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Abstract:

This research examines the contrasting expressions of behavioral risk tolerance in two
major financial domains: U.S. retirement planning and property insurance. While both
sectors involve individual choices under uncertainty, they elicit distinct patterns of
behavior due to differences in time horizon, perceived risk, and regulatory structures.
Using comparative analysis grounded in behavioral finance, the study explores how
factors such as loss aversion, framing effects, and familiarity bias influence decisions to
invest in retirement plans versus insure physical assets. The paper incorporates national
survey data, policy uptake trends, and historical events (e.g., market crashes, natural
disasters) to identify psychological and demographic drivers. It also evaluates how
automated tools and Al-driven platforms could better align product offerings with
individual risk profiles. By highlighting divergences and overlaps in risk behavior across
the two domains, this study provides insights for financial advisors, insurers, and
policymakers seeking to promote more rational, personalized financial planning.
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Introduction

Behavioral risk tolerance — an individual’s willingness to accept uncertainty and potential
loss — plays a critical role in personal finance decisions. In the United States, two domains
where risk preferences are especially consequential are retirement planning and property
insurance. Retirement planning decisions (such as how much to save and how to invest for
the future) require balancing present sacrifices against uncertain long-term rewards,
whereas property insurance decisions (like purchasing homeowners, renters, or disaster
insurance) involve paying a certain cost now to mitigate potential losses from
unpredictable events. Despite both areas involving risk trade-offs, research in behavioral
finance suggests that U.S. consumers often exhibit different risk preferences and biases
in these domains This white paper provides a comprehensive comparison of behavioral
risk tolerance in retirement planning versus property insurance, grounded in behavioral
finance theory and current U.S. data. It reviews the literature on each domain’s behavioral
patterns, examines the cognitive biases and emotional factors shaping decisions, and
explores how advanced Al techniques (machine learning, natural language processing,
behavioral segmentation) are being employed to model or influence consumer behavior.
Real-world examples and data visualizations illustrate key points, and the analysis
concludes with implications for financial services firms, insurance providers, and
policymakers in the U.S.

Literature Review Scope: We first survey academic and industry research on behavioral risk
tolerance in retirement planning and in property insurance. This includes classic findings in
behavioral economics (e.g. prospect theory, heuristics and biases) as applied to savings and
insurance behavior, as well as recent U.S. market trends (such as retirement plan participation
rates and insurance coverage gaps). Comparative Behavioral Factors: We then highlight
differences in cognitive biases, heuristics, and emotional drivers between the two domains —
for instance, how present bias might hinder retirement savings more, whereas availability bias
can skew perceptions of insurance needs. Al and Behavioral Modeling: Next, we analyze how
artificial intelligence is used in each sector — from robo-advisors and predictive analytics in
retirement planning to personalization and telematics in insurance — to predict or influence
consumer risk-taking behavior. Throughout, we include comparative data (surveys,
experiments, and market statistics) and illustrative examples. Finally, we discuss implications:
how understanding these behavioral differences can help financial planners and insurers
design better products and communication, and how policymakers might encourage optimal
consumer behavior (e.g. through nudges or regulations). All content is U.S.- focused,
reflecting American consumer behavior patterns and policy context.

Behavioral Risk Tolerance in Retirement Planning (U.S.)

Retirement Risk Tolerance Concepts: In retirement planning, risk tolerance typically refers to
an individual’s comfort with investment volatility and uncertainty in pursuit of higher
returns. U.S. consumers’etirement decisions — such as participating in a 401(k) plan,
choosing contribution rates, and allocating assets between stocks and safer investments —
reveal their risk tolerance in practice. Financial advisors often distinguish risk capacity
(an objective ability to take risk based on one’s financial situation and time horizon) from
risk tolerance (the subjective willingness to take risk). Behavioral finance research shows
that many Americans’ subjective risk tolerance is influenced by cognitive biases and heuristics rather
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than purely rational evaluation For example, even when younger investors have long time
horizons and high risk capacity, they may shy away from stock market risk due to myopic
loss aversion or lack of experience. Conversely, some individuals take on excessive
investment risk (for instance, chasing speculative assets) due to overconfidence or
optimism bias.

Observed Patterns: Empirical data indicate that U.S. households vary widely in retirement risk
tolerance. The Federal Reserve’s Survey of Consumer Finances includes a risk-tolerance
question (asking whether the family is willing to take substantial, above-average, average, or no
financial risk for investment gains). Historically, only a small minority of American families
report willingness to take “substantial” risks, while a large share prefer “average” or “no risk”
investments. This conservative bent is reflected in portfolio choices. Notably, many young
investors hold surprisingly high levels of cash and low-risk assets. For example, recent analysis
of investor portfolios found that Americans in their 20s keep about 28% of their assets in cash, a
higher cash allocation than any age group except retirees. Such caution at a young age suggests
potential risk aversion or inexperience, as holding so much in cash means missing out on higher
long-term returns from stocks. . Indeed, by keeping nearly one-quarter to one-third of
portfolios in low-yield cash, many young workers forego the growth needed for retirement,
highlighting a gap between their risk capacity (high, given a long horizon) and behavioral risk
tolerance (low in practice).

Meanwhile, older workers and retirees often reduce investment risk as they age (shifting
from stocks to bonds and cash), which is rational to a degree. However, some Americans become
overly conservative too early, potentially jeopardizing portfolio growth needed to sustain a
longer lifespan. Behavioral economists Benartzi and Thaler famously documented that
employees commonly adopt naive heuristics — such as dividing contributions equally across
offered funds or sticking heavily to “safe” options — rather than optimizing their portfolios.
They found that many 401 (k) participants are relatively passive: slow to enroll, hesitant to
increase contributions, and unlikely to rebalance or adjust investments even when it
would be beneficial. For instance, before the advent of automatic enrollment, a significant
number of eligible U.S. workers delayed or never joined their employer’s retirement plan,
essentially choosing a zero- risk (and zero-return) outcome by not investing at all. Even
after enrollment, inertia is strong — participants tend to stick with default contribution rates
and asset allocations, which may not reflect their optimal risk level.

Key Biases in Retirement Decisions: A variety of cognitive biases and emotional factors influence
retirement risk tolerance and behavior:

+ Present Bias and Procrastination: Saving for retirement requires trading off current consumption
for future benefit. Many Americans display present-biased preferences (overvaluing
immediate rewards), leading to procrastination in enrollment or insufficient saving. The
distant future feels abstract, so the “cost” of saving now looms larger than the future benefit.
This bias contributes to under-saving and a reluctance to invest aggressively for long-term
gains. As one observer analogized, “Buying insurance (or saving) is like dieting — it’s hard
because costs are immediate, benefits are later” In retirement terms, that means it is
psychologically easier for people to spend money now than to set it aside for decades-later
needs.

+ Loss Aversion and Myopic Loss Aversion: According to prospect theory, losses feel more painful
than equivalent gains feel good. Many retirement savers are /oss averse, causing them to fear
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market downturns more than they value potential gains. This often results in overly
conservative portfolios. Myopic loss aversion — the tendency to focus on short-term
fluctuations even when saving for the long run — is prevalent. For example, an individual
checking their 401(k) frequently might panic during a market dip and shift to cash or bonds,
locking in losses and forgoing the recovery. Behavioral studies have linked loss aversion to lower
stock allocations in retirement accounts. Participants high in loss aversion are less likely to opt
into auto-escalation of contributions

or equity-heavy target-date funds. Essentially, the fear of short-term loss leads to decisions
that undermine long-term growth.

Overconfidence and Optimism: Some investors, conversely, exhibit overconfidence —
overestimating their ability to pick winning stocks or time the market. Overconfident
individuals may take on foo much risk (e.g. undiversified portfolios, day trading within a
retirement account, or heavy investment in employer stock). While moderate optimism about
the future is healthy, excessive optimism can be misleading in risk management. For instance,
a worker might optimistically assume “I’ll have a higher salary later to catch up on savings”
or “the market will return 10% every year,” which can justify taking on risk or delaying saving
—assumptions that may not hold. Overconfidence also manifests as i/lusion of control, where
people believe they can manage investment outcomes (leading to frequent trading or neglect
of broad diversification). Yet markets are largely unpredictable, and such biases can hurt
performance.

Inertia and Status Quo Bias: A hallmark of retirement behavior is inertia — the tendency to
stick with default choices or one’s current state. Many employees remain at the default
contribution rate or asset allocation chosen for them, even if it’s not ideal. This status quo
bias means risk tolerance expressed on a survey might not translate into action; for example,
a person may say they’re comfortable with risk, but if the default in their plan is a
conservative money market fund, they might never bother to shift into stocks. As a result,
realized portfolio risk can be lower than intended, simply due to inaction On the other hand,
inertia can also freeze overly risky allocations (e.g. holding 90% stocks near retirement
because one never rebalanced out of a youthful allocation). Automatic rebalancing features
and target-date funds (which adjust risk over time) have become popular plan design tools to
counteract this bias.

Framing and Mental Accounting: How choices are framed strongly affects retirement decisions.
For instance, employees are more likely to participate in a plan with an “opt-out™ default
(enrollment is automatic) than an “opt-in” choice. The way options are described — such as
emphasizing the annual dollar match one loses by not contributing, versus the cost of
contributing — can change behavior (a framing effect exploiting loss aversion). Mental
accounting plays a role as well: people often treat retirement savings as a separate “account”
not to be touched, which can be beneficial for preserving it. However, some may mentally
account Social Security or home equity as retirement funds and thus under-save in
financial accounts, or vice versa. The framing of risk in communication — for example,
presenting a target-date fund as a balanced approach for retirement versus describing it by
its stock percentage — will influence perceived risk tolerance and choice.

Herding and Peer Effects: Individuals often look to social cues in uncertain decisions.
In workplaces, if colleagues are contributing at a certain rate or if there’s a prevalent norm
(e.g. “we all
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max out our 401(k)”), others may follow suit. Conversely, if most peers are conservative or
not engaged, an individual may feel less urgency to take risk or save aggressively. Herd
behavior is less documented in retirement investing than in stock trading, but features like
seeing how one’s contribution compares to peers (sometimes shown in fintech apps or HR
portals) can nudge behavior. Social norms campaigns (e.g. informing employees that “90%
of your coworkers contribute at least X%?) leverage this tendency.

Financial Literacy and Complexity: Many Americans have limited financial knowledge,
which exacerbates biases. Retirement planning can be complex (estimating needs,
understanding investment options). A lack of literacy often leads to heuristic decision-making
(e.g. splitting contributions evenly among offered funds as a simplification). It can also cause
risk avoidance — if unsure, some default to “safe” choices or not participating at all. Studies
by the Transamerica Institute find that improving basic financial literacy can mitigate framing
effects and self-control problems in retirement decisions. When individuals better understand
concepts like compound growth or inflation risk, they may be more willing to take prudent
investment risk instead of misperceiving safe assets as always risk-free. Nevertheless,
complexity in retirement plans can trigger analysis paralysis, where facing too many fund
choices or too much jargon leads people to stick to defaults or low-risk options.

Consequences: These behavioral tendencies have tangible outcomes. Many U.S. workers end
up saving less and investing more conservatively than optimal, risking insufficient funds in
retirement Others, though fewer, may gamble their retirement on high-risk bets (for example,
heavy equity concentration or late-career chasing of returns if they feel behind). The literature
suggests that behavioral risk tolerance is often lower than what standard economic models
would predict given people’s circumstances — in other words, excess prudence (driven by
fear and bias) can undermine long-term welfare. At the same time, a subset of investors do
make aggressive choices inconsistent with their actual risk capacity (e.g. day-trading a
retirement account), often due to overconfidence or framing (seeing retirement money as play
money). The net effect is that many Americans are not aligning their retirement portfolios
with an optimal risk/return mix for their goals.

Nudges and Plan Design: Recognizing these issues, U.S. employers and policymakers have
implemented interventions to better align behavior with needs. Automatic enrollment and
default contribution escalation are classic examples of using behavioral insights to
counteract present bias and inertia. By making participation the default (with opt-out),
participation rates in 401(k) plans have dramatically increased, especially among younger
and lower-income employees who were most prone to procrastination. Default investment
options like target-date funds have also steered participants into age-appropriate risk levels
by framing the choice as the “smart default”. These nudges take advantage of inertia (people stick
with defaults) in a positive way. Empirical results show such design changes have
improved outcomes — more people saving, and portfolios that gradually reduce risk as
retirement nears. However, even with these improvements, gaps remain (for example,
those not covered by employer plans, or those who still opt for minimal contributions).
Overall, the retirement domain illustrates that behavioral risk tolerance is malleable and
context-dependent — by changing the context (plan design, information provided),
individuals’ effective risk-taking can be influenced significantly without altering their
inherent risk preferences.

Behavioral Risk Tolerance in Property Insurance (U.S.)
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Insurance Risk Decisions: In the property insurance domain, risk tolerance manifests in whether
and how people insure their valuable assets (homes, belongings, etc.) against damage or
loss. Owning insurance represents a willingness to pay a definite cost (the premium) to avoid an
uncertain, potentially larger loss. In classical economic theory, a risk-averse person should
generally insure against large losses if insurance is fairly priced. Yet in practice, consumer
behavior around insurance often deviates from rational models, showing underinsurance in some
cases and over-insurance in others Many Americans with significant risk exposure (e.g.
living in flood or earthquake zones) forego optional insurance, effectively tolerating or
underestimating catastrophic risk. At the same time, people frequently insure against
small, frequent losses or buy low deductibles, indicating aversion even to minor risks. This
apparent inconsistency — sometimes called the insurance paradox — is explained by a
range of behavioral biases and heuristics specific to how people perceive and act on risk

in insurance settings

Underinsurance and “High Consequence” Risks: A well-documented issue is underinsurance of
low- probability, high-consequence (LPHC) events Natural disasters are a prime example. Despite
rising climate-related risks, voluntary purchase of disaster insurance (flood, earthquake,
hurricane wind, etc.) remains low in the U.S. Today, even in high-risk areas, a large share
of homeowners do not carry coverage beyond perhaps a standard homeowners policy (which
typically doesn’t cover flooding). For instance, over 75% of buildings flooded by recent major
hurricanes (e.g. Sandy, Harvey) were uninsured for flood ?*2° National Flood Insurance Program
(NFIP) data as of 2024 show only about 3.6 million NFIP policies in force, insuring roughly 2.7%
of American housing units against flood . In Florida — a state extremely prone to floods — only
12% of homes have flood insurance, leaving the vast majority exposed. This underinsurance
persists despite increasing storm frequency and severity, indicating that many consumers
either underestimate the probability of disaster or assume the consequences will be mitigated
by government aid or other means. Indeed, researchers often note a behavioral “disaster
myopia” — people cognitively relegate catastrophic events to “it probably won’t happen to

me,” leading them to forego insurance

Over-Insurance of Trivial Risks: Conversely, consumers often over-insure high-probability,

low- consequence (HPLC) losses. This is seen in the popularity of extended warranties or
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insurance for cell phones, appliances, or small electronics. These products cover relatively
minor losses (a broken phone, a gadget repair) yet are eagerly purchased, sometimes at high
effective premiums. Similarly, many homeowners choose very low deductibles on their home
insurance, paying extra to avoid even modest out- of-pocket costs. From a rational
perspective, a risk-neutral or moderately risk-averse person might self- insure small losses
(just pay them if they occur) and focus insurance on big disasters. But behaviorally, the
immediacy and familiarity of small risks (a phone drops frequently, a home might have minor
water damage) loom larger in decision-making than abstract, rare disasters. This reflects biases
like availability heuristic, where frequent or recent incidents are more salient in the mind,
leading people to believe those risks are higher and thus insure them. A small household
accident is easier to imagine (or recall happening to a friend) than a once-in-a-century flood,

skewing insurance demand.

Cognitive Biases in Insurance Decisions: Researchers have identified numerous biases and

heuristics that lead to suboptimal insurance decisions. Key ones include:

Availability Heuristic: As noted, availability plays a huge role in risk perception. People judge

the probability of events by how easily examples come to mind. A vivid recent disaster on the

news can make people overestimate that risk and possibly buy insurance in reaction. For
example, after a major hurricane or flood, insurance purchases spike, but then decline after a few years of
no events. This pattern was seen after Hurricane Katrina: NFIP flood policy counts jumped

~14% in the year following Katrina, only to fall back to prior levels within about three years

In effect, people temporarily overweight the risk when memories are fresh (availability bias),
then “amnesia” sets in and they forget or downgrade the risk over time This leads to cyclical
insurance behavior — buying coverage when an event is salient, canceling after a calm period.
Availability also explains why common hazards (fire, auto accidents) are well insured — they
happen often enough that people either have personal experience or hear of cases regularly,

reinforcing the sense that “it could happen to me.”
» Myopia (Short-Term Focus): Similar to present bias in savings, myopia causes people to pay
insufficient attention to long-term risks. Individuals focus on immediate concerns and local

environment and may ignore or underweight futures threats. A homeowner might prioritize
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buying a new appliance (immediate benefit) over buying flood insurance (benefit only if a
rare event occurs). The myopia bias leads to underestimation of infrequent risks if something
hasn’t happened in recent memory, a myopic individual treats the probability as negligible.
This explains why voluntary disaster insurance uptake is low in areas that haven’t seen a
disaster in many years, even if the scientific risk (e.g. seismic risk in California) is significant.
People essentially have a planning horizon too short to incorporate those events. Myopia is
also evidenced by behaviors like not investing in mitigation (e.g. skipping a sewer backup

insurance rider because “it’s never happened here,” only to regret it later).

+ Optimism Bias: Many Americans exhibit optimism bias — believing that bad things are less likely
to happen to them than to other. This can lead to underinsuring because each person thinks
they are somehow safer or more careful than average. For example, homeowners may
acknowledge that floods occur in their region, but assume their particular home won’t be
the one affected (“I’m on slightly higher ground,” or “I don’t live right by the river, so I’ll be
fine”). Illusion of control ties into this: individuals might feel that through personal effort or
precautions they control their risk (e.g. “I maintain my house well, so I won’t have a
fire’), which can reduce insurance uptake.Optimism bias is beneficial for mental health
in general but problematic in risk management — it can prevent people from hedging
against tail risks. Surveys have found that a majority of drivers consider themselves
above-average in skill, which correlates with lower interest in auto insurance add-ons or
uninsured motorist coverage (they trust their own driving and discount random events).
In property insurance, optimism and illusion of control result in a sense that “it won’t

happen to me, and if it starts to, I can prevent it,” which is not always true for large-scale perils.

+Loss Aversion and Framing of Premiums: Insurance is sometimes framed as “a sure loss
(premium) in exchange for avoiding a possible larger loss.” Under prospect theory, when
people view the premium as a /oss, they might become risk-seeking in losses, preferring to
gamble by not buying insurance — essentially betting the loss won’t happen. This is a twist:
the same loss aversion that makes one cautious in investments can cause avoidance of
insurance, because paying a premium feels like locking in a loss if no claim occurs. Many

consumers think “if I don’t file a claim, my premium money is wasted,” which makes them
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reluctant to insure. In reality, the value of insurance is peace of mind and protection, but that
intangible benefit is harder to quantify than the sure cost. Behavioral experiments confirm
that when insurance is framed as preventing a loss, uptake is higher than when framed as a

cost for nothing gained if no event happens. Furthermore, framing affects

deductible choices: if a high deductible is framed in terms of potential out-of-pocket loss,
people lean toward lower deductibles (to avoid that loss), even though economically a higher
deductible often saves money over time. Insurers have learned to frame deductible incentives

carefully, sometimes illustrating long-term savings to overcome bias.

Mental Accounting and Narrow Framing: Many consumers treat insurance decisions in silos
(narrow framing) rather than viewing their overall risk profile. They might separately
evaluate each type of insurance in isolation. This can lead to paradoxical outcomes, such
as over-insuring some items while under-insuring larger needs. For example, someone
might eagerly pay for cellphone insurance (viewing the phone replacement cost as a
distinct risk in a “gadget” mental account) but not buy renters insurance to cover all
possessions, even though the latter would cover the phone plus much more. The phone is
framed narrowly (and perhaps emotionally, as a frequently used item), whereas renters
insurance might be seen as an extra bill with less tangible benefit day-to-day. Narrow framing also
means people often ignore correlations or portfolio effects— they don’t consider that buying
multiple small insurance policies might be cost-inefficient compared to one broad policy.
Each decision is made in isolation (“Do I want this insurance or not?”’) without considering
the whole risk exposure. Additionally, mental accounting leads people to treat insurance payouts
and premiums as separate mental accounts, which can cause biases like over-insuring
small items for the “reward” of frequent small claims (some derive a sense of getting their
money’s worth if they file small claims, even though this can lead to higher premiums; it

feels like using the insurance account).

Regret Aversion and Safety Seeking: The emotion of regret can influence insurance purchase.
People anticipate how they would feel if an uninsured loss occurred versus if they bought
insurance and no loss occurred. The regret of not having insurance when disaster strikes is
often imagined as very high (and indeed many disaster victims later say they wish they had

insurance). However, because that scenario is often discounted (“probably won’t happen™),
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some weigh more heavily the regret of paying premiums for nothing. The balance of these
anticipated regrets can tilt decisions. Some consumers explicitly buy insurance for peace of
mind — an emotional benefit beyond financial expectation. In fact, experts note that insurance
provides “moral benefits” like peace of mind and security feelings, which rational models
ignore. More cautious personalities derive a great deal of emotional comfort from being
insured (they are highly risk averse emotionally), whereas more risk-tolerant personalities
might not value that peace of mind as much. This can explain why two individuals in the same
situation make different choices: their emotional risk tolerance (comfort with uncertainty)

differs, even if their financial stakes are similar.

« Trust and Fairness Perceptions: Behavioral research also shows that trust in insurers and
perceptions of fairness influence insurance uptake. Many Americans harbor distrust toward
insurance companies — a 2018 survey found 43% of people do not trust their insurer and only ~42%
believe insurers act in customers’ best interest This skepticism can suppress willingness to buy: if
one thinks the insurer will just find a way not to pay claims or that premiums are unfairly high,
they may self-insure instead. Additionally, a notable proportion of people (25-35% in one study)
even view insurance fraud as an acceptable practice, reflecting cynicism in the insurance
relationship. Lack of trust is a behavioral barrier; improving transparency and claims
experiences can thus be seen as part of managing customers’ risk perceptions. People are more
willing to pay for insurance if they trust that claims will be paid fairly and without hassle. This
touches on institutional factors beyond individual biases, but it’s an important emotional

component: a rational person

might still avoid insurance if they fee/ it’s a bad deal or the insurer is adversarial. By
contrast, when insurers frame themselves as partners in risk management (some use
behavioral marketing emphasizing empathy and reliability), customers may feel more

secure in purchasing coverage.

Implications of Insurance Biases: These biases result in market puzzles that academics have noted
for years: why do people underinsure against large disasters yet overpay for extended
warranties? From a societal view, underinsurance of big risks like floods and earthquakes is
problematic — it leaves families and communities less resilient (post-disaster, uninsured losses

often lead to delayed recovery or reliance on government aid). Indeed, the gap between economic
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losses and insured losses in major disasters illustrates the cost of underinsurance. For example,

Hurricane Katrina (2005) caused an estimated
$160 billion in damage, but only about \$65 billion was insured; the majority of the gap was due to

uninsured flood losses. This “protection gap” is essentially driven by behavioral failures to
insure. Even today, despite greater awareness, the flood insurance gap is widening —
between mid-2023 and mid-2024, NFIP coverage nationwide fell by 2.4%, a loss of 87,000
policies, even as housing stock grew. Only a tiny fraction of U.S. homes in flood zones are
covered, underscoring persistent disaster myopia or affordability concerns. On the other
hand, over-insurance of small risks means consumers collectively spend billions on
premiums that provide relatively little economic value (insurers typically earn high
margins on products like phone insurance or low deductibles). In effect, consumers’
perceived risk often does not match actual risk, leading to misallocation of resources — too

much insurance where it isn’t critical and too little where it is

Behavioral Explanations and Solutions: Behavioral economists have sought explanations for
these patterns. One framework suggests individuals use two modes for evaluating risk:
experience-based and description-based. 1f they haven’t experienced a disaster (and it’s not
salient through media), they underweight it; if they frequently experience or hear about a loss,
they overweight it Additionally, financial literacy (or lack thereof) affects insurance uptake —
many Americans do not fully understand their homeowners or renters policies, or probabilities
of events, leading to reliance on heuristics. Interventions to improve decisions include
providing better information (e.g. flood risk maps and personalized risk scores) and changing
defaulfS of incentives. For instance, Florida recently passed a law regluiring homeowners
insured by the state-backed Citizens Insurance to also carry flood insurance. This
effectively makes flood coverage a default add-on for those consumers, countering the bias
of neglecting that risk. Another approach is product redesign: bundling coverages (so people
can’t just opt out of one critical coverage) or multi-year insurance contracts that lock in
coverage (to prevent the post-event drop-off when memories fade) Insurers are also

experimenting with behavioral marketing — focusing on emotional appeals

(peace of mind, protecting family) rather than just probabilities and statistics60 . Since

feelings and emotions are key drivers (fear, worry, security) in insurance decisions , addressing
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those can be more effective than purely analytical pitches. The concept of “behavioral
insurance” has gained traction: using insights from behavioral science to tailor insurance
product design, communication, and claims processes to align with how customers

actually think and decide

Figure: Flood Insurance Uptake Example: The following map illustrates one behavioral pattern —
the concentration of flood insurance policies in only a few high-risk coastal areas, while vast
inland regions (and even some coastal zones) have very low uptake. The highlighted
counties (in red) account for 75% of all NFIP residential flood policies, indicating that most
Americans outside these zones have not purchased flood coverage. This aligns with the adage
that people buy flood insurance only if forced or if recently flooded, leaving many at-risk

communities unprotected. The uneven distribution underscores how local

experience and norms shape insurance behavior (coastal communities may have

stronger insurance cultures), and how large the protection gap can be elsewhere.

U.S. counties highlighted in red account for 75% of all residential flood insurance
policies, primarily along the Gulf and Atlantic coasts. Most inland counties have
extremely low flood insurance participation, reflecting widespread underinsurance for
flood risk outside high-profile coastal areas. Such concentration suggests that many
Americans at risk of flooding do not carry insurance, likely due to biases like optimism
(“it won'’t happen here”) and reliance on federal disaster aid, unless they live in areas

where flood coverage is customary or required.
Comparative Differences in Biases and Risk Preferences

Having explored each domain, we now compare how risk tolerance and biases differ between

retirement planning and property insurance decisions in the U.S.:

+ Nature of Risk and Time Horizon: A fundamental difference is temporal. Retirement investing
involves long-term, gradual risk in pursuit of gains (e.g. stock market volatility over decades),
whereas insurance involves immediate protection against sudden losses (e.g. a fire, theft, or
disaster could strike at any time). This leads to distinct biases. Present bias strongly affects
retirement saving — the benefits of saving/investing are far in the future, so people

procrastinate or under-commit due to immediate gratification preferences. In contrast,
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property insurance’s benefits (payouts) are tied to unpredictable events that could be imminent
or never, which can either spur urgency if a threat feels near (e.g. a hurricane forecast) or
complacency if not salient. Myopia plays into both: in retirement, it causes under-saving for
a distant future; in insurance, it causes neglect of infrequent catastrophes. However, the net
effect is opposite — myopia in retirement leads to not taking enough risk (investing too little
in growth assets or not saving enough), while myopia in insurance leads to taking on too much
risk (remaining uninsured for big losses). Essentially, people are short- sighted in both cases,
but for retirement that means overly conservative financial behavior (due to focus on present
consumption), and for insurance it means overly optimistic risk-taking (due to focus on the

current calm conditions).

« Framing: Gains vs. Losses: Retirement investments are usually framed in terms of gains (returns),
whereas insurance is framed around losses. Prospect theory tells us people are risk-averse in
the domain of gains but can be risk-seeking in the domain of losses. This aligns with observed
behavior: when considering investment gains, many shy away from risk (risk-averse, as any
potential loss looms large in their mind, causing conservative investing) But when
considering insurance (a loss domain, since buying insurance is avoiding a loss), some
become risk-seeking by opting not to insure, essentially gambling on not incurring a loss. For
example, an individual might refuse insurance because the sure loss of the premium feels
worse than the chance of a larger loss — a risk- seeking choice under loss framing. Thus, the
same individual could be both conservative with investments and cavalier with insurance, purely
due to framing differences. This divergence is a crucial insight of behavioral finance: risk
tolerance is domain-specific, not a fixed trait. Supporting this, an analysis of U.S.
employees’ choices found only a weak correlation between one’s 401(k) asset allocation risk
and one’s insurance deductible choices — risk preferences were much more correlated across
similar contexts (different insurance types) than between insurance vs. investment contexts.
In other words, someone who chooses low deductible (risk-averse) on auto insurance often

does similarly on home insurance, but that doesn’t strongly predict if they hold a

risky or conservative retirement portfolio. This suggests that context and framing (gains vs

losses) heavily influence expressed risk tolerance.

« Emotional Trigger Differences: The emotional factors at play tend to differ. Fear and anxiety are
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common in both domains but attached to different triggers. In retirement, the anxiety is more
abstract — fear of not having enough money decades from now, or fear of market crashes
eroding nest eggs. This can cause chronic worry for some, but for others the lack of immediate
feedback leads to underestimating the urgency. In insurance, the fear is often visceral — fear
of one’s house burning down, or being robbed, etc., which can be quite vivid. Thus, emotions
like fear can sometimes motivate insurance purchases (when the threat is salient), whereas the fear of
poverty in old age is less tangible and often fails to motivate adequate saving until late in life. Additionally,
regret aversion takes different forms: retirement regret is usually delayed (“I wish I had saved
more when I was younger”), whereas insurance regret can be immediate and acute (“I wish I
had insured, now I lost everything”). Because of this immediacy, regret aversion might
actually promote insurance uptake more strongly if one imagines the scenario of loss, whereas
regret aversion in retirement might not kick in until it’s too late (people in their 60s regretting

not saving).

+Social and Institutional Context: Retirement planning for many Americans occurs in a
structured setting (employer-sponsored plans, with HR communications, default options,
sometimes advice or calculators). There are now automatic features and nudges embedded
thanks to policy changes (like the Pension Protection Act allowing auto-enroll). This means
even a relatively passive or biased individual might still end up saving and investing because
the system guided them to In contrast, property insurance (aside from auto insurance which is
mandated) is often left to the individual’s initiative. Unless a mortgage lender requires
homeowners insurance or flood insurance, it’s largely up to the consumer to seek coverage.
There are far fewer defaults or automatic enrollment equivalents in insurance. The closest
might be lender requirements (which ensure nearly all mortgaged homes have basic fire
insurance) or government programs like NFIP that require insurance in special flood hazard
areas for federally backed loans. But many gaps (e.g. renters insurance, earthquake insurance)
have no default requirement. Thus, behavioral biases can have a larger impact in insurance because the
decision architecture is less guided. The result is that inertia and procrastination lead to no insurance
(versus in retirement, inertia now often at least leads to some default saving). On the flip side,
social proof and norms might be stronger in retirement (coworkers talk about the 401k,

employers emphasize it), whereas few social circles commonly discuss insurance coverage.
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This difference in environment and defaults means policymakers have used more aggressive

nudging in retirement than in insurance to date.

« Knowledge and Perceived Complexity: Both areas suffer from low consumer understanding, but
the types of confusion differ. Insurance policies are notoriously complex contracts, and people
struggle to understand coverages, exclusions, and actuarial odds, often leading to distrust or
decision paralysis. Many find insurance shopping unpleasant or confusing, which itself can
reduce uptake (just avoiding the chore). Retirement investing, while also complex, often gets
simplified by plan providers (e.g. providing a shortlist of fund options or a target-date fund).
Consumers still may not know the intricacies of investing, but tools and defaults help manage
that. Also, people might overestimate their understanding in both domains — e.g., think they’re
adequately insured or properly diversified when they are not (overconfidence). However, the
consequences of misunderstanding insurance can be immediately devastating (finding out you weren’t

covered for a specific peril after loss), whereas misunderstandings in retirement compound slowly (e.g.

underestimating how much to save). Therefore, the urgency and feedback differ: insurance
mistakes become apparent at the worst possible time (after a loss), providing a harsh learning
experience (if one is lucky enough to learn from someone else’s misfortune, that can spur
change). Retirement mistakes might only become apparent late in life, when it’s harder to
correct course. This difference might cause slightly more openness to advice in retirement
(some seek financial advisors or robo-advisors), whereas for insurance, consumers often
purchase a policy and then “set and forget” until renewal, without much advisory input unless

using an insurance agent.

» Domain-General vs Domain-Specific Risk Attitudes: Psychometric research (like the DOSPERT
scale) finds that risk attitudes are partly domain-specific — one person may be risk-taking in
financial investments but risk-averse in health/safety, or vice versa. The Einav et al. (2010) study
of employees’ 401(k) vs insurance choices found a significant domain-specific component. They
noted that while there is some underlying trait (some individuals consistently take more risk
across many decisions), the correlation between insurance choices and investment choices was
much weaker than correlations among different insurance decisions. This implies that context,
framing, and experience in each domain shape risk tolerance. For example, an individual

might treat their retirement investing like a “growth project” and accept volatility (perhaps
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influenced by education about long-term returns), but the same person might refuse an extended
warranty or optional insurance because it feels like a bad deal or they’ve never had that loss before.
Or someone might buy every insurance offered (very risk-averse personality in general) yet
ironically invest in fairly risky stocks because they view the stock market as the norm for
retirement (possibly trusting that market risk is different from gambling). These nuanced
differences underscore that “risk tolerance” is not a one-size-fits-all descriptor — we must specify:
risk tolerance in what context?. Financial planners increasingly recognize this, assessing clients’
risk attitudes with targeted questions for investments, and insurance advisors separately

evaluating comfort with deductibles and uninsured exposure.

In summary, U.S. consumers typically exhibit greater aversion to stock market risks in
retirement saving than is objectively warranted for long-term investors, while simultaneously
tolerating more uninsured risk in their personal assets than is objectively prudent (given the
financial devastation a loss can cause). Both behaviors are rooted in human biases, but those
biases manifest differently under the two sets of conditions. Understanding these
differences is key for designing interventions and tools to help people make better
decisions in each realm. The next section will explore how modern techniques, especially
Al and data analytics, are being applied to address these behavioral challenges in both

retirement planning and insurance.
Using Al to Model and Influence Consumer Behavior

Advances in artificial intelligence and data analytics are providing new ways to
understand and shape consumer behavior in finance and insurance. In both retirement and
insurance domains, organizations are leveraging machine learning (ML), natural language
processing (NLP), and behavioral segmentation to predict customer needs, personalize
advice, and nudge consumers toward better decisions. Below, we examine applications of

Al in each domain, noting how they target the specific behavioral issues discussed.
Al in Retirement Planning

Financial services firms in the U.S. have been early adopters of Al to enhance retirement
planning and investment advice. The goal is often twofold: model/predict consumer behavior

(e.g. who is likely to undersave or panic-sell) and influence behavior positively (e.g. nudging

Received: May 17, 2025 26



International Journal of Applied Mathematics

Volume 38 No. 4s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

people to save more or hold an appropriate risk portfolio). Key applications include:

Robo-Advisors and Automated Portfolio Management: Robo-advisor platforms (such as
Betterment, Wealthfront, and offerings by incumbents like Vanguard and Schwab) use
ML algorithms to create and manage investment portfolios tailored to an individual’s risk
tolerance and goals. Traditionally, these platforms assessed risk tolerance via
questionnaires. Now, some are experimenting with more dynamic data-driven
assessments — for example, analyzing a client’s financial data or even responses in an
interactive chat to gauge risk attitudes. The Al allocates assets and periodically rebalances,
enforcing discipline that counteracts human biases (like inertia or panic selling). By
automating these tasks, robo-advisors prevent behavioral mistakes — the algorithm doesn’t
get emotional during market swings. Some platforms also implement behavioral features: for
instance, if a user tries to sell during a market dip, the app might issue a gentle warning
or educational snippet about staying invested (a nudge informed by behavioral finance
principles). These advisory algorithms are increasingly sophisticated, incorporating
techniques like Monte Carlo simulations and reinforcement learning to improve

recommendations over time.

Predictive Analytics for Savings Adequacy: Providers and employers are using ML to predict which
participants are at risk of inadequate retirement savings. By analyzing factors such as age,
salary, current savings rate, account balance trajectory, and even HR data (like tenure or
retirement plan usage patterns), algorithms can flag individuals who might end up short on
retirement funds. These models draw on large datasets of participants to find patterns (for
example, someone who starts contributing late and at a low rate, with no increase, is likely
on a poor path). The output is used to target interventions: personalized emails, messages,
or advisor outreach encouraging those individuals to increase contributions or adjust
investments. For example, an Al might identify that a mid-career employee isn’t on track
and trigger a suggestion for them to use an ‘“auto-increase” feature or make a one-time
catch-up contribution. Recent research confirms the feasibility of this — one study
employed machine learning ensembles to predict savings shortfalls and found it effective
in identifying who needs extra attention. By preemptively addressing behavioral shortfalls

(like inertia or underestimation of needed savings), these predictive tools can improve
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outcomes.

+ Personalized Nudging and Engagement: Al is enabling “hyper-personalized” communication
strategies to influence retirement behavior. Rather than generic newsletters, plan providers
are using data-driven segmentation to tailor messages. For instance, Vanguard reported

’

leveraging Al to deliver “next best action” nudges to participants. If the AI notices a
participant has stopped increasing their contribution for a few years, it might send a
personalized reminder of how even a 1% increase can add up over time. If it detects that a
participant’s portfolio risk is inconsistent with their profile (say, a 25-year-old 100% in a
stable value fund), it could prompt them with educational content about long-term growth.
Channels include emails, texts, and even chatbot or advisor calls triggered by AI . The Al can
determine not only whom to nudge, but also the best time and medium — for example, sending
a text during an enrollment period or just after a raise (when a contribution increase is

feasible). Such personalization aims to make nudges more relevant and thus more effective

in overcoming biases. Early evidence suggests these targeted nudges significantly

increase behaviors like contribution rates and use of optimal investment mixes, compared

to one- size-fits-all campaigns.

« Chatbots and Virtual Assistants: Large retirement plan providers have deployed Al-powered
chatbots to assist participants. These bots (e.g. Fidelity’s “Virtual Assistant”, Schwab’s
intelligent assistant) can answer questions 24/7 in natural language — from “How much should
I save?” to “What’s my current balance?” — using NLP to understand the query. They often
integrate behavioral coaching: if someone asks “Is now a good time to move my 401k to
cash?” (perhaps panicking in a downturn), the chatbot can recognize the concern and
provide a calming, informative response about long-term investing, possibly preventing a
knee-jerk reaction. T. Rowe Price noted that generative Al is being used to augment human
advisors by summarizing complex information and answering participant questions, thereby

empowering decision-makers rather than replacing them

These tools lower the barrier for individuals to get information and advice, which can
counteract inertia and confusion. They also learn from interactions; for example, if many users
ask about how to handle market volatility, the system “learns” that this is a common concern

and might proactively share content on that topic. By providing instant, personalized
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guidance, Al assistants can address biases like overconfidence (by gently correcting
misconceptions) or lack of knowledge (by teaching concepts), leading to more informed risk-

taking.

+ Behavioral Segmentation and Tailored Plan Design: On a broader level, plan sponsors are using
data clustering to segment participants by behavior patterns and then designing strategies
for each segment. Al can cluster employees into profiles — e.g. “Maximizers” (those who
max out contributions), “Slow Starters” (late to join or low contribution rates), “Nervous
Investors” (those frequently moving to stable funds), etc., based on their plan data. For
each segment, different interventions are appropriate. Slow Starters might get targeted
enrollment drives or one-on-one consultations. Nervous Investors might get additional
education on volatility and perhaps default options like managed accounts to relieve their
anxiety. This behavioral segmentation, powered by unsupervised ML on participation and
transaction data, allows plan providers to go beyond one-size- fits-all and address the
underlying behavioral needs of each group. It is essentially a form of precision nudging
— understanding which behavioral hurdle (lack of trust, fear of loss, procrastination, etc.)

is prevalent in a group and using the right tool to address it.

+ Risk Profiling with Alternative Data: Some firms are exploring whether non-traditional data can
refine risk tolerance assessment. For instance, analyzing an individual’s financial transactions or
even language in emails (with permission) could hint at their risk preferences. Natural
language processing might detect sentiment or risk-related attitudes from things people
write in financial planning questionnaires or customer service chats. If someone frequently
expresses worry or uses anxious language about finances, the Al might classify them as
more risk-averse, tailoring recommendations accordingly. While this is still emerging, it
shows the potential of Al to pick up behavioral cues beyond formal survey responses.
Additionally, Al can simulate scenarios (e.g. using generative models to show potential
future outcomes under different savings rates or asset allocations) in a way that might
resonate more with individuals, helping them overcome biases by experiencing a bit of

the future virtually.

In short, Al in retirement planning is largely about augmenting decision-making and

automating beneficial behaviors. By monitoring data and intervening in personalized ways,
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Al systems can help counteract human tendencies to procrastinate, panic-sell, or under-

save. Importantly, leading firms

emphasize using Al for “intelligent augmentation,” not just autemation— meaning the aim is

to support and inform human decisions (of the participant or their advisor) with better

insights. As an example, the table below highlights some current Al-driven initiatives by top

U.S. retirement providers:

Firm

Al Initiatives

'Vanguard

Al-driven robo-advisor (Personal Advisor Services) to generate customized|
portfolios of Vanguard ETFs; Launched an Al-powered chatbot for customer
inquiries; Using ML to detect when participants might take action and|
deliver hyper-personalized digital nudges (texts, emails, or advisor calls) to

encourage positive actions 79 80 _ The Al “notices when you might take
action” and nudges the next best step, per Vanguard’s Head of Advice.

TIAA

Partnered with a tech firm (Google Cloud AI) to enhance client experience
via Al: optimizing self-service and contact center interactions (likely with|
NLP chatbots), and analyzing client data for more effective engagement|
84 85 | Goal is to better anticipate questions and provide proactive
guidance.

MassMutual

Applied Al across its Financial Wellness tools and 401 (k) platform 86 87
. For example, using predictive analytics to help participants make
informed decisions — possibly an Al that suggests optimal contribution or
alerts if portfolio risk is misaligned. Their tech strategy head noted Al 1ig
used to guide participant decisions.

Fidelity,
Schwab, etc.

These firms similarly deploy AI in their retail brokerage and 401(k)
services — with intelligent assistants (like Fidelity’s chatbot), automated
investment management, and analytics to identify clients who may need
intervention (like catch-up contributions or rebalancing). Many are
exploring how generative Al can create more engaging educational content]

or simulate retirement outcomes for clients in a conversational way 88
89

Overall, early results are promising: Al interventions have been linked to improved

savings behaviors and satisfaction. However, companies tread carefully to maintain trust —

data privacy and avoiding any sense of manipulation is paramount. The focus is on

empowering consumers (e.g. providing timely information and nudges) rather than
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secretly pushing them into decisions. When done right, Al can serve as a personalized
coach that helps individuals align their actions with their own long-term goals, effectively

bridging the gap between intended and actual risk-taking behavior.
Al in Property Insurance

The insurance industry, traditionally data-driven (for underwriting and claims), is now
harnessing Al to better understand customer behavior and tailor products. While much Al
in insurance has aimed at operational efficiency (automating claims, fraud detection, etc.),
increasing attention is on the customer- facing side: segmentation, personalized pricing, and

influencing safer or more responsible behavior. Key developments include:

+« Customer Segmentation and Personalization: Insurers are using Al to segment customers far
beyond traditional demographics. By analyzing a wide range of data — past purchasing
behavior, renewal history, claims history, lifestyle indicators, even marketing interactions
— machine learning models identify clusters of customers with similar behaviors or risk
attitudes . For example, Al might find a segment of customers who consistently choose
high deductibles and minimal coverage (indicating higher risk tolerance or cost sensitivity)
versus those who opt for full coverage and low deductibles (very risk-averse). Sales and
marketing teams then tailor their approach: risk-tolerant segments might be marketed
umbirella liability policies by emphasizing high protection at reasonable cost (since they buy
only if value is clear), whereas risk-averse segments might be sold on comprehensive packages
with emphasis on peace of mind. According to industry reports, Al-driven segmentation enables
“hyper-personalization”, where every interaction (quote, email, offer) is informed by deep
insights on that customer . For instance, if a certain segment responds better to
emotional appeals (e.g. family safety), Al can detect that via A/B testing and adjust
messaging accordingly. Personalization extends to product recommendations — an Al can analyze
an individual’s data (home characteristics, location, financial profile) and suggest relevant
coverages they likely need (say, earthquake insurance for someone in California, or water
backup coverage for an old house), addressing the common problem of consumers

overlooking important endorsements.

+ Behavior-Based Pricing (Telematics and [oT): A significant trend in property/casualty insurance is

usage-based or behavior-based insurance, enabled by IoT devices and Al analysis of the data. In
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auto insurance, telematics devices or smartphone apps record driving behavior (speeding,
braking, time of day, etc.), and ML algorithms convert that into risk scores and dynamic
premiums. This effectively personalizes risk assessment and rewards safe behavior with
lower rates, thereby influencing behavior — drivers often improve habits when they know
they’re being monitored and can save money (a feedback loop leveraging loss aversion: small
immediate discounts for good behavior to prevent larger premium “losses™ later). Similarly,
home insurers are starting to use smart home data (security system usage, smoke detector
connectivity, temperature sensors to prevent freezes, etc.). Al models can predict risk based
on these behaviors (e.g. a homeowner who consistently enables their security system might
be less likely to be burglarized, or someone who has a smart water leak detector might avoid
major water damage incidents). Insurers like State Farm, Allstate, and many startups are
rolling out programs where policyholders opt in to monitoring for discounts. This is Al
influencing consumer risk behavior: by making insurance pricing responsive to behavior, it
nudges customers to adopt safer practices (drive slower, maintain your home) However, it
raises fairness and privacy questions — regulators are watching to ensure it doesn’t become
punitive or discriminatory. Done responsibly, it aligns the incentives: both insurer and insured

benefit from reduced risk.

Retention and Lapse Prediction: Keeping customers insured (reducing lapse rates) is important
both commercially and for consumer protection (avoiding coverage gaps). Al predictive
models analyze which customers are likely to cancel or not renew a policy so that insurers can
act in advance. Factors might include price sensitivity (e.g. shopped around last year), lack of
claims (paradoxically, no claims can make one question the need for insurance), or life
changes (new address, etc.). By identifying these, insurers can intervene — perhaps a
personalized offer at renewal, a check-in call to reinforce the policy’s value, or adjusting
coverage to better fit the customer’s needs/budget. For example, an Al might flag that a young
renter with no claims for 3 years and a premium increase is a high lapse risk; the insurer could
preemptively offer a loyalty discount or highlight the importance of continuing coverage
(maybe reminding of someone in their area who had a loss). Al-driven customer intelligence
allows insurers to treat customers more individually, potentially increasing trust and

satisfaction. One concrete outcome 1is reducing the behavioral tendency to drop
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insurance when it hasn’t “paid off” recently — through timely reassurance or value

demonstration, companies can mitigate the feeling that premiums were wasted.

Chatbots and Virtual Agents: Similar to finance, insurance companies have deployed Al chatbots
(e.g. GEICO’s Kate, Progressive’s Flo chatbot) to handle customer queries instantly. These
chatbots can explain coverages, assist in quote comparisons, and guide customers through
claims or policy changes using natural language. By simplifying the customer experience,
they lower the friction of getting insured or servicing a policy. This addresses behavioral
barriers like confusion and complexity. If a consumer finds it easy and quick to ask “Do
I need earthquake insurance in my area?”” and get a clear answer with an offer, they are
more likely to purchase than if they had to research on their own or wait on hold. Some
insurers integrate these bots into social media or messaging apps to meet customers where
they are. The Al also learns from interactions —if lots of people ask “What does this coverage
mean?”, the insurer knows where communication is lacking and can improve it. Additionally,
virtual agents can be proactive: for instance, after a regional disaster, a bot might reach out
to policyholders in that area to assist with claims or to non-policyholders to provide info
(which doubles as marketing). This kind of service builds goodwill and can influence

those uninsured to reconsider coverage, seeing the responsiveness of the insurer.

Claims Automation and Faster Payouts: Although not directly about consumer purchase behavior,
it’s worth noting that Al-driven claims processing (using image recognition for damage, predictive
models to detect fraud) leads to faster claim resolutions. This improves customer
satisfaction and trust — knowing that if something happens, the claim will be paid promptly
makes insurance more attractive to buy in the first place. One reason some avoid insurance is
fear of hassle during claims or belief that insurers will delay/deny. By publicizing Al-enabled
quick claims (like uploading a photo of a fender-bender and getting paid in a day), insurers
address that emotional barrier. For example, insurtech companies like Lemonade have
marketed how their Al pays many claims in minutes. This can appeal to tech-savvy or
skeptical consumers, potentially increasing insurance uptake among those who value
convenience and fairness. It essentially uses technology to rebuild trust, a key factor we noted

affects risk tolerance in insurance.

« Nudging Risk Mitigation: Insurers are also turning into risk management partners by using Al
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to nudge customers towards safer behaviors before a claim happens. For instance, some
provide apps that send weather alerts (e.g. hail storm coming — move your car indoors) or
maintenance reminders (e.g. “It’s cold tonight, drip your faucets to prevent pipe freeze”).
These alerts are often driven by Al that combines customer data with external data (weather,
crime reports, etc.). By preventing losses or reducing their severity, both the customer and
insurer win. But behaviorally, it also keeps the customer engaged with the idea of risk and
protection, reinforcing the value of insurance beyond just the financial transaction. A
homeowner who gets an alert and avoids damage experiences a positive reinforcement of
being “in good hands,” likely increasing their loyalty and perceived value of the coverage. In
essence, Al allows insurers to continuously engage and provide value, which can counter the

tendency for insurance to be ignored or undervalued when no losses occur.

Market Expansion through AI: Al is enabling new insurance models (e.g. microinsurance, on-
demand insurance via apps) that lower barriers for consumers. For example, with Al
underwriting, someone can insure a single item or a short trip easily, reaching people who
previously might not bother due to hassle. As these become popular, people unfamiliar

with insurance start to engage,

potentially translating to more awareness and uptake in traditional coverages. Also, Al can
identify underinsured customers (say a home policy without flood coverage in a flood
zone) and prompt agents to educate them, or even directly offer a quote through digital
channels. By analyzing public data (like property records, flood maps) alongside a
customer’s current policies, an insurer can algorithmically flag gaps and reach out
proactively —a kind of personalized recommendation engine for insurance.

In summary, Al in insurance is transforming the relationship with customers from a
transactional one to a more continuous, personalized, and preventive one. Insurers, once seen
as just claim payers, are leveraging Al to become risk advisors — using behavioral economics
principles embedded in technology. For instance, they apply nudge theory by gently steering
customers to appropriate coverage or safer habits through personalized messages. The
Accelerant article notes that insurers are modifying communications (simpler language,
appeals to emotion) and using real-time data to incorporate human decision patterns (like
optimism bias) into risk models. By doing so, they not only price risk better but also market
and manage it in a way that aligns with how consumers think.

One tangible outcome is behavioral insurance products — for example, auto policies that effectively
say: “If you drive safely (behavior), we will lower your cost (reward)”, tapping into behavioral
conditioning. Another is more user-friendly insurance experiences that reduce the cognitive
load and distrust (e.g. a one-click purchase for renters insurance via an Al-driven app at the
lease signing stage, making it the default to be insured when renting). The challenge for Al in
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insurance is to avoid being intrusive or exacerbating biases (like using too much
personalization that could lead to price discrimination concerns). So far, the trend is to use
Al to inform and educate customers better, thereby empowering them to make choices aligned
with their true risk preferences (once they have clearer understanding). As with retirement,
the aim is to bridge the gap between what is rationally beneficial (having appropriate
insurance) and what people’s biased instincts might do (neglect or mis-prioritize insurance).

Implications and Recommendations

For Financial Services (Retirement) Providers: U.S. retirement plan administrators, advisors, and
fintech platforms should recognize that behavioral risk tolerance often deviates from stated risk
appetite, and design their services accordingly. This means continuing to integrate
behavioral finance insights: use default enrollment and default investment options to nudge
those who are passive; offer auto-escalation to overcome present bias and procrastination;
and employ personalized Al nudges to keep participants on track Advisors can benefit from
tools that gauge client biases — for example, a risk tolerance questionnaire augmented with
behavioral questions (like reaction to hypothetical losses) and possibly analysis of client
behavior (transaction patterns, etc.) to get a fuller picture of how the client actually behaves
under risk. Since many clients might be more conservative than their financial plan assumes
(or occasionally more aggressive in pockets like chasing hot stocks), advisors should routinely
discuss domain- specific attitudes. Educating clients on the differences between insurance and
investment risk can be valuable: explicitly point out, for instance, “You protect your house
with insurance because you fear loss — similarly, think of investing in stocks as protecting
your retirement from inflation and shortfall risk.” Drawing analogies can help reframe how
clients view market risk versus not investing (which has its own risk). Financial firms should
also leverage Al ethically: use predictive analytics to identify at-risk savers and intervene with
human advice or digital nudges, as discussed. Importantly, transparency is key —telling clients
that recommendations come from analysis of their data can increase trust in the advice (versus
“pblack box™ suggestions). Overall, focusing on outcomes (will the client reach their
retirement goal) rather

than just risk tolerance profiles can shift the conversation: many who say they hate risk
might realize that not taking enough investment risk is actually a greater danger to their outcome.
Framing tools like showing probability of meeting a retirement income target under different
portfolios can visually demonstrate the trade-offs, helping align subjective comfort with
objective needs.

For Insurance Providers: Insurance companies should continue to refine how they
communicate and structure products to accommodate behavioral biases. A key recommendation
is to simplify products and highlight benefits in emotional terms that resonate with consumers.
Instead of overwhelming fine print, emphasize scenarios: e.g. “This coverage will put a roof back
over your head after a hurricane” — making the benefit concrete. Since trust is a barrier,
insurers must invest in customer experience (fast claims, transparency in pricing).
Demonstrating reliability will reduce customers’ hesitation and the temptation to drop
coverage. Insurers can also implement more default or bundled solutions: for instance,
automatically including some level of disaster insurance in every homeowners policy (with
the ability to opt- out) could significantly increase coverage among those who would otherwise
not opt-in. Regulators in some states are allowing such bundling to address protection gaps.

Received: May 17, 2025 65



International Journal of Applied Mathematics

Volume 38 No. 4s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

Insurance companies should use behavioral nudges: sending annual reminders of what the
policy covers and encouraging re-evaluation of limits can prompt underinsured customers
to raise coverage. Also, framing premium payments in a less painful way could help — for
example, breaking an annual premium into monthly payments with automated bank drafts
makes the “loss” less salient than a big annual check. Some telematics programs have
shifted to a model where drivers earn rewards or points for good behavior (gamification),
which leverages instant gratification to encourage a long-term safe habit. Experimentation with
peer comparisons might also help (for instance, telling a customer “80% of homeowners in your
neighborhood have water backup coverage” if true — using social norms to prompt action).

Another implication for insurers is to carefully manage the introduction of AI/ML-driven
pricing: while personalization can improve fairness (good risks pay less), it might also lead
to some high-risk individuals facing very high premiums or being discouraged. Companies
and regulators will need to ensure that efforts to influence behavior (like telematics
discounts) remain inclusive and do not alienate those who need coverage most (a classic
equity concern). Nonetheless, encouraging mitigation through premium incentives is generally
positive — for example, give tangible premium credits for installing smart sensors or
performing annual home maintenance. This turns insurance into a partnership for risk
reduction, not just risk transfer. In marketing, insurers might focus more on storytelling —
real examples of customers who were saved from financial ruin by having the right
insurance (and, implicitly, how unfortunate it was for those who didn’t). Such narratives
can counter optimism bias by making the risk real. Of course, they must be careful not to
simply scare people; it’s a balance of invoking responsible concern without inducing denial
or fatalism.

For Policymakers and Regulators: U.S. policymakers have seen success with retirement plan
nudges (e.g. auto-enrollment provisions in the SECURE Act). They could consider
analogous approaches for critical insurance. While auto-enrolling people in insurance
isn’t straightforward, some measures could nudge coverage in important areas. For instance,
requiring landlords to present renters insurance options (or even include a default policy) as part
of lease agreements could drastically increase renters insurance take-up, protecting a
vulnerable population. In disaster-prone areas, policymakers might mandate offer
requirements — e.g. every home insurance quote must include a flood insurance quote for
that address so consumers at least confront the decision with information (some states do
this for earthquake insurance in California). Governments can also provide easy-to-use

tools like flood risk portals or insurance cost calculators to reduce information gaps.

Policymakers should also address affordability concerns which interplay with behavioral
issues — if insurance is perceived as too expensive, no amount of bias mitigation will
help. Subsidies or public insurance options (like NFIP for floods, or state wind pools) are

needed to keep coverage within reach, but these should be paired with outreach informed by
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behavioral science (simplified sign-up, clear communication of requirements). Additionally,
financial education in schools and communities should cover both investment and insurance
basics, stressing the importance of both types of risk management. Often education focuses
on saving/investing but not on insuring assets; a holistic approach to personal finance
education would emphasize that taking prudent risks to grow wealth and protecting against
catastrophic losses are complementary. Regulators also need to keep an eye on Al fairness —
ensuring that ML algorithms used by insurers or plan providers do not inadvertently
discriminate or exploit biases. For example, if an Al finds that a certain group is less likely to
shop around, it shouldn’t be used to charge them higher prices unfairly (a practice known as
price optimization, which some states have banned for being unfair). Ethical Al use means
using these tools to help consumers, not take advantage of their biases. The Behavioral
Insights Team concept could be adopted by regulatory bodies: using behavioral trials to see
which disclosures or policy structures lead to better consumer decisions. The Decision Lab
case study suggests that “nudge units have huge potential in insurance ’regulators could
implement nudges like simplifying insurance application forms, using plain language

summaries, or sending reminders about disaster insurance before hurricane season.

For Consumers (Public Awareness): While not a direct stakeholder group requested, it’s worth
noting the implication that individuals should strive to be aware of their own biases. Financial
educators and consumer advocates should communicate common pitfalls: “Are you
investing too conservatively for retirement out of fear? Are you neglecting insurance for
disasters due to optimism?”’ Framing personal finance in these behavioral terms can be
eye-opening. Tools like risk tolerance quizzes that include both investment and insurance
questions can help individuals see if they are inconsistently risk-averse or risk-seeking
across domains, prompting a more balanced approach. As Al tools become available
directly to consumers (for instance, budgeting apps or robo-advisors with Al chat that can
discuss insurance needs too), people have more resources to get an objective second

opinion on their instincts.

Conclusion

U.S. consumers’ approach to risk in retirement planning versus property insurance reveals
a fascinating duality. In retirement investing, behavioral tendencies like loss aversion, present
bias, and inertia often lead individuals to be too cautious or short-sighted, potentially jeopardizing
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their long-term financial security by under-investing or under-saving . In contrast, when it
comes to insuring homes and possessions, biases such as disaster myopia, optimism, and
the framing of premiums contribute to many being not cautious enough, leaving
themselves exposed to catastrophic losses that could derail their finances

These divergent behaviors underscore that risk tolerance is not a single fixed trait, but a
context- dependent mindset shaped by cognitive biases, emotions, and how choices are
presented.

Grounded in behavioral finance theory, our review showed that these patterns are robust:
Americans generally require nudges or interventions to overcome inertia in retirement
saving (hence the success of auto-enrollment), and they likewise may require nudges or
mandates to overcome underinsurance of low- probability risks (as seen in flood insurance
efforts). The integration of Al into both domains offers promising avenues to close these
gaps. Machine learning and data analytics enable a more personalized understanding of
each consumer — identifying who needs encouragement to take more investment risk for
long-term gain, and who needs reminders or incentives to hedge against rare but ruinous
events. Early

adopters of Al in finance and insurance are already seeing benefits, from higher retirement

contributionsdue to tailored messaging 79 to increased customer engagement in insurance
through personalized offers and safety feedback102 Looking ahead, a few themes emerge.
First, education and transparency remain crucial. While we can design choice architectures
and Al nudges, empowering consumers with clear information — such as probable outcomes
of different retirement strategies or the real risk of natural disasters in their area — helps
align their perceived risk with actual risk. Second, balance is key. The optimal outcome is a
consumer who takes enough risk in wealth-building (to achieve growth) while prudently
mitigating life-altering risks via insurance. Both extremes — excessive risk-aversion (hoarding
cash, eschewing growth) and reckless risk- taking (uninsured, or gambling retirement on
speculative bets) — are harmful. Behavioral quirks push people toward those extremes in
each respective domain; our challenge is to moderate that through smart policy, product
design, and advice.

Finally, the success of any intervention, be it Al-driven or policy-driven, will depend on trust and
alignment with human psychology. People must trust the systems guiding them — whether
it’s an algorithm suggesting they stay the course during a market dip, or an insurer’s app
telling them to secure their property before a storm. Building that trust requires demonstrating
consistent consumer benefit (e.g., “this robo-advisor kept me from panicking and my
balance is higher now” or “this insurer really helped me prevent a loss™). In doing so,
technology and behavioral science together can turn what are often seen as personal
financial ‘“weaknesses” (our biases and fears) into opportunities — by designing
environments in which our natural tendencies lead us to better decisions rather than worse.

In conclusion, comparing behavioral risk tolerance in retirement vs. property insurance in the
U.S. illuminates how context shapes risk behavior. By learning from these insights, financial
and insurance providers can tailor their strategies to meet consumers where they are
psychologically. Policymakers can craft smarter defaults and informational campaigns. And
individuals, armed with self-awareness (and perhaps a bit of Al coaching), can strive for that
balance: investing in their future with confidence and safeguarding their assets with foresight.
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In a world of ever-evolving risks — from market volatility to climate change — such a holistic,
behaviorally-informed approach to risk management is not just beneficial, but essential for
Americans’ long-term financial well-being.

Sources:

1. Benartzi, S., & Thaler, R. H. (2007). Heuristics and biases in retirement savings behavior.
Journal of Economic Perspectives, 21(3), 81—104. https.//doi.org/10.1257/jep.21.3.81

2. Bhutta, N., Bricker, J., Chang, A. C., Dettling, L. J., & Hsu, J. W. (2020). Changes in U.S.
family finances from 2016 to 2019: Evidence from the Survey of Consumer Finances. Federal
Reserve Bulletin, 106(5). https.//www.federalreserve.gov/publications/files/scf20.pdf

3. Pitthan, F., & De Witte, K. (2021). Puzzles of insurance demand and its biases: The role of
behavioral biases and financial literacy. Journal of Behavioral and Experimental Finance, 30,
100471. https://doi.org/10.1016/j.jbef-2021.100471

4. Hasan, M. (2019-2020). Behavioral science on buying insurance and seven biases customers
have about risks. Insurance Thought Leadership.
https.://www.insurancethoughtleadership.com/risk-management/7-biases-customers-have-about-
risks

5. Accelerant. (2023). How behavioral economics is transforming the insurance industry.
Accelerant Risk Exchange. https.//accelerant.ai/resources/how-behavioral-economics-is-
transforming-the-insurance-industry/

6. Einav, L., Finkelstein, A., & Luttmer, E. F. P. (2010). How general are risk preferences?
Choices under uncertainty in different domains. National Bureau of Economic Research
Working Paper No. 15686. https.//siepr.stanford.edu/publications/working-paper/how-general-
are-risk-preferences

7. Lampros, L. (2017). Behavioral finance and pension decisions. Transamerica Institute.
https://www.transamericainstitute.org/docs/library/research/public-policy/behavioral-finance-
and-pension-decisions-lampros-romanos.pdf

8. Empower. (2025). What is the average asset allocation by age? Empower Personal
Dashboard. https.://www.empower.com/the-currency/money/average-portfolio-mix-by-investor-

age

9. Burgess, T. (2024, August 22). The growing U.S. flood insurance gap: A wake-up call for the
industry. Claims Journal. https.//www.claimsjournal.com/news/national/2024/08/22/325703.htm

10. Swiss Re. (2020). 15 years after Katrina: Hurricane Katrina impact report.
https://www.swissre.com/dam/jcr:a835acae-c433-4bdb-96d1-al54dd6b88ea/hurrican-katrina-
brochure-usletter-web.pdf

11. The Decision Lab. (n.d.). Insuring behavior change: Case study.
https.//thedecisionlab.com/case-study/insurance-nudge

Received: May 17, 2025 69


https://doi.org/10.1257/jep.21.3.81
https://www.federalreserve.gov/publications/files/scf20.pdf
https://doi.org/10.1016/j.jbef.2021.100471
https://www.insurancethoughtleadership.com/risk-management/7-biases-customers-have-about-risks
https://www.insurancethoughtleadership.com/risk-management/7-biases-customers-have-about-risks
https://accelerant.ai/resources/how-behavioral-economics-is-transforming-the-insurance-industry/
https://accelerant.ai/resources/how-behavioral-economics-is-transforming-the-insurance-industry/
https://siepr.stanford.edu/publications/working-paper/how-general-are-risk-preferences
https://siepr.stanford.edu/publications/working-paper/how-general-are-risk-preferences
https://www.transamericainstitute.org/docs/library/research/public-policy/behavioral-finance-and-pension-decisions-lampros-romanos.pdf
https://www.transamericainstitute.org/docs/library/research/public-policy/behavioral-finance-and-pension-decisions-lampros-romanos.pdf
https://www.empower.com/the-currency/money/average-portfolio-mix-by-investor-age
https://www.empower.com/the-currency/money/average-portfolio-mix-by-investor-age
https://www.claimsjournal.com/news/national/2024/08/22/325703.htm
https://www.swissre.com/dam/jcr:a835acae-c433-4bdb-96d1-a154dd6b88ea/hurrican-katrina-brochure-usletter-web.pdf
https://www.swissre.com/dam/jcr:a835acae-c433-4bdb-96d1-a154dd6b88ea/hurrican-katrina-brochure-usletter-web.pdf
https://thedecisionlab.com/case-study/insurance-nudge

International Journal of Applied Mathematics

Volume 38 No. 4s, 2025
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)

12. Wharton ESG Initiative. (n.d.). The three maps that explain residential flood insurance
purchases. Environmental, Social and Governance (ESG) Initiative.
https.//esg. wharton.upenn.edu/news/the-3-maps-that-explain-residential-flood-insurance-

purchases/

13. CFA Institute. (2024, December 17). AI and machine learning to enhance pension plan
governance and ... https://'www.cfainstitute.org/about/press-room/2024/ai-machine-learning-

dec-17

14. Innovation Strategy. (n.d.). The future of retirement planning with AL
https.//www.innovationstrategy.com/article/ai-in-retirement-planning

15. Evalueserve. (n.d.). How the retirement industry can leverage artificial intelligence.
htips.//www.evalueserve.com/blog/how-the-retirement-industry-can-leverage-artificial-

intelligence/

16. T. Rowe Price. (n.d.). How Al is transforming retirement solutions.
https://'www.troweprice.com/personal-investing/resources/insights/how-ai-is-transforming-
retirement-solutions.html

17. Spinify. (n.d.). Harnessing Al to personalize sales tactics for insurance clients.
https://spinify.com/blog/harnessing-ai-to-personalize-sales-tactics-for-insurance-clients/

Received: May 17, 2025

70


https://esg.wharton.upenn.edu/news/the-3-maps-that-explain-residential-flood-insurance-purchases/
https://esg.wharton.upenn.edu/news/the-3-maps-that-explain-residential-flood-insurance-purchases/
https://www.cfainstitute.org/about/press-room/2024/ai-machine-learning-dec-17
https://www.cfainstitute.org/about/press-room/2024/ai-machine-learning-dec-17
https://www.innovationstrategy.com/article/ai-in-retirement-planning
https://www.evalueserve.com/blog/how-the-retirement-industry-can-leverage-artificial-intelligence/
https://www.evalueserve.com/blog/how-the-retirement-industry-can-leverage-artificial-intelligence/
https://www.troweprice.com/personal-investing/resources/insights/how-ai-is-transforming-retirement-solutions.html
https://www.troweprice.com/personal-investing/resources/insights/how-ai-is-transforming-retirement-solutions.html
https://spinify.com/blog/harnessing-ai-to-personalize-sales-tactics-for-insurance-clients/

