary Statistics & Reliability Check (Cronbach's Alpha)

use "${data_ed}/HRS CognitiveFunction Cleaned.dta", clear

summarize cognitive function, detail

tab cognitive function, missing

alpha r15imrcp r15dlrep r15mop r15dyp r15yrp rl15presp r15vpp r15dwp, std item

* 4, MERGE FINAL DATASET (INCLUDING AGE, CREDIT CARD DEBT & COGNITIVE
FUNCTION)
*

use "${data_ed}/HRS Demographics Cleaned Race Debug.dta", clear
merge 1:1 hhidpn using "${data_ed}/HRS NetWorth Cleaned.dta"
drop if merge ==

drop merge

merge 1:1 hhidpn using "${data_ed}/HRS Age Cleaned.dta"
drop if merge ==
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drop merge

merge 1:1 hhidpn using "${data_ed}/HRS CreditCard Cleaned.dta"
drop if merge ==
drop merge

merge 1:1 hhidpn using "${data_ed}/HRS CognitiveFunction Cleaned.dta"
drop if merge ==
drop merge

di "Race Distribution AFTER merging Cognitive Function data"
tab race, missing

save "${data_ed}/HRS Final Controls.dta", replace
clear

foreach year in 2008 2010 2012 {

if ""year == "2008" {
use hhidpn 11b037k 11b037m 11b037n 11b0371 using "${data raw}/h08f3a.dta", clear
local schover var 11b037k
local drnkdrg_var 11b037m
local phyabuse var 11b037n
local policetrb_var 11b0371

}

else if ""year" =="2010" {
use hhidpn mlb037k mlb037m mlb037n mIb0371 using "$ {data raw}/hd10f6a.dta", clear
local schover var mlb037k
local drnkdrg_var mlb037m
local phyabuse var mlb037n
local policetrb_var mlb0371

}

else if "year" == "2012" {
use hhidpn nlb037k nlb037m nlb037n nlb0371 using "${data_raw}/h12f3a.dta", clear
local schover var nlb037k
local drnkdrg_var nlb0O37m
local phyabuse var nlb037n
local policetrb_var nlb0371

}

* CREATE ACE VARIABLES
gen schover = .
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replace schover = 0 if inlist('schover var', 5, -8)
replace schover = 1 if “schover var' ==
drop “schover var'

gen drnkdrg =.

replace drnkdrg = 0 if inlist("drnkdrg_var', 5, -8)
replace drnkdrg = 1 if "drnkdrg_var' ==

drop ‘drnkdrg_var'

gen phyabuse = .

replace phyabuse = 0 if inlist('phyabuse var', 5, -8)
replace phyabuse = 1 if "phyabuse var' == 1

drop ‘phyabuse var'

gen policetrb = .

replace policetrb = 0 if inlist("policetrb_var', 5, -8)
replace policetrb = 1 if "policetrb_var' == 1

drop “policetrb_var'

rename schover schover ‘year'
rename drnkdrg drnkdrg_‘year'
rename phyabuse phyabuse “year'
rename policetrb policetrb year'

save "${data_ed}/HRS year' ACES.dta", replace
clear

use "${data_ed}/HRS2008 ACES.dta", clear
merge 1:1 hhidpn using "$ {data_ed}/HRS2010 ACES.dta", nogen
merge 1:1 hhidpn using "$ {data_ed}/HRS2012 ACES.dta", nogen

foreach var in schover drnkdrg phyabuse policetrb {
gen ‘var'_final = "var' 2012
replace "var' final = "var' 2010 if missing('var'_final) & !missing("var' 2010)
replace "var' final = "var' 2008 if missing('var'_final) & !missing("var'_2008)

}

* CREATE ACE SUM SCORE & EXPOSURE CATEGORIES
gen ace_sum = schover final + policetrb final + drnkdrg_final + phyabuse final
replace ace_sum = . if missing(schover final, policetrb final, drnkdrg_final, phyabuse final)
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label variable ace_sum "Cumulative ACE Score (0-4)"

gen ace_category = .

replace ace category = 0 if ace_sum == 0

replace ace category = 1 if ace sum ==

replace ace category =2 iface_sum >=2 & ace sum <.

label define ace cat 1bl 0 "No ACEs" 1 "1 ACE" 2 "2+ ACEs"
label values ace category ace cat 1bl

label variable ace category "ACE Exposure Category"

save "${data_ed}/HRS ACE Final.dta", replace
clear

use "${data_ed}/HRS Final Controls.dta", clear

merge 1:1 hhidpn using "${data_ed}/HRS ACE Final.dta"
drop if merge ==

drop merge

save "${data_ed}/HRS Final Analysis.dta", replace
clear

use "${data_ed}/HRS Final Analysis.dta", clear

* VERIFY AGE DISTRIBUTION BEFORE MERGING
tab age 2020, missing
tab age group, missing

save "${data_ed}/HRS Final Analysis.dta", replace
clear

* IMPORT FINANCIAL LITERACY DATA FROM 2010 FINANCIAL SOPHISTICATION
MODULE
use hhid hhidpn pn mv351 mv352 mv353 using "${data raw}/hd10f6a.dta", clear

* CLEAN AND CODE FINANCIAL LITERACY VARIABLES
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** Interest Rate Knowledge (mv351) **

gen interest_rate 2010 =.

replace interest rate 2010 =1 if mv351 ==1 // Correct: "More than $102"
replace interest_rate 2010 = 0 if inlist(mv351, 2, 3) // Incorrect

replace interest_rate 2010 =. if inlist(mv351, 8, 9) // DK/NA/RF set to missing

** Inflation Knowledge (mv352) **

gen inflation_rate 2010 =.

replace inflation_rate 2010 =1 if mv352 == 3 // Correct: "Less than today"
replace inflation_rate 2010 = 0 if inlist(mv352, 1, 2) // Incorrect

replace inflation_rate 2010 = . if inlist(mv352, 8, 9) // DK/NA/RF set to missing

** Stock vs. Mutual Fund Knowledge (mv353) **

gen stock mutual fund 2010 =.

replace stock mutual fund 2010 =1 if mv353 ==5 // Correct: "False"

replace stock mutual fund 2010 =0 if mv353 ==1 // Incorrect

replace stock mutual fund 2010 = . if inlist(mv353, 8, 9) // DK/NA/RF set to missing

* CREATE FINANCIAL LITERACY SCORE (0-3)
egen financial literacy 2010 = rowtotal(interest rate 2010 inflation_rate 2010
stock_mutual fund 2010), missing

* Ensure missing values are handled correctly
replace financial literacy 2010 = . if missing(interest rate 2010) &
missing(inflation rate 2010) & missing(stock mutual fund 2010)

label variable financial literacy 2010 "Financial Literacy Score (0-3)"
* SAVE FINANCIAL LITERACY DATASET

save "${data_ed}/HRS 2010 Financial Literacy.dta", replace
clear

* 9. MODERATING VARIABLES ((IMPORT )SOCIAL SUPPORT, RESILIENCE, AND
FINANCIAL GUIDANCE DATA (2010 & 2012 WAVES)

use hhidpn plb004a plb004b plb004c /// Spouse/Partner
plb007a plb007b plb007c /// Children
plb011a plb011b plbO11c /// Other Family
plb015a plb015b plb015c /// Friends
plb022e plb002c plb018h plb002a plb002d plb021c /// Resilience
plb022b plb018g plb018a plb022a plb033g plb021e /// Resilience
pv106 pv108m1 /// Financial Guidance
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using "${data_raw}/h16f2c.dta", clear

* PROCESS SOCIAL SUPPORT VARIABLES
foreach var in plb004a plb004b plb004c /// Spouse/Partner
plb007a plb007b plb007c /// Children
plb011a plb011b plb011c /// Other Family
plb015a plb015b plb015c /// Friends

replace ‘var' =. if inlist("var', 8, 9) // DK/NA set to missing
replace "var' = 0 if "var' == 1 // Not at all

replace "var' = 1 if "var' == 2 // A little

replace "var' = 2 if "var' == 3 // Some

replace "var' =3 if 'var'==4 // A lot

}

* Compute mean scores for each relationship type

egen spouse_support = rowmean(plb004a plb004b plb004c)
egen children_support = rowmean(plb007a plb007b plb007c¢)
egen family support =rowmean(plbO11la plb011b plbOl1c)
egen friends_support = rowmean(plb015a plb015b plb015c)

* Create overall social support index

egen social_support = rowmean(spouse_support children support family support
friends_support)

label variable spouse support "Spouse/Partner Support (0-3)"

label variable children_support "Children Support (0-3)"

label variable family support "Other Family Support (0-3)"

label variable friends support "Friends Support (0-3)"

label variable social support "Overall Social Support Index (0-3)"

* Summary Statistics & Reliability Check (Cronbach's Alpha)

summarize social support, detail

tab social_support, missing

misstable summarize social support

alpha spouse_support children_support family support friends support, std item

* PROCESS RESILIENCE VARIABLES

* Handle Missing Values
foreach var in plb022e plb002c plb018h plb002a plb002d plb021c ///
plb022b plb018g plb018a plb022a plb033g plb021e {
replace ‘var' =. if inlist("var', 8, 9) // Set "Don't Know", "NA", and "Refused" to missing

}

* Convert 7-point scale variables to 5-point scale
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foreach var in plb002a plb002c plb002d {
replace "var' = 1 if "var' == 1 // Strongly Disagree
replace "var' = 2 if "var' == 2 // Somewhat Disagree
replace “var' = 3 if inlist('var', 3, 4, 5) // Merge Slightly Agree/Disagree & Neutral
replace "var' = 4 if "var' == 6 // Somewhat Agree
replace "var' =5 if "var' == 7 // Strongly Agree

}

* Convert 6-point scale variables to 5-point scale
foreach var in plbO18h plb018g plb018a plb021c plb021e plb022a plb022b plb022e plb033g {
replace "var' = 1 if "var' == 1 // Strongly Disagree
replace "var' = 2 if "var' == 2 // Somewhat Disagree
replace "var' = 3 if inlist('var', 3, 4) // Merge Slightly Agree/Disagree into Neutral
replace "var' =4 if "var' == 5 // Somewhat Agree
replace "var' =5 if "var' == 6 // Strongly Agree

}

* Reverse Code Negatively Worded Items

replace plb018h =6 - plb018h // "The future seems hopeless to me..."

replace plb018g =6 - plb018g // "I feel it is impossible to reach my goals..."
replace plb018a =6 - plb018a // "If something can go wrong for me, it will..."
replace plb021c = 6 - plb021c // "What happens in my life is beyond my control..."
replace plb021e = 6 - plb021e // "There is no way I can solve my problems..."

* Standardize Items To a 0-1 Scale
foreach var in plb002a plb002¢ plb002d plb022a plb022b plb022e plb033g ///
plb018h plb018g plb018a plb021c plb021e {
gen ‘var'_std=("var'-1)/4 // Normalize responses to 0-1 scale

}

* Create Final Resilience Score (0-12 SCALE)
egen resilience std = rowtotal(plb002a_std plb002c_std plb002d_std plb022a_std plb022b_std

plb022e std plb033g std ///
plb018h_std plb018g_std plb018a_std plb021c_std plb021e std), missing

replace resilience_std = . if missing(plb002a_std, plb002c_std, plb002d_std, plb022a_std,

plb022b_std, ///
plb022e std, plb033g_std, plb018h_std, plb018g_std, plb018a_std, ///
plb021c_std, plb021e_std)

label variable resilience std "Standardized Resilience Score (0-12)"

* Summary Statistics & Reliability Check (Cronbach's Alpha)
summarize resilience std, detail // Get mean, standard deviation, min, max
tab resilience std, missing // Show frequency distribution of resilience scores
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misstable summarize resilience std // Check missing data summary
alpha plb002a_std plb002c_std plb002d_std plb022a std plb022b_std plb022¢ std ///
plb033g std plb018h_std plb018g std plbO18a std plb021c_std plbO21e_std, std item

* PROCESS FINANCIAL GUIDANCE VARIABLES

gen financial guidance = .

replace financial guidance =1 if pv106 ==1 // Yes

replace financial guidance =0 if pv106 ==5 // No

replace financial guidance = . if inlist(pv106, 8, 9) // Set DK & RF to missing

label variable financial guidance "Receives Financial Guidance (1=Yes, 0=No)"
* CATEGORIZE SOURCES OF FINANCIAL GUIDANCE (MULTIPLE RESPONSES)

* Professional Guidance: Financial advisors, accountants, lawyers, bankers
gen guidance professional = 0
replace guidance professional = 1 if inlist(pv108ml, 4, 5, 6)

label variable guidance professional "Financial Guidance from Professional Source"

* Family & Friends Guidance: Children, relatives, friends
gen guidance family friend =0
replace guidance family friend =1 if inlist(pv108ml, 1, 2, 3)

label variable guidance family friend "Financial Guidance from Family or Friends"

* Institutional Guidance: Online calculators, HR staff, Social Security reps
gen guidance_institutional = 0
replace guidance institutional = 1 if inlist(pv108m1, 7, 8, 9, 10)

label variable guidance institutional "Financial Guidance from Institutions"

* CREATE COMPOSITE FINANCIAL GUIDANCE VARIABLE (ANY GUIDANCE
RECEIVED)

gen guidance any source = (guidance professional == 1 | guidance family friend ==1 |
guidance institutional == 1)

label variable guidance any source "Receives Financial Guidance from Any Source"

* CREATE INDICATOR FOR MULTIPLE SOURCES OF GUIDANCE (IF RECEIVED
FROM 2+ SOURCES)

gen guidance multiple sources = (guidance professional + guidance family friend +
guidance institutional >= 2)

label variable guidance multiple sources "Receives Guidance from Multiple Sources"

* CHECK DISTRIBUTION OF FINANCIAL GUIDANCE VARIABLES
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tab financial guidance, missing

tab guidance professional, missing

tab guidance family friend, missing
tab guidance_institutional, missing

tab guidance multiple sources, missing

* SAVE PROCESSED MEDIATORS DATASET
save "${data_ed}/HRS Mediators Cleaned.dta", replace
clear

use "${data_ed}/HRS Final Analysis.dta", clear

merge 1:1 hhidpn using "${data_ed}/HRS 2010 Financial Literacy.dta"
drop if merge ==

drop merge

merge 1:1 hhidpn using "${data_ed}/HRS Mediators Cleaned.dta"
drop if merge ==
drop merge

* VERIFY AGE DISTRIBUTION BEFORE MERGING
tab age 2020, missing
tab age group, missing

save "${data_ed}/HRS Final Analysis.dta", replace
clear

* 11. DEPENDENT VARIABLE PROCESSING (FINANCIAL FRAUD VULNERABILITY &
SEVERITY)
%

* Load Main Fraud Dataset (2016)
use "${data_ed}/fraud2016.dta", clear

* Merge in Additional Fraud Data (2008, 2010, 2012, 2020)
foreach year in 2008 2010 2012 2020 {
merge 1:1 hhidpn using "${data_ed}/fraud year'.dta"

// Keep all master observations
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replace _merge = 1 if merge ==
rename merge merge 'year' // Rename merge variable to avoid conflicts

}

* CHECK FRAUD VARIABLES BEFORE FIXING
misstable summarize fraud freemeal fraud invest fraud award fraud 2008 fraud 2010
fraud 2012 fraud 2020

* HANDLE MISSING FRAUD VARIABLES (Set Missing to 0 Only if Data Exists)
foreach var in fraud freemeal fraud invest fraud award fraud 2008 fraud 2010 fraud 2012
fraud 2020 {

replace "var' = 0 if missing("var') & !missing(hhidpn)

}

* CREATE FRAUD VICTIMIZATION VARIABLE (Avoid Incorrect Missing Values)
gen fraud victim_final = (fraud freemeal == 1 | fraud invest ==1 | fraud award ==1|///
fraud 2008 ==1 | fraud 2010 ==1 | fraud 2012 == 1| fraud 2020 ==1)

replace fraud victim_final = 0 if missing(fraud victim_final) & !missing(fraud freemeal) &
missing(fraud_invest) & !missing(fraud award) & !missing(fraud 2008) &
missing(fraud 2010) & !missing(fraud 2012) & !missing(fraud 2020)

label define fraud label 0 "No Fraud" 1 "Fraud Victim"
label values fraud victim_final fraud label

tab fraud victim_final, missing

* CREATE FRAUD SEVERITY SCORE (Ensure No Overwriting)

gen fraud_severity new =.

replace fraud_severity new = 0 if fraud victim_final ==

replace fraud severity new =2 if fraud freemeal == 1 | fraud award == 1 | fraud_invest ==
replace fraud_severity new = 1 if fraud severity new ==. & (fraud 2008 ==1 | fraud 2010 ==
1| fraud 2012 ==1 | fraud 2020 ==1)

label define fraud severity new label 0 "No Fraud" 1 "HRS-Reported Fraud" 2 "Other Financial
Fraud"
label values fraud_severity new fraud severity new label

tab fraud severity new, missing

* SUMMARY STATISTICS & RELIABILITY TEST
tab fraud victim_final

summarize fraud victim_final

tab fraud severity new

summarize fraud severity new
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* CHECK FRAUD VARIABLE CORRELATIONS
corr fraud freemeal fraud invest fraud award fraud 2008 fraud 2010 fraud 2012 fraud 2020

misstable summarize fraud victim_final fraud severity new fraud freemeal fraud invest
fraud award fraud 2008 fraud 2010 fraud 2012 fraud 2020

* SAVE PROCESSED FRAUD DATASET
save "${data_ed}/HRS fraud severity 2008 2020.dta", replace
clear

use "${data_ed}/HRS Final Analysis.dta", clear

merge 1:1 hhidpn using "${data_ed}/HRS fraud severity 2008 2020.dta"
drop if merge ==

drop merge

* VERIFY AGE DISTRIBUTION BEFORE MERGING
tab age 2020, missing
tab age group, missing

save "${data_ed}/HRS Final Analysis.dta", replace
clear

* Load Final Dataset
use "${data_ed}/HRS Final Analysis.dta", clear

* Summary Statistics
summarize

* Verify Age Data (Ensure No Unexpected Changes)
summarize age 2020
tab age 2020, missing // Confirm no missing values were introduced

**Recreate Age Group Categories (Ensure Correct Categorization)**

capture drop age group // Remove existing ‘age group” variable if it exists
gen age group =.
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replace age group = 1 if age 2020 <= 60

replace age group =2 if age 2020 > 60 & age 2020 <= 75

replace age group = 3 if age 2020 > 75

label define age 1bl 1 "Young (<=60)" 2 "Middle-Aged (61-75)" 3 "Older (76+)", replace
label values age group age 1bl

* Verify Age Groups
tab age group, missing // Ensure correct categorization

* Fix Missing Race Values

replace race = 0 if missing(race) & raracem == 1 // White

replace race = 1 if missing(race) & raracem == 2 // Black

replace race = 2 if missing(race) & raracem == 3 // Other

replace race = 2 if missing(race) // Assign remaining missing race as "Other"
drop raracem // Remove duplicate race variable after assignment

* Verify Race Distribution

di "Race Distribution AFTER Fix"
tab race, missing

tab race employment_status, missing
tab race fraud victim_final, missing

* Check Missing Values Before Imputation
misstable summarize ace category financial literacy 2010 social support resilience std ///
financial guidance cognitive function credit card debt

* Fix Incorrect Missing Values (Convert Placeholders to ".")

foreach var in financial literacy 2010 social support resilience_std financial guidance ///
cognitive_function credit card debt {
capture replace 'var' = . if "var' <0 // Convert negative placeholders to missing
capture replace ‘var' = . if "var' >= 999 // Convert 999 placeholders to missing

}

misstable summarize financial literacy 2010 social support resilience std financial guidance ///
cognitive_function credit card debt

* Fix Credit Card Debt Variable

tab credit card debt, missing // Check missing pattern before imputation

replace credit card debt = 0 if missing(credit card debt) & employment status == 0 // Possible
assumption

* Collapse Financial Literacy Categories

gen finlit_simplified = .

replace finlit_simplified = 0 if financial literacy 2010 <=1
replace finlit_simplified = 1 if financial literacy 2010 >=2

156



save "${data_ed}/HRS Final Analysis.dta", replace // Save corrected dataset

use "${data_ed}/HRS Final Analysis.dta", clear

* Set up multiple imputation framework
mi set mlong

* VERIFY AGE DISTRIBUTION BEFORE IMPUTATION (ONLY ON ORIGINAL DATA)
tab age 2020 if mi_m == 0, missing
tab age group if mi_m == 0, missing

* Run Missing Data Diagnostics Before Imputation
misstable summarize financial literacy 2010 social support resilience std financial guidance ///
cognitive_function credit card debt

* Register Imputation Variables
mi register imputed financial literacy 2010 social support resilience std financial guidance ///
cognitive_function credit card debt

* Perform Multiple Imputation Using Chained Equations (PMM)
mi impute chained (pmm, knn(10)) financial literacy 2010 social support resilience std
financial guidance ///

cognitive function credit card debt, add(10) rseed(12345) force

* Ensure fraud victim_recode is correctly generated
capture drop fraud victim recode // Drop if it exists to avoid conflicts
gen fraud victim_recode = fraud victim_final

replace fraud victim recode = 1 if fraud_severity new >=1 // Broaden definition to include all
fraud types
label variable fraud victim_recode "Expanded Fraud Victimization (Includes All Fraud Types)"

* Verify that fraud victim_recode is not missing

tab fraud victim recode if mi m == 0, missing // Check if values exist
sum fraud victim_recode if mi_m == 0, detail // Check distribution statistics

/* Verify that fraud victim_recode is not missing
tab fraud victim_recode, missing // Check if values exist
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sum fraud victim_recode, detail // Check distribution statistics*/

* Save Imputed Dataset
save "${data_ed}/HRS Imputed.dta", replace

use "${data_ed}/HRS Imputed.dta", clear
mi describe // Verify that the dataset is still MI formatted

* VERIFY AGE DISTRIBUTION AFTER IMPUTATION (ONLY ON ORIGINAL DATA)
tab age 2020 if mi_m == 0, missing
tab age group if mi m == 0, missing

* Re-establish MI settings if necessary
mi set mlong
capture mi register imputed financial literacy 2010 social support resilience std
financial guidance ///
cognitive_function credit card debt

* Logistic Regression for Fraud Victimization
mi estimate: logit fraud victim recode ace category financial literacy 2010 social support
resilience std ///

financial guidance race gender age group education relationship status employment status
ths_networth_trim credit card debt ///

cognitive_function, or

* OLS Regression for Fraud Severity
mi estimate: reg fraud severity new ace category financial literacy 2010 social support
resilience std ///

financial guidance race gender age group education relationship_status employment status
ths_networth_trim credit card debt ///

cognitive_function

* VERIFY AGE DISTRIBUTION AFTER IMPUTATION (ONLY ON ORIGINAL DATA)
tab age 2020 if mi_m == 0, missing

tab age group if mi_m == 0, missing

* Save Imputed Dataset Before Extracting
save "${data_ed}/HRS Imputed.dta", replace
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* Extract First Imputed Dataset for VIF Test
mi extract 1

* Run OLS Regression on Extracted Dataset
regress fraud severity new ace category financial literacy 2010 social support resilience std
/1

financial guidance credit card debt cognitive function

* Check Variance Inflation Factors (VIF) - Ensure No Multicollinearity Issues
vif

use "${data_ed}/HRS Imputed.dta", clear

* VERIFY AGE DISTRIBUTION AFTER IMPUTATION (ONLY ON ORIGINAL DATA)
tab age 2020 if mi_m == 0, missing
tab age group if mi_m == 0, missing

**Re-load the full MI dataset to restore MI structure**
*mi import flong, replace // **Fix: Restore MI structure instead of ‘use **
mi describe

* Save Regression-Ready Dataset **with MI settings**
save "${data_ed}/HRS Regression Ready.dta", replace
clear

* 17. DESCRIPTIVE STATISTICS (DEMOGRAPHIC CHARACTERISTICS OF THE
SAMPLE)
%

* Load Regression-Ready Dataset
use "${data_ed}/HRS Regression Ready.dta", clear

* Ensure MI Structure is Maintained
mi describe

* Verify Age Distribution Before Running MI Commands (Non-Imputed)
tab age 2020 if mi_m == 0, missing // Check for inflation
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tab age group if mi_m == 0, missing // Confirm correct categorization

* Summary Statistics for Continuous Variables (Only Imputed Variables)

di "Descriptive Statistics for Continuous Variables"

mi xeq: noisily summarize ihs_networth_trim cognitive function ace sum ///
financial literacy 2010 resilience std social support

* Frequency Tables for Categorical Variables (Fraud, Gender, Race, Education NOT Imputed)
di "Frequency Tables for Categorical Variables"

tab gender, missing

tab race, missing

tab education, missing

tab relationship_status, missing

tab employment_status, missing

mi xeq: tab credit_card debt, missing

tab fraud victim_recode if mi m == 0, missing

tab age group if mi m == 0, missing // Ensure correct sample size

* Save Cleaned Descriptive Statistics Dataset
save "${data_ed}/HRS Descriptive Stats.dta", replace
clear

use "${data_ed}/HRS Descriptive Stats.dta", clear

* Confirm Sample Sizes Across Key Variables (Restricting to Non-Imputed Data)
summarize age 2020 ihs networth_trim cognitive function ///
financial literacy 2010 resilience std social support if mi m==0

* Confirm Categorical Distributions (Restricting Where Needed)
tab gender, missing

tab race, missing

tab education, missing

tab relationship_status, missing

tab employment_status, missing

tab fraud victim_recode if mi m == 0, missing

tab credit card debtif mi m == 0, missing

tab age group if mi m == 0, missing // This should be 15,681

* Save Cleaned Descriptive Statistics Dataset (Non-Imputed Data Only)
save "${data_ed}/HRS Descriptive Stats.dta", replace
clear

*18. BIVARIATE CORRELATIONS & PRELIMINARY ANALYSES (FINAL)
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use "${data_ed}/HRS Regression Ready.dta", clear

* Verify MI Structure Before Running MI Commands
mi describe

* Bivariate Correlations Among Continuous Variables
di "Bivariate Correlations Among Key Variables"

* Verify Available Data for Non-Imputed Correlations

di "Checking available observations for correlation matrix"

summarize ace sum financial literacy 2010 resilience std social support financial guidance ///
cognitive_function ihs_networth trim credit card debt fraud severity new if mi m ==

* Correlation Matrix for Non-Imputed Data (m = 0)
cor ace_sum financial literacy 2010 resilience std social support financial guidance ///
cognitive_function ihs_networth trim credit card debt fraud severity new if mi m ==

* Compute & Store Pooled Correlations Across Imputations
di "Pooled Bivariate Correlations (Imputed Data)"
mi xeq: correlate ace sum financial literacy 2010 resilience std social support
financial guidance ///
cognitive_function ihs_networth trim credit card debt fraud severity new

pwcorr ace_sum financial literacy 2010 resilience std social support financial guidance ///

cognitive function ihs networth_trim credit card debt fraud severity new, sig

* Save Correlation Matrix for Future Reference
preserve

matrix cor matrix = r(C)

svmat cor_matrix

save "${data_ed}/HRS Correlation Matrix.dta", replace
restore

* Chi-Square Tests for Categorical Variables
di "Chi-Square Tests for Key Categorical Variables"

tempname chi_results
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postfile “chi_results' str20(varl) str20(var2) float(chi2 p_val) using
"${data_ed}/HRS ChiSquare Results.dta", replace

foreach var in gender race education relationship status employment status {
quietly tab “var' fraud victim recode if mi_m == 0, chi2
post “chi_results' (""var') ("fraud victim recode") (r(chi2)) (r(p))

}

postclose “chi_results'

* Display Summary of Chi-Square Tests
use "${data_ed}/HRS ChiSquare Results.dta", clear
list

* Restore Original Dataset Before T-Tests & ANOVA

use "${data_ed}/HRS Regression Ready.dta", clear
mi describe

* Mean Comparisons for Fraud Severity (T-Tests & ANOVA)
di "Mean Comparisons for Fraud Severity"

* T-Test for Gender Differences in Fraud Severity
ttest fraud severity new if _mi_m == 0, by(gender)

* One-Way ANOVA for Age Group Differences in Fraud Severity
oneway fraud_severity new age group if mi m == 0, tabulate

* One-Way ANOVA for Education Differences in Fraud Severity
oneway fraud severity new education if mi_m == 0, tabulate

* One-Way ANOVA for Employment Status Differences in Fraud Severity
oneway fraud_severity new employment status if mi_m == 0, tabulate

* One-Way ANOVA for Relationship Status Differences in Fraud Severity
oneway fraud_severity new relationship status if mi_m == 0, tabulate

* One-Way ANOVA for Race Differences in Fraud Severity
oneway fraud severity new race if mi_m == 0, tabulate

* Verify Normality Assumption for Fraud Severity
di "Checking Normality Assumption for Fraud Severity"

* Skewness & Kurtosis Measures (Preferred for Large Samples)
summarize fraud_severity new, detail // Provides skewness & kurtosis
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* D'Agostino-Pearson Skewness-Kurtosis Test for Normality
sktest fraud severity new

* Visual Normality Checks (Graphical Methods)

hist fraud_severity new, bin(20) normal title("Histogram of Fraud Severity (m=0)")
kdensity fraud severity new, normal title("Kernel Density Plot - Fraud Severity")
gnorm fraud severity new // Q-Q Plot

* Log-Transform Fraud Severity (Only If Needed)
di "Checking valid range before log transformation"
summarize fraud_severity new if mi m ==

gen log fraud severity = log(fraud_severity new + 0.01) if fraud severity new >0 & mi m
=0
hist log_fraud severity if mi_m == 0, bin(20) normal title("Log-Transformed Fraud Severity")

* Save Results Before Proceeding to Regression Analyses
save "${data_ed}/HRS Preliminary Analyses.dta", replace
clear

use "${data_ed}/HRS Regression Ready.dta", clear

* Verify MI Structure Before Running MI Commands
mi describe

* Logistic Regression: Predicting Fraud Victimization (Hla-H7)
di "Logistic Regression: Predicting Fraud Victimization"

* Logistic Regression Model (Odds Ratios)
mi estimate, or: logit fraud victim_recode ace category financial literacy 2010 social support
resilience std ///

financial guidance race gender age group education relationship_status employment status
ths_networth_trim credit card debt ///

cognitive_function

* Store Regression Results
estimates store logit fraud victim
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* Compute AIC & BIC for MI Model (Alternative Method)
mi extract 1 // Extract first imputed dataset
logit fraud victim recode ace category financial literacy 2010 social support resilience std ///
financial guidance race gender age group education relationship status employment status
ths_networth_trim credit card debt ///
cognitive_function
estat ic // Compute AIC & BIC

* Restore Full MI Dataset
use "${data_ed}/HRS Regression Ready.dta", clear

* Save Logistic Regression Output
estimates save "${data_ed}/logit fraud victim.ster", replace

* Save Results Table for APA Reporting
outreg? using "${data_ed}/Table 4.6 Logit FraudVictimization.doc", replace word ///
label dec(3) title("Logistic Regression Predicting Fraud Victimization")

* OLS Regression: Predicting Fraud Severity (H8-H14)
di "OLS Regression: Predicting Fraud Severity"

* OLS Regression Model
mi estimate: reg fraud severity new ace category financial literacy 2010 social support
resilience std ///

financial guidance race gender age group education relationship_status employment status
ths_networth_trim credit card debt ///

cognitive_function

* Store Regression Results
estimates store ols_fraud_severity

* Compute AIC & BIC for MI Model (Alternative Method)
mi extract 1 // Extract first imputed dataset
reg fraud severity new ace category financial literacy 2010 social support resilience std ///
financial guidance race gender age group education relationship_status employment status
ths_networth_trim credit card debt ///
cognitive_function
estat ic // Compute AIC & BIC

* Restore Full MI Dataset
use "${data_ed}/HRS Regression Ready.dta", clear

* Save OLS Regression Output
estimates save "${data_ed}/ols_fraud severity.ster", replace
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* Save Results Table for APA Reporting
outreg?2 using "${data_ed}/Table 4.7 OLS FraudSeverity.doc", replace word ///
label dec(3) title("OLS Regression Predicting Fraud Severity")

* Prepare for Interaction & Moderation Analyses (Section 20)

* Load Correct Dataset (Before Creating Interaction Terms)
use "${data_ed}/HRS Regression Ready.dta", clear

* Ensure Interaction Terms Don't Exist Before Creating (Prevent Errors)
capture drop ace x resilience ace x social ace x_finlit ace x guidance
capture drop resilience x_finlit social x_finlit guidance x_finlit
capture drop ace resilience finlit ace social finlit ace guidance finlit

* Generate Interaction Terms

gen ace_x_resilience = ace_category * resilience std

gen ace_x_social = ace_category * social_support

gen ace_x_finlit = ace category * financial literacy 2010
gen ace_x_guidance = ace_category * financial guidance

gen resilience x_finlit = resilience std * financial literacy 2010
gen social x_finlit = social support * financial literacy 2010
gen guidance x_finlit = financial guidance * financial literacy 2010

* Generate Three-Way Interaction Terms (H12-H14)

gen ace_resilience finlit = ace category * resilience std * financial literacy 2010

gen ace_social finlit = ace category * social support * financial literacy 2010

gen ace_guidance finlit = ace category * financial guidance * financial literacy 2010

* Register Interaction Terms as Passive Variables **AFTER** They Are Created
mi register passive ace x_resilience ace_x_social ace x_finlit ace x guidance
mi register passive resilience x_finlit social x finlit guidance x_finlit

mi register passive ace resilience finlit ace social finlit ace guidance finlit

* Verify Creation of Interaction Terms
describe ace_x_resilience ace x_social ace_x_finlit ace_x_guidance ///
resilience x_finlit social x_finlit guidance x finlit ///

ace_resilience finlit ace social finlit ace guidance finlit

* Save Regression Dataset with Interaction Terms for Section 20
save "${data_ed}/HRS Regression Ready Interactions.dta", replace

use "${data_ed}/HRS Regression Ready Interactions.dta", clear
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* Verify presence and summary of interaction terms

describe ace_x_resilience ace x_social ace x_finlit ace x_guidance ///
resilience x_finlit social x_finlit guidance x_finlit ///
ace_resilience finlit ace social finlit ace guidance finlit

misstable summarize ace x_resilience ace x social ace x_finlit ace x guidance ///
resilience x_finlit social x_finlit guidance x finlit ///

ace_resilience finlit ace social finlit ace guidance finlit

mi describe

use "${data_ed}/HRS Regression Ready Interactions.dta", clear

* Verify MI Structure Before Running MI Commands
mi describe

* Verify Presence of Interaction Terms

describe ace_x_resilience ace x_social ace x_finlit ace x_guidance ///
resilience x_finlit social x_finlit guidance x_finlit ///
ace_resilience finlit ace social finlit ace guidance finlit

misstable summarize ace x_resilience ace x social ace x_finlit ace x guidance ///
resilience x_finlit social x_finlit guidance x finlit ///
ace_resilience finlit ace social finlit ace guidance finlit

* Logistic Regression: Moderation Analyses for Fraud Victimization (H8-H11)
di "Logistic Regression: Moderation Effects on Fraud Victimization"

* Model 1: Two-Way Interactions
mi estimate, or: logit fraud victim_recode ace category financial literacy 2010 social support
resilience std ///

financial guidance gender age group education relationship_status employment status
ths_networth_trim credit card debt ///

cognitive function ace x_resilience ace x_social ace x_finlit ace x guidance

* Store Regression Results
estimates store logit fraud victim int
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* Model 2: Three-Way Interactions (H12-H14)
mi estimate, or: logit fraud victim_recode ace category financial literacy 2010 social support
resilience std ///
financial guidance gender age group education relationship_status employment status
ths_networth_trim credit card debt ///
cognitive function ace_x_resilience ace x_social ace x_finlit ace x_guidance ///
ace_resilience finlit ace social finlit ace guidance finlit

* Store Regression Results
estimates store logit fraud victim_ threeway

* Compute AIC & BIC for Model Fit Comparison
mi extract 1
logit fraud victim recode ace category financial literacy 2010 social support resilience std ///
financial guidance gender age group education relationship status employment status
ths_networth_trim credit card debt ///
cognitive_function ace x_resilience ace x_social ace x finlit ace x guidance
estat ic // Compute AIC & BIC

logit fraud victim recode ace category financial literacy 2010 social support resilience std ///
financial guidance gender age group education relationship status employment status

ths_networth_trim credit card debt ///
cognitive function ace_x_resilience ace x_social ace x_finlit ace x_guidance ///
ace_resilience finlit ace social finlit ace guidance finlit

estat ic // Compute AIC & BIC

* Restore Full MI Dataset
use "${data_ed}/HRS Regression Ready Interactions.dta", clear

* Save Logistic Regression Outputs

estimates save "${data_ed}/logit fraud victim int.ster", replace
estimates save "${data_ed}/logit fraud victim threeway.ster", replace

* Save Results Table for APA Reporting
outreg? using "${data_ed}/Table 4.8 Logit FraudInt.doc", replace word ///
label dec(3) title("Logistic Regression: Moderation Effects on Fraud Victimization")
outreg? using "${data_ed}/Table 4.9 Logit FraudVictim ThreeWay.doc", replace word ///
label dec(3) title("Logistic Regression: Three-Way Interaction Effects on Fraud
Victimization")

* OLS Regression: Moderation Analyses for Fraud Severity (H8-H14)

di "OLS Regression: Moderation Effects on Fraud Severity"
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* Model 1: Two-Way Interactions
mi estimate: reg fraud severity new ace category financial literacy 2010 social support
resilience std ///

financial guidance gender age group education relationship_status employment status
ths_networth_trim credit card debt ///

cognitive function ace x_resilience ace x_social ace x_finlit ace x guidance

* Store Regression Results
estimates store ols_fraud severity int

* Model 2: Three-Way Interactions (H12-H14)
mi estimate: reg fraud severity new ace category financial literacy 2010 social support
resilience std ///
financial guidance gender age group education relationship status employment status
ths_networth_trim credit card debt ///
cognitive function ace_x_resilience ace x_social ace x_finlit ace x_guidance ///
ace_resilience finlit ace social finlit ace guidance finlit

* Store Regression Results
estimates store ols_fraud severity threeway

* Compute AIC & BIC for Model Fit Comparison
mi extract 1
reg fraud severity new ace category financial literacy 2010 social support resilience std ///
financial guidance gender age group education relationship status employment status
ths_networth_trim credit card debt ///
cognitive_function ace x_resilience ace x_social ace x_finlit ace x guidance
estat ic // Compute AIC & BIC

reg fraud severity new ace category financial literacy 2010 social support resilience std ///
financial guidance gender age group education relationship status employment status

ths_networth_trim credit card debt ///
cognitive function ace_x_resilience ace x_social ace x_finlit ace x_guidance ///
ace_resilience finlit ace social finlit ace guidance finlit

estat ic // Compute AIC & BIC

* Restore Full MI Dataset
use "${data_ed}/HRS Regression Ready Interactions.dta", clear

* Save OLS Regression Outputs
estimates save "${data_ed}/ols fraud severity int.ster", replace

estimates save "${data_ed}/ols fraud severity threeway.ster", replace

* Save Results Table for APA Reporting
outreg?2 using "${data_ed}/Table 4.9 OLS FraudSevInt.doc", replace word ///
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label dec(3) title("OLS Regression: Moderation Effects on Fraud Severity")

outreg? using "${data_ed}/Table 4.11 OLS FraudSeverity ThreeWay.doc", replace word ///
label dec(3) title("OLS Regression: Three-Way Interaction Effects on Fraud Severity")

* Save Final Interaction Dataset for Future Use

save "${data_ed}/HRS Final Regression Interactions.dta", replace

* Load the imputed dataset
use "${data_ed}/HRS Imputed.dta", clear

* Step 1: Display Summary Statistics for Observed (Original) Data Only

di "Summary Statistics for Observed (Original) Data Only"

summarize financial literacy 2010 social support resilience std financial guidance
credit card debtif mi m==

* Step 2: Display Summary Statistics for Imputed (Pooled) Data

di "Summary Statistics for Imputed (Pooled) Data"

mi estimate: mean financial literacy 2010 social support resilience std financial guidance
credit_card debt

* Step 3: Display Distribution Comparison for Observed vs. Imputed Data

di "Comparison of Observed vs. Imputed Data"

mi xeq: summarize financial literacy 2010 social support resilience std financial guidance
credit card debtif mi m==

mi xeq: summarize financial literacy 2010 social support resilience std financial guidance
credit_card debtif mi m>0

* Step 4: Save the dataset (if needed for documentation)
save "${data_ed}/HRS Imputed Comparison.dta", replace
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clear

/*Explanation of What Each Step Does:

1. Step 1: Summarizes only the original (non-imputed) data to understand
missingness patterns.

2. Step 2: Uses mi estimate: mean to calculate the pooled mean across imputations
for comparison.

3. Step 3: Runs two mi xeq: summarize commands to compare observed vs. imputed
data distributions.

4. Step 4: Optionally saves the dataset in case you want to document the imputation
differences.

How to Interpret:

. If observed and imputed means are similar — imputation worked well (no
distortion).

. If large differences exist — potential issue with missing data assumptions.

/*
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