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Homo Experiens: Why Behavioral Economics
Needs the Life Sciences

ULRIKE MALMENDIER

University of California, Berkeley

Click or scan QR code
to watch video summary

In 1974, a man named Henry Wallich was appointed
Governor of the US Federal Reserve System. Born as
Heinrich Wallich in Berlin in 1914 into a family of
bankers, hehadlived through the German hyperinfla-
tion as a child before emigrating from Nazi Germany
in the 1930s. After spending time in Argentina, he
settled in the United States, where he went on to
build a distinguished career as an economist: a PhD
from Harvard, a professorship at Yale, and ultimately
a seat at the most powerful monetary policy table
in the world, the Federal Open Market Committee
(FOMC). On the Fed Board, Wallich came to be the most
hawkish central banker the US has ever seen. Being
constantly worried about inflation—and about his
colleagues not seeing the dangers the way he did—he
would dissent over and over again whenever the Fed
Chairman proposed to ease policy rates. During his
twelve-year career at the Board beginning in 1974,
he dissented 27 times against the proposed interest
rate decisions, a record that still stands. Almost
invariably, his dissents were hawkish: he wanted
higher rates to guard against inflation. As Nancy
Teeters—the first woman on the Federal Reserve
board of governors, and Wallich’s colleague on the
Board—Ilater recalled, “Henry Wallich was our real
problem... For some people, like Henry, who lived
through the hyperinflation in Germany, fighting
inflation was the only thing” (Teeters, 2008).

Wallich did not lack information. He had the best
macroeconomic data at his fingertips, was supported
by staff who compiled forecasts and ran models for
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him and was in constant exchange with other experts.
Andyet, the experience of witnessing the destructive
power of unchecked inflation as a child in Berlin—an
experience that had occurred at a different time half
a century earlier, on a different continent, under
entirely different institutional conditions—shaped
his professional judgment in ways that no amount
of data and theoretical knowledge could override.
Wallich’s case is particularly vivid, but it is not
atypical. When my co-authors Stefan Nagel, Zhen
Yan, and I analyzed the forecasts, speeches, and votes
of all FOMC members since the establishment of Fed
independence in 1951, we found the same pattern
across the board: members who had personally

Figure 1: Children playing with stacks of hyperinflated
currency during the Weimar Republic.
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Why Behavioral Economics Needs the Life Sciences

experienced higher inflation over their lifetimes
produced more hawkish forecasts and cast more
hawkish votes (Malmendier et al., 2021). These are
among the most informed economic decision-makers
in the world. If their beliefs and choices are durably
shaped by what they have personally lived through,
then we need to ask what standard economic models
are missing.

Traditional neoclassical economics typically at-
tributes choices that overly weigh personal experience
to a lack of information—individuals only know, or
at least know best, what they have personally seen.
Clearly, this explanation does not apply to the FOMC.
Information and knowledge are not the constraint.
Behavioral approaches to modeling an overreliance
on personal lifetime experiences would typically go
towards cognitive limitations, for instance in terms
of data processing, or biases in belief formation, such
as the overweighting of more recent realizations.
But these approaches also seem hard to apply here,
since economists on the Federal Reserve Board would
know state-of-the-art models of inflation processes
and be supported by well-trained staff who would
update them.

What I am proposing is different. We need to come
to terms with humans being shaped by their life
experiences in a deeper, more hardwired way than
our existing models permit. We humans are living,
breathing organisms who adapt to our environment
and the circumstances of our lives, and those expe-
riences affect our beliefs, our outlook on the world,
and our actions.

We need to come to terms with humans
being shaped by their life experiences.

Tobe sure, behavioral economics to date has made
tremendous progress in instilling psychological
realism into models of human behavior. Not too long
ago, the predominant neoclassical model portrayed
people as homines oeconomici, i.e., rational utility
maximizers with Bayesian expectations and perfect
cognitive abilities. Behavioral economics has taken
important steps forward in dismantling this fiction.
The first wave of behavioral research in the 1980s and
1990s, building on the work of Amos Tversky and
Daniel Kahneman, compiled an extensive catalog
of systematic decision-making errors, from loss
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aversion to the availability heuristic to reference
dependence. A second wave incorporated these
insights into empirical studies across many fields,
generating robust evidence of biased behavior among
consumers, investors, managers, and policymakers.
Together, these advances reshaped economics. They
gave us better models, better predictions, and better
interventions: from automatic enrollment in retire-
ment plans to simplified disclosure forms.

Yet, the behavioral economics revolution has stalled
at adecisive point. The human element I appealed to
above is still missing, or at least incomplete. To put
itin stark terms, human behavior still seems rather
robotic. Where previously, in the neoclassical model, it
was the output of a perfectly programmed computer,
in the behavioral economics model it became the
output of a not-quite-so-perfect computer program,
one prone to systematic bugs. And while the discovery
of heuristics and biases was a genuine improvement,
the resulting models remained mechanical. Once we
identify the biases and model them, the program is
assumed to run the same way for everyone, at every
pointin their lives. What you have lived through, what
you have felt, what has happened to your body and
brain along the way—none of that enters the model.
Henry Wallich and a fellow governor born in Ohio
with no memory of hyperinflation would be modeled
identically, conditional on the same information set.

Figure 2: Henry Wallich, Federal Reserve Governor (1974-
1986).
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But that is still not the behavior of a homo, ahuman
being, aliving and constantly changing organism. It is
time for economics to take a further step and develop
truly human models of economic decision-making.
The purpose of this introduction is to argue that life
experiences durably shape our brain, our body, and
our (ir)rational decisions, and that economic models
need to account for this. This approach enables an
evolution away from the concept of the mechanistic
decision-maker and toward a person whose mind
and body are marked by their experiences and the
traces they leave: toward a homo experiens. Behavioral
economics needs to go further, not just drawing on
social psychology but incorporating insights from
the life sciences, including neuroscience, biology,
medicine, and psychiatry. I sometimes call this
Behavioral Economics 3.0 — the third wave of behavioral
economics. At its core is a concept my co-authors
and I have developed over two decades of research:
experience effects.

What Are Experience Effects?

The starting point for this new approach is a simple
observation. Standard economic models—and even
most behavioral models—treat personally lived
experience and theoretically learned information
as equivalent. If you know the historical data on
stock-market returns, it should not matter whether
you personally lived through a crash or merely read
about one in a textbook. Your beliefs and decisions
should be the same, conditional on the information
you possess.

But that is not what we find. More than twenty years
ago, Stefan Nagel and I started the research agenda
on experience effects when we became interested
in the American notion of “Depression Babies”,
the idea that people who grew up during the Great
Depression remained profoundly risk-averse for the
rest of their lives, shunning the stock market long
after economic conditions had recovered. Using data
from the Survey of Consumer Finances since 1960,
and data on stock-market returns all the way back
to 1885, we tested whether the average stock-market
returns a person had experienced over their lifetime
predicted their willingness to invest in stocks and
their stated risk tolerance. The answer was a clear yes.
Comparing someone at the 10th percentile of lifetime
experienced stock-market returns to someone at
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the 9oth percentile, we found a difference in stock
market participation of about 14 percentage points,
relative to an average participation rate of 37 percent
(Malmendier & Nagel, 2011).

What made this more than a story about recency
bias was the discovery that individuals put weights on
their entire lifetime experiences: a 30-year-old on the
last 30 years, and a 60-year-old on the last 60 years.
Recent experiences do matter most. But experiences
from decades ago can still leave detectable traces in
your financial decisions today.

Recent experiences do matter most. But
experiences from decades ago can still leave
detectable traces in your financial decisions
today.

What is more, we found very similar patterns for
inflation experiences and inflation beliefs. People
who have lived through periods of high inflation
expect higher inflation in the future (Malmendier &
Nagel, 2016). The insight from our research paper is
well captured by a 1979 quote by Paul Volcker, then
chairman of the Federal Reserve. When trying to
combat inflation that was crossing the 10% mark,
he lamented that it was hard to convince people
that a return to price stability was possible precisely
because their lived experience told them otherwise:

“An entire generation of young adults has grown up
since the mid-1960’s knowing only inflation, indeed
an inflation that has seemed to accelerate inexorably.
In the circumstances, it is hardly surprising that many
citizens have bequn to wonder whether it is realistic to
anticipate a return to general price stability, and have
begun to change their behavior accordingly” (Quoted
in Orphanides and Williams, 2005).

In our analysis, which uses data from the Michigan
Survey of Consumers since 1953, that is exactly what
we find: cross-generational differences in inflation
expectations that track lifetime inflation experiences
with considerable precision. Importantly, the implicit
weighting that people place on past experiences
turns out to be very similar across these different
domains. Whether we look at inflation or at stocks
or at bonds, people tend to assign roughly linearly
declining weights on their lifetime experiences, going
back from today to the beginning of their lives. This
suggests a general behavioral pattern rather than a

IX
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domain-specific quirk.

In further research, we have also seen that these
effects are not confined to survey responses. They
translate into real, costly decisions. People who
have experienced high inflation are more likely to
buy rather than rent their homes, seeking inflation
protection in real estate (Malmendier & Steiny Wellsjo,
2024). Furthermore, they are far more averse to
adjustable-rate mortgages, preferring the safety of
fixed rates even when those are substantially more
expensive. My co-author Matthew Botsch and I calcu-
lated that the Baby Boomer generation alone overpaid
roughly $22 billion for fixed-rate mortgages in the
late 1980s and 1990s because of their inflation-scarred
preferences (Botsch & Malmendier, 2026). In the
realm of consumer spending, past unemployment
experiences lead to heightened precautionary sav-
ing and reduced consumption, even years after the
adverse episode has ended, controlling for current
income, wealth, and employment status (Malmendier
& Shen, 2024). And in work with Christine Laudenbach
and Alexandra Niessen-Ruenzi, we have shown that
growing up under communist, anti-capitalist ideology
in East Germany shapes attitudes toward financial
markets and stock market participation even decades
after reunification—with the direction and strength
of the effect depending critically on whether those
experiences were emotionally tagged as positive or
negative (Laudenbach et al., 2025).

The Baby Boomer generation alone
overpaid roughly $22 billion for fixed-
rate mortgages in the late 1980s and
1990s because of their inflation-scarred
preferences.

The breadth of evidence extends well beyond my
own research program. Other teams have document-
ed that personal experiences with flood disasters
shape demand for insurance and affect house prices
(Gallagher, 2014; Bakkensen & Barrage, 2022), that
recession experiences in early adulthood reduce
prosocial behavior later in life across 74 countries
(Bietenbeck et al., 2025), that early macro adversity
lowers institutional trust and alters voting behavior
across 34 European countries (Gavresi & Litina, 2023),
and that childhood financial and cultural experiences
leave lasting imprints on adult creditworthiness and
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repayment behavior (Bakker et al., 2025). Whether
we look at stock markets, inflation expectations,
housing decisions, consumption, international capital
flows, or political attitudes, the picture is consistent:
personal experiences act as a central and durable input
into expectation formation and decision-making,
generating persistent heterogeneity that neither
neoclassical nor standard behavioral economics
models can account for.

Even Experts Are Not Immune

Perhaps the most consequential finding in this
literature—and for traditional economics, the most
uncomfortable—is that experience effects operate
even among experts who have access to the best
available data and sophisticated tools for process-
ing it. I opened this essay with the case of Henry
Wallich, but the pattern generalizes well beyond him
and beyond monetary policy at the FOMC. Similar
findings have emerged for fund managers, who are
disproportionately influenced by personal experience
with bubbles (Greenwood & Nagel, 2009), and for
bankers, whose institutional risk-taking reflects the
crises they have personally weathered (Bouwman &
Malmendier, 2015). Physicians, too, repeatedly report
changing their clinical approach after witnessing
adverse outcomes in their own patients, even when
they know the original protocol was correct ex ante.
Expertise does not immunize against the imprint of
lived experience.

Expertise does not immunize against the
imprint of lived experience.

This is the finding that pushes us not only beyond
traditional neoclassical economics, but also beyond
prior approaches in behavioral economics. If the
best-informed decision-makers in the world—people
with access to the best available data, supported
by sophisticated models and dedicated research
staff—are still durably shaped by what they have
personally lived through, then we are not dealing
with cognitive limitations or information-processing
errors that better education could fix. We are dealing
with something deeper, something that has to dowith
howliving through events physically reshapes the way
our brains process information. Experience-based
belief formation is, in the language of neuroscience,

X
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Figure 4: Inflation experiences and FOMC dissent probabilities. Note: Each pair of bars shows how the probability of a dissenting
vote shifts when an FOMC member’s experience-based inflation forecast rises by 0.1 percentage points, approximately the
typical within-meeting standard deviation in these forecasts across members at a single meeting (Malmendier et al., 2021).
Within each category, the left (lighter) bar is the unconditional, sample-average probability of that dissent type (2.4% dovish,
£4.0% hawkish; from 160 dovish and 265 hawkish dissents out of 6,707 votes). The right (darker) bar is the predicted probability
after the 0.1pp increase, derived from the authors’ ordered probit estimates of FOMC voting behavior: a hawkish dissent becomes
about 1.2pp more likely (from 4.0% to 5.2%), while a dovish dissent becomes about 0.8pp less likely (from 2.4% to 1.65%).
The pattern indicates that members who have experienced higher inflation over their lifetimes lean hawkish: more inclined to

dissent toward tightening and less inclined to dissent toward easing.

a rewiring issue, not a firing issue: beliefs reflect
the brain’s physical, structural connectivity hav-
ing adapted, not a failure of neurons to activate
or transmit electrical signals. Understanding this
notion requires looking beyond psychology to the
life sciences.

The Biology Underneath

The life sciences are essential if we want to better
understand how our brains and bodies affect our
beliefs and choices.

Neuroscience in particular tells us that
the brain is not a static processor; it is an
organ that physically reorganizes itself in
response to experience.

Neuroscience in particular tells us that the brain
is not a static processor; it is an organ that physi-
cally reorganizes itself in response to experience, a
property known as neuroplasticity. Every significant
experience triggers the formation or strengthening
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of synaptic connections. The brain and the human
body are not merely a computing apparatus that
processes data, but a dynamic system that changes
structurally through what we live through.

Three features of this process are especially
relevant for economists.

First, repetition and duration matter. Repeated or
prolonged exposure to certain conditions—years of
high inflation, a drawn-out recession—strengthens
neural pathways through a mechanism known as
“long-term potentiation” (LTP) (Douglas & Goddard
1975; cf. Frey & Morris, 1997, 1998). The name is
not metaphorical. LTP is a measurable biological
process in which synaptic connections become
physically stronger with repeated activation. Applied
to economics, this means that the longer an infla-
tion episode lasts, or the more frequently one lives
through economic distress, the deeper the traces
this experience leaves.

Second, emotions matter. Experiences accompa-
nied by strong emotions, such as fear during a market
crash or anxiety about money during a period of job
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loss, receive what neuroscientists call ‘emotional
tagging’. Such emotionally marked memories are
encoded more deeply, stored more durably, and
retrieved more readily (Dolan, 2002; LaBar & Cabeza,
2006). Emotional tagging helps explain why lived
experiences have such disproportionate power
compared to information learned from a textbook:
the textbook does not come with the racing heart
and the sleepless nights.

Third, and crucially for policy, learned knowledge
has limited power to undo these effects. The litera-
ture on trauma is instructive here: it describes how
traumatic stress can cause synaptic changes that
shape fear and stress networks in alasting manner
(Mahan & Ressler, 2012). The point of referencing the
trauma literature is not to classify economic crisis
experiences wholesale as trauma, but to recognize
that intense or emotionally marked experiences
leave biological traces that cannot be neutralized
simply by providing additional information, however
accurate that information may be. You cannot lecture
someone out of a synaptic trace.

This third point is mirrored in evidence on other
physical traces of stress. For example, in work with
Mark Borgschulte, Marius Guenzel, and Canyao
Liu, I have provided direct evidence that crisis
experiences leave biological marks in terms of
accelerated aging. We studied what happens to CEOs
who lead firms through severe industry distress.
Using visual machine-learning analysis of photo-
graphs, we applied a technique that estimates the
so-called ‘apparent age’ of people, i.e., the age a

human would guess by looking at you. In medicine,
physicians often assess patients’ health status by
comparing their physical appearance to their actual
chronological age, and it has been shown that a
significant difference between apparent age and
chronological age can act as a marker for higher
mortality risk. In our sample of US CEOs, we found
that those exposed to industry distress shocks
during their tenure as CEOs aged visibly more than
their unexposed peers. The effect was immediate
and permanent: they looked about one year older,
and they never recovered. We also found that this
acceleration of visual aging mapped one-to-one onto
actual mortality, translating into approximately 1.1
years of reduced life expectancy. In another study,
I show that the effects are even more severe for
workers. Using detailed Swedish administrative
data, Paolo Sodini and I tracked individuals laid off
during Sweden’s financial crisis of the early 1990s
for over two decades. These workers showed signif-
icantly elevated rates of alcohol abuse, drug abuse,
mental health diagnoses, hypertension, diabetes,
and heart disease, translating into meaningfully
higher mortality. And remember—this is in Sweden,
a country with a generous social safety net.

The implication is that the biological channels
through which experiences affect us—stress hor-
mones, neural rewiring, immune and endocrine
responses—are real, measurable, and consequential
for the economic outcomes we care about. And they
are almost entirely absent from economic models,
whether behavioral or not.

€ Non-Inflationary Episode 4 Inflationary Episode

Covid Inflation (2020-2025)
Post—-Great Recession (2011-2019)
Great Recession (2007-2010)
Great Moderation (1983—2006)
Great Inflation (1965-1982)
Pre—Great Inflation (1953-1964)

=2 el
Very calm

Somewhat calm

g

&

+

1 2

Neutral Somewhat stressed  Very stressed

Figure 5: Average stress reported during inflationary and non-inflationary episodes.
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New Evidence: Stress, Memory, and
Narratives

To advance the agenda of incorporating insights
from the life sciences into economics, I recently
started to explore how stress and emotions during
these past inflation episodes relate to what people
remember, and what causal narratives they construct.
In Malmendier (2026), I conducted a survey of 1,105
Americans aged 20 to 80 on the Prolific platform
about those past episodes.

The results are revealing. When asked about peri-
ods of high inflation, respondents overwhelmingly
associated these episodes with negative emotions
and physical stress symptoms—difficulty sleeping,
stomach problems, body tension, lack of energy. This
is true for both the Great Inflation of the 1970s and
1980s and the recent Covid-era inflation. When I asked
open-ended questions about how these episodes felt,
the word that appeared most often was ‘stressed’,
followed closely by ‘worried’ and ‘anxious’.

Crucially, the intensity of stress matters above
and beyond the financial severity of the shock. I
constructed an individual-level measure of ‘stress
elasticity’, capturing how much stress a person re-
ports per unit of experienced inflation, controlling
for financial strain. This stress elasticity is a strong,
independent predictor of inflation expectations. In
other words, holding the objective macroeconomic
shock constant, individual variation in how stressful
the experience felt carries additional predictive power
for beliefs about the future.

Stress also shapes memory. Whether someone
recalls a particular period as one of high inflation is
tightly linked to the stress and physical symptoms
they experienced during that period, not just to how
much it strained their finances. This is consistent with
the emotional tagging hypothesis from neuroscience:
what gets encoded in memory is not a recording of
objective events but is filtered through the emotions
that accompanied them. Perceived controllability also
matters: respondents who reported feeling in control
over their finances, or feeling that the government
was in control, during an inflation episode were less
likely to recall that period as one of high inflation,
suggesting the importance of controllability in
memory consolidation.

Finally, stress shapes narratives, i.e., the causal
stories people construct to explain what happens
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during periods of macroeconomic shocks. In the
case of inflation, this means that the explanations
people develop for a specific episode (for example,
“It was caused by the energy crisis” for the Great
Inflation, or “It was supply chain disruptions” for
the Covid inflation) strongly predict their general
narrative about what causes inflation. And this link
is amplified for people with high stress elasticity. In
other words, the more emotionally affected people
are by a particular episode, the more likely they are
to generalize the story of that episode into their
broader economic worldview.

What gets encoded in memory is not a
recording of objective events but is filtered
through the emotions that accompanied
them.

What This Means for Policy

If this perspective is correct, it has important
implications for the design of economic policies.
Different economic approaches often lead to widely
diverging recommendations.

In the traditional economic view, mistakes and
biased beliefs are attributed primarily to lack of
information or to model uncertainty. The remedy,
then, lies in improving access to information or
reducing uncertainty about the data-generating
process. For example, suboptimal investment and
savings decisions might be attributed to a lack of
information about their availability and accessibility.

From the perspective of behavioral economics, there
are further sources of suboptimal decision-making,
such as information-processing errors and imperfect
cognition. Under this approach, the remedy shifts
toward enabling humans to overcome the limitations
of their belief formation process. An example would
be, in the context of investment and savings decisions,
the provision of targeted educational measures such
as financial literacy programs that teach people about
compound interest, Bayes’ rule, or the benefits of
diversification.

The novel perspective offered here explains why
neither remedy suffices in eliminating investment
mistakes—neither the provision of more informa-
tion and data about available financial products nor
financial literacy training. From the perspective of
Behavioral Economics 3.0, we understand people as
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dynamically evolving organisms who are shaped
by their life histories. We have seen that experience
effects operate through biological channels such
as neural rewiring, emotional tagging, and stress
responses. As a result, information processing and
belief formation are themselves structurally altered by
past experiences, and they cannot simply be corrected
through additional knowledge. Thus, the approach to
constructing a remedy shifts fundamentally: from
the provision of pure information or educational
measures to the targeted design of experiences. In the
context of investment and savings, the idea would be
that people learn to accumulate wealth in the stock
market by receiving controlled exposure to broadly
diversified stock-market investment.

The approach to constructing a remedy
shifts fundamentally: from the provision of
pure information or educational measures
to the targeted design of experiences.

A concrete example of this shift can be found in a
policy I helped develop as a member of the German
Council of Economic Experts: the Early Start Pension.
Germany is a country with notoriously low stock-mar-
ket participation. However, it is hard to attribute that
pattern to insufficient awareness of the stock market,
whose performance is mentioned daily in the news.
Nor can we easily attribute this outlier behavior to a
lack of financial literacy as Germans score at the top of
international financial literacy rankings (OECD, 2023).
The problem is evidently not knowledge. Even when
information about risks and returns is present, capital
market participation remains low. What is missing is
personal experience with broadly diversified capital
market investment. In many countries, such as the
US, Sweden, or Australia, people are automatically
exposed to stock-market investments due to their
capital market-based pension (or retirement savings)
system. To date, Germany has failed to successfully
implement such a reform.

Starting in 2027, the Early Start Pension will give
children aged 6 to 18 a monthly contribution of 10
euros that will be automatically invested in a broad
stock market fund. The amount is deliberately small:
too small for losses to be existentially threatening,
but large enough to generate a real, felt experience
of how markets work over time. The goal is not to
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teach children about the stock market through in-
struction—as much as an accompanying financial
training would be welcome—but to let them live
through it, tobuild a personal experience history that,
over years, rewires their perception of stock-market
risk and return. Negative market experiences are
processed in a ‘dosed’ manner at a non-existential
level, and they are minimized through the focus on
long-term, broadly diversified investment. Because
the program is universal, it also mitigates social
inequality in experiential exposure, ensuring that
capital market experience does not remain a privilege
of high-income households.

The Road Ahead

I believe that the next chapter of behavioral eco-
nomics lies in a turn towards the life sciences—in
taking seriously what neuroscience, psychiatry,
medicine, and biology already know about human
beings and how they are shaped by what they live
through. This means, first, that economists should
start collecting data on stress, emotions, hormones,
and physical health alongside the economic varia-
bles we traditionally measure. So far, economists
have rarely gathered data along these dimensions,
and the standard sources of survey data—the ACS,
the Michigan Survey of Consumers, the Survey of
Consumer Finances—contain few variables that are
related. Some individual researchers have begun to
make progress, but there is much more to do.

Economists should start collecting data on
stress, emotions, hormones, and physical
health alongside the economic variables we
traditionally measure.

This new approach also requires us to build models
that incorporate variables from stress and trauma
research, variables that economists have barely
touched but that powerfully predict how damaging
agiven shock will be and how long-lasting its effect.
Two examples are measures of predictability and
controllability. Predictability—whether an adverse
experience follows a pattern or arrives without warn-
ing—turns out to matter substantially in explaining
the strength of the effect of traumatic experiences.
Research in neuroscience has shown that unpre-
dictable stressors elicit stronger physiological and
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neural stress responses than predictable stressors
of equivalent intensity (Tsuda et al., 1983; Alvarez et
al., 2011; Cohodes et al., 2021). Applied to economics,
this suggests that the unpredictability of an adverse
condition, such as not knowing whether a food assis-
tance program will be available from one month to the
next, may compound its harmful effects beyond what
thelevel of material deprivation alone would predict.
Controllability—whether a person perceives them-
selves as having any agency over their situation—is
equally important. Uncontrollable shocks produce
learned helplessness and withdrawal. In my survey
data, respondents who reported feeling in control of
their finances, or feeling that the government was in
control, during an inflation episode were significantly
less likely to be scarred by it. These concepts could
illuminate phenomena like the ‘deaths of despair’
documented by Case and Deaton, where the critical
question may not only be how severe the financial
shock was, but for whom it was predictable and for
whom it felt controllable.

Finally, the perspective proposed in this article
means that it is best to design policies to work with
our biology rather than against it. It does not suffice
to give people information or teach them how to
process it. Better policy measures would shape
the experiences through which that information
is encoded.

We have made remarkable progress in moving
from the homo economicus to a psychologically
richer model of human decision-making. But we
are still, in important respects, modeling humans
as sophisticated machines. The next step is to model
them as what they are: living organisms, marked by
their histories, changed by what they have endured
and enjoyed. The promise of Behavioral Economics
3.0 is that, by understanding the homo experiens,
we can build not only better theories, but also more
effective policies—ones that are grounded not just
in what people know but in what they have lived
through and what it has done to them.
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Economics has made important progress by incorporating psychology and cognitive science, yet it still often
treats decision-making as if it were organized into distinct behavioral domains such as risk, time, memory,
self-control, and social choice. This editorial argues that such fragmentation is becoming intellectually
and practically limiting. Evidence from neuroscience, developmental science, genetics, affective science,
and formal economic theory increasingly suggests that behavior does not arise from isolated preference
modules but from interacting biological systems involved in perception, valuation, memory, attention,
affect, regulation, and action selection. A biologically informed economics does not require economists to
abandon preferences or reduce behavior to neurons and genes. Preferences remain useful reduced-form
representations when behavior is stable and prediction is the objective. The point is different: when
economists seek to explain heterogeneity, diagnose why interventions fail, or design policies that work
across contexts and populations, it is often necessary to model the mechanisms that generate the outward
pattern of choice. Biology can enter economics not only empirically, but also theoretically through models
that derive observed behavior from underlying brain processes and resource constraints. This perspective
clarifieswhat is malleable, when it is malleable, for whom, and through which policy levers. Taking biology
seriously is therefore not a detour from economic theory—it is a step toward a more explanatory and more
useful science of human behavior.

Introduction phenomena we are trying to explain. Behavior is

Economics has long relied on a productive ab-
straction. It explains behavior through preferences,
beliefs, incentives, and constraints, and it infers
these latent objects from observed choices. This
strategy has been extraordinarily powerful. It has
allowed economists to discipline explanations,
build tractable models, and make predictions in
settings ranging from markets to families, schools,
firms, and public policy. But the same abstraction
has also encouraged a way of thinking about deci-
sion-making that is increasingly too neat for the

typically partitioned into domains: risk, inter-
temporal choice, self-control, social preferences,
strategic sophistication, memory, attention, and
belief formation. These distinctions have analytical
value. They should not, however, be mistaken for
the natural architecture of the mind.

The challenge is no longer simply to
document that people depart from narrow
rational benchmarks.

1 brocas@usc.edu
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The challenge is no longer simply to document that
people depart from narrow rational benchmarks, nor
merely to add more behavioral regularities to the
list. The challenge is to understand how behavior
is generated. Once we begin asking that question
seriously, the old divisions begin to look increasingly
arbitrary.

Thebrain does not contain arisk module, a patience
module, amemory module, and a self-control module
each of which operates independently and then hands
their outputs to the economist. Economic behavior
arises from interacting biological processes, including
perception, attention, memory retrieval, valuation,
affective appraisal, inhibitory control, and action
selection. These processes are deeply interconnected
and are recruited in different combinations across
tasks and contexts.

Economicbehavior arises from interacting
biological processes, including perception,
attention, memory retrieval, valuation,
affective appraisal, inhibitory control, and
action selection.

Economics has already been transformed by its
dialogue with psychology, especially through work
showing that judgment under uncertainty often relies
on heuristics rather than fully Bayesian reasoning
(Tversky & Kahneman, 1974). Neuroeconomics then
made clear that neuroscience could enrich economic
theory by illuminating the mechanisms underlying
valuation, choice, learning, and self-regulation
(Camerer et al., 2005). In the framework proposed by
Rangel, Camerer, and Montague (2008), value-based
decision-making is deconstructed into core processes:
representing the decision problem, valuing actions,
selecting among them, evaluating outcomes, and
learning. Fehr and Rangel (2011) similarly argue
that neuroeconomics can provide more detailed
computational and neurobiological accounts of
choice than traditional reduced-form behavioral
descriptions alone.

That view is not purely speculative, and it does not
belong to neuroscience alone; it can be formalized
economically. A line of theoretical work has shown
how observed behavior can be derived from underly-
ingbrain processes and internal resource constraints
rather than simply described at the level of choice.
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Models of perception-to-action mapping, endogenous
memory retrieval, brain resource allocation, and
self-control as constrained optimization all point in
the same direction: familiar economic behavior can
often be reinterpreted as the output of interacting
biological systems facing scarcity, trade-offs, and
internal constraints (Brocas & Carrillo, 2012, 2016,
2021; Brocas, Alonso, & Carrillo, 2014). This is not a
side branch of economics. It is part of the effort to
make economics genuinely explanatory.
Nevertheless, this argument should not be misun-
derstood as an attack on preferences. Preferences are
indispensable modeling tools when they summarize
stable patterns of choice and when the goal is prediction
within a known environment. The problem arises
when they are treated as final explanations rather
than as compact descriptions of behavior generated
by deeper processes. A person may appear risk-loving,
impatient, distrustful, or weak-willed. These labels
may be descriptively accurate, but they do not tell
us whether the observed behavior reflects reward
sensitivity, future simulation, memory retrieval,
emotional threat, attentional capture, regulatory
constraints, or unstable environmental expectations.
The distinction matters because interventions that
produce the same reduced form change in choice
may operate through very different mechanisms, and
interventions aimed at the wrong mechanism may fail.

Preferences are indispensable modeling
tools when they summarize stable patterns
of choice and when the goal is prediction
within a known environment.

Abiologically informed economics should also not
be confused with biological determinism. Genes are
not destiny. Neural mechanisms do not eliminate
agency. Economic theory is not rendered obsolete
by the existence of brains. But if our goal is to model
human behavior rather than merely fit it, biology can
no longer remain in the background,; it helps explain
why different kinds of decisions often cohere within
individuals, why people differ in structured ways,
why the same person behaves differently across
contexts, and why environments shape behavior so
deeply over the life course.

This matters especially for policy. Economists
already estimate reduced-form relationships between



Isabelle Brocas

The Biological Foundations of Decision-Making

behavior and incentives, constraints, or information.
The value of a biological perspective is not that it
replaces those estimates, it is that it helps interpret
them. It asks which internal process is binding;
whether the constraint is cognitive, emotional,
developmental, informational, social, or environ-
mental; whether the relevant system is malleable;
whether timing matters; whether a policy should
change incentives, reduce cognitive load, stabilize
expectations, lower stress, improve sleep or nutrition,
or redesign environments so that fragile regulatory
systems are less heavily taxed. In this sense, biology
changes not only what we measure, but also what we
treat as a policy lever.

The broader claim of this editorial is therefore
straightforward but consequential: economics should
move beyond treating decision-making as a set of
isolated preference domains and toward a more
integrated account grounded in biology, development,
affect, and internal cognitive constraints. This would
not replace economic theory—it would deepen it.
Figure 1 summarizes the central framework advanced
in this editorial. Economic behavior should not be
treated as the output of isolated preference domains
but as the product of interacting biological systems
that transform perception, memory, valuation, affect,
and regulation into action.

The Problem With Treating Economic
Domains as Separate

One of the discipline’s great strengths has been
its ability to isolate dimensions of behavior. Risk
preferences, intertemporal preferences, ambiguity
attitudes, social preferences, strategic sophistica-
tion, and self-control have all generated productive
literatures. Yet, this partitioning has also come at a

Stress

[Early environmem] [Genetic er\dowmem)

cost. It has encouraged the idea that these domains
correspond to separable psychological objects,
when many may reflect overlapping underlying
mechanisms.

Take risk and time. Economists often treat them
as distinct dimensions of preference: one concerns
uncertainty, the other delay. But that separation be-
comes less convincing once we think mechanistically.
Both types of decisions recruit valuation, affective
anticipation, future representation, attention to sali-
ent outcomes, learning from feedback, and inhibitory
control. A person who is impulsive may also appear
more willing to take risks, not because impatience
and risk-loving are identical constructs but because
both may be shaped by common patterns of reward
sensitivity, limited future simulation, stress, or
weaker self-regulation. Similar overlaps likely exist
between strategic reasoning and working memory;,
between cooperation and emotional regulation,
between trust and threat perception, and between
consumer choice and attentional bottlenecks.

The traditional language of preferences can
therefore obscure as much as it reveals. It describes
regularities at the level of outcomes, but it does
not tell us whether those regularities arise from
common mechanisms or genuinely distinct systems.
Neuroeconomic work has been especially valuable
here because it shows that value-based choice relies
onasequence of interacting computations rather than
onisolated behavioral modules. The act of choosing
involves representing the problem, assigning sub-
jective values, selecting an action, experiencing an
outcome, and updating behavior through learning
(Rangel et al., 2008). This logic already pushes against
the ideathat risk, time, social choice, and self-control
should be understood as self-contained domains.

' Prenatal influences '

(Social oondnions) (Nutrition)

(Valummtenﬂon) [Memory) (Self-regulalion]

Social cognition Learning

;
Risk-taking

“’
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Figure 1: Abiologically informed framework of decision-making. Economic behavior emerges from the interaction of perception,
attention, memory, valuation, affect, regulation, and action selection (green). These processes are shaped by biological
endowments and environmental conditions across development (blue).
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The implication is not that economists should
stop estimating risk aversion, discount rates, or
social preferences; rather, these constructs should
be treated as behavioral surfaces. They are useful
summaries of what agents do in a particular envi-
ronment. They are less useful as explanations when
behavior changes across contexts, when the same
intervention has different effects across individuals,
or when welfare analysis requires understanding
whether a choice reflects stable valuation, misin-
formation, compulsion, fear, overload, or adaptation
to instability. The more the economist cares about
mechanism, transportability, and intervention
design, the more important it becomes to look
beneath the preference label.

The more the economist cares about
mechanism, transportability, and interven-
tion design, the more important it becomes
to look beneath the preference label”

Figure 2 illustrates this point. The same underlying
processes can contribute to behavior across several
economicdomains, which iswhy apparent correlations
across risk-taking, impatience, impulsivity, trust, or
social sensitivity may reflect shared mechanisms
rather than separate preference parameters.

The same critique applies to the relation between
cognition and affect. Economists have become in-
creasingly comfortable with the idea that cognition
is limited and attention is scarce. This has been a
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Figure 2: Shared mechanisms across economic domains. Traditional economic domains such as risk, time, self-control,
social choice, and strategic behavior may rely on overlapping mechanisms, including attention, memory, affective appraisal,
valuation, and regulation (orange). The figure highlights why domain-specific behavior may partly reflect shared biological

architecture (green).
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major advance, but the field still too often treats
affective and emotional processes as modifiers of
a fundamentally cognitive chooser. This hierarchy
is too narrow. Decision-making is not cognition
with emotion layered on top. Cognition, affect,
memory, and regulation are intertwined from the
start. Emotional signals shape attention, memory
accessibility, valuation, threat perception, and
action. Personality traits alter the way information
isencoded, interpreted, and acted upon. There is no
neutral, fully cognitive baseline chooser from which
emotion deviates.

A more integrated view is therefore needed. The
point is not to abolish economic constructs but to
stop assuming that they correspond one-to-one with
the structure of the brain. The categories economists
use remain descriptively useful, but they should be
embedded in a deeper architecture of shared processes
that transform perception, memory, value, affect,
and regulation into action.

From Brain Processes to Economic Behavior
A more biologically grounded economics begins
with a simple proposition: what we observe as de-
cision-making is the product of multiple interacting
processes that transform perception into action.
Rather than containing distinct modules for risk,
time, or self-control, the brain relies on broader
systems for valuation, reward learning, attention,
memory, and control whose outputs are recruited
across many forms of decision-making (Schultz,

2015). The brain does not first construct a perfectly
stable preference ordering and then calmly implement
it—it must allocate attention, retrieve memories,
represent alternatives, integrate affective signals,
regulate competing impulses, and select actions
under internal and external constraints.

A central implication of this perspective is that
biology can enter economics through not only
measurement, but also theory itself. This idea has
motivated a line of work that does not merely invoke
biology descriptively; it uses biological constraints to
derive behavior. Figure 3 represents the theoretical
logic behind this approach. Choice sets, incentives,
information, and contextual cues enter the organism
as inputs, but observed behavior depends on how
those inputs are transformed by internal processing
constraints.

Biology can enter economics through not
only measurement, but also theory itself.

Brocas and Carrillo (2012) developed a framework
inwhich behavior emerges from a sequence of brain
operations linking perception to action, rather than
appearing as an unexplained primitive. This approach
helps account for phenomena in belief formation
that are difficult to reconcile with simpler updating
models. It explains belief anchoring, whereby the
order in which evidence is received affects beliefs
and choices; polarization, whereby individuals
with opposite priors may move further apart after

Information
Processing

Figure 3: The brain as a processing machine for economic choice. Economic behavior can be modeled as the output of internal
processing. The decision-maker receives inputs such as choice sets, incentives, information, and contextual cues, but these
inputs are filtered through perception, memory, valuation, affect, and regulatory constraints before producing action.
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observing identical evidence; payoff-dependence of
beliefs; and belief disagreement, whereby individuals
with identical priors who receive the same evidence
may nonetheless end up with different posterior
beliefs. The broader contribution is to show that such
phenomena need not be treated as ad hoc anomalies
of belief updating. They can emerge naturally once
perception and internal processing are modeled
explicitly.

Brocas, Alonso, and Carrillo (2014) show that
cognitive resources themselves are scarce and must
be allocated across tasks and processes, making
internal resource scarcity an explicit part of the model
rather than an informal intuition. The paper yields
several implications. Performance can be flawless
when tasks are sufficiently simple, so limitations
need not appear uniformly across environments;
they arise endogenously when demands exceed
available resources. The optimal dynamic alloca-
tion rule exhibits inertia, in the sense that current
allocations increase in line with past needs. Different
cognitive tasks are performed by different systems
only when those tasks are sufficiently important,
implying that specialization itself is an endogenous
response to constraints rather than a fixed feature
of the architecture. More broadly, the paper provides
a formal basis for understanding limited attention,
performance trade-offs, selective processing, and the
fact that individuals may appear to neglect relevant
information, not because they fail to optimize but
because optimization itself takes place under internal
scarcity.

Brocas and Carrillo (2016) model memory retrieval
as an endogenous process, emphasizing that what
can be recalled at the moment of choice is neither
trivial nor exogenous. Two implications are especially
important in this regard. First, decisions are closer
to original experiences when declarative memory
is invoked. Second, declarative memory is more
likely to be invoked when the importance of recalling
information accurately increases. These results help
explain why behavior depends on which past expe-
riences are accessible at the moment of choice, why
the same individual may rely more on direct traces
of prior experience in some settings than in others,
and why apparent instability or context dependence
need not reflect unstable preferences. Instead, they
may reflect variation in whether and how memory
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systems are engaged.

Brocas and Carrillo (2021) extend this logic to
self-control by treating it not as a simple moral strug-
gle between impulse and will but as a constrained
optimization problem. Within this framework, abroad
set of phenomena can be understood under the same
umbrella: time inconsistency, context-dependent
self-control, rigid rules that sustain willpower, and
more extreme or dysfunctional patterns such as
addiction and eating disorders. The central idea is
that the brain weighs immediate rewards against
future costs subject to internal computational and
regulatory constraints. What appears from the outside
to be irrational, self-defeating, or pathological may
therefore be the internally consistent solution to
a more constrained optimization problem. This is
also why such behaviors can be difficult to undo
through intervention: they are not random failures of
choice but coherent responses generated by a system
operating under tighter or altered constraints.

The common message across these papers is that
the brain optimizes under constraints, and that
observed behavior is often the best feasible response
permitted by the architecture of the system, even
when it looks puzzling, maladaptive, or abnormal to
the observer. Biology does not merely help explain
standard choice behavior; it also provides a unified
language for understanding rigidity, dysfunction,
and behavioral heterogeneity as outcomes of the
same underlying logic.

This methodological lesson matters beyond any one
application. Biology does not need to enter economics
only through correlational evidence showing that one
brain region is active during one task or another. It
can enter through theory, and brain processes can be
modeled as economic processes: they allocate scarce
resources, face trade-offs, generate endogenous
constraints, and transform inputs into action. Once
that step is taken, the distinction between economic
theory and biological mechanism becomes less rigid
than it first appears.

This approach is consistent with a broader
neuroeconomic literature emphasizing that choice
depends on neural systems that compute subjective
value, integrate competing attributes, and modulate
those values in the presence of long-term goals or
self-control demands (Kable & Glimcher, 2007; Fehr
& Rangel, 2011; Hare et al., 2009). In Hare et al. (2009),
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successful self-control is linked not simply to the
suppression of temptation but to modulation of the
valuation system itself. This insight fits naturally
with economic models of self-control as constrained
optimization, because it suggests that the conflict
is not external to value computation but embedded
within it.

This way of thinking also changes how we interpret
variability in behavior. If observed choice depends on
attention, retrieval, salience, modulation, and control,
then instability is no longer just error around a latent
preference parameter—it may reflect lawful varia-
tion in the functioning of these systems. The same
individual may behave differently across situations
not simply because preferences shifted but because
different memories were retrieved, different cues
captured attention, different emotions were triggered,
or different internal resources were available. A
theory that allows for such mechanisms is not less
economic; it is more realistic.

Italsohelpsbridge domains that are usually studied
in isolation. Memory influences patience because
the representation of the future depends partly on
what can be retrieved and simulated. Self-control
influences risk-taking because affective valuation and
regulation shape the willingness to pursue salient but
uncertain rewards. Attention shapes social behavior
because the cues people notice in others determine
whether they perceive threat, fairness, generosity, or
vulnerability. Once perception, memory, valuation,
affect, and control are treated as shared components,
the fragmentation of decision-making into discrete
literatures begins to look increasingly artificial.

What Biology Adds Beyond Reduced-Form
Prediction

Anatural objection is that economists already have
a powerful language for behavior. If an individual
behaves as if she discounts the future steeply, avoids
ambiguity, or values fairness, why not simply model
those patterns as preferences? In many cases, that is
exactly the right thing to do. Reduced-form preference
models are valuable when they organize data parsi-
moniously, predict behavior reliably, and support clear
welfare analysis. A biologically informed economics
does not require abandoning this framework.

The gainappears when the economistasks questions
that reduced-form preferences alone cannot answer
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well. First, mechanisms help explain transportability.
A policy estimated to work in one setting may fail
elsewhere if the same outward behavior is generated
by different internal constraints. Second, mechanisms
help identify treatment heterogeneity. Individuals
who look similar in their choices may differ in the
process that produces those choices and therefore
respond differently to the same intervention. Third,
mechanisms clarify timing. Developmental and bio-
logical systems vary in plasticity, so an intervention
that is effective in early childhood, adolescence, or old
age may not have the same effect at another life stage.
Fourth, mechanisms improve welfare interpretation.
A choice made under stable preferences does not have
the same normative meaning as a choice made under
compulsion, fear, cognitive overload, or a severely
constrained capacity to simulate the future.

These points also clarify the role of preferences
in the argument. Preferences are not wrong. They
are incomplete when treated as causes rather
than summaries, and they can be interpreted as
the outward expression of underlying biological
and cognitive processes, albeit this interpretation
becomes useful only if we ask which processes are
involved. In this sense, the proposal is not to move
away from preference-based modeling in general,
it is to know when the preference representation is
sufficient and when it is masking the very mechanism
that policy needs to target.

Genes, Environment, and the Development
of Heterogeneity

Abiologically informed economics must also take
heterogeneity more seriously than the field usually
does. Differences across individuals are often treated
as residual variation or as stable preference heter-
ogeneity, but many such differences likely emerge
from the interaction between heritable dispositions
and environments across development.

Research in behavioral genetics suggests that
cognitive abilities and personality traits are partly
heritable (Deary et al., 2009; Plomin et al., 2016). This
does not mean they are fixed. On the contrary, the eco-
nomically relevant point is that genes set potentials
and constraints whose expression depends heavily
on the environment. The same child may develop
differently depending on nutrition, caregiving, ex-
posure to chronic stress, sleep quality, environmental
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stability, schooling, or trauma. Biological systems do
not unfold in a vacuum.

This perspective also connects naturally with
Ulrike Malmendier’s Introduction to this year’s
edition, which emphasizes the role of lived expe-
rience in shaping economic beliefs and decisions.
Her discussion of ‘experience effects’ demonstrates
that exposure to inflation, recessions, financial
markets, housing risk, and other economic envi-
ronments can leave durable traces in expectations
and behavior. This point is closely aligned with the
argument advanced here: environments not only
provide information or alter incentives, but they
also shape the biological and cognitive systems
through which future choices are perceived, valued,
remembered, and acted upon. Figure 4 summarizes
this developmentallogic. Biological endowments and
environmental exposures jointly shape the systems
that underlie decision-making, which means that
observed heterogeneity is not simply residual noise
or fixed preference variation.
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Figure 4: Biological and environmental factors shaping brain
functions and decision-making across development and
the life course. Individual differences in economic behavior
emerge from the interaction between biological endowments,
developmental processes, and environmental exposures
such as stress, nutrition, sleep, education, safety, and social
stability. These factors shape the cognitive, affective, and
regulatory systems through which choices are made.
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This is particularly important because the envi-
ronments most relevant to economics are often also
the environments most relevant to biology. Poverty
is not only a lower budget set—it is often associated
with chronic stress, unpredictability, poor nutri-
tion, sleep disruption, reduced access to cognitive
stimulation, and social threat. These conditions can
shape attention, emotional regulation, memory,
executive functioning, and even gene expression. In
other words, social inequality becomes biologically
embedded (Shonkoff et al., 2009; Lupien, McEwen,
Gunnar, & Heim, 2009).

If so, behavioral differences later observed in
schooling, labor supply, savings, health behavior,
or strategic interaction cannot be fully understood
as contemporaneous choices alone. They may reflect
developmental pathways through which environ-
ments have already altered the architecture of
decision-making. A child growing up in an unstable
environment, for instance, may rationally learn that
the future is difficult to predict, that immediate
rewards are more reliable than delayed rewards, or
that vigilance is more useful than patient exploration.
The adult behavior later measured as impatience,
distrust, or low investment may therefore be partly
the expression of an adaptive developmental history,
not merely a stable preference parameter.

This developmental view is indispensable. Adults
do not enter economic models as fully formed agents
with timeless traits. The systems underlying pa-
tience, impulse control, social sensitivity, strategic
reasoning, and emotional regulation develop over
time and often unevenly. Adolescence is a particularly
striking example: reward sensitivity, peer orientation,
affective intensity, and control processes all undergo
major changes during this period, which helps explain
why behavior can be more exploratory, volatile, or
socially contingent (Casey et al., 2008; Crone & van
der Molen, 2004).

The biology of decision-making also continues to
change across the full life cycle. The same individual
is not equipped with the same neural architecture
at ages 15, 40, and 80. Aging affects brain systems
involved in reward processing, memory, affective
and motivational regulation, and cognitive control,
and these changes can reshape how individuals
respond to uncertainty, evaluate gains and losses,
learn from feedback, and balance immediate versus
delayed outcomes (Samanez-Larkin & Knutson,
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2015). Age-related shifts in decision-making should
therefore be treated not merely as departures from
a stable adult benchmark, but also as part of the
biology of choice itself.

The same logic extends to neurodevelopmental
and behavioral disorders. Conditions such as ADHD
and autism are not purely labels added on top of
otherwise standard choosers; they are associated
with differences in the systems that govern attention,
reinforcement learning, uncertainty processing,
cognitive flexibility, and social inference. In ADHD,
recent work points to altered reward learning, blunted
reinforcement sensitivity, and greater choice switch-
ing, suggesting differences in how feedback is used
to stabilize or revise behavior over time (Aster et al.,
2024). In autism, recent reviews point to distinctive
patterns in metacognition, value-based choice, and
real-life decision difficulties, with atypicalities often
emerging more clearly when people are asked to
report or reflect on internal beliefs (van der Plas et
al., 2023). The broader lesson is not solely that some
groups decide differently; it is that variations in
biological architecture, whether associated with age,
development, or disorder, can generate different but
internally coherent behavioral patterns.

More broadly, a biologically informed economics
should be able to speak with a common language about
typical development, aging, and pathology. The aim
is not to collapse these conditions into one another
but to recognize that all involve behavior emerging
from systems that operate under particular architec-
tures, constraints, and developmental trajectories.
What differs is not whether behavior is generated
by constrained optimization but which constraints
are present, how severe they are, how they interact,
and how much room there is for compensation or
adaptation.

Emotion, Personality, and the False Primacy
of Pure Cognition

Economics has become increasingly willing to
acknowledge that cognition is limited. However, the
field still tends to privilege cognition over affect, as
though the central story of decision-making were
about information processing and everything else
were secondary. This hierarchy is mistaken.

Decision-making is not just constrained by limited
cognition; it is also constituted by affective and
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emotional processes. Emotion determines what feels
urgent, what feels threatening, what feels rewarding,
and what deserves attention. It shapes how people
interpret ambiguity, how much uncertainty they
tolerate, how vividly they imagine future outcomes,
and how strongly they react to social cues such as
disrespect, exclusion, betrayal, admiration, or trust. In
that sense, affect is not an external disturbance to the
machinery of choice; it is part of the machinery itself.

This idea has deep roots in neuroscience. The
somatic marker hypothesis, associated with Damasio
and developed empirically in work by Bechara and
colleagues, proposed that emotional signals linked
to past outcomes help guide behavior by marking
some options as more salient, dangerous, or attractive
than others (Damasio, 1994, 1996; Bechara et al.,
1997). The importance of this contribution is not that
economists should replace preferences with somatic
markers as another reduced-form label. Used that
way, emotional constructs would reproduce the same
problem. Their value lies in identifying a process
by which past experience, bodily state, affective
appraisal, and valuation interact to shape action.
The relevant contribution is mechanistic, not merely
terminological.

The same is true of personality. Personality traits
are often treated as broad summaries with limited
relevance for economic modeling, but traits such as
neuroticism, conscientiousness, impulsivity, flexi-
bility, perseverance, or social dominance are not only
labels for behavior, but they also reflect systematic
differences in how people process information, react
emotionally, allocate effort, represent others, and
regulate themselves. Two individuals with the same
incentives and the same information may still behave
differently because they do not process the situation
in the same way. Personality helps explain why.

This is another reason why economic behavior
cannot be divided neatly into separate preference
domains. Emotional reactivity may affect risk,
trust, punishment, learning, and delay. Personality
may shape labor supply, educational investment,
strategic sophistication, consumption, social choice,
and mental health at once. Once again, what appears
fragmented at the level of behavior may be unified
at the level of process.

This has methodological implications. Economists
often seek clean identification by stripping away
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contextual richness, but in doing so they may some-
times remove the very channels through which
personality and affect operate. Minimalist tasks
are useful, but they can create the illusion that
decision-making is more modular than it is in life.
Aricher account of behavior must allow that informa-
tion processing, emotion, memory, and personality
dynamically interact rather than arriving separately
at the moment of choice.

Why This Matters for Modeling and Policy

The policy implications of this perspective are
substantial. Economists care deeply about behavior,
because it sits at the center of education, health,
finance, labor, inequality, and public policy more
broadly. But if behavior is generated by biologically
grounded systems shaped by development and con-
text, then the set of relevant policy levers is wider
than economists often assume.

Policies act not only on prices and constraints,
but also on stress, predictability, sleep, nutrition,
cognitive load, social threat, and the stability of
expectations. These factors matter because they shape
the systems through which people perceive options,
retrieve memories, regulate impulses, imagine the
future, and act. Anudge may fail not because its logic
iswrongbutbecause it targets the wrong mechanism.
An information intervention may underperform not
because information is unimportant but because
the relevant bottleneck lies in emotional overload,
distrust, or cognitive depletion. A savings program
may miss its mark if the key obstacle is not time
preference narrowly understood but uncertainty
about whether the future is reliable enough to plan for.

A nudge may fail not because its logic is
wrong but because it targets the wrong
mechanism.

Illustrative Case 1: Savings, Scarcity, and Cognitive Load

A standard reduced-form interpretation might treat low savings as the expression of a high discount
rate. Abiologically informed diagnosis asks whether the person is impatient in a stable sense or whether
planning is disrupted by stress, income volatility, distrust, attentional scarcity, or uncertainty about
whether delayed rewards will materialize. The policy implications differ. If the binding constraint is
attention, reminders or simplified enrollment may work. If the binding constraint is volatility and distrust,
areminder may do little; more effective tools may include liquidity buffers, predictable transfer timing,
trusted institutions, or commitment devices that reduce reliance on moment-by-moment self-control.

The point is not that biology supplies a single policy answer but that it changes the diagnostic sequence.
Instead of inferring a deep preference for the present from behavior alone, it asks which internal and
environmental constraints generate the observed choice, and which of those constraints can be changed.

Illustrative Case 2: Adolescent Risk-Taking and Social Context

Astandard model might treat adolescent risk-taking as a stable preference for risk or alow cost of future
harm. A developmental account suggests a more specific mechanism: reward sensitivity, peer salience,
affective intensity, and still-developing control systems that interact differently in adolescence than in
adulthood. This diagnosis leads to different policy design. Information campaigns about future harm
may be weak if the binding mechanism is peer salience at the moment of action. Furthermore, policies
that change the social setting, reduce public performance incentives, alter timing, or provide immediate
alternative rewards may be more effective than policies that only restate long-run risks.

Here again, the biologically informed approach does not replace incentives; it clarifies when incentives
should be immediate rather than delayed, private rather than public, environmental rather than purely
informational, and targeted to the developmental stage of the decision-maker.
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This is why understanding biology is not a lux-
ury for applied economists. It is a way to isolate
better what in the environment can be changed and
through which channels change will matter. The
neuroeconomic literature has repeatedly emphasized
that identifying the neural and computational foun-
dations of choice can improve our understanding of
self-control failures, welfare-relevant mistakes, and
the conditions under which interventions are likely
to succeed or fail (Fehr & Rangel, 2011).

Abiologically informed approach changes policy
design in at least four ways. First, it expands diag-
nosis: before choosing an intervention, we ask which
processisbinding. Is the problem lack of information,

limited attention, weak memory retrieval, stress,
mistrust, low perceived control, reward sensitiv-
ity, or a regulatory constraint? Second, it changes
treatment assignment: different individuals may
require different interventions, even when their
observed behavior looks the same. Third, it changes
timing: interventions may be more effective when
systems are plastic or when internal resources are
available. Fourth, it changes the target: sometimes
the right policy is not to persuade people to choose
differently but to alter the environment so that the
desired choice requires less cognitive and regulatory
effort. The four illustrative cases provide examples
of this logic.

Ilustrative Case 3: Education Policy and Heterogeneous Learning Systems

Education policy illustrates why a biologically informed approach should not stop at asking whether
an intervention works on average. Consider a school program that offers extra tutoring, attendance
incentives, and homework monitoring to improve achievement. A standard evaluation may estimate the
average effect of the program, but students may respond differently because the constraints limiting
learning differ across children.

For one student, the main problem may be missing academic content, so tutoring is effective. For another,
the binding constraint may be working memory or attention, so longer instruction helps little unless
material is broken into shorter steps with immediate feedback. For a student with anxiety, high-stakes
incentives may increase stress and reduce performance. For a student with ADHD, support may need to
include structure, movement breaks, and reinforcement. For a child exposed to sleep disruption, food
insecurity, or chronic stress, academic support may need to be combined with environmental stabilization
before learning can improve.

The point is not that biology fixes students into types; rather, genetic dispositions, cognitive abilities,
behavioral disorders, and environments interact to shape attention, memory, motivation, and self-regulation.
A biologically informed education policy would therefore ask not only “Does this intervention work?”
but also “For whom does it work, through which mechanism, and under what conditions?” This shifts
policy from one-size-fits-all treatment toward tailored support that targets the constraints actually
limiting each student’s learning.

Illustrative Case 4: COVID-19, Personality, and Heterogeneous Policy Responses

The COVID-19 pandemic provides a clear example of why policy cannot assume that individuals respond
uniformly to the same environment. Lockdowns, school closures, social distancing, and uncertainty
created acommon shock, but the psychological effects of that shock varied substantially across individuals.
Proto and Zhang show that mental-health deterioration during COVID-19 differed in line with personality
traits: individuals higher in openness and extraversion were more negatively affected, while those higher
in agreeableness were relatively protected.

This matters for policy because the same intervention may impose different costs, depending on the
biological and psychological systems through which individuals regulate stress, social needs, uncertainty,
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and isolation. For an extraverted adolescent, for instance, social restrictions may directly undermine
sources of reward and emotional regulation. For an open individual, confinement and reduced novelty
may be especially costly. For ahighly anxious individual, repeated threat messages may increase vigilance
and distress rather than promote adaptive behavior. For others, clear rules and reduced social demands
may be protective.

Abiologically informed policy would therefore ask not only whether lockdowns or public-health messages
work on average, but also who bears the greatest cognitive, emotional, and behavioral costs—and how
those costs can be mitigated. This might imply differentiated support: maintaining safe social contact for
children and adolescents, tailoring public-health communication to avoid excessive threat amplification,
providing mental-health resources to groups most vulnerable to isolation, and designing restrictions that
preserve routines, sleep, and social connection when possible. The point is not that personality determines
behavior but that personality, cognition, and environment interact to shape how people experience and

respond to the same policy.

Toward a More Integrated Economics of
Human Behavior

If economics is to take the next step in under-
standing decision-making, it must become more
integrated in both theory and evidence, which means
not only borrowing findings from neuroscience or
genetics, but also allowing biology to reshape how
questions are posed. The important question is not
whether the discipline should keep its traditional
constructs or replace them with biological ones but
whether we are willing to acknowledge that our
constructs are often phenomenological summaries
rather than mechanisms.

A more integrated economics would treat per-
ception, memory, valuation, control, affect, and
action selection as shared components that cut across
behavioral domains. It would interpret heteroge-
neity developmentally. It would take personality
and emotional regulation seriously as parts of the
architecture of choice. It would view instability in
behavior not only as noise, but also, sometimes, as
the predictable consequence of fluctuating internal
states or constrained internal resources. And it
would connect policy more explicitly to the biological
mechanisms through which environments shape
decision-making.

This agenda is not reducible to neuroeconomics in
the narrow sense. It is broader. It includes genetics,
developmental science, endocrinology, affective
science, psychiatry, comparative cognition, and
formal modeling of internal resource constraints.
As such, what is needed is not just a new subfield but
a shift in orientation. The goal is not to tack biology
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onto economics as an optional enrichment; it is to
recognize that economics has reached a point where
explaining behavior requires a more serious account
of the organism producing it.

This shift would also make economics more useful
to practitioners, who often work in environments
where behavior is unstable, incentives interact
with fatigue and stress, trust is fragile, and context
matters. A framework that treats these features as
peripheral will tend to overgeneralize from clean
tasks and average effects. A framework that treats
them as part of the architecture of choice can gen-
erate better diagnostics, better targeting, and more
realistic expectations about what interventions can
accomplish.

Economics has always been strongest when
it identifies hidden constraints and traces their
consequences. Internal cognitive and biological
constraints belong in that tradition. They do not
make economics less rigorous—they give the dis-
cipline a richer account of the constraints under
which human beings actually choose.

Conclusion

Economics has learned a great deal by studying
behavior at the level of choice, but there are limits to
how far we can go if we continue to treat risk, time,
self-control, memory, social behavior, and cognition
aslargely separate domains. The evidence increasingly
points elsewhere. Behavior is generated by interact-
ing biological systems that transform perception
into action under conditions of scarcity, regulation,
development, affect, and environmental influence.
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Heterogeneity is not a nuisance term;
it is a central fact that often reflects
developmentally shaped biological
differences.

Once that point is taken seriously, several things
follow. Traditional economic categories remain
useful, but they should not be mistaken for natural
partitions of the mind. Preferences remain valuable
reduced-form tools, but they are not always sufficient
explanations. Heterogeneity is not a nuisance term;
it is a central fact that often reflects developmen-
tally shaped biological differences. Policy must pay
closer attention to the mechanisms through which
environments shape decision-making. And biology
isnot merely a source of correlates. It can be a source
of theory.

A science of decision-making that ignores
the biological architecture of the chooser
will remain incomplete.

The larger ambition is not to biologize economics
in a reductive sense. It is to make economics more
genuinely explanatory. A science of decision-making
thatignores the biological architecture of the chooser
will remain incomplete. A science that integrates that
architecture stands a better chance of explaining
who we are, why we differ, and how environments
can change the trajectories of behavior.
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Therise of large language models (LLMs) is creating new possibilities and questions for behavioral economics.
This article examines how LLMs can help researchers study what people might do, why they might do it,
and how Al itself can reshape decision-making environments. It develops a conceptual framework around
three connected roles. First, as synthetic economic agents, LLMs enable scalable behavioral simulations that
can benchmark theories and pre-test policies. Second, as measurement tools, they can transform text into
richer behavioral signals, helping researchers infer motives, perceptions, and cognitive mechanisms beyond
standard text classification. Third, as interactive agents, LLMs increasingly participate in decision-making
systems, creating a Human-AI-AI-Human loop that reshapes delegation, control, and strategic interaction,
which could lead to broader economic and social implications. Overall, LLMs can complement established
methods for studying behavior, and they are also becoming part of the decision environment that behavioral

economics seeks to explain.

Introduction

Large language models (LLMs) are rapidly reshap-
ing how economic behavior can be studied, modeled,
and influenced. Their significance lies in how they
transform the core objects of behavioral economics:
the agents we study, the data we observe, and the
environments in which decisions are made.

A growing body of literature treats LLMs as
synthetic agents that can be placed into economic
environments and studied through simulations
(Horton et al., 2023; Park et al., 2023; Hanna-Amodio
et al., 2025). Researchers are also beginning to use
them as measurement devices that map language into
analytically useful variables, extending earlier text-
as-data approaches (Ludwig et al., 2025; Asirvatham
etal., 2026). A third line of work studies LLMs as part
of interactive systems, where decision-making is
mediated through exchanges between humans and
Al agents (Plaat et al., 2025).

This article contributes to this emerging litera-
ture by organizing the role of LLMs in behavioral
economics around these three connected functions.
First, they can serve as synthetic economic agents,
supporting scalable hypothesis generation about
plausible behavioral responses. Second, they can
function as measurement tools, helping researchers
draw inferences from text about latent mechanisms.
Third, they are becoming objects of study, increas-
ingly shaping how humans make decisions in AI-
mediated environments. To illustrate these roles,
I present a microsimulation in which LLM agents
generate possible responses to policy intervention. I
then demonstrate how LLM-based text analysis can
produce hypotheses about behavioral constructs from
consumer reviews. Finally, I conceptualize a Human-
AI-AI-Human decision chain to show how agentic
systems introduce new layers of interdependence
into decision-making. These perspectives suggest

1 slu@ed.ac.uk.
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that LLMs are both tools that complement existing
methods and a new domain of inquiry for studying
choices and interactions.

LLMs as Synthetic Economic Agents

Behavioral economics has long relied on lab
and field experiments to test theories and study
decision-making patterns. The emergence of LLMs
introduces a new class of potential participant:
synthetic economic agents.

As LLMs are trained via maximum likelihood es-
timation to approximate the conditional distribution
of human-generated text, their outputs may serve as
informative proxies for aspects of human behavior
while remaining distinct from causal models of
cognition (Brown et al., 2020). These agents can be
viewed as computational subjects whose responses
reflect collective patterns, and often underlying ste-
reotypes, embedded in large-scale human-generated
data, thereby enabling simulations of human behavior
(Horton et al., 2023; Park et al., 2023). Beyond gener-
ating potential behavioral responses, recent work also
suggests LLMs can be useful for sense-checking early
ideas (Hanna-Amodio et al., 2025). Figure 1illustrates
how LLMs equipped with ‘persona’ can be used to
simulate responses to different tasks and explore
plausible economic choices and policy reactions.

Benchmarking Against Behavioral Theories
Experiments with LLM-based agents provide a

scalable, cost-effective way to benchmark behavioral

theories and refine predictions. Human experiments

Inputs

Persona Card

v Task

v/ Environment
— rules

Figure 1: Application of LLMs as synthetic economic agents.
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are often expensive, time-consuming, and limited in
scale, whereas comparable computational studies can
be run more quickly and at lower cost. Researchers can
generate large synthetic samples, vary environments
systematically, and repeat set-ups in ways that are
difficult to achieve in the lab.

Experiments with LLM-based agents
provide a scalable, cost-effective way to
benchmark behavioral theories and refine
predictions.

Nonetheless, the objective is not to claim LLMs
can replace human participants; their value lies in
helping researchers generate scalable behavioral
approximations. The usefulness of this approach
depends on how closely model behavior aligns with
humansina given task. The existing literature reports
that LLM-simulated responses can approximate
patterns observed in surveys and experiments (e.g.,
Aher et al., 2023; Argyle et al., 2023; Dillion et al.,
2023; Cui et al., 2025), displaying heuristics such as
loss aversion, framing effects, and trust behavior
(e.g., Suri et al., 2023; Xie et al., 2024; Bini et al,,
2026). In strategic settings, LLM agents also appear
to deviate from rational game-theoretic play in
ways that resemble humans (e.g., Guo et al., 2024;
Hua et al., 2024), but they may differ in levels of
reasoning (e.g., Lu, 2025; Costarelli et al., 2024).
The degree of alignment between LLMs and human
behavior could depend on prompt framing, persona
specification, model settings, training data, and

Applications
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so on. Similar caveats also apply to human subject
studies, where results depend on sample composition,
framing, and experimental design. Both approaches
therefore face representativeness concerns arising
from slightly different sources. The central claim
is not that LLMs provide a definitive substitute for
human subject experiments but they can serve as a
testing environment for probing behavioral theories
and generating hypotheses for further validation.

Policy Pre-Testing
One application is policy pre-testing, where re-
searchers can simulate how individuals with different

characteristics might respond to a given intervention.
While traditional microsimulation typically relies
on fixed parametric assumptions, LLM-based mi-
crosimulation allows persona-conditioned agents
to reason based on social and economic patterns
embedded in the model.

In the example, LLM personas are constructed
using 2023 Panel Study of Income Dynamics (PSID)
data (i.e., age, gender, employment status, income,
etc.). For a one-time $100 cash transfer targeted at
individuals with an annual income below $3,000, the
personas are prompted to generate baseline consump-
tion predictions, potential behavioral adjustments,

How a $100 transfer translates to consumption
(average across eligible population)
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2 $100 ) $
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Transfer Baseline prediction Behavioral Residual Total
($100) adjustment (savings) consumption

Creative hypotheses by thematic category

Intra-household transfers/sharing

Work-related expenditure enabling
continued employment

Precautionary saving

Stress relief/psychological well-being

Job search cost financing

Human capital/skill investment

Other behavioral/consumption effects

Temptation/discretionary spending

Labor supply reduction/time reallocation
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Job search selectivity (reduced urgency
to accept low-quality/low-pay jobs)
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Health/medical expenditure 111
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Figure 2: Simulated impact of a $100 cash transfer for eligible low-income personas.
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and creative hypotheses about additional effects
not yet captured. Each persona can report multiple
hypotheses. The prompt also requires the model to
distinguish exploratory hypotheses from stylized
priors, and to specify the input information motivat-
ing the conjectures. > Given its strong performance
on reasoning-intensive benchmarks, GPT-5.2 with
medium reasoning intensity was used for this task
(OpenAl, 2025).

Figure 2 shows that, on average, 79.2% of the $100
transfer is predicted to translate into consumption,
with the remainder saved. The model also identi-
fies 13 thematic categories of plausible behavioral
responses to the policy. The most common category
is intra-household effects, which includes resource
sharing with household members, bargaining, re-
duced reliance on family support, and obligations
to dependents. This mechanism is consistent with
low-income households, where income pooling and
interdependence are common, and it suggests that
transfer may affect the whole family rather than only
the recipient, thereby lowering predicted change in
individual consumption.

The framework can also generate insights at policy
thresholds. For a persona at eligibility cut-off (Table 1),
the model predicts no direct consumption change but
highlights potential behavioral responses, including
threshold bunching, where individuals may have
incentives to reduce earnings, labor hours, or reported
income to qualify for the transfer (e.g., Saez, 2010;
Kleven, 2016); administrative frictions, where one
may face procedural barriers when attempting to
qualify (e.g., Bearson & Sunstein, 2025); income
re-timing, where income is moved across periods to
affect eligibility without real change in labor supply
(Miller et al., 2024); and poor health-related labor
adjustments, either increasing likelihood of reduced
hours or limiting individuals’ ability to respond
strategically to the policy implementation.

By querying LLM personas as reasoning
entities, researchers can explore which
behavioral channels arelikely tobeactivated
under a policy and prioritize mechanisms
for further analysis.

Table 1: LLM Policy Microsimulation (GPT-5.2): Creative Hypotheses for Non-eligible Threshold Persona

Threshold Income/
bunching Income
reporting

Strict cut-offs can incentivize (i) reducing hours slightly, (ii)
under-reporting income to qualify, or (iii) reclassify earnings
to meet eligibility. Consumption effect is ambiguous, lower

earnings could reduce consumption, but qualifying adds $100.

Administrative Take-up

Process of changing reported income or documenting eligibility
could impose time/attention costs that reduce attempts to qualify.

No college degree and poor health may create additional inertia.

friction response
Income re- Income
timing across reporting
the year

Health- Labor
related work  supply
adjustments

One might attempt to shift income timing to be
recorded below $3,000 to become eligible.

Poor health could lead to intermittent reduced hours, being right at
$3,000 could make such reductions more likely to be maintained.
OR Poor health could limit individuals’ ability to

make adjustments to meet eligibility criteria.

Note: Persona prompt: “A 41-year-old male who is working now with an annual income of $3,000. Education: No college
degree. Health: Poor health. Role: other.” Output generated by GPT-5.2 (effort = medium). Prompt was run five times to capture

variation across responses.

2 Prompt messages used in the illustrative examples are available on GitHub.
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This exerciseillustrates the potential of LLM-based
microsimulation as a hypothesis-generating tool.
By querying LLM personas as reasoning entities,
researchers can explore which behavioral channels
are likely to be activated under a policy and prioritize
mechanisms for further analysis. This is also com-
putationally scalable. Once personas and prompts are
specified, structured outputs can be generated quickly.

Multi-Agent Interactions: From Individuals to
Social Labs

While individual decision-making is the bedrock
of behavioral economics, understanding strategic
interaction and collective dynamics is equally im-
portant. A natural extension is to scale LLMs from
single agents to interacting populations, turning
micro-level experiments into synthetic social labs
(Manning & Horton, 2026).

This connects directly to agent-based modeling
(ABM) (Gao et al., 2024), which typically depends
on hand-coded rules that constrain behavioral
richness, whereas LLM agents can interpret context
and respond more flexibly to their environment.
When grounded in real persona data, they provide
a practical sandbox for supporting more organic
forms of social modeling. Recent work highlights that
repeated interaction among LLM agents can generate
shared conventions, spontaneous coordination, and
emergent network structures (Ashery et al., 2025).

Emerging Al agent platforms further illustrate this
potential. Moltbook, a Reddit-like social platform where
Al agents interact while humans mainly observe, has
drawn attention for apparent emergent behavior, in-
cluding therise of ‘Crustafarianism’—alobster-themed
theology (Moltbook-Al.com, 2026; Koetsier, 2026).
While some of these ‘cultural phenomena’ may have
beeninfluenced by human prompting rather thanbeing
fully autonomous, such environments are still valuable
as testbeds for studying coordination, norm formation,
and clustering behaviors. The rise of applications
for AI agents, such as Moltbook.dating (Moltbook
Dating, 2026), also creates further opportunities to
study platform behavior in ways that can inform
market design.

New Tool for Language-Based Analysis

Behavioral economics has always been closely tied
tolanguage: it is through language that preferences

Behavioral Economics Guide 2026

are justified, beliefs are expressed, and bargaining
and persuasion occur. LLMs provide new ways to treat
language as a measurable object, one that can reveal
intent, underlying goals, psychological constructs,
political sentiment, and latent mental models (e.g.,
Demszky et al., 2023; Debelak et al., 2025; Zhu et al.,
2025; Gonzalez-Fernandez et al., 2026; Asirvatham
et al., 2026).

Text-as-Data

In many behavioral settings, key constructs such
as intentions and perceptions are only partially
revealed through observed actions. Traditional
belief-elicitation methods, including surveys and
incentivized reporting, remain valuable but rely on
explicit self-report. With the growing availability
of text data and advances in language modeling,
researchers can use explanations, reasoning, and
communication as additional sources of evidence
about underlying mental states.

This text-as-data approach can be understood
through a simple mapping:

Language -> Inferred Cognitive Indicators - Beliefs
- Strategic Choices

Cognitive indicators could include loss aversion,
present bias, and social preferences. Language does
not perfectly reveal these constructs, but it can
provide informative signals, and LLMs can serve as
structured behavioral coders, helping researchers
interpret why an utterance is framed in a certain
way, what motive it may imply, and which bias it
may reflect. This can improve our understanding of
the pathways through which decisions and strategic
behaviors emerge.

Review Study

I apply a simple language-based measurement
pipeline to Yelp reviews (Yelp Inc., 2026). I compare
aconventional sentiment classifier (BERT, nlptown)
with GPT-5.2 to show how LLMs can complement
standard valence labeling by generating hypotheses
on intent, framing, and cognitive biases.

Table 2 reports sentiment predictions from both
models. Differences between model predictions and
actual star ratings are not necessarily prediction
errors. Review text often contains more information
than star ratings, which are compressed into a single
category; therefore, text-based predictions could
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Table 2: Sentiment Classification: BERT (nlptown) vs. LLM (GPT-5.2)

Actual | BERT | BERT LLM
Stars Label |Score| Label Conf

Review Excerpt

Neutral Negative “..The food is good, but it takes a very long time to come

out..We usually opt for another diner or restaurant
on the weekends, in order to be done quicker.”

Positive 0.58 Positive 0.98 “..nothing compares to the classes at Body Cycle...

every class is a top-notch workout...”

Positive Positive “..Friendly, attentive staff. Good place for a

casual relaxed meal with no expectations...”

0.95 0.90

Positive Positive 0.96 “Wow! Yummy, different, delicious...

go in and try something new!”

0.99

Neutral Positive 0.88

0.44 “..Cheese curds were very good and very filling...
Would like to see more menu options added...

Next time [ will try one of the draft wines.”

Negative 0.63 Negative 0.98 “Iam along-term frequent customer...was told

they’re too busy to do it...the place is maybe
half full at best...NEVER going back!”

7 5 Positive Positive “Loved this tour!...It was the perfect way
to explore New Orleans...This tour was one

of my favorite parts of my trip!”

0.998 0.97

Positive Positive 0.98 “Amazingly amazing wings and homemade

blue cheese...Would DEFINITELY recommend
checking out this hidden gem.”

0.995

Negative 051 Negative 0.90 “..staff need to work hard to maintain this forest

looking pretty and not like a dumpster. Even Cachuma
Lake looks like they put a bit more effort.”

10 3 Neutral 0.43 Negative 0.86 “..Service was fishy, food was pretty good...

for the money I wouldn’t go back.”

Note: BERT model: nlptown/bert-base-multilingual-uncased-sentiment, fine-tuned on ~629,000 product reviews across 6
languages (Hugging Face, 2026). Star ratings: 1-2 stars = Negative, 3 stars = Neutral, 4-5 stars = Positive. BERT score: probability
of a predicted label (0.00-1.00). LLM model: GPT-5.2 (effort = medium). LLM Conf: model-generated confidence score for the
assigned sentiment label (0.00-1.00). Review excerpts from Yelp (Yelp Inc., 2026).

reasonably diverge. Both models broadly agree on
clearly positive and negative cases, but less so on
neutral labels. This suggests that some neutral
reviews may carry a positive or a negative tilt, and
models could differ in their sensitivity to such cues.
For instance, while BERT classified Reviews 1and 5
as neutral, GPT-5.2 appears to place greater weight
on repeated complaints about waiting time than
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on praise for the food in Review 1; and in Review 5,
GPT-5.2 assigns a positive label, reflecting apparent
emphasis on product quality and the reviewer’s stated
intention to return. These suggest that LLM-based
interpretation may be more sensitive to directional
cues embedded in mixed reviews.

When scaled to 100 reviews (Figure 3), both models
produce sentiment distributions close to that of
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Figure 3: Sentiment analysis: Actual vs. BERT vs. GPT-5.2 count and agreement.

the actual star rating. GPT-5.2’s sensitivity to the
directional tilt of a neutral review is less pronounced,
but model disagreement remains concentrated in
the middle categories—again suggesting model
differences in evaluating more ambiguous reviews.

As BERT is used primarily as a sentiment classi-
fication model and does not explain how labels are
formed, or what behavioral mechanisms may underlie
thereviews, GPT-5.2, as a generative language model
can instead be prompted to produce richer textual
interpretations. Therefore, I prompt GPT-5.2 to extract
three behavioral constructs and provide free-text
explanations: (i) Intent. Drawing on Speech Act Theory
(Austin, 1962; Searle, 1969), this captures what the
reviewer is trying to do. (ii) Framing. Based on Framing
Theory (Entman, 1993; Goffman, 1974), this classifies
how experience is perceived. (iii) Cognitive Bias. Using
behavioral decision theory (Kahneman & Tversky,
1979), this identifies likely heuristics that shape how
the reviewer interprets the events. I also prompt for
two outcome-oriented measures: Influence, likely
impact on prospective customer’s visit decision; and
Retention, likelihood of reviewer returning.

As illustrated in Table 3, Review 3 is classified as
positive by both models despite its 3-star rating.
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GPT-5.2 attributes this to salient positive cues,
particularly the buffet items and staff impressions.
Review 10 is classified as neutral by BERT but negative
by GPT-5.2, with the latter emphasizing service failure
and the reviewer’s explicit intention not to return.
These examples suggest that, while standard classi-
fiers identify valence, LLMs can support inferences
about the latent behavioral constructs that may drive
sentiment labels and their downstream effects, such
as demand shifts, reputational cascades, and firm
responses.

While standard classifiers identify valence,
LLMs can support inferences about the
latent behavioral constructs that may drive
sentiment labels and their downstream
effects.

The same pipeline can be applied to other forms
of naturally occurring text, which is especially rel-
evant for policy problems that involve institutional
information disclosure, individual interpretation, and
behavioral adjustment. In such settings, LLMs can
help anticipate responses to policy announcements
by identifying which linguistic frames are likely to
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Table 3: LLM Behavioral Construct Classifications (GPT-5.2)

0 B

Warn & Advise Time & Efficiency Sunk Cost High Unlikely
(conf. = 0.88) (conf. = 0.93) Reasoning
(conf. = 0.74)
2 5  Celebrate & Time & Efficiency Halo Effect High Likely
Advocate (conf. = 0.78) (conf. = 0.72)
(conf. = 0.95)
3 3  Warn & Advise Others: Expectation-setting Availability Medium Likely
(conf. = 0.72) (casual, low-pressure experience) Heuristic
(conf. = 0.74) (conf. = 0.58)
4 5  Celebrate & Others: Novelty & discovery Halo Effect High Likely
Advocate (conf. = 0.78) (conf. = 0.72)
(conf. = 0.93)
5 4 Celebrate & Others: Product experience Halo Effect Medium Likely
Advocate & menu variety (conf. = 0.62)
(conf. = 0.74) (conf. = 0.76)
6 1 Retaliate Loyalty & History Reciprocity High Unlikely
& Punish (conf. = 0.91) Violation
(conf. = 0.93) (conf. = 0.89)
7 5  Celebrate & Value for Money Halo Effect High Likely
Advocate (conf. = 0.78) (conf. = 0.72)
(conf. = 0.92)
8 5  Celebrate & Others: Product / quality-focused Halo Effect High Likely
Advocate (conf. = 0.76) (conf. = 0.71)
(conf. = 0.96)
9 3  Demand Recovery Social High Unlikely
Accountability (conf. = 0.62) Comparison
(conf. = 0.86) (conf. = 0.78)
10 3 Warn & Advise Value for Money Availability High Unlikely
(conf. = 0.82) (conf. = 0.90) Heuristic
(conf. = 0.63)

Note: Confidence scores (0.00-1.00): 0.90-1.00 = unambiguous, 0.70-0.89 = well supported, 0.50-0.69 = ambiguous, <0.50 =

unclear.

activate particular behavioral mechanisms.

Human-Al-Al-Human Interactions

As Al systems become increasingly embedded in
everyday workflows, human-Al interaction is shifting
from query-response exchanges to multi-layered
systems. Understanding the broader decision chain
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is therefore essential for interpreting how behavior
changes when decisions are increasingly mediated
by Al systems.

The Agentic Turn

Beyond simple prompt-and-response interaction,
a broader shift toward agentic AI is underway. In

24



Siting Estee Lu

Large Language Models for Behavioral Economics

this paradigm, humans issue high-level goals, and
Al systems execute tasks with varying levels of
autonomy. Tools such as Claude Code exemplify
this shift, where the system receives objectives,
then plans, codes, tests, and iterates with limited
supervision. Similar patterns are emerging in other
domains. OpenClaw, for instance, is an open-source
framework for building LLM-powered agents that
can plan and execute multi-step tasks with relatively
high autonomy (OpenClaw, 2026).

This shift changes the behavioral problem. In
earlier ‘human vs. algorithm’ settings, individuals
evaluate the quality of recommendations in agentic
systems; however, users instead judge whether AI
caninterpret instructions, respect constraints, and
execute tasks reliably on their behalf. The issue is
therefore no longer whether the advice is correct,
but how much authority to delegate and whether
delegated execution remains aligned with users’
objectives.

Beyond simple prompt-and-response
interaction, a broader shift toward agentic
Al is underway.

This alsobuilds on existing work on Al aversion and
appreciation, where willingness to rely on Al is often
treated as a latent variable inferred from stated beliefs
or preferences. Individuals may exhibit aversion

when Al raises concerns about loss of human agency
or potentially high-stakes errors, and appreciation
when AI reduces cognitive load, speeds up tasks,
or offers novel insights (e.g., Jussupow et al., 2024;
de Jong et al., 2025; Rosenberger et al., 2025; Feier,
2024). In agentic systems, this attitude becomes
more directly observable through delegation choices,
including how much autonomy users grant and where
they retain oversight.

Figure 4 presents a task delegation profile based on
reported experience (Petrusenko, 2026). Information
filtering is the most common use case, covering
relatively passive tasks such as daily briefings and
schedule summaries that reduce information overload
(Turing College, 2026). A second tier includes drafting,
creative production, and coding, typically with hu-
man-in-the-loop (HITL) review and approval. A third
tier involves more autonomous execution, such as
deal negotiation and financial trading (Stuyvenberg,
2026; Down, 2026). This illustrates a task-dependent
spectrum of delegation, where users may be more
willing to automate low risk tasks than high stakes
execution.

Human-Al-Al-Human Decision Chain

Existing work often studies human-Al interaction
(e.g., Jussupow et al., 2024; de Jong et al., 2025) and
AI-Al interaction (e.g., Horton et al., 2023; Park et
al,, 2023) separately. However, in practice, these

The Spectrum of Agentic Delegation in Human-Al Systems

Less
human
involvement Autonomous
Execution

Drafting &
Approvals

Information
Filtering

Figure 4: Task delegation.
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Autonomous Execution

Agent performs car negotiations, trades financial
assets, and manages server logs 24/7 on

isolated machines I
T
/\ - /
(M Drafting & Approvals )
HITL ils. P
GATE Agent prepares emails, PRs, and reports.

Human-in-the-loop (HITL) gate is required for
execution.

0/)

Information Filtering (60%)

User receives proactive alerts and briefings.
Agent acts as a passive filter.
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Human Origin Al Agent 1
Task / Input Interpretation / planning
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Aggregate Effects: 5, | = ®(S,, b, )

Figure 5: Conceptualizing Human-AI-AlI-Human decision chain.

interactions are increasingly linked, and understand-
ing the end-to-end Human-AI-AI-Human decision
chain helps explain how information is transformed
across agents and how AI-mediated interactions can
aggregate into broader economic and social outcomes.

Figure 5 illustrates four layers of the decision chain:

Human - AI: This captures how precisely in-
dividuals understand the task and communicate
instructions, how much authority they delegate, and
how Al interprets the objectives. These elements can
be summarized as an input signal, xt.

Al & AIL This connects to the earlier discussion
on synthetic economic agents and focuses on their
emergent behaviors arising from instruction sharing
and information transmission. One agent transforms
the inputinto an intermediate signal, s1t, and subse-
quent agents process or execute tasks to produce s2t.
Each agent’s output is shaped by its 6i, which defines
model weights, system prompts, and operating rules.
Through repeated interactions, agents can influence
each other, producing outputs that emerge from an
iterative—or fixed-point—process.

This framework conceptualizes the AI-
mediated decision-making chain as a multi-
stage signal transformation system.

Al » Human: Output from Al interactions, s2t, is
returned to the user or transmitted to other users,
shaping subsequent choices. The updated human
state is represented by ht+1.

Human - Aggregate Effects: Human-Human inter-
action increasingly involves Al-generated messages,
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Interactions /
Information
exchanges

Al Agent 2 Human Reception

Coordination / execution mgﬁ;:;:;d Review / updating

S9p = fa(81136) h = f3(h, 55,)
Aggregate into

economic and social
outcomes

Al-suggested plans, and Al-executed actions. As these
interactions accumulate, they can shape population
dynamics and economic outcomes, St+1.

This framework conceptualizes the AlI-mediated
decision-making chain as a multi-stage signal
transformation system. It also connects directly to
the agentic turn. As humans position themselves
at the boundaries of each node, taking supervisory
roles over an Al-mediated pipeline and choosing
different degrees of delegation and oversight, they
interact with others shaped by similar pipelines,
with potentially different objectives and prompts.
As a result, the locus of interaction shifts, in that
human outcomes are no longer influenced only by
direct Human-Human exchangesbut also by emergent
behaviors arising between Al agents, which can affect
the wider network. Shapira et al. (2026) provide an
example of this problem. They deploy autonomous
LLM agents in live environments with persistent
memory and access to email and files. Over two
weeks, 20 Al researchers interacted with six agents.
The autonomous agents were found to exhibit failures
such as misidentifying authority, following incorrect
instructions, and propagating errors. While the study
primarily captures the Human-AI-AI part of the
chain, agent failures could also affect downstream
Al-Human and mediated Human-Human interac-
tions. Understanding these transmission pathways
is important for assessing broader impacts and for
designing mitigation technologies to reduce cascading
failures in AI-mediated decision systems.

This interaction loop links back to the earlier
discussion of LLMs as synthetic economic agents and
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measurement tools. In policy simulations, behavior
istypically modeled as a response to given inputs. In
Al-mediated settings, however, policy signals may be
filtered, transformed, and acted upon by Al systems
before affecting outcomes. Therefore, simulations
that treat decision-makers as isolated agents may
miss important dynamics arising from delegation and
multi-agent interaction. Similarly, for measurement,
observed outputs may no longer directly reflect under-
lying human intent but instead mix with AI-mediated
signals. Distinguishing between user preferences
and system transformations becomes an important
challenge. The Human-AI-AI-Human framework
demonstrates a way to interpret observed behavior
when Al systems are embedded in the decision pro-
cess. This extends classic behavioral questions into
a new paradigm, where decision-making is shaped
by both human judgment and the systems through
which humans act.

Conclusion

This article offers a framework for situating
LLMs within behavioral economics as experimental
subjects, measurement devices, and components
of Al-mediated decision systems. It highlights how
LLMs can support mechanism exploration, enrich the
interpretation of behavioral signals, and open new
questions about interaction between humans and Al
agents. The examples in this article are illustrative,
but they demonstrate how LLMs can extend both the
methodological and theoretical scope of behavioral
economics.

However, important challenges remain. LLM out-
puts may approximate stated responses and suggest
plausible mechanisms, but results can depend on
prompt design, model choice, sampling settings, and
the extent to which relevant behavior is represented
in training data. Larger and more capable models
may improve coverage and reasoning, but they do
not eliminate concerns about representativeness.
LLM-based simulations are therefore best viewed as
scalable tools for mechanism discovery and hypothe-
sis generation. Their value is likely to be strengthened
when paired with explicit validation or comparison
against human data, especially when assessing social
and policy impact (Hullman et al., 2026).

Future work can further develop context-rich
prompting strategies and clearer evaluation protocols
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to assess when LLM-based evidence is informative
(Anthis et al., 2025). More broadly, behavioral eco-
nomics can extend its theories to settings in which Al
systems are active participants in economic environ-
ments. Doing so is necessary for understanding how
choices, strategic behavior, and institutional design
are reshaped when decision-making is increasingly
mediated by intelligent agents.

Online Appendix

Prompt messages used in the illustrative examples
for policy pre-testing and review study are available
on GitHub.

THE AUTHOR

Siting Estee Lu is a stipendiary fellow at the
University of Edinburgh. Her research spans across
behavioral economics, game theory, market design,
and large language models (LLMSs) in economics. She
studies how imperfect cognition and learning shape
decision-making and matching market outcomes, and
she also examines how LLMs perform in economic
games, including beauty contests, auctions, and cheap
talk games. Before entering academia, she worked
across policy and industry, as a fiscal analyst at the
Scottish Fiscal Commission, and as a market analyst
in Big Data and AI/Cognitive Computing Research
at International Data Corporation. She holds a BSc
Honours in Economics from the National University
of Singapore, and an MSc and a PhD in Economics
from the University of Edinburgh.

REFERENCES

Aher, G. V., Arriaga, R. ., & Kalai, A. T. (2023).
Using large language models to simulate
multiple humans and replicate human
subject studies. Proceedings of the 4oth
International Conference on Machine Learning,
Proceedings of Machine Learning Research, 202,
337-371.  https://proceedings.mlr.press/v202/
aher23a.html

Anthis, J. R,, Liu, R., Richardson, S. M., Kozlowski,
A. C.,, Koch, B., Evans, J., Brynjolfsson, E., &
Bernstein, M. (2025). LLM social simulations are
a promising research method. arXiv. https://doi.
0rg/10.48550/arXiv.2504.02234

27


https://github.com/esteelu/behavioral-economics-llm
https://proceedings.mlr.press/v202/aher23a.html
https://proceedings.mlr.press/v202/aher23a.html
https://doi.org/10.48550/arXiv.2504.02234
https://doi.org/10.48550/arXiv.2504.02234

Siting Estee Lu

Large Language Models for Behavioral Economics

Argyle, L. P., Busby, E. C., Fulda, N., Gubler, J. R.,
Rytting, C., & Wingate, D. (2023). Out of one,
many: Using language models to simulate
human samples. Political Analysis, 31(3), 337-
351. https://doi.org/10.1017/pan.2023.2

Ashery, A. F., Aiello, L. M., & Baronchelli, A. (2025).
Emergent social conventions and collective bias
in LLM populations. Science Advances, 11(20).
https://www.science.org/doi/10.1126/sciadv.
adu9368

Asirvatham, H., Mokski, E., & Shleifer, A. (2026).
GPT as a Measurement Tool (No. w34834).
National Bureau of Economic Research. https://
doi.org/10.3386/w34834

Austin, J. L. (1975). How to do things with words.
Harvard University Press.

Bearson, D. F., & Sunstein, C. R. (2025). Take up.
Behavioural Public Policy, 9(4), 849-864. https://
doi.org/10.1017/bpp.2023.21

Bini, P., Cong, L. W., Huang, X., & Jin, L. J. (2026).
Behavioral economics of AI: LLM biases and
corrections (No. w34745). National Bureau of
Economic Research. https://doi.org/10.3386/
W34745

Brown, T. B.,, Mann, B., Ryder, N., Subbiah, M,
Kaplan, J., Dhariwal, P., Neelakantan, A., Shyam,
P., Sastry, G., Askell, A., Agarwal, S., Herbert-
Voss, A., Krueger, G., Henighan, T., Child, R,
Ramesh, A., Ziegler, D. M., Wu, J., Winter, C.,
Hesse, C., Chen, M., Sigler, E., Litwin, M., Gray,
S., Chess, B., Clark, J., Berner, C., McCandlish,
S., Radford, A., Sutskever, 1., & Amodei, D.
(2020). Language models are few-shot learn-
ers. Advances in Neural Information Processing
Systems, 33,1877-1901. https://proceedings.neu-
rips.cc/paper_ files/paper/2020/file/1457cod-
6bfcb4967418bfb8ac142f64a-Paper.pdf

Costarelli, A., Allen, M., Hauksson, R., Sodunke,
G., Hariharan, S., Cheng, C., Li, W., Clymer, J. &
Yadav, A. (2024). Gamebench: Evaluating stra-
tegic reasoning abilities of LLM agents. ArXiv.
https://doi.org/10.48550/arXiv.2406.06613

Cui, Z., Li, N., & Zhou, H. (2025). A large-scale repli-
cation of scenario-based experiments in psychol-
ogy and management using large language mod-
els. Nature Computational Science, 5(8), 627-634.
https://doi.org/10.1038/s43588-025-00840-7

Behavioral Economics Guide 2026

bu

Dillion, D., Tandon, N., Gu, Y., & Gray, K. (2023).
Can Al language models replace human partic-
ipants?. Trends in Cognitive Sciences, 27(7), 597-
600. https://doi.org/10.1016/].tics.2023.04.008

deJong, S., Bos, M. W., van Berkel, N., & Lamers, M.
H. (2025). Algorithm appreciation or aversion:
The effects of accuracy disclosure on users’ re-
liance on algorithmic suggestions. Behaviour &
Information Technology, 1-20. https://doi.org/10
.1080/0144929X.2025.2535732

Debelak, R., Koch, T. K., Assenmacher, M., & Stachl,
C. (2025). From embeddings to explainability: A
tutorial on large-language-model-based text
analysis for behavioral scientists. Advances in
Methods and Practices in Psychological Science,
8(3). https://doi.org/10.1177/25152459251351285

Demszky, D., Yang, D., Yeager, D. S., Bryan, C. J,,
Clapper, M., Chandhok, S., Eichstaedt, ]J. C,
Hecht, C., Jamieson, J., Johnson, M., Jones, M.,
Krettek-Cobb, D., Lai, L., JonesMitchell, J., Ong,
D. C., Dweck, C. S., Gross, J.]J. & Pennebaker, J. W.
(2023). Using large language models in psychol-
ogy. Nature Reviews Psychology, 2(11), 688-701.
https://doi.org/10.1038/s44159-023-00241-5

Down, A. (2026, February 2). Viral AI personal as-
sistant seen as step change — but experts warn
of risks. The Guardian. https://www.theguardian.
com/technology/2026/feb/02/openclaw-vi-
ral-ai-agent-personal-assistant-artificial-in-
telligence

Entman, R. M. (1993), Framing: Toward clar-
ification of a fractured paradigm. Journal
of Communication, 43, 51-58. https://doi.
0rg/10.1111/j.1460-2466.1993.tb01304.X

Feier, T. (2024). Using economic experiments to
understand the role of trust in Human/AI inter-
action. Centre for Science and Policy, University
of Cambridge. https://www.csap.cam.ac.uk/
wp-content/uploads/2025/11/Using-Economic-
Experiments-to-Understand-the-Role-of-
Trust-in-Human_ AI-Interaction.pdf

Gao, C,, Lan, X,, Li, N, Yuan, Y., Ding, J., Zhou, Z.,
Xu, F. &Li, Y. (2024). Large language models em-
powered agent-based modeling and simulation:
A survey and perspectives. Humanities and Social
Sciences Communications, 11(1), 1-24. https://doi.
0rg/10.1057/841599-024-03611-3

28


https://doi.org/10.1017/pan.2023.2
https://www.science.org/doi/10.1126/sciadv.adu9368
https://www.science.org/doi/10.1126/sciadv.adu9368
https://doi.org/10.3386/w34834
https://doi.org/10.3386/w34834
https://doi.org/10.1017/bpp.2023.21
https://doi.org/10.1017/bpp.2023.21
https://doi.org/10.3386/w34745
https://doi.org/10.3386/w34745
https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://doi.org/10.48550/arXiv.2406.06613
https://doi.org/10.1038/s43588-025-00840-7
https://doi.org/10.1016/j.tics.2023.04.008
https://doi.org/10.1080/0144929X.2025.2535732
https://doi.org/10.1080/0144929X.2025.2535732
https://doi.org/10.1177/25152459251351285
https://doi.org/10.1038/s44159-023-00241-5
https://www.theguardian.com/technology/2026/feb/02/openclaw-viral-ai-agent-personal-assistant-artificial-intelligence
https://www.theguardian.com/technology/2026/feb/02/openclaw-viral-ai-agent-personal-assistant-artificial-intelligence
https://www.theguardian.com/technology/2026/feb/02/openclaw-viral-ai-agent-personal-assistant-artificial-intelligence
https://www.theguardian.com/technology/2026/feb/02/openclaw-viral-ai-agent-personal-assistant-artificial-intelligence
https://doi.org/10.1111/j.1460-2466.1993.tb01304.x
https://doi.org/10.1111/j.1460-2466.1993.tb01304.x
https://www.csap.cam.ac.uk/wp-content/uploads/2025/11/Using-Economic-Experiments-to-Understand-the-Role-of-Trust-in-Human_AI-Interaction.pdf
https://www.csap.cam.ac.uk/wp-content/uploads/2025/11/Using-Economic-Experiments-to-Understand-the-Role-of-Trust-in-Human_AI-Interaction.pdf
https://www.csap.cam.ac.uk/wp-content/uploads/2025/11/Using-Economic-Experiments-to-Understand-the-Role-of-Trust-in-Human_AI-Interaction.pdf
https://www.csap.cam.ac.uk/wp-content/uploads/2025/11/Using-Economic-Experiments-to-Understand-the-Role-of-Trust-in-Human_AI-Interaction.pdf
https://doi.org/10.1057/s41599-024-03611-3
https://doi.org/10.1057/s41599-024-03611-3

Siting Estee Lu

Large Language Models for Behavioral Economics

Goffman, E. (1974). Frame analysis: An essay on
the organization of experience. Northeastern
University Press.

Gonzalez-Fernandez, P., Lu, S. E.; & Normann,
H. (2026). Large language models can predict
human strategic decisions. SSRN 6076791. http://
doi.org/10.2139/ssrn.6076791

Guo, S., Bu, H., Wang, H., Ren, Y., Sui, D., Shang, Y.,
& Lu, S. (2024). Economics arena for large lan-
guage models. arXiv. https://doi.org/10.48550/
arXiv.2401.01735

Hanna-Amodio, A., Cappellini, C., Attar, R., &
Finlayson, A. (2025). A new tool for behavioral
scientists: Exploring the potential of synthetic
participants to accelerate. In A. Samson (Ed.),
The Behavioral Economics Guide 2025 (pp. 16-25).
https://www.behavioraleconomics.com/be-
guide/the-behavioral-economics-guide-2025/

Horton, J. J., Filippas, A., & Manning, B. S. (2023).
Large language models as simulated econom-
ic agents: What can we learn from homo sili-
cus? (No. w31122). National Bureau of Economic
Research. http://www.nber.org/papers/w31122

Hua, W., Liu, O., Li, L., Amayuelas, A., Chen, J., Jiang,
L.,Jin, M,, Fan, L., Sun, F., Wang, W., Wang, X. &
Zhang, Y. (2024). Game-theoretic LLM: Agent
workflow for negotiation games. arXiv. https://
doi.org/10.48550/arXiv.2411.05990

Hugging Face. (2026). Nlptown/bert-base-mul-
tilingual-uncased-sentiment package. https://
huggingface.co/nlptown/bert-base-multilin-
gual-uncased-sentiment

Hullman, J., Broska, D., Sun, H., & Shaw, A. D.
(2026). This human study did not involve human
subjects: Validating LLM simulations as behav-
ioral evidence. arXiv. https://doi.org/10.48550/
arXiv.2602.15785

Jussupow, E., Benbasat, I., & Heinzl, A. (2024). Anin-
tegrative perspective on algorithm aversion and
appreciation in decision-making. MIS Quarterly,
48(4), 1575-1590. https://doi.org/10.25300/
MISQ/2024/18512

Kahneman, D., & Tversky, A.(1979). Prospect theory:
An analysis of decision under risk. Econometrica,
47(2), 263-291. https://doi.org/10.2307/1914185

Kleven, H. J. (2016). Bunching. Annual Review of
Economics,8(1),435-464.https://doi.org/10.1146/
annurev-economics-080315-015234

Behavioral Economics Guide 2026

Koetsier, J. (2026). AI agents created their own re-
ligion, Crustafarianism, on an agent-only social
network. Forbes. https://www.forbes.com/sites/
johnkoetsier/2026/01/30/ai-agents-created-
their-own-religion-crustafarianism-on-an-
agent-only-social-network/

Lu, S.E. (2025). Game-theory behaviour of large lan-
guage models: The case of Keynesian beauty con-
tests. Economics and Business Review, 11(2), 119-
148. https://doi.org/10.18559/ebr.2025.2.2182

Ludwig, J., Mullainathan, S., & Rambachan, A.
(2025). Large language models: An applied
econometric framework (NBER Working Paper
No. 33344). National Bureau of Economic Research.
http://doi.org/10.3386/w33344

Manning, B. S., & Horton, J.J. (2026). General social
agents (No.w34937). National Bureau of Economic
Research. https://doi.org/10.3386/w34937

Miller, H., Pope, T., & Smith, K. (2024).
Intertemporal income shifting and the taxa-
tion of business owner-managers. Review of
Economics and Statistics, 106(1), 184-201. https://
doi.org/10.1162/rest_a_ 01166

Moltbook-Al.com. (2026). Moltbook surpasses 1.5
million Al agents milestone. https://moltbook-ai.
com/posts/moltbook-1-5-million-agents

Moltbook Dating. (2026). A dating space for Al agents.
https://www.moltbook.dating/

OpenAl (2025). Introducing GPT-5.2. https://ope-
nai.com/index/introducing-gpt-5-2/

OpenClaw. (2026). OpenClaw. https://openclaw.ai/

Park, J. S., O’Brien, J. C., Cai, C. J., Morris, M. R,
Liang, P., & Bernstein, M. S. (2023). Generative
agents: Interactive simulacra of human behav-
ior. Association for Computing Machinery. https://
doi.org/10.1145/3586183.3606763

Petrusenko, M. (2026, January 30). OpenClaw: I let
this Al control my Mac for 3 weeks. Here’s what it
taught me about trust. Medium. https://medium.
com/@max.petrusenko/openclaw-i-let-this-
ai-control-my-mac-for-3-weeks-heres-what-
it-taught-me-about-trust-e1642b4c8c9c

Plaat, A., van Dujin, M., van Stein, N., Preuss, M., van
der Putten, P., Batenburg, K. J. (2025). Agentic
large language models: A survey. arXiv. https://
doi.org/10.48550/arXiv.2503.23037

Rosenberger, J., Kuhlemann, S., Tiefenbeck, V.,
Kraus, M., & Zschech, P. (2025). The Impact of

29


http://doi.org/10.2139/ssrn.6076791
http://doi.org/10.2139/ssrn.6076791
https://doi.org/10.48550/arXiv.2401.01735
https://doi.org/10.48550/arXiv.2401.01735
https://www.behavioraleconomics.com/be-guide/the-behavioral-economics-guide-2025/
https://www.behavioraleconomics.com/be-guide/the-behavioral-economics-guide-2025/
http://www.nber.org/papers/w31122
https://doi.org/10.48550/arXiv.2411.05990
https://doi.org/10.48550/arXiv.2411.05990
https://huggingface.co/nlptown/bert-base-multilingual-uncased-sentiment
https://huggingface.co/nlptown/bert-base-multilingual-uncased-sentiment
https://huggingface.co/nlptown/bert-base-multilingual-uncased-sentiment
https://doi.org/10.48550/arXiv.2602.15785
https://doi.org/10.48550/arXiv.2602.15785
https://doi.org/10.25300/MISQ/2024/18512
https://doi.org/10.25300/MISQ/2024/18512
https://doi.org/10.2307/1914185
https://doi.org/10.1146/annurev-economics-080315-015234
https://doi.org/10.1146/annurev-economics-080315-015234
https://www.forbes.com/sites/johnkoetsier/2026/01/30/ai-agents-created-their-own-religion-crustafarianism-on-an-agent-only-social-network/
https://www.forbes.com/sites/johnkoetsier/2026/01/30/ai-agents-created-their-own-religion-crustafarianism-on-an-agent-only-social-network/
https://www.forbes.com/sites/johnkoetsier/2026/01/30/ai-agents-created-their-own-religion-crustafarianism-on-an-agent-only-social-network/
https://www.forbes.com/sites/johnkoetsier/2026/01/30/ai-agents-created-their-own-religion-crustafarianism-on-an-agent-only-social-network/
https://doi.org/10.18559/ebr.2025.2.2182
http://doi.org/10.3386/w33344
https://doi.org/10.3386/w34937
https://doi.org/10.1162/rest_a_01166
https://doi.org/10.1162/rest_a_01166
https://moltbook-ai.com/posts/moltbook-1-5-million-agents
https://moltbook-ai.com/posts/moltbook-1-5-million-agents
https://www.moltbook.dating/
https://openai.com/index/introducing-gpt-5-2/
https://openai.com/index/introducing-gpt-5-2/
https://openclaw.ai/
https://doi.org/10.1145/3586183.3606763
https://doi.org/10.1145/3586183.3606763
https://medium.com/@max.petrusenko/openclaw-i-let-this-ai-control-my-mac-for-3-weeks-heres-what-it-taught-me-about-trust-e1642b4c8c9c
https://medium.com/@max.petrusenko/openclaw-i-let-this-ai-control-my-mac-for-3-weeks-heres-what-it-taught-me-about-trust-e1642b4c8c9c
https://medium.com/@max.petrusenko/openclaw-i-let-this-ai-control-my-mac-for-3-weeks-heres-what-it-taught-me-about-trust-e1642b4c8c9c
https://medium.com/@max.petrusenko/openclaw-i-let-this-ai-control-my-mac-for-3-weeks-heres-what-it-taught-me-about-trust-e1642b4c8c9c
https://doi.org/10.48550/arXiv.2503.23037
https://doi.org/10.48550/arXiv.2503.23037

Siting Estee Lu

Large Language Models for Behavioral Economics

transparency in Al systems on users’ data-shar-
ing intentions: A scenario-based experiment.
arXiv. https://doi.org/10.48550/arXiv.2502.20243

Saez, E. (2010). Do taxpayers bunch at kink points?.
American Economic Journal: Economic Policy, 2(3),
180-212. https://doi.org/10.1257/pol.2.3.180

Searle, J. R. (1979). Expression and meaning:
Studies in the theory of speech acts. Cambridge
University Press.

Shapira, N., Wendler, C., Yen, A., Sarti, G., Pal, K,,
Floody, O., Belfki, A., Loftus, A., Jannali, A. R,
Prakash, N., Cui, J., Rogers, G., Brinkmann, J.,
Rager, C., Zur, A., Ripa, M., Sankaranarayanan,
A., Atkinson, D., Gandikota, R., Fiotto-Kaufman,
J., Hwang, E., Orgad, H., Sahil, P. S., Taglicht, N.,
Shabtay, T., Ambus, A., Alon, N., Oron, S., Gordon-
Tapiero, A., Kaplan, Y., Shwartz, V., Shaham, T.
R., Riedl, C., Mirsky, R., Sap, M., Manheim, D.,
Ullman, T. & Bau, D. (2026). Agents of chaos.
arXiv. https://doi.org/10.48550/arXiv.2602.20021

Stuyvenberg, A. (2026, January 24). Clawdbot bought
me a car. https://aaronstuyvenberg.com/posts/

Behavioral Economics Guide 2026

bu

clawd-bought-a-car

Suri, G., Slater, L.R., Ziaee, A., & Nguyen, M. (2023).Do
large language models show decision heuristics
similar to humans? A case study using GPT-3.5.
arXiv. https://doi.org/10.48550/arXiv.2305.04400

Turing College. (2026). OpenClaw: The Al assistant
that actually does things. Turing College. https://
www.turingcollege.com/blog/openclaw

Xie, C., Chen, C., Jia, F., Ye, Z,, Lai, S., Shuy, K,, Gu,
J., Bibi, A., Hu, Z., Jurgens, D., Evans, J., Torr, P.
H.S., Ghanem, B. & Li, G. (2024). Can large lan-
guage model agents simulate human trust be-
havior?. Advances in Neural Information Processing
Systems, 37, 15674-15729. https://dl.acm.org/
d0i/10.5555/3737916.3738417

Yelp Inc. (2026). Yelp open dataset. https://business.
yelp.com/data/resources/open-dataset/

Zhu, Q., Chong, L., Yang, M., & Luo, J. (2025). Reading
users’ minds with large language models: Mental
inference for artificial empathy in design. Journal
of Mechanical Design, 147(6), 061401. https://doi.
0rg/10.1115/1.4067527

30


https://doi.org/10.48550/arXiv.2502.20243
https://doi.org/10.1257/pol.2.3.180
https://doi.org/10.48550/arXiv.2602.20021
https://aaronstuyvenberg.com/posts/clawd-bought-a-car
https://aaronstuyvenberg.com/posts/clawd-bought-a-car
https://doi.org/10.48550/arXiv.2305.04400
https://www.turingcollege.com/blog/openclaw
https://www.turingcollege.com/blog/openclaw
https://dl.acm.org/doi/10.5555/3737916.3738417
https://dl.acm.org/doi/10.5555/3737916.3738417
https://business.yelp.com/data/resources/open-dataset/
https://business.yelp.com/data/resources/open-dataset/
https://doi.org/10.1115/1.4067527
https://doi.org/10.1115/1.4067527

Synthetic Participants: What Are They for in
Business and How Can We Make Them Better?

PAOLA SCHIETEKAT, MARIA LC')PEZ1, AND JUAN DE RUS

Neovantas

DARIO KRPAN

London School of Economics and Political Science

Click or scan QR code
to watch video summary

Synthetic participants, commonly defined as artificially created profiles that simulate human responses,
behaviours and decisions, are increasingly used as a complementary tool to traditional research methods.
Despite their growing adoption, however, their capabilities, limitations and appropriate applications
remain poorly systematised. This article develops a structured framework for understanding and deploying
synthetic participants in business contexts. First, it introduces a functional classification based on primary
objectives: declarative (intent-based), behavioural (action-based) and conversational (multi-agent) models.
Second, it reviews key studies within each category, identifying common performance patterns and practical
applications. Third, it proposes a differentiated methodological approach grounded in a quantitative-first
perspective, integrating behavioural economics through structured libraries and tailoring models to specific
use cases. Using a controlled experimental replication, the paper demonstrates that synthetic participants

can approximate human data under structured conditions.

Introduction

The rapid proliferation of synthetic participants
suggests a potential shift in how market research is
conducted, offering clear advantages in scalability,
speed and the ability to conduct research in contexts
that would otherwise be inaccessible. Yet, despite their
promise, the current landscape presents important
challenges.

First, in the business context, we have heard of
many approaches that rely heavily on the generation
of synthetic participants from qualitative inputs,
such as high-level buyer persona descriptions de-
rived from small-scale interviews and grounded in

descriptive, self-reported data. Furthermore, outputs
are sometimes evaluated through subjective expert
judgement rather than standardised quantitative
metrics. For instance, Schramowski et al. (2022)
assess GPT-3-based respondents by primarily using
qualitative ratings of plausibility. This matters be-
cause decisions made based on plausible-looking but
mis-calibrated outputs carry substantial business
risk. Second, there is limited integration of psy-
chological and behavioural economics constructs,
which might be a significant limitation, as Al systems
struggle to reproduce cognitive biases, heuristics
and context-dependent preferences without explicit
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structuring. Aher et al. (2023) show that LLMs only
exhibit human-like loss aversion and fairness when
these mechanisms are embedded in the task design
as behavioural dictionaries or knowledge bases.

Third, many synthetic panel solutions are built
as generalised tools that favour ease of use over
rigorous, bespoke, contextualised approaches. This
makes their outputs difficult to distinguish from those
obtained through ad hoc prompt-based generation
with general purpose LLMs.

The significant and widely anticipated advantages,
combined with these challenges and the limited
number of publicly available business case studies

outside academia, contribute to a mix of enthusiasm
and a degree of scepticism among organisations
considering their adoption.

What Types of Synthetic Participants Exist,
and What Are Their Potential Business
Applications?

This article aims to provide a simple classification
of the types of synthetic participants that can be
developed, along with the business areas in which
they can be applied (see Table 1).

This classification may evolve as the field develops
and new use cases emerge. For now, though, we believe

Table 1: Types of Synthetic Participants: Objectives and Business Applications

Main Business
Applications

Objective

Advantages

Type

Challenges

Declarative To simulate Market research,  Scalable survey
(Intent-Based) responses to Customer prototyping,
Models structured or Experience access to hard-to-
semi-structured reach populations,
survey counterfactual
instruments. scenario testing,
Currently account hybrid approaches
for most published improve depth
applications. and efficiency.
Behavioural To replicate UX research, Can match or
(Action-Based) specific reactions  Pricing, Marketing exceed human
Models or behaviours specialist
in response to a performance on
stimulus, rather usability tasks, no
than stated fatigue, detailed
intentions. interaction logs
at scale, persona-
aligned journey
simulation.
Conversational To simulate Sales, Customer Enables testing of
(Multi-Agent) conversations Service sales scripts and
Models between two or communication

more agents using
a multi-agent

strategies at scale,
allows study of

architecture opinion dynamics
guided by scripts and information
or structured diffusion.
instructions.

Inflated effect
sizes, compressed
response
distributions,

high sensitivity to
prompt phrasing,
inherent intention-
behaviour gap.

Compressed
variability, fails to
replicate cognitive
inertia or bounded
attention, explicit
behavioural
scaffolding required
for realistic
behaviour.

Risk of
anthropomorphism,
WEIRD-centric
cultural bias, value
lock-in, plausible
outputs may mask
mechanistically
different cognition.
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it offers a practical framework that helps researchers
and practitioners grasp the diversity and distinct
purposes of synthetic participants.

What Does the Literature Tell Us About the
Performance of Synthetic Participants?

Declarative Synthetic Participants

Declarative or intent-based, synthetic participants
are designed to provide survey-like responses. They
can generate large volumes of responses quickly and
support rapid prototyping of questionnaires and
experimental designs before human deployment
(Aher et al., 2023; Arora et al., 2025; Doudkin et al.,
2025; Park et al., 2023; MRS, 2024). Beyond efficiency,
these models help explore counterfactual scenarios
and hard-to-reach populations (Aher et al., 2023; Lin
& Dia, 2025).

Astudyby Aroraetal. (2025), inwhichahuman-LLM
hybrid approach ultimately led to efficiency and
effectiveness gains in quantitative and qualitative
evaluations of a food company, demonstrates clear
business applications. Results indicated that qual-
itative LLM-generated responses were superior in
depth and insightfulness.

However, research consistently demonstrates that
declarative models inflate effect sizes, with Fisher
z values and standardised effects often two to three
times larger than those observed in human samples,
and produce narrower, smoother response distribu-
tions, underrepresenting population heterogeneity
(Dillion et al., 2023; Doudkin et al., 2025; Maier et al.,
2025; Stamatogiannakis et al., 2025; Ustiyanovych &
Krpan, 2025). They are also highly sensitive to prompt
phrasing, with small changes significantly altering
reported attitudes or preferences (Gao et al., 2024;
Tjuatja et al., 2024).

Additionally, although highly useful for acceler-
ating market research, both private companies and
public institutions should remain aware that any
declarative research method, whether based on real
humans or synthetic participants, will exhibit a gap
relative to actual behaviour, as shown in Sheeran’s
meta-analysis, where intentions explain only around
28% of the variance in real-world behaviour (Sheeran,
2002). This is primarily because these methods rely on
self-reports of people’s views, attitudes and intentions
(e.g., “I want to save money every month”), which
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candiverge from actual behaviour due to contextual
or emotional factors, habits or shifts in priorities at
the moment of decision-making (e.g., failing to save
due to unexpected expenses).

Any declarative research method,
whether based on real humans or synthetic
participants, will exhibit a gap relative to
actual behaviour.

Behavioural Synthetic Participants

Behavioural — or action-based — synthetic partic-
ipants focus on what agents do rather than what they
say, simulating concrete interactions with interfaces,
products or decision environments.

In UX research, they can execute long interaction
sequences without fatigue, identify usability issues
and provide detailed feedback at scale (Lu et al., 2025;
Zhong et al., 2024). For example, Zhong et al. (2024)
report that GPT-4, used as an expert evaluator of
interface screenshots, detects 73—77% of usability
problems versus 57—63% for human specialists,
demonstrating that behavioural agents can match
or exceed human performance in some metrics.

Behavioural synthetics have evolved beyond UX,
though. A study by Mansour et al. (2025), for instance,
consisted of mining historical e-commerce data
to build Persona Aligned Agentic Retail Shoppers
(PAARSS), used to simulate personalised journeys
from product discovery all the way to purchase.

Nevertheless, limitations remain. Behavioural
synthetics often confirm compressed variability,
inflated treatment effects and stereotyped pat-
terns, failing to capture real-world noise, cognitive
inertia or bounded attention (Doudkin et al., 2025;
Stamatogiannakis et al., 2025; Ustiyanovych & Krpan,
2025). Embedding psychological and behavioural
economics constructs, such as heuristics, loss aver-
sion, social norms or context-dependent preferences,
is challenging, requiring explicit scaffolding to
approximate realistic behaviour (Aher et al., 2023;
Maier et al., 2025). Technical safeguards, such as
semantic similarity ratings, retrieval-augmented
generation and iterative calibration against human
benchmarks, can help mitigate bias and overconfi-
dent inferences (Cui et al., 2024; Maier et al., 2025;
Suh et al., 2025).
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Conversational Synthetic Participants

Conversational models simulate dialogues between
agents. They are particularly useful for testing sales
scripts, customer service interactions and commu-
nication strategies (Lu et al., 2025), but they also
enable the study of opinion dynamics and information
diffusion, as shown in Park et al. (2023) and Qu and
Wang (2024).

However, these models raise important epistemo-
logical concerns, as they can produce highly plausible
conversations while relying on fundamentally differ-
ent mechanisms from human cognition (Shanahan et
al., 2023). This creates a risk of anthropomorphism,
where outputs are misinterpreted as genuine hu-
man-like understanding (Mitchell & Krakauer, 2023;
Vallor, 2024).

Additionally, conversational models are particular-
ly vulnerable to cultural bias and value lock-in. They
often reproduce WEIRD-centric perspectives, leading
to systematic misrepresentation of non-Western or
underrepresented groups (Agnew et al., 2024; Amini,
2025; Santurkar et al., 2023).

Our Approach to Synthetic Participants

Our Vision

When our team at Neovantas began exploring
synthetic participants, we quickly became convinced
that integrating them as a tool into companies’
research and experimentation methodologies could
provide a clear, short-term competitive advantage.

As we started working on real projects, it soon
became apparent that a ‘one-size-fits-all’ approach
would likely be suboptimal. A declarative synthetic
participant model, designed to answer surveys, is
fundamentally different from a behavioural model,
designed to simulate concrete actions in terms of con-
figuration, prompting, input and output. Furthermore,
evenwithin these categories, the business objective,
whether UX, pricing or debt collection, requires
entirely different approaches. In practice, we are
developing specific, specialised synthetic participant
models, each with its own logic, tailored to each use
case according to the business need. Moreover, we
apply a quantitative approach, both in preparing the
model’s input and in validating the results.

In addition, we hypothesised that enriching syn-
thetic participants’ input with a context drawn from
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behavioural economics and psychology, through
structured knowledge libraries, would help synthetic
participants’ responses and behaviours more closely
resemble human reality. This would allow for better
output calibration and enrich the reasoning behind
the participants’ answers or decisions.

We are developing specific, specialised
synthetic participant models, each with
its own logic, tailored to each use case
according to the business need.

Putting It to the Test

To test this hypothesis, we conducted the same
exercise with declarative synthetic participants,
comparing results with and without this enriched
input from the libraries. The original exercise we
selected was a randomised controlled trial conducted
in 2017 with 199 Spanish working adults aged 35 to 65,
who were surveyed about their willingness to save
(WTS) for retirement and their impulsiveness. The
study aimed to evaluate whether exposing a treatment
group to a pension calculator would increase their
WTS by making the benefits of saving more tangible.
The intervention led to a statistically significant WTS
increase of 25% (p = 0.044).

Our goal was to see whether exposing 199 synthetic
participants, matched to the original population in
sociodemographic characteristics such as age and
gender, and financial attributes such as income and
financial literacy, to the same pension calculator
stimulus would produce similar results, with WTS
as the outcome. We also aimed to assess whether
enriching the input with structured knowledge li-
braries on the most relevant behavioural economics
and psychology principles for saving decisions would
bring the outcomes even closer to the original results.

To achieve this, we created two libraries:

Behavioural library. This dictionary described each
bias, its mechanism and manifestation in the context
of WTS, its interaction across sociodemographic
variables and under a saving saliency treatment.
Interaction rules guided the direction and intensity
of activation. Each bias was drawn from research
on behavioural economics and financial behaviour.

Impulsiveness library. Impulsiveness scores were
generated for each synthetic participant using the
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Barratt Impulsiveness Scale, BIS-11, a 30-item instru-
ment. Responses were sampled from the empirical
distributions observed in the original dataset, and
total scores were computed accordingly.

In this case, both libraries were created as JSON
files and retrieved by the model through prompting.

The ‘basic’ solution, made up of synthetic partic-
ipants generated without a behavioural knowledge
base, produced the weakest distributional fit. KS
statistics”in this condition ranged from 0.82 t0 0.83,
and real distributions diverged substantially across
nearly the entire outcome range. This pattern is
consistent with the literature, in that ‘one-size-fits-
all’ generative models tend to produce WTS estimates

that are both more uniform and more concentrated
around the centre of the scale than the real data,
thus underrepresenting the natural spread of the
human distribution.

Introducing a behavioural library
produced a meaningful improvement
representing a reduction in distributional
divergence of approximately 15% relative to
the baseline.

Introducing a behavioural library produced a
meaningful improvement. The GPT-5.4-mini model
achieved a KS statistic of 0.70 in the library-only
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Figure 1: Comparison between synthetic models generated without dictionaries (top) and with behavioural and impulsiveness
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condition, representing a reduction in distributional
divergence of approximately 15% relative to the
baseline (even though it still indicates meaningful
residual divergence). Including the Impulsiveness
library yielded a KS statistic of 0.54 with the standard
prompt configuration, reflecting a substantive gain
(see Figure 1).

Despite these findings, a systematic tendency
to overestimate WTS persisted, particularly due
to occasional high-value outliers that distorted
the upper tail of the distribution. This suggests an
inherent fault within generative models, i.e., they
are unable to naturally reproduce the inertia that
characterises real savings behaviour.

As synthetic users are still in an embryonic stage,
exercises grounded in known human distributions
are essential to assess fidelity. For transparency, the
original experimental results were not used as model
inputs or prompts, thereby avoiding potential bias.
Instead, the behavioural libraries were constructed
from a comprehensive review of the academic lit-
erature, modelling the effects of stimuli such as the
calculator on WTS.

The behavioural libraries were construct-
ed from a comprehensive review of the ac-
ademic literature, modelling the effects of
stimuli such as the calculator on WTS.

While this approach is innovative, it requires
further validation. We are therefore pursuing two
next steps: replicating the study with a new sample
and synthetic population to test consistency, and
using known results to develop guidelines for building
reliable synthetic participants when human reference
data is unavailable.

Conclusion

These results support a differentiated and mod-
ular approach to building synthetic participants
by separating the sociodemographic buildup (who
the participant is) from the behavioural library
(what cognitive principles are likely active, and how
strongly). Many solutions offer quick and adaptable
synthetic models that include sociodemographic data
but overlook behavioural profiling and contextual-
isation. The limitations of this approach have been
widely discussed in the literature, even before the
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development of AI models; demographic profiling
and segmentation without abehavioural layer often
paints an incomplete picture of the subjects of study,
especially when gauging a behavioural outcome.

Synthetic participants are best suited to contexts
where outputs will be used to inform rather than
replace human judgement. They are most defensi-
ble as an augmentation tool useful for hypothesis
generation, rapid prototyping and scenario testing,
and they are least suited to situations involving high
emotional complexity, culturally specific behaviour
or underrepresented populations. Embedding be-
havioural economics constructs is feasible where
the relevant decision environment is sufficiently
understood, whilst biases can be operationalised
as structured knowledge libraries that modulate
how synthetic participants respond across profiles
and conditions — as our experiment demonstrates.
The same logic extends to adaptation over time:
as economic conditions, social norms and digital
behaviours evolve, static libraries will drift from
reality. Periodic recalibration against human ref-
erence data is therefore not an optional refinement
but a structural requirement.

Synthetic participants are increasingly useful
tools for specific, well-defined tasks when their
construction is grounded in empirical data, explicit
psychological theory and transparent calibration
procedures. The framework proposed in this article
is offered as a starting point for that kind of respon-
sible deployment: one that treats the limitations of
synthetic participants as design parameters to be
managed rather than as obstacles to be minimised.

Embedding  behavioural = economics
constructs is feasible where the relevant
decision environment is sufficiently
understood, whilst biases can be
operationalised as structured knowledge
libraries that modulate how synthetic
participants respond.

Three practical implications stand out for practi-
tioners. First, quantitative calibration against human
benchmark distributions should be treated as an
essential check, as distributional fit metrics make
deviations visible before they influence decisions.
Second, anchoring synthetic outputs to empirically
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grounded knowledge bases, through structured
libraries or retrieval-augmented approaches, can
reduce the idealisation bias that unconstrained
generative models exhibit. Third, the question of
what synthetic participants are actually good for
should remain at the centre of deployment decisions.
Used within aforementioned boundaries, they are a
powerful addition to the behavioural researcher’s
toolkit; used beyond them, they carry risks that are
well-documented and avoidable.
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Designing cost-effective behavioral interventions in industry depends not only on what the literature says,
but also on understanding the business context in which the intervention must work. In practice, this means
that behavioral scientists often need to review large, heterogeneous sets of quantitative and qualitative
evidence under tight timelines. Herein, we present Choice Engine, a structured workflow that combines
LLMs, COM-B, Game Theory, and the Analytic Hierarchy Process (AHP) to support both diagnosis and
intervention design. Across seven steps, the engine ingests complex information, organizes it into explicit
decision inputs, predicts the decision an individual is likely to make in a predefined scenario, and explains
why that decision emerges. Its predictive validity is illustrated by replicating the findings of two seminal

studies, with 17 of 18 confirmatory tests reaching significance.

Introduction

Imagine abehavioral scientist at a financial insti-
tution being asked to increase the uptake of savings
accounts among clients. The brief sounds simple
enough. Then the real work starts. Does the client
meet the legal requirements to open the account? Is
the product available at that moment? Is the client
interested in it? Does she even know the bank offers
it? And this is before anyone starts discussing inter-
vention ideas, compliance checks, costs, technical
feasibility, user trust, or brand considerations.

If you have worked on applied behavioral research
in industry, this pattern will likely feel familiar.
Understanding and describing human behavior is a
core part of the job, but any target behavior is shaped
by a dense mix of personal and contextual factors.
The diagnostic phase is where those factors are

identified, and good intervention design depends
on getting that diagnosis right. The problem is that
diagnosis rarely begins with a neat dataset. More
often, it means working through prior experiment
readouts, ethnographic notes, funnel metrics, inter-
view transcripts, customer support logs, scientific
publications, etc.

To make matters worse, findings from carefully
controlled studies do not automatically transfer to
messy real-world environments. Going back to the
savings example, the literature may suggest that
financial literacy is central to savings behavior, yet
a closer look at local regulation, product features,
cultural norms, and client interviews may point
somewhere else. Meanwhile, business contexts
change quickly. Market shifts do not wait for a second
research cycle.
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All of this leaves applied behavioral scientists
facing two recurring problems: (1) too much mixed
evidence to review, organize, and interpret and (2)
the need to design an intervention that works for a
specific population and context, not just in theory.

Choice Engine is designed to help with both. It
condenses research and documentation tasks by in-
gesting and structuring large volumes of information,
and it predicts context-specific decision-making
while providing a causal narrative for the final
choice. This combination is useful not only because
it anticipates what a target individual is likely to
do, but also because it makes visible the criteria
and mechanisms behind that decision. In turn, this
gives behavioral scientists a better starting point
for designing more tailored—and potentially more
effective—interventions.

Choice Engine condenses research and
documentation tasks by ingesting and
structuring large volumes of information,
and it predicts context-specific decision-
making while providing a causal narrative.

Methodological pillars

Choice Engine rests on four methodological pillars.

Large Language Models (LLMs) handle the scaleand
heterogeneity of the evidence. However, unstructured
LLM use in research workflows generates familiar
risks: hallucinations, overconfident summaries,
and output inconsistency across prompts (Huang
et al., 2025; Sclar et al., 2024) fueling a paradigm
shift in information acquisition. Nevertheless, LLMs
are prone to hallucination, generating plausible
yet nonfactual content. This phenomenon raises
significant concerns over the reliability of LLMs in
real-world information retrieval (IR. Rather than
relying onisolated calls with hard-to-inspect outputs,
Choice Engine distributes reasoning across connected
steps in which each output becomes the explicit
input to the next (Khot et al., 2023). Every inference
can therefore be inspected, challenged, and updated
independently.

COM-B (Michie et al., 2011; West & Michie, 2020)
is the Swiss army knife of behavior analysis. It is a
theoretical framework that states that the target
individual must have the Capability, Opportunity, and
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Motivation to carry out a Behavior (hence, the COM-B
acronym). In the context of Choice Engine, COM-B
helps determine whether the minimum conditions
for a particular strategy are in place. Capability and
Opportunity are treated as feasibility conditions for
a given strategy, while Motivation is modeled later
through multi-criteria evaluation.

We complement COM-B with Game Theory, specif-
ically concepts from Information Economics, which
makes it possible to assess whether the individual
is aware of the available strategies and their likely
consequences. This addition is important because
even a feasible strategy will not be chosen if the
individual does not know it is available or does not
understand what it implies.

Finally, the Analytic Hierarchy Process (AHP,
(Saaty, 1980, 2008) models motivation as a structured
trade-off among Benefits, Opportunities, Costs,
and Risks. Together, these four components (LLMs,
COM-B, Game Theory, and AHP) turn a broad and
messy decision context into an explicit, inspectable
decision workflow.

Together, these four components (LLMs,
COM-B, Game Theory, and AHP) turn a
broad and messy decision context into an
explicit, inspectable decision workflow.

Replicated Studies

To assess Choice Engine’s predictive validity, we
selected two seminal studies that cover two classic
families of strategic choice. The first involves deci-
sions in which individuals use abehavior to reveal an
otherwise hidden personal characteristic to others—
what economists call signaling. The second involves
decisions under risk, in which individuals weigh
certain and uncertain outcomes before choosing.

These studies are especially useful as bench-
marks because they are analytically simple yet
comprehensive. Furthermore, both provide precise
descriptions of profiles, available strategies, and
contextual parameters, which makes it possible for
Choice Engine to ingest well-specified inputs and
generate predictions that can be compared with the
original results, without the usual ambiguity that
comes from underspecified real-world cases.

In terms of Spence’s job-market signaling model
(Spence, 1973), think of two job candidates who
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differ in their actual productivity, but employers
cannot tell them apart just by looking. Getting a
degree serves as proof of capability, but it costs more
effort for some people than others, and because of
this cost difference, the two types naturally end up
choosing different education levels (i.e., separating
equilibrium), making themselves distinguishable
to employers. We test three scenarios. The baseline
reproduces this outcome, where the two types make
different choices. The subsidy scenario makes ed-
ucation cheaper for everyone, and as a result, both
types pursue more education and become harder
to tell apart (i.e., pooling)—a pattern also observed
when real-world subsidies boost enrollment (Bedard,
2001). The credential fraud scenario works in reverse,
in that when degrees can be faked, they no longer
prove much, so the motivation to study drops for
everyone (Hvide, 2003). Both types then settle on
less education.

Kahneman and Tversky’s Prospect Theory
(Kahneman & Tversky, 1979) foundational paper
presents 16 decision problems and shows that people
systematically deviate from the predictions of classical
expected utility theory when facing risky choices. We
test three scenarios. The first two replicate Problem
3 of the original paper, where individuals choose
between a sure outcome and a probabilistic one. In the
gains version, individuals tend toward risk aversion,
preferring asure gain over alarger but uncertain one.
In the losses version, with equivalent magnitudes,
they tend toward risk-seeking, preferring the gamble
over asureloss. This reversal illustrates the certainty
effect and the reflection effect. The third scenario
operationalizes the broader idea of loss aversion,
using a mixed gamble in which a potential gain and
a potential loss are simultaneously in play.

Table 1: Prospect Theory Scenarios, Types and Options

Gains
PT2 Losses
PT3 Mixed

gamble

Gain USD 3,000 for sure

Lose USD 3,000 for sure

50% chance to gain USD 2,000;
50% chance to lose USD 1,000

Together, these scenarios complement the signaling
family: where the Spence cases test type-conditional
choices under strategic interaction, the Prospect
Theory cases test how individuals weigh certainty,
downside risk, and the asymmetric valuation of
gains and losses.

Choice Engine Workflow

Choice Engine follows a 7-step process. Step 1
requires human validation. Steps 2 through 7 are
automated. The key design principle is simple: the
output of each step becomes the explicit input to
the next.

The key design principle is simple: the
output of each step becomes the explicit
input to the next.

Put differently, Step 1 defines the playing field.
The remaining steps map the strategic landscape,
ground each profile’s perspective, pin down the
numbers, evaluate trade-offs, rank strategies, and
present the result in a format that can be inspected
and challenged.

Step 1: Input

All relevant data is collected through Retrieval
Augmented Generation (RAG) and organized into
three structured templates: Profiles, Strategies, and
Scenarios. Profiles describe the target individuals,
including their characteristics, internal constraints,
and private information. Strategies define the
available courses of action. Scenarios describe the
wider context in which decisions are made, including
cultural, economic, and regulatory conditions. Public
information is separated from private or unknown

80% chance to gain USD
£4,000; 20% chance of USD 0

80% chance to lose USD
£4,000; 20% chance of USD 0

USD o for sure (decline)

Note: PT = Prospect Theory
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Inside the Choice Engine:
A 7-Step Journey from Data to Decision Intelligence
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Figure 1: Choice Engine’s 7-step workflow.
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information at the time of choice, which is essential
for preventing leakage into later predictions. A set of
neutrality rules helps ensure that the templates do
not inadvertently favor one strategy over another,
and an LLM judge verifies compliance. The behavioral
scientist reviews and validates this input before the
automated pipeline begins.

The information on Profiles, Scenarios, and
Strategies is compiled into different templates: two
documents with the worker profile descriptions
(i.e., high and low productivity), three scenario
descriptions (i.e., base, fraud, and subsidy) and five
education levels (ranging from o0 to 4). The result is
adecomposition of the public (e.g., conventions) and
the private profile-specific knowledge required to
build a clear signaling context.

Step 2: Strategic Brief

Using only Scenario and Strategy information,
and no Profile data yet, the engine maps the decision
environment: who the actors are, what is publicly
observable, how others are expected to respond, and
which informational gaps remain. In other words,
this step sketches the ‘physics of the world’ before
any profile enters it. The step is grounded mainly in
Game Theory and Information Economics. If critical
information is missing, the engine produces its best
single prediction for that gap and logs the assump-
tions it had to make.

In the Spence case, the Strategic Brief establishes
that employers observe credentials but not pro-
ductivity, that wages follow a public convention,
and that credentials at or above a given cutoff yield
higher wage categories. The output is a compact,
profile-agnostic map of actors, information structure,
expected reactions, and key uncertainties.

Step 3: Agent Grounding

This step translates the Strategic Brief into a
profile-specific point of view. For each Profile, Choice
Engine combines the Scenario with the individual’s

characteristics to determine what the individual can
do, what is actually available in the Scenario, what
the individual knows at the time of deciding, and
which outcomes each Strategy is expected to generate.
The aim is not yet to predict the final decision but
to delimit the feasible and relevant options for each
Profile. This is where COM-B does most of its work:
Capability and Opportunity act as hard feasibility
conditions, while personal characteristics, moti-
vation-relevant factors, and information access
determine how the same Scenario is experienced
differently by different Profiles.

In the Spence replication, both profiles face the
same credential options and the same wage conven-
tion, but they differ in their private education costs.
The same credential level therefore produces alower
burden for the high-productivity profile than for the
low-productivity one. That asymmetry is what later
drives separation.

Step 4: Binding & Netting

This is the point where Choice Engine stops guess-
ing when direct calculation is possible. The purpose
of the step is to avoid asking the LLM to infer values
that can be obtained deterministically. Binding applies
the correct profile-specific adjustment to obtain each
individual’s actual values. Netting then collapses
gains and losses that share the same units into single
quantities. This reduces arithmetic noise, prevents
double counting, and ensures that later evaluations
operate on clean, comparable data.

In the Spence case, the same credential yields the
same wage for both types, but with different education
costs. Binding and netting therefore produce different
profile-specific values before motivation is assessed.

Step 5: BOCR Evaluation

At this point, the engine has two key ingredi-
ents: the net consequences of each Strategy and the
grounded, profile-specific conditions under which
those consequences are evaluated. Step 5 turns those

Table 2: Benefits, Opportunities, Costs, and Risks Evaluation

I R

Certain payoffs Benefits

Uncertain payoffs Opportunities

Costs

Risks
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ingredients into a BOCR analysis of each Strategy’s
Benefits, Opportunities, Costs, and Risks.

This separation is useful because not only clas-
sifies outcomes, but it also prepares the ground for
later simulation. Risk aversion and loss aversion,
for example, can be modeled as different ways of
weighting these four dimensions. In the baseline
Spence scenario, the classification is straightforward
because there is no uncertainty: wage offers are coded
as Benefits and private education burdens as Costs,
while Opportunities and Risks remain inactive.

Step 6: AHP

The BOCR narratives are converted into a formal
preference ranking through Saaty’s pairwise compar-
ison method (Saaty, 1980, 2008). The process unfolds
inthree parts. First, the decision hierarchy is defined
by specifying the goal, the available alternatives,
and the four BOCR criteria. Second, these criteria are
compared pairwise to assess their relative importance
for a given Profile, and the alternatives are then
compared with respect to each criterion. Third, those
comparisons are aggregated into an overall priority
score for each alternative.

A key diagnostic in this step is the Consistency
Ratio (CR), which measures whether the pairwise
comparisons inside the AHP matrices are internally
coherent. In standard AHP practice, a CR below 0.10
indicates acceptably consistent judgments (Saaty,
2005), which is especially useful when some com-
parisons are generated by an LLM, because it offers
a formal and transparent quality check. CR does
not guarantee correctness, but it does help identify
unstable or noisy judgments. Across our replications,
alternative-level comparisons consistently yielded
CRs of zero or near zero, which is expected because
those comparisons rely directly on quantitative data.
Criteria-level comparisons showed more variability,
particularly in the signaling scenarios where the
LLM must assess the relative importance of BOCR
dimensions, but most remained below the 0.10
threshold.

Step 7: Simulation Panel

The final step integrates everything into an in-
teractive decision artifact that is both predictive and
interpretable. The panel is organized around four
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layers of information, each one designed to let the
analyst progressively unpack the decision.

First, an LLM-generated summary presents the
case in plain language: who the profiles are, what
strategies are available, and how the scenario is
defined. Right below it, a Strategy Feasibility Matrix
illustrates whether each Profile has the Capability and
Opportunity to pursue each Strategy. These two flags
act as hard constraints, so infeasible strategies are
excluded from the ranking no matter how attractive
they might otherwise look.

Second, the core of the panel displays the final
preference ranking. Abar chart shows each Profile’s
global AHP scores, and error bars reveal how stable
those scores are across simulated pairs. In the Spence
illustration, this makes the separating pattern easy to
see: the high-productivity type concentrates weight
onhigher credential levels, while the low-productivity
type concentrates on lower ones.

Third, the panel includes sensitivity controls.
A risk aversion slider amplifies Benefits and Costs
relative to Opportunities and Risks. A loss aversion
slider amplifies Risks and Costs relative to Benefits
and Opportunities. Because every change triggers a
new computation, the analyst can quickly see whether
the predicted ranking is robust or whether small
motivational shifts would invert preferences.

Fourth, an expanded detail view decomposes each
strategy’s global score into its four BOCR components
and pairs that decomposition with a narrative ra-
tionale. This lets the analyst inspect not only which
strategy wins, but also why it wins. Every number in
the final ranking can be traced back to the scenario
definition, the profile, the bound outcomes, and the
pairwise comparisons that produced it. The result
is not a black-box prediction but a fully auditable
decision record.

That transparency is what makes the output
practically useful. In the Spence case, the analyst
can see why the high-productivity type prefers higher
credentials and why the low-productivity type does
not, and they can then stress-test those conclusions
under alternative behavioral profiles.

Replication Results

To provide acompact but informative empirical test
of the workflow, we deployed the full pipeline on six
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benchmark scenarios drawn from the two classical
studies described above: three signaling scenarios
based on Spence and three lottery scenarios based
on Kahneman and Tversky. The deployment used
gpt-5.2-2025-12-11 with temperature set to 0.5 and
was executed as six scenario-specific batches. Within
each pair, the high-type and low-type agents shared
the same model configuration and seed, so the only
manipulated factor was the agent profile under a
fixed narrative environment. Each run followed the
same seven-step flow: Input, Strategic Brief, Agent
Grounding, Binding & Netting, BOCR Evaluation,
AHP, and Simulation Panel.

‘“The results reveal that the engine recovers
the theoretical structure of the signaling
environments with complete accuracy.”’

The results reveal that the engine recovers the
theoretical structure of the signaling environments
with complete accuracy. In the baseline Spence
treatment, all 50 pairs reproduced the expected
separating outcome: the high-productivity type
chose a high credential and the low-productivity
type chose alow one. Under full subsidy, all 50 pairs
pooled on high education. Under credential fraud,
all 50 pooled on low education. In other words, the
predicted pair pattern was recovered in 100% of

cases across all three signaling scenarios, and all
confirmatory tests rejected the preregistered null
benchmark.

Performance remained strong in the lottery
environments, although the losses condition showed
more dispersion. In the gains scenario, 48 of 50
pairs matched the predicted pattern, corresponding
to 96% pair-level accuracy. In the mixed-gamble
scenario, 47 of 50 pairs matched the predicted
pattern, corresponding to 94% accuracy. The losses
scenario was the only case in which the stricter
pair-level test did not reach significance: 39 of 50
pairs matched the predicted joint pattern, or 78%.
Importantly, this shortfall reflects the difficulty
of recovering the joint configuration rather than
a failure at the individual level. This difficulty lies
in the fact that Choice Engine assesses possible
strategies and motivational factors separately,
which in the PT2 scenario creates a double standard;
specifically, the agent is asked to follow this logic:
“When facing a sure loss, you may be willing to take
risks to potentially avoid that loss”. This results
in individuals’ motivations changing based on
the available options. In any case, the engine still
selected the theoretically expected option in 86%
of runs for the high type and 92% for the low type.
Across the full analysis, 17 of the 18 confirmatory
tests were significant.

Expected pattern rate by scenario

Proportion of pairs with expected pattern (p)

Figure 2: Expected pattern rate by scenario.
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Table 3: Binomial Test Results

10

11

12

13

14

15

16

17

18

Pair pattern

Pair pattern

Pair pattern

Pair pattern
Pair pattern
Pair pattern
Strategy
by agent
Strategy
by agent
Strategy
by agent
Strategy
by agent
Strategy
by agent
Strategy
by agent
Strategy
by agent
Strategy
by agent
Strategy
by agent
Strategy
by agent
Strategy
by agent

Strategy
by agent

PT1 Reflection
gains

PT2 Reflection
losses

PT3 Loss aversion
mixed gamble

T1 Base
T2 Subsidy
T3 Fraud

PT1 Reflection
gains

PT1 Reflection
gains

PT2 Reflection
losses

PT2 Reflection
losses

PT3 Loss aversion
mixed gamble

PT3 Loss aversion
mixed gamble
T1Base

T1Base

T2 Subsidy

T2 Subsidy

T3 Fraud

T3 Fraud

Both (H,L)

Both (H,L)

Both (H,L)

Both (H,L)
Both (H,L)
Both (H,L)

H

H

50

50

50

50

50

50

50

50

50

50

50

50

50

50

50

50

50

39

47

50
50
50

48

50

43

46

47

50

50

50

50

50

50

50

0.9600

0.7800

0.9400

1.0000
1.0000
1.0000

0.9600

1.0000

0.8600

0.9200

0.9400

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

CI
lower

0.8794

0.6622

0.8522

0.9418
0.9418
0.9418

0.8794

0.9418

0.7531

0.8262

0.8522

0.9418

0.9418

0.9418

0.9418

0.9418

0.9418

0.9418

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

1.0000

Cohen
h

0.7566

0.1829

0.6643

11593
11593

11593

0.7566

11593

03923

0.5858

0.6643

11593

11593

11593

11593

11593

11593

11593

<.001

139

<.001

<.001

<.001

<.001

<.001

<.001

.007

<.001

<.001

<.001

<.001

<.001

<.001

<.001

<.001

<.001

Note: PT = Prospect Theory scenarios from Kahneman & Tversky (1979); T = Title signaling scenarios from Spence (1973); H =
High-type agent; L = Low-type agent. p = observed proportion of hits. Cohen’s h = Effect size for proportions. p-values are one-
tailed, testing against a chance level of .05.
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Figure 3: BOCR factor weighting by type. Note: PT = Prospect Theory scenarios from Kahneman & Tversky (1979); T = Title
signaling scenarios from Spence (1973); H = High-type agent; L = Low-type agent.
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Decision Factor Weights

The intermediate weights also moved in sub-
stantively meaningful directions. In the baseline
Spence setting, the high type placed most weight on
Benefits, whereas the low type placed most weight on
Costs, reproducing the asymmetry that theoretically
generates separation. In the gains lottery, the high
type emphasized upside Opportunity, while the
low type emphasized certain Benefits. In the losses
lottery, the high type weighted Risk most heavily,
whereas the low type placed more emphasis on Cost.
This matters because it suggests the engine is not
merely reproducing the correct labels at the end of the
pipeline; itis reaching them through type-sensitive
internal trade-offs.

Consistent with that reading, alternative-level
AHP matrices were highly stable, with median con-
sistency ratios of zero for both agent types, while
criterion-level matrices were more variable. This
is what we would expect: alternative comparisons
use quantitative data directly, whereas criterion
comparisons require qualitative judgments about
the relative importance of BOCR dimensions. The
fact that most criterion-level CRs still fell below
the 0.10 threshold indicates that LLM-automated
pairwise comparisons were generally reliable, with
the consistency check acting as a built-in safeguard
for cases deserving a closer review.

Discussion

This paper makes three contributions. First, it
frames applied behavioral research in industry as a
decision-engineering problem in which auditability
is a first-class requirement. Second, it specifies an
operational pipeline that combines LLM reasoning
with deterministic stabilization through Binding
& Netting and multi-criteria aggregation through
AHP. Third, it demonstrates how type-conditional
rankings and incentive-pattern diagnostics can be
produced as inspectable artifacts rather than opaque
recommendations.

Atheart, Choice Engine is meant to simplify a part
of the job that is usually messy, time-consuming,
and difficult to explain to others. Applied behavioral
scientists routinely work across client documentation,
the academic literature, competitor case studies,
qualitative interviews, and quantitative datasets
before they can even begin to design an intervention.

Behavioral Economics Guide 2026

Choice Engine turns that early-stage complexity
into a structured workflow. And because every step
leaves an explicit trail, the tool produces not only a
recommendation, but also a reasoning record that
canbereviewed, challenged, updated, and defended.

Choice Engine produces not only a
recommendation, but also a reasoning
record that can be reviewed, challenged,
updated, and defended.

For practitioners, the value of the workflow
is upstream of experimentation. It supports
high-throughput evidence digestion by turning
documents into structured inputs rather than one-
off summaries, offering a practical way to combine
quantitative and qualitative evidence within the
same decision framework. It also allows to make a
pre-assessment and prediction of what may happen
in a specific set up that can inform the design of the
behavioral intervention and its probable outcome
before launching it in the real world. This is an
invaluable opportunity to tailor highly effective
interventions with minimal risks. It is no coincidence
that a growing body of work is proposing the use
of agent-based simulations in many different fields
tackling behavioral interventions such as health
(Huang et al. 2021), workplace policy (Muiioz &
Iglesias, 2021), and customer experience (Bell &
Mgbemena, 2018), among others.

Incentive-pattern diagnostics, such as whether
profiles separate or pool, also provide a useful seg-
mentation lens. When type-conditional rankings
diverge, interventions can be designed to attract
or deter certain types selectively. When rankings
converge, type-dependent levers are less likely to
work. This connects the output of the workflow to
concrete product and policy discussions around
screening, fraud deterrence, trust-building, or com-
pliance design. This approach is particularly useful
for implementing behavioral segmentation strategies
in which different individuals within the target
population receive profile-specific interventions
tailored to the same behavioral objective.

Choice Engine includes two distinct quality checks.
The AHP Consistency Ratio in Step 6 provides a
mathematical assessment of pairwise comparison
coherence, while the LLM judge in Step 1 evaluates
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whether the input templates follow the workflow’s
neutrality rules. One check is formal, the other
semantic. Together, they offer complementary
safeguards against unreliable outputs.

Despite these checks, the limitations of Choice
Engine should also be acknowledged. The engine
has been validated with two seminal studies with
well-defined constraints. Real-world conditions,
however, tend to be less straightforward and much
messier. One potential problem is including erroneous
or incomplete data in the input that could be passed on
the following steps of the process. Here, it is important
to point out that Choice Engine’s process can be iterated
asmany times as needed, making it possible to feed the
initial input with data any time new information may
become available. The role of the behavioral scientist in
avoiding—or at least limiting—these problems is key.
Afterall, Choice Engineis atool that will require expert
use. Behavioral scientists will have to be particularly
careful with prompt leakage and informational gap
assessment when making use of Choice Engine in
real-life applications. Similarly, it should be noted
that binding can create a false sense of precision if
qualitative comparisons are treated as measurements
rather than as structured judgments. LLM agents may
also be inconsistent, overfit to prompt phrasing, or
encode normative assumptions that require human
review. AHP itself assumes independence among
criteria, which may not hold in more complex product
contexts. Most importantly, auditability does not
guarantee correctness; it makes disagreements visible,
but teams still need to decide which assumptions
deserve more data.

Future work should evaluate the workflow in real
private-sector settings, focusing on decision quality,
time-to-insight, and updateability under changing
evidence. Extending AHP to the Analytic Network
Process (ANP), which models interdependencies
among criteria, is a promising direction. Stronger
calibration of quantitative bindings, better input
governance through versioning and review work-
flows, and more principled uncertainty propagation
from inputs to rankings are also clear opportunities
for improvement. Finally, the further development
of structured, auditable Al workflows that enhance,
rather than replace, the judgment of applied behav-
ioral scientists is warranted.
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Behavioral science has delivered measurable gains across development domains, yet the evidence base
for international development remains thin and uneven. This article argues that the problem is not that
behavioral tools don’t work but that the field has consistently asked the wrong questions, in the wrong
ways, and in the wrong institutional conditions. We identify three compounding failures. First, foundational
behavioral assumptions are built on narrow, “WEIRD” samples, and development settings are treated
as test beds for existing frameworks rather than sources of new theory. Second, research methods are
poorly suited to development realities: excluding key populations, underestimating delivery volatility, and
producing findings distorted by measurement problems. Third, the institutional conditions for generating,
uncovering, and learning from behavioral evidence are frequently absent. For each failure, we propose a
research agenda. The Global Behavioral Evidence Network for Development (GBEND) has been founded to
coordinate action across all three domains.

A Research Agenda for the Global Behavioral
Evidence Network for Development

Founded at the 2025 Behavioral Exchange
conference in Abu Dhabi, the Global Behavioral
Evidence Network for Development (GBEND)
represents a landmark effort to expand and
institutionalize behavioral insights in global
development policy.

The network is stewarded by four chairing mem-
bers: the UAE Office of Development Affairs, the
Behavioral Science Group, the World Bank’s Mind,
Behavior, and Development Unit (eMBeD), and the
Behavioral Insights Team. The network aims to e
nsure that the field of behavioral science produces
evidence that serves people across different incomes,
values, and contexts, and is fit for purpose when
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applied to development.

A core pillar of GBEND’s mission is to provide
rigorous thought leadership. This piece argues that
the behavioral evidence base for international de-
velopment is thin because the field has consistently
asked the wrong questions, in the wrong ways, and
in the wrong institutional conditions. It sets out a
research agenda to address each in turn.

The field has consistently asked the wrong
questions, in the wrong ways, and in the
wrong institutional conditions.

The Challenge

Behavioral insights have delivered measurable
gains across a range of development domains.
Interventions grounded in behavior change have
improved health outcomes, increased savings, raised
school grades, and raised service uptake (OECD, 2017;
DellaVigna & Linos, 2022), often at low cost and at
scale. Such results have led to an expanding number
of behavior change programs and specialized teams
across governments, development agencies, NGOs,
and multilaterals (Naru, 2024).

Despite these successes, however, substantive
challenges remain in applying behavioral insights to
international development’. Some evidence suggests
that behavioral interventions have produced more
uneven, heterogeneous, and frequently inconclu-
sive results (Gvirtz & Sabherwal, 2024). Recent
meta-research suggests that many findings across
the social and behavioral sciences travel poorly
beyond the contexts in which they were originally
generated, particularly when evidence is built on
narrow, high-income samples (Busara, 2024). In
international development settings, this problem
is compounded by cultural heterogeneity, linguistic
diversity, data availability, institutional constraints,
and research infrastructure—making it difficult to
disentangle whether null or mixed results reflect
genuine limits of behavioral mechanisms or failures
of translation, design, and delivery.

A growing body of evidence suggests that some
behavioral mechanisms do translate across settings,
particularly when interventions are simple, address

practical barriers, and align with local delivery systems
(Hallsworth, 2023; DellaVigna & Linos, 2022). For ex-
ample, a meta-analysis found that choice architecture
interventions, on average, have meaningful effects on
behavior, though effect sizes vary substantially across
populations and contexts (Mertens et al., 2022). Even
so, the evidence base is still too limited to draw broad
conclusions about the effectiveness of behavioral
science in international development.

This article diagnoses three compounding
failures—in foundational assumptions, research
methods, and institutional conditions—and proposes
aresearch agenda to address them.

Research Question: How can we Optimize
Behavioral Insights to Advance International
Development Goals?

We identify three research questions to structure
how behavioral insights could better serve interna-
tional development:

Conceptual: Which behavioral mechanisms
travel across contexts, which depend on local
norms and institutions, and when are adap-
tations or new concepts needed?
Methodological: How can behavioral in-
terventions be tested in ways that preserve
meaning, rigor, and relevance in international
development settings—and at low cost?
Institutional: What institutional and political
conditions are optimal for behavioral interven-
tions to be implemented, sustained, and scaled
in an international development program?

Section 1: Foundational Behavioral Assumptions
Across Contexts

Many of our core behavioral assumptions and
models are built on a narrow set of high-income
settings (Busara, 2024). Ininternational development,
some mechanisms do travel, but others do not hold
so readily.

Understanding How Behavioral Concepts Travel
Across Settings

While the field often assumes that cognitive biases
are universal human traits, recent meta-research

2 This piece uses a broad interpretation of international development. The underlying goal is human development, namely, advanc-
ing human abilities and creating the conditions for humans to use those abilities (UNDP, 2015).
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suggests that mechanisms often leveraged in WEIRD’
countries, such as salience, reminders, or social
comparisons, operate differently across settings
(Busara, 2024). To serve international development
better, we must gain a firmer understanding of the
interplay between universal behavioral processes
and culturally defined ones, as outlined by Michael
Hallsworth (2023, p. 78).

There are, however, a few large cross-country
tests of core biases that start to answer this question.
A multinational replication of Prospect Theory*
choice patterns across 19 countries, for instance,
found that patterns were detectable but often weaker
thanin original studies (Ruggeri et al., 2020). Thus,
some biases may be detectable across contexts, but
their strength, and therefore their policy relevance,
may vary.

These cross-country tests confirm that basic
cognitive patterns are broadly detectable but con-
text-sensitive. A more operationally useful line
of questioning would be to ask which classes of
interventions are robust and which require
adaptation? Evidence from multi-country
implementations suggests a working distinction:
interventions that reduce friction (simplification,
reminders, removing procedural barriers) tend to
transfer because they target universal cognitive
constraints, while interventions that leverage
culturally constructed meanings (social norms
messaging, authority framing, identity appeals)
show variation across settings (see Hallsworth,
2023). This distinction, between mechanism-level
universality and meaning-level variability, pro-
vides a practical heuristic for prioritizing which
interventions to deploy with confidence and which
to test before scaling.

Social norms interventions assume that learning
what “most people” do will shift behavior. But in
settings where norms are enforced through close
kinship networks or specific in-groups, or are
conditional on normative expectations about what
others approve of rather than what they actually do
(Bicchieri, 2005), generic social comparisons may be
irrelevant or counterproductive.

Using a Broader Framework of Human Behavior to
Build a Better Evidence Base

Testing the transferability of behavioral concepts
developed in WEIRD contexts is a necessary first
step, but it is insufficient. The more challenging
implication is that development settings should be
not only test beds for existing frameworks, but also
sources of new concepts, categories, and standards
of explanation that reshape the field itself.

Testing the transferability of behavioral
concepts developed in WEIRD contexts is a
necessary first step, but it is insufficient.

The World Bank’s “World Development Report 2015:
Mind, Society, and Behavior” framework identifies
three lenses of behavioral influence:

1. Thinking automatically: cognitive shortcuts,
heuristics, and the contextual cues that shape
them.

2. Thinking socially: how behavior is shaped by
what others do and what others are perceived
to expect.

3. Thinking with mental models: the shared cat-
egories, identities, narratives, and worldviews
through which people interpret experience.

The field has drawn disproportionately on the
firstlens. A substantial share of rigorously evaluated
interventions in low- and middle-income countries
(reminders, feedback, micro-incentives, salience,
and commitment devices) target automatic thinking
(Booth et al., 2022). To build a broader evidence
base better suited to international development,
practitioners should expand their practice across
the three lenses.

Understand the Link Between Human Cognition
and Material Scarcity

Mani et al. (2013) showed that Indian farmers’
cognitive scores were lower during periods of
limited food supply (pre-harvest) than during the
post-harvest period. A more recent meta-analytic
synthesis reveals amore nuanced picture: the analysis
finds a link between financial scarcity and lower

3 Western, Educated, Industrialized, Rich and Democratic countries, as defined by Henrich et al. (2010)

4 Prospect Theory is the idea that people judge gains and losses relative to a reference point, and they tend to feel losses more strong-

ly than equivalent gains.
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cognitive performance but attributes 60% of this

effect to educational access (de Almeida et al., 2024).
This suggests that the idea of cognitive scarcity is still
rooted in structural challenges (access to education,
cumulative disadvantage across the life course) as
opposed to purely cognitive channels.

Account for the Role of Social Enforcements

Social dynamics and enforcements govern our
behaviors in substantive ways beyond heuristics—and
understanding how they shapeshift across societies is
key. For example, behavioral interventions frequently
assume that individuals can privately accumulate
and reinvest returns. In many development con-
texts, income is subject to strong informal claims
from family and community. Where earnings are
observable, social obligations to share can operate
like an informal tax on returns, creating incentives
to conceal income even at a cost. In rural Kenya, for
example, Jakiela and Ozier (2016) found that women
were willing to forgo earnings to keep investment
returns hidden from relatives. This is not a cognitive
biasbut a social norm operating through enforcement
and observability (Lens 2).

Consider Local Mental Models to Design Relevant
Interventions

Development practitioners seeking to influence
behaviors must gain a deeper understanding of the
reference points and narratives available withina given
social context. Ray and Genicot (2017) theorize that
when the gap between an individual’s current status
and attainable reference points is too wide, the result is
rational disengagement, which they term “aspirations
failure.” Experimental evidence from Mexico demon-
strates that showcasing attainable, local role models
rather than distant successes can reactivate agency
and improve economic outcomes more effectively than
financial incentives alone (Lybbert & Wydick, 2018).
Aspiration failure is a Lens 3 phenomenon: it operates
through the mental models people hold about what is
possible for someone like them.

These examples share a common structure. Each
begins with a phenomenon that could be interpret-
ed through Lens 1, but closer examination reveals
that the behavioral driver sits in Lens 2 or Lens 3.
Misidentifying the lens leads to misidentifying the
intervention.
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The three lenses are not equally actionable, how-
ever. Lens 1 interventions (reminders, defaults and
simplification) map cleanly onto RCT designs with
short feedback loops and measurable outcomes. Lens
2 and Lens 3 interventions require designs that can
capture social dynamics and shifts in mental models
over longer timeframes. These could be longitudinal
studies or ethnographic research, which are more
expensive and slower. This helps explain why the
field so often defaults to Lens 1 regardless of whether
itistheright diagnosis. Choosing a research method
before identifying the relevant lens almost guarantees
this bias will persist.

Choosing a research method before iden-
tifying the relevant lens almost guarantees
this bias will persist.

Section 2: Research Tools to Build Behavioral
Insights for International Development

Even where behavioral mechanisms hold, the
evidence base for international development is
weakened by the underlying methods and tools. We
propose three methodological principles to address
this issue.

Diagnose Before You Design

The dominant model in behavioral policy—identify
abias, design a corrective nudge, test it—assumes the
behavioral bottleneck is already known. In high-in-
come, high-capacity settings, this assumption is often
reasonable: the institutional infrastructure works,
the target population is reachable, and the binding
constraint is plausibly cognitive. In international
development, however, these assumptions frequently
do nothold. The binding constraint may be structural,
social, or institutional, and designing a solution
before identifying it can waste resources and produce
misleading null results. A more useful starting point
is a diagnostic-first approach, as formalized by the
World Bank’s Mind, Behavior, and Development Unit
(eMBeD), which maps the psychological, social, and
structural factors shaping decisions for both target
populations and implementers before intervention
design (World Bank, 2015).

A good diagnostic should uncover the factors
that most often undermine intervention design in
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international development settings: whether delivery
systems are stable enough to support implementa-
tion, who actually delivers services on the ground,
whether materials are linguistically and culturally
appropriate, which populations standard methods
miss, and what level of testing is feasible under real
budget constraints.

Diagnosis also means designing research methods
that include the populations development policy
most needs to reach: rural women, people with low
literacy, the digitally disconnected, and mobile pop-
ulations such as refugees, migrants, and informal
workers. They are excluded by research designs
that assume urban residence, literacy, smartphone
ownership, and stable addresses as default conditions
for participation.

Standard methods can also miss the people the
development policy is supposed to reach. Behavioral
work often assumes that people can read and respond
towritten prompts, yet literacy rates remain very low
in some settings (World Population Review, 2026).
Alternatives exist—interactive voice response, au-
dio-based nudges, and visual decision aids—but they
are typically more expensive. Emerging Al-enabled
tools may reduce these costs (Human Truths, n.d.).

Design for Instability

In many international development programs,
implementation can be impacted by staff turnover,
absenteeism, seasonality, and exogenous shocks,
in which case research designs that assume stable
delivery will produce misleading results. For example,
inahandwashing trial in Bangladesh, observations
were interrupted by a cholera outbreak, a heatwave,
Eid-related camp closures, violence, and Cyclone
Mocha (BIT, 2023a). The goal is not to control for
instability but to build it into the design from the
outset.

The goal is not to control for instability but
to build it into the design from the outset.

Implementation science offers a useful way to
design for this reality. Rather than trying to keep
every component identical across sites, it recommends
holding constant the core function of an intervention
(the mechanism it must achieve) while allowing the
form (how it is delivered) to adapt to local conditions
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(Hawe et al., 2004). Behavioral science practitioners
arebecoming increasingly interested in how to design
trials that reflect implementation challenges (e.g.,
List, 2024). Some practical implications: specify the
non-negotiables up front, offer anumber of interven-
tions, plan and track permitted adaptations during
delivery, and measure implementation outcomes
such as feasibility and fidelity alongside behavioral
outcomes.

Adaptive trial designs can also preserve rigor
while accommodating real-world instability, which
they achieve by allowing prespecified modifications
in implementation or data collection in reaction to
interim data or changing circumstances. For example,
outcomes can be analyzed at interim checkpoints;
and, based on those results, the study might adjust
allocation or drop ineffective treatment arms while
the trialis ongoing (Lauffenburger et al., 2022). Wider
adoption of adaptive designs would also reduce the
riskthat null results are misattributed to intervention
failure when the underlying cause is measurement
disruption.

Measure Behavior, Not Reports

Smart evaluation techniques can overcome
the common problem of social desirability bias.
Participants may report what they think the re-
searcher wants to hear rather than what they actually
do. This problem exists everywhere, but it may be
more pronounced in development programs where
the intervention administrator is perceived as more
powerful or authoritative. In sanitation and hygiene,
for example, self-reports often exceed observed
behavior. One study in rural India found that reported
latrine use was nearly double the level recorded
by unobtrusive sensors (Sinha et al., 2016). Novel
techniques have been used to overcome these issues.
For example, BIT measured the number of soap pedal
presses used at handwashing stations to compare the
control and treatment arms (BIT, 2022).

The search for robust behavioral evidence in inter-
national development is frequently undermined by
poor data quality. Furthermore, volatility in program
delivery, driven by shocks, seasonality, and staff
turnover, renders missing data a pervasive challenge.
When attrition is non-random, even a rigorously
designed randomized controlled trial (RCT) can be
fatally compromised, with one survey finding that
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nearly 25% of clinical trials had more than 10% of
primary outcome data missing (Hewitt et al., 2010).
One response is to use intention-to-treat design
in RCTs, which can disentangle the intervention’s
efficacy from the program’s effectiveness (Duflo et
al,, 2007). Emerging technologies could expand what
is measurable at lower cost without sacrificing rigor.

Al-assisted qualitative tools can speed up tran-
scription, translation, coding, and analysis, making
it far easier to work across large volumes of inputs.
They may also support co-creation by rapidly turning
participant ideas into visual or textual prototypes that
can be tested and refined in real time. This enables
informants to co-create messaging and concepts with
behavioral scientists, and it can also bridge cultural
divides (BIT, 2023b).

Voice-based tools such as interactive voice response
canreduce reliance on text-based methods and may
offer greater privacy for sensitive topics (Gibson et al.,
2017; Greenleaf et al., 2017). Al-assisted prompting
and summarization could also make diary studies
and other longitudinal qualitative methods cheaper
to run at scale by helping researchers send adaptive
prompts, track incoming responses, and synthesize
material over time (Moéll & Aronsson, 2025).

One emerging option is synthetic participants:
Al-generated respondents built by conditioning
language models on real demographic data. These
may help in early-stage design, especially where
conventional recruitment is expensive or where
participation itself may be unsafe. Early results sug-
gest that synthetic samples can track broad patterns
in attitudes and opinions reasonably well, though
performance is weaker for behavioral outcomes,
and effects may be overstated (Hanna-Amodio et
al., 2025). They may therefore be useful in limited
early-stage applications—but not as a substitute for
real-world testing.

These tools carry their own risks, however. Most Al
systems are trained on data that skew toward WEIRD
countries, which means they may encode and amplify
the same representational biases identified in Section
1. In settings with pronounced power asymmetries
and limited accountability mechanisms, the risks
of misuse or misinterpretation are heightened.
Practitioners should thus be explicit about what
Al tools should not yet be used for in development
contexts, particularly where outputs could influence
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consequential decisions about populations with little
recourse.

Section 3: The Role of Institutions in Behavioral
Insights for Development Policy

Behavioral science depends on the institutions
around it: who sets priorities, who controls data
and budgets, and whether there is capability and
legitimacy to test, learn, and scale. If behavioral
science is to serve international development, it
requires institutions that can generate evidence,
translate that evidence into delivery, and learn over
time.

Creating the Right Institutions

Where a behavioral team sits can shape what it can
achieve. Teams embedded in delivery ministries are
usually closer to real service constraints, but they
depend on the strength of the host ministry and
whether their mandate survives political turnover
(Nafiez et al., 2024). Capability matters, too. Effective
behavioral work requires more than experimental
skills alone; it also requires knowledge of delivery,
data, and measurement capabilities, as well as political
and partnership skills (Hernandez-Agramonte, 2025).

Fundingis part of this same institutional picture. In
international development, much of the funding sits
with bilateral donors, multilaterals, foundations, and
NGOs outside governments. Strong results are more
likely to be written up than null results (Franco et
al., 2014), and local partners often conduct fieldwork
without control over budgets or full overheads, which
weakens local research capacity (Crane et al., 2018).

These are structural conditions that shape
what evidence gets produced, who it serves,
and whose knowledge counts.

These funding dynamics reflect deeper power
asymmetries that run through the field. Global North
researchers typically control study design, budgets,
and publication decisions, while local implementers
and research partners contribute the contextual
knowledge, fieldwork, and access that make studies
possible, often without authorship, overhead recovery,
or influence over how findings are used. Moreover,
donors shape what gets tested by setting priorities
that may not reflect the most binding constraints
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facing governments or communities. And the re-
lationship between researchers and participants is
itself asymmetric, in that data is extracted, findings
are published elsewhere, and communities rarely see
results in a form they can use. These are structural
conditions that shape what evidence gets produced,
who it serves, and whose knowledge counts.

Assembling the Evidence

A further issue is evidence infrastructure. Even
when good studies exist, they often do not contribute
to cumulative learning, because synthesis is not up to
date, locally relevant, or available in accessible for-
mats and languages. Existing “what works” systems
remain heavily WEIRD-centered, and many evidence
products are too static or too narrow to support live
policy decisions (Halpern & Maru, 2024). What is
needed instead is a stronger evidence infrastructure
for international development in the form of living
evidence reviews, evidence gap maps, and synthesis
products designed for real policy questions (see,
e.g., Saran et al., 2020; The Global SDG Synthesis
Coalition, 2024).

Findings from behavioral research should be
published. Governments default to non-disclosure, as
they lack technical capability, fear political backlash,
or are capacity-constrained. The cumulative effect isa
systematic bias toward silence, and so the behavioral
studies most relevant to government implementation
are the least likely to enter the public evidence base.
The “what works” clearinghouses and evidence gap
maps described above can only index what is visible.

Assessing the Political Economy of Nudging

The effectiveness of behavioral interventions is
mediated by the political context and institutional
environment within which they operate. A nudge
that works in a high-trust, high-capacity system can
fail or backfire when the state is absent or contested.
Furthermore, many interventions assume systems
will operate effectively; however, the “last mile” can
often be the most difficult to overcome (Wills Silva,
2025). Some nudges work partly because enforcement
is credible, but where the state is constrained, the
enforcement mechanism may not work. In environ-
ments with low trust in institutions, messaging can

High capacity

Capable but contested:
Administrative delivery may
function, but state intent is

disputed. Behavioral tools can still
change behavior, though effects
may be driven by fear,
compliance pressure, or strategic
response rather than genuine
buy-in.

Low

Inside the narrow corridor:
State-based behavioral
interventions can work as
intended because delivery is
stable and intent is less contested.
Defaults and reminders may be
more likely to translate into real
behavior change.

High legitimacy /

legitimacy /
trust

Low capacity and low
legitimacy:
State-based interventions may
have minimal effect. Behavioral
approaches are still possible, but
may need to rely on non-state
messengers, careful
safeguarding, and strong local
accountability.

trust

Community strong / State weak:
State-led nudges may be limited
where systems cannot reliably
follow through. But behavioral
interventions can still work when
they are delivered through trusted
local actors, strengthen
coordination, or activate
community norms and mutual
accountability.

Low capacity

Figure 1: 2x2 matrix showing the intersection of state capacity and legitimacy/trust on behavioral interventions.
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be interpreted as surveillance or overreach.

One way to understand the political context can be
through the lens of the Narrow Corridor (Acemoglu
& Robinson, 2019), i.e., effective governance sits
in a corridor where the state is strong enough to
provide services and enforce rules, but society is
strong enough to constrain abuse. In development,
it is important to understand how close or far the
contextis from this ideal corridor. Within the corridor,
top-down behavioral policies at scale may translate
more readily into wider impacts. Conversely, outside
the corridor, those same tools may be weaker or
interpreted differently, while society-based nudges
may become more important.

This can be theorized as a 2x2 matrix, with state
capacity on one axis and legitimacy or trust on the
other. The matrix should be read not as showing
where behavioral interventions can or cannot work
but as indicating which behavioral channels are likely
to be more effective in different political contexts.

Conclusion: The Next Chapter of Behavioral
Insights for International Development

This research agenda reflects the collective exper-
tise of practitioners who have spent years embedding
behavioral science within international development.
GBEND’s aim is to ensure that behavioral insights are
embedded from the outset, producing evidence that
is as relevant to the global majority as it is rigorous.

GBEND welcomes new organizations to the network.
Please email chiara.cappellini@bsg.ae if you would like
to be involved.
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A Practitioner Case Study on Localizing Behavior
Change Techniques
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Context matters in behavioral science. Yet, much of the field’s evidence base is derived from Western, Educated,
Industrialized, Rich, and Democratic (WEIRD) populations — even though more than 80% of people belong
to other groups. While behavioral science has developed robust theories, taxonomies, and design tools,
it offers less guidance on how to localize behavior change techniques for multicultural and non-Western
contexts. This practitioner case study examines how one behavioral science team localized a digital health
intervention for Costa Rica (CR) while preserving theoretical foundations. Rather than proposing a prescriptive
framework, the paper illustrates how cultural frameworks and culturally informed audit activities were used
to structure uncertainty, refine research questions, and guide localization decisions across strategy, copy,
and visual design. The case highlights how practitioners working in real-world settings can complement
existing evidence-based tools with structured processes to make localization considerations more visible,

examinable, and actionable.

Introduction: When Evidence Doesn't Travel

Behavioral scientists know that context matters.
One element of context, culture, must be considered
when developing a new intervention or scaling an
existing one.

Practitioners applying behavioral science in
real-world settings often encounter a localization
challenge: evidence-based insights and tools that are
effective in one context can be difficult to interpret or
apply inanother. A growing body of evidence suggests
that behavioral interventions can perform unevenly
when applied across cultural contexts (Catoja &
Crede, 2025; Hall et al., 2016; Talhelm, 2026). While
the field has developed robust theories, taxonomies,
and design tools, it offers less guidance on localizing

behavior change techniques for multicultural and
non-Western contexts (Castro et al, 2024, Henrich
et al., 2010).

While the field has developed robust
theories, taxonomies, and design tools, it
offers less guidance on localizing behavior
change techniques for multicultural and
non-Western contexts.

From Evidence to Application: A Practitioner Gap
A key contributor to this challenge is the un-

even representation of contexts and populations

within behavioral science research. Much of the
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existing evidence base has been generated in Western,
Educated, Industrialized, Rich, and Democratic
(WEIRD) societies (Henrich et al., 2010). Cultural
norms, social structures, and institutional arrange-
ments can shape how behavioral mechanisms are
activated, influencing whether and how interventions
translate across settings. And when insights derived
from a relatively narrow set of contexts are applied
elsewhere, outcomes may become less predictable—
not because the underlying theories are invalid, but
because contextual assumptions embedded in the
evidence may not fully hold. This difficulty in scaling
insights can often be traced to two common sources
of error: lack of representativeness of the population
and of the situation (List, 2021).

Evidence-based tools are critical to translating
behavioral science research into practice. Resources
like the Theory and Techniques Tool (TaTT) provide
a shared language and structured starting point for
intervention design (Johnston, 2021). However, practi-
tioners may encounter limitations when interpreting
these evidence mappings across contexts. Because
such tools synthesize research that disproportionately
represents WEIRD populations and settings, they
can also inherit the assumptions and constraints
of the underlying evidence base. As a result, these
tools are often well suited to answer questions such
as ‘Which mechanisms or techniques are relevant to
this behavioral barrier?’ but are less supportive for
the context-specific question ‘To what extent does
the evidence support using this technique to address
this barrier in this context?’

Although all interventions require tailoring to the
local context, practitioners working outside WEIRD
contexts may find that widely used tools require a
disproportionate amount of additional sensemaking
to apply reliably. In the absence of explicit guidance
for incorporating cultural nuance, practitioners are
often left to rely on individual judgment and ad hoc
processes to determine when and how to localize the
intervention. Even behavioral scientists are prone to
biases and blind spots when attempting to replicate
interventions in unfamiliar cultural contexts.

This use case offers an illustrative example of
how a US-based behavioral science team localized a
digital health intervention in Costa Rica (CR) by using
cultural frameworks and cultural audit activities to
structure uncertainty, uncover assumptions, and
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guide adaptation decisions. It offers a reference point
for practitioners facing similar challenges when
evidence does not travel easily across contexts.

Towards a More Systematic Approach for
Cultural Adaptation

Uncertainty Management

Cultural localization failures in behavioral sci-
ence are often failures in uncertainty management
rather than failures of underlying behavioral science
theory. Teams frequently overlook the assumptions
embedded in evidence bases, determinant categori-
zation, and mechanism selection—particularly when
interventions are applied across cultural contexts.
The Rumsfeld Matrix provides a simple 2x2 lens for
categorizing these risks, based on awareness and
understanding (The Uncertainty Team, n.d.).

Cultural localization failures in behavioral
science are often failures in uncertainty
management rather than failures of
underlying behavioral science theory.

The Rumsfeld Matrix offers a useful framework for
identifying how to mitigate risks of cultural mismatch
in intervention design and scaling. Cultural blind
spots often fall into the ‘unknown knowns’ category.
However, many become visible by meaningfully
engaging local expertise, namely, by identifying
contextual and behavioral knowledge that exists
locally but has not been recognized, valued, or
integrated into intervention design.

The Rumsfeld Matrix reveals two levers to reduce
risk: 1) Increase awareness of assumptions, tacit
knowledge, and potential blind spots within the
local context and 2) Increase understanding of the
questions and hypotheses that support localization.

In the following case study, we outline the uncer-
tainty reduction activities conducted by abehavioral
science team to identify risks, improve hypotheses,
and document tacit knowledge to improve localization
efforts.

Use Case: Digital Health Intervention in
CostaRica

AsLirio continues to expand globally, we are exper-
imenting with approaches for localizing behaviorally
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RUMSFELD MATRIX

A framework for managing risk in decision-making based

on awareness and understanding.

KNOWN
UNKNOWNS

Factors we know exist,
but do not fully understand.

Open questions
and hypothesis.

HIGH AWARENESS

UNKNOWN
UNKNOWNS

Factors we are not aware of

Unanticipated risks, hidden
threats, true blind spots.

AWARENESS
LOW AWARENESS

LOW UNDERSTANDING

UNDERSTANDING

and do not know to anticipate.

KNOWN
KNOWNS

Factors we are aware of
and understand.

Known variables,
robust evidence.

UNKNOWN
KNOWNS

Factors we know, but are not
consciously aware we know.

Tacit knowledge, implicit
assumptions, cultural
blind spots.

HIGH UNDERSTANDING

Figure 1: The Rumsfeld Quadrant framework for decision-making. Note: Designed by Michael Pancini, Visual Designer, Lirio.

infused digital health interventions. Our team recently
conducted a digital health intervention in Costa Rica
toincrease uptake of a health and wellness program.
We drew inspiration for this novel intervention from
patterns observed and insights generated across our
previously successful digital health interventions,
including approaches to actualizing the behavior
change techniques (BCTs) in visuals and copywriting.
This program includes a comprehensive health
assessment, a 1:1 consultation with a doctor to out-
line individual health goals, a personalized health
improvement roadmap, and discounts on additional
healthcare services. Our task was to localize our
Precision Nudging approach—which leverages be-
havioral science and agentic Al to send personalized
nudges—to drive enrollment and engagement with
this program. We aimed to localize three key com-
ponents of the intervention: the behavioral science
strategy matrix, visual design, and copywriting.

Activities: Increasing Awareness

First, our team conducted standard discovery
activities to understand the behavior and context,
including reviewing the action path and relevant
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literature. Next, we leveraged cultural frameworks
and structured brainstorming activities to document
knowns, identify risks of potential cultural mismatch,
and prioritize areas for further investigation. These
activities were intended to increase awareness by
making implicit assumptions explicit and uncovering
potential sources of uncertainty early in the design
process.

Cultural Framework Tools

Using a cultural framework, our team compared
the United States (where many intervention patterns
and assets used for inspiration had previously been
developed) and Costa Rica as the target deployment
context. Cultural frameworks describe commonly
shared patterns of meaning—such as beliefs, norms,
values, and traditions—that tend to be more prevalent
or salient within a group. Often operating implicitly,
these patterns can influence what is perceived as
appropriate, motivating, or credible within a given
context.

These typologies provide high-level orientation
for early-stage scoping, but they neither capture
the full diversity of perspectives within a country
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nor determine individual behavior. A diverse society
(such as the US) may encompass multiple cultural
frameworks. Used appropriately, cultural frameworks
can help reveal contextual features and cultural
factors that may influence intervention effectiveness.
Practitioners can use insights generated from a
cultural framework lens to develop initial hypotheses
about where and why an intervention may require
tailoring, which can then be validated through local
research and system realities.

Practitioners can use insights generated
from a cultural framework lens to develop
initial hypotheses about where and why an
intervention may require tailoring.

There are arange of cultural framework tools, each
with its own strengths and limitations (Yeganeh,
2025). The most appropriate framework depends
on the intervention goals, target behavior, and
sources of influence. In this case, our team used
Hofstede’s Cultural Dimensions Theory, which
provides country-level comparisons across six
dimensions: Individualism vs. Collectivism; Power
Distance; Uncertainty Avoidance; Long- vs. Short-
Term Orientation; Indulgence vs. Restraint; and
Masculinity vs. Femininity.

Within this framework, the domains with the
largest differences between the US and CR included:

Individualism-Collectivism: The US scores high on
individualism, while CR scores higher on collectivism.
To account for this difference, we evaluated BCT
selection, message framing and tone, and visual
depictions of people and their interactions. We also
considered adjusting collaboration with local partners
to incorporate more relational and collaborative
working practices.

Masculinity vs. Femininity (Motivation toward
Achievement vs. Quality of Life): The US places
greater emphasis on goal orientation, achievement,
and measurable success, while CR places relatively
more value on relationships, collaboration, and work
life balance. We therefore explored BCTs with a more
prosocial or quality-of-life emphasis, and we re-
framed goals and success at the family or community
level in imagery and copy.

Uncertainty avoidance: CR scores substantially
higher than the US on uncertainty avoidance. To

Behavioral Economics Guide 2026

account for this, we evaluated BCTs that emphasize
clarity, structure, and predictability and identified
opportunities to frame the desired action as a simple,
step-by-step process in visuals and messaging.

Pre-Mortem Activities

Next, our team conducted a pre-mortem activity
to identify potential areas of cultural mismatch
that might require additional risk mitigation. A
pre-mortem is a strategic exercise in which a team
imagines a project has already failed and works back-
ward to identify plausible causes. Here, it was used
to document known knowns and known unknowns
related to cultural fit.

During the activity, we brainstormed potential fail-
ure risks associated with localizing for CR, including
possible misalignments exposed through the cultural
framework comparison. Using the framework added
structure and helped unveil risks that may otherwise
have remained implicit, thereby supporting the
refinement of the hypotheses to be tested. We then
conducted a risk-prioritization exercise to identify
the most likely and highest-impact risks, after which
we generated risk mitigation strategies for priority
items.

Through this step, we identified assumptions
requiring validation with local partners. For example,
we determined that additional research was needed
to localize imagery—particularly around abstract
concepts, interpersonal interactions, and body lan-
guage—and to understand better the perceptions of
behaviorally-infused content relative to traditional
marketing approaches.

Activities: Increasing Understanding

From the insights gained through the cultural
framework lens, and based on the intervention ele-
ments we identify as potentially needing tailoring,
we identified a series of cultural audit activities to
gather additional information. By ‘cultural audit
activity’, we refer to approaches for gathering and
documenting collective tacit knowledge (unknown
knowns) among those with lived experience in the
local context. This included surveys, workshops, and
structured activities to explore specific behavioral
and intervention elements. The goal of cultural audit
activities is to answer targeted questions about the
local context to inform discovery and design decisions.
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By ‘cultural audit activity’, we refer to
approaches for gathering and documenting
collective tacit knowledge (unknown
knowns) among those with lived experience
in the local context.

Image Audit

One cultural audit activity was an image audit, con-
ducted to tailor our existing visual content strategy to
thelocal context. In this activity, local stakeholders
reviewed a curated set of images previously used in
digital health interventions, including depictions
of people, interpersonal interactions, emotional
expressions, and abstract representations of health
concepts. Stakeholders provided feedback on which
images failed to translate, evoked unintended mean-
ings, or lacked resonance.

The image audit helped validate and deepen our
understanding of previously identified risk areas.
For example, based on the cultural framework, we
hypothesized that visuals depicting patient-doctor
interactions would benefit from localization. Local
stakeholders gravitated toward images in which
the patient and doctor were closer in proximity,
without a table between them, and in some cases
engaging in light physical contact (e.g., handshake,
hand on shoulder, shoulder-to-shoulder). They also
noted that doctors typically wear scrubs rather than
formal attire or white coats. These insights informed
updates to better align the visual representations of
care interactions with local expectations.

UX Research

In addition, our team conducted quantitative and
qualitative UX research to support localization. This
research focused on validating hypothesized behavio-
ral determinants related to enrolling in the health and
wellness program and identifying additional cultural
nuances. Findings informed updates to the strategy
matrix, including the prioritization of behavioral
barriers, Mechanism of Action (MoA) categorization,
and the selection of appropriate BCT's.

As part of this research, we tested behavioral-
ly informed messaging against more traditional
marketing approaches to understand perceptions
of different framing strategies. We also assessed
local communication norms, including perceptions
of tone and formality in email communications. For
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example, respondents expressed high sensitivity to
potential email scams, suggesting that hard-selling
strategies—such as evoking urgency, emphasizing
sales, or using individuals’ names—could backfire
in this context.

Localizing a Digital Health Intervention for CR

Localizing the Behavioral Science Strategy Matrix

Typically, our team develops a strategy matrix
utilizing the TaTT. We categorize and prioritize
behavioral determinants into MoAs, then pair them
with evidence-linked BCTs. In many cases, a single
determinant could plausibly be categorized under
multiple MoAs, depending on how it is framed or
experienced in context. The content is built with one
nudge per MoAxBCT pairing.

To localize the strategy matrix, we leveraged
insights from our cultural audits and UX research
to add nuance—including reconsidering their
classification and splitting broader determinants
into more specific MoAs. For example, one identified
barrier to enrollment was confusion about what
the program is, how it works, and for whom it
is intended. At face value, this barrier could be
categorized as a knowledge deficit. However, cul-
tural audit findings revealed that this confusion
was shaped by prevailing local mental models of
hospital-affiliated savings programs. One well-es-
tablished program that dominated consumer
awareness focused on routine health needs. By
contrast, the new program focused on proactive
wellness behaviors and was designed to complement
existing services. Because these programs were
often perceived as mutually exclusive rather than
complementary, the barrier reflected not only
a lack of information, but also a mismatch with
existing norms and expectations. To account for
this nuance, we incorporated MoAs related to both
Knowledge and Norms.

Next, we leveraged cultural insights to inform the
selection of MoA-BCT pairings. A single MoA is often
linked to multiple evidence-supported BCTs, any
of which may be theoretically appropriate. Cultural
insights helped us prioritize techniques most likely
to be effective in this context. For example, given the
relatively collectivistic orientation of the setting, we
prioritized socially-oriented BCTs, such as Social
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Table 1: Example - Localizing Copy for US-based vs. Costa Rican Audiences

I T RN

Individualism
vs. Collectivism

Often emphasize personal benefits,
autonomy, self-improvement,
control, and convenience. Use
‘“you,” “your progress,” “your
goals.” Highlight independence
and personal achievements.

)«

Emphasize family or community
benefit, shared well-being, harmony,
and collective care. Use “your

family,” “our community.”

Motivation toward
Achievement vs.
Quality of Life

Use goal-oriented, results-driven,
performance-enhancing language:
“Reach your goals,” “Take charge,”
“Achieve better health.” Celebrate
progress and personal wins.

Use warm, modest, quality-of-life
language: “Feel better day-to-day,”
“Care for yourself and others,” “Small
steps toward well-being.” Avoid
competitive or aggressive framing.

Uncertainty
Avoidance

Ambiguity acceptable. You can use

flexible, exploratory language: “Try it,”

“See what works best for you.” Tone
can be light and autonomy-inviting.

Emphasize reassurance, clarity, and
predictable steps. Use structured,
stepwise instructions and signal
safety: “Here’s exactly what happens

next,” “Secure,” “Approved,”
“Trusted by your clinic.”

Support (Practical). In addition, because CR scores
lower on the Long-Term Orientation dimension,
we prioritized techniques that foreground short- to
moderate-term benefits (e.g., Social Reward) rather
than those emphasizing distant future outcomes (e.g.,
Comparative Imagining of Future Outcomes). This
approach did not exclude specific BCTs but instead
provided structure and guidance when selecting from
multiple viable options.

Localizing Written Copy

We made several adjustments to the copywriting
strategy to align better with the identified cultural
insights. For example, UX research indicated that
messaging framed in relational, supportive terms
resonated more strongly than traditional marketing
or sales-oriented language, aligning with our hypoth-
eses about tailoring for a more collectivistic context.
To account for these dynamics, we shifted toward
a friendlier, lower-pressure tone that emphasized
credibility, transparency, and approachability.

Our team applied a cultural lens to the copy, making
moderate language adjustments. Below are examples
of how the same copy might be localized for US-based
and CR audiences.
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In addition to adjusting message framing, we
addressed barriers related to trust and credibility
by shifting the call to action from direct enrollment
to scheduling a consultation with a team member.
This approach acknowledged that decision-making
often occurs through interpersonal interaction and
relationship building. We also listed the office location
within a major hospital to signal credibility and
support walk-in visits.

Additionally, we planned for transcreation by
ensuring the content could be translated while
preserving BCT intent, framing, reading level, and
tone. To support this, we wrote in plain language,
limited metaphors and idioms, and avoided double
meanings. We also reviewed best practices for gen-
der-neutral language in a grammatically gendered
language. Finally, we worked with transcreation
vendors and local partners to compare English and
Spanish versions, using an ‘intent to maintain’ section
to ensure the meaning carried through translation.

Together, these adjustments resulted in subtle
but purposeful differences in messaging that felt
locally appropriate without leaning into stereotypes.
Although we cannot share the exact message for
privacy reasons, if we were to rephrase the content for
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Table 2: Example Precision Nudges - Localized Copy Across US and Costa Rican Contexts

Hi [Name]! You're eligible for our new
[Product Name] program. It’s designed to
help you feel stronger, more energized, and
in control of your health. Ready to start
your personal plan? Tap here: [link]

Hi [Name]! Your local clinic is offering a new
[Product Name] Program to help you and your
loved ones stay well. It’s easy to follow, reliable,
and supported by our care team. Here are the steps
so you can get started with confidence: [link]

the same product, localized for these two audiences,
they might be written as follows:

Localizing Visual Design

Our team made several adjustments to the visual
strategy to align with branding guidelines and incor-
porate insights uncovered through the cultural audits.
This brand is associated with motherly care, support,
and playfulness, which the team leveraged through
illustration style and color palette choices. Insights
from cultural audits and stakeholder feedback helped
refine the images. For example, our team noted a
preference for visual proximity between the provider
and patient, without a table or computer between
them, as a signal of a closer, trusted relationship.

We also paid specific attention to ensuring clothing
depicted in the visuals reflected CR norms. Patients
were shown in a more classic style, rather than the
more casual or trendy styles often used with US-
based audiences. In addition, doctors were illustrated
wearing scrubs rather than white coats to reflect local
expectations. Lastly, we incorporated photographs
taken within the hospital, featuring team members
and the affiliated doctor, in select images to reinforce

familiarity and trust.

Table 3 shows howwe might think about localizing
visuals for these two audiences. Figure 2 is an example
of howwe might adapt a single image for a US-based
versus CR audience.

Discussion: Implications for Scalable,
Culturally Nuanced Behavioral Design

As behavioral science tools are applied across
increasingly diverse settings, practitioners face a
growing challenge: designing interventions that
areboth scalable and responsive to cultural context.
Although evidence-based tools make intervention
design more systematic and replicable, they often
require additional interpretation when applied in
new cultural contexts. This gap can create both
effectiveness and equity challenges, placing a
disproportionate burden on practitioners working
in contexts historically underrepresented in the
literature.

This case study illustrates the value of structured
approaches to support localization decisions while
preserving theoretical foundations. In this example,
cultural frameworks helped reveal potential cultural

Figure 2: Example of localized digital health visuals. Note: Designed by Michael Pancini, Visual Designer, Lirio.
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Table 3: Visual Content Strategy for US-Based and Costa Rican Audiences

I T RN

Individualism - Individuals performing the target
vs. Collectivism

self-care, and autonomy

- Use solo portraits or close-ups that
highlight the individual as the agent

of change or decision-maker

behavior (e.g., one person exercising)
- Often emphasize personal progress,

- Small groups or families performing
the behavior together

- Depict belonging and togetherness
(e.g., playing outside with
family, a couple cooking)

- Often emphasize shared well-being,
support, and interdependence

- Express relational warmth
(e.g., proximity, eye contact,
and gentle social cues)

Motivation toward - Dynamic, energetic imagery (e.g., - Calm, balanced visuals
Achievement vs. finishing a run, celebrating) emphasizing well-being (e.g.,
Quality of Life - “before/after” styles that suggest stretching, lifting child in air)
improvement or transformation. - People engaging in everyday,
- Visual cues of progress (e.g., sustainable activities (e.g.,
graphs, trackers, badges) cooking, walking in nature)
- Colors and compositions that feel - Soft, warm color palettes
bold, active, and forward-moving - Natural settings that feel relatable
- “Aspirational” and performance- - Depict process rather than
oriented imagery outcome—emphasizing gentle
progress and harmony
Uncertainty - Conceptual, abstract visuals - Imagery that reinforces
Avoidance - Symbolic or metaphorical imagery predictability, such as clear process

- Emphasis on novel or modern

health technologies

visuals (e.g., steps in a process)

- Icons with clear,
unambiguous meaning

- Trusted figures (e.g., nurses, doctors,
community health workers)

- Familiar settings (clinics, homes,
family environments).

differences that warranted further investigation,
while cultural audit activities grounded these hy-
potheses in local tacit knowledge.

Building on this logic, future innovations may
further account for cultural variability by combining
group-level cultural insights with individual-level
adaptation. Approaches that personalize communica-
tions at an individual level—such as Lirio’s Precision
Nudging, which applies behavioral science and agentic
Al to create an N=1messaging experience—may offer
one way to address variation that exists both across
and within cultural contexts.
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Localization risks cannot be eliminated,
but they can be made more visible,
examinable, and actionable.

Localization risks cannot be eliminated, but
they can be made more visible, examinable, and
actionable. This use case demonstrates how prac-
titioners can complement existing evidence-based
tools with structured risk management activities
to localize behavioral science interventions in
cases where evidence does not travel cleanly across
contexts.
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Extended Review:
Misinformation in the Attention Economy
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to watch video summary

Misinformation spreads and persists in part because digital environments are designed to prioritize engage-
ment over accuracy. Social media platforms promote content that elicits quick reactions, often amplifying
emotionally engaging, novel, or belief-aligned material, regardless of its credibility. In these settings,
sharing is fast and easy and tends to produce immediate feedback, while verifying information takes more
effort and often carries fewer immediate consequences. Research shows that false information can spread
farther and faster than true information, and processes such as repetition and reliance on mental shortcuts
contribute to its persistence over time. Although strategies like digital literacy training and fact-checking
can improve people’s ability to evaluate information, they do not always lead to changes in what people
share. Addressing misinformation requires changes to the environments in which sharing occurs, including

making verification easier and increasing the visibility and reinforcement of accurate information.

Introduction

According to a 2025 Pew Research study, 54% of U.S.
adults get their news from social media, with similar
figures reported in the United Kingdom (Milmo, 2025).
These figures underscore the growing role of social
media in shaping how news and information are con-
sumed—a shift that hasbeenlinked to declining trust
injournalism and investigative reporting (Suherman,
2025). Recent advances in artificial intelligence have
intensified these concerns, as deepfakes and other
computer-generated content are increasingly difficult
to distinguish from authentic media (Giansiracusa,
2021). Together, these developments have created
conditions in which misinformation spreads rapidly
across digital platforms (Vosoughi et al., 2018).

Researchers define misinformation as the un-
intentional spread of false information, whereas
disinformation is intentionally misleading content

(Diepeveen & Pinet, 2022; McKay & Tenove, 2020).
Although misinformation is not new, the conditions
under which it spreads have changed substantially in
recent times; before the internet, television, newspa-
pers, and radio shaped how information was produced
and distributed, and while sensational content did
exist, its spread was constrained by time, cost, and
access. Historical developments such as the printing
press and the rise of the penny press expanded access
toinformation while also increasing the circulation
of sensational and misleading content (Soll, 2016;
Watson, 2018). However, these systems imposed
structural friction, including editorial oversight,
limited distribution channels, physical production
constraints, and restricted audience participation, all
of which slowed the spread of misinformation (Posetti
& Matthews, 2018). Social media has removed many
of these constraints, allowing individuals to publish
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and distribute content globally with minimal effort
(Epstein et al., 2023). These distinctions are impor-
tant, but both misinformation and disinformation
disperse within the same environments that shape
how information is shared and reinforced.

Misinformation, along with related concepts such
as disinformation and malinformation—defined
as the intentional use of truthful information in
misleading ways (Santos-d’Amorim & Fernandes de
Oliveira Miranda, 2021)—has become a central focus
of research. Early theoretical work anticipated current
conditions. Arendt (1972), for instance, described
“defactualization” as the erosion of the boundary
between fact and fiction, while Rothkopf (2003) coined
the term “infodemic” to capture the rapid spread
of mixed-quality information during public health
crises. These patterns are now amplified in digital
environments, where information circulates quickly
across interconnected networks with few barriers
to sharing. Users encounter large volumes of com-
peting content, including emotionally charged and
non-news material, making it harder to distinguish
credible information from misinformation (Epstein
et al., 2023). For example, a user may encounter a
compelling headline, share itimmediately, and receive
instant feedback through likes or replies before any
verification occurs. These platforms also foster echo
chambers, where users are more likely to encounter
belief-consistent content, thus reducing opportu-
nities for verification and increasing vulnerability
to misleading information (Adams et al., 2023). At
the same time, platform design features such as
algorithmic amplification, ease of content creation,
and global connectivity increase the visibility of
engaging content regardless of accuracy (Posetti
& Matthews, 2018). In some cases, verification has
shifted from centralized systems to decentralized
approaches, where corrections occur only after
content has already spread widely, thereby limiting
their effectiveness (Lewandowsky et al., 2012; Epstein
et al.,, 2023). Furthermore, during breaking news
events, inaccurate claims can circulate rapidly before
verification is complete, limiting the impact of later
corrections and contributing to continued distrust
in news sources.

These patterns operate within an “attention
economy” (Browne & Watzl, 2026), which serves
as the broader context shaping how information is
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selected, amplified, and shared. Digital platforms
are designed to capture and sustain attention by
prioritizing content based on engagement signals
such as likes, shares, comments, and viewing time.
Features such as infinite scrolling, push notifica-
tions, and social feedback loops continuously draw
attention to new content, and because attention is
monetized, content that generates rapid, sustained
engagement is more likely to be promoted. Under
these conditions, misinformation is well-positioned
to spread; moreover, novel, emotionally engaging,
or belief-aligned content is more likely to attract
attention and be shared quickly. As a result, digital
environments systematically favor low-effort,
attention-grabbing content over accuracy. Within
this system, behaviors that produce immediate
engagement are consistently selected, while more
effortful accuracy-based behaviors are less likely to
occur. These findings indicate that misinformation
is less a failure of individual judgment and more a
predictable outcome of environments that reward
speed, engagement, and low-effort responding over
accuracy.

Why Misinformation Spreads

Misinformation spreads quickly online because
it aligns with how people process, share, and rein-
force information. In digital environments, users
are constantly exposed to fast-moving streams of
content, prompting rapid decisions about what to
attend to and what to ignore. To manage this volume,
individuals rely on mental shortcuts, or heuristics
(Chen et al., 2021). These shortcuts prioritize speed
over accuracy, heightening sensitivity to cues such as
repetition, social consensus, and emotional appeal.
At the same time, digital platforms are structured to
reward engagement. Algorithms prioritize content
that generates likes, shares, comments, and longer
viewing times, creating an environment in which
visibility is determined by interaction rather than
accuracy.

As shown in Figure 1, a substantial share of adults
regularly get news from social media platforms
such as Facebook, YouTube, and TikTok, reflecting
abroader shift in how information is encountered in
digital environments (Atske, 2025). This shift places
news consumption within systems that reward rapid
engagement, where emotionally salient and easily
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News consumption by social media site
% of U.S. adults who say they regularly get news on each social media site
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Figure 1: News consumption by social media platform among U.S. adults (2020—-2025). A growing proportion of adults report
regularly obtaining news from social media, particularly on Facebook, YouTube, and TikTok (Atske, 2025). This shift reflects the
increasing role of engagement-driven environments in shaping how information is encountered, placing news consumption
within systems that prioritize speed, visibility, and user interaction over verification. Source: Pew Research Center (2025).

processed content is more likely to be shared than
carefully evaluated information. As aresult, the same
environments that structure everyday information
use also create conditions that facilitate the spread
of misinformation.

In digital environments, users are
constantly exposed to fast-moving streams
of content, prompting rapid decisions about
what to attend to and what to ignore.

Because misinformation is often novel, emotionally
compelling, or aligned with existing beliefs, it is well
positioned to capture attention and spread rapidly. In
some cases, content is deliberately designed to provoke
strong reactions, particularly outrage—a strategy
often referred to as “rage-baiting” (Washburn, 2024).
Importantly, engagement does not require agreement.
Content that challenges or contradicts beliefs can
still generate high levels of interaction as users
respond with criticism, correction, or disapproval.
These responses serve as engagement signals, in-
creasing visibility within platform algorithms. As
illustrated in Figure 2, this creates a reinforcement
loop in which engagement increases visibility, and
increased visibility produces further engagement.
This pattern is evident in real-world cases. During
the spread of the “Pizzagate” conspiracy theory, for
example, sensational claims circulated rapidly across
online forums and social media. Users shared the
content widely and received immediate social rein-
forcement through likes, comments, and continued
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dissemination, while the speed and volume of these
interactions allowed the claims to circulate broadly
before verification could occur. In this case, the
consequences extended beyond online engagement,
culminating in an individual entering the restaurant
with arifle to investigate the claims, demonstrating
how rapidly reinforced misinformation can translate
into real-world behavior (Robb & Robb, 2017).
Empirical research supports these patterns.
Vosoughi et al. (2018) found that false information
spreads farther, faster, and more broadly than true
information, driven in part by novelty and emo-
tional engagement. Users also frequently engage
with headlines rather than full articles—a pattern
known as “sharing without clicks,” whereby content
is shared based on superficial cues rather than verified
understanding (Sundar et al., 2024). In addition,
deciding whether to share content can reduce at-
tention to accuracy. Epstein et al. (2023) found that
individuals are less able to distinguish true from
false information when making sharing decisions
than when explicitly evaluating accuracy. This shift
in attention toward engagement-related features
increases the likelihood that misleading content will
be shared. Emotional and social dynamics further
accelerate these processes. Additionally, content
that evokes strong reactions, such as fear, outrage,
or humor, is more likely to be shared as a form of
identity expression and social connection. These
patterns are reinforced within networks, especially
when content aligns with group norms or beliefs.
Algorithmic systems amplify this effect by promoting
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Figure2:Reinforcementloop ofinformation-sharingindigital
environments. Exposure to content leads to rapid, heuristic-
based evaluation, followed by engagement behaviors such as
sharing and reacting. These behaviors generate immediate
social and algorithmic reinforcement, increasing visibility
and exposure, and creating a self-reinforcing cycle in which
engagement is prioritized over accuracy.

highly engaging content to broader audiences, thereby
extending its reach. At the same time, cognitive
processes contribute to persistence. Individuals tend
to favor belief-consistent information and discount
contradictory evidence (Westerwick et al., 2017; Zhou
& Shen, 2021), repetition increases perceived truth
through the illusory truth effect, and misinforma-
tion can continue to influence reasoning even after
correction—a phenomenon known as the “continued
influence effect” (Swire-Thompson et al., 2021).

Even after correction, misinformation
often persists because it becomes embedded
in how people process and remember
information, reinforced by mental shortcuts
and repeated exposure.

Atastructural level, misinformation is often easier
to produce than accurate information. Barriers to
entry in digital media are low, allowing individuals
to create and distribute content quickly without
fact-checking or editorial oversight (Allcott &
Gentzkow, 2017). Misleading content can be generated
by modifying headlines, exaggerating claims, or
presenting opinion as fact. These tactics often require
minimal time and expertise while maintaining an
appearance of credibility. Coordinated amplification
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strategies, such as using multiple accounts to pro-
mote the same message, can further extend reach
without increasing production effort. Advances in
generative technologies have additionally reduced
production effort by enabling the rapid creation of
realistic but false text, images, and videos (Arribas
et al., 2025; Waldrop, 2023). In contrast, producing
accurate information typically requires greater time,
expertise, and resources. These differences in effort
and reinforcement shape behavior. Sharing content
requires minimal effort and produces immediate,
visible feedback, whereas verifying accuracy demands
additional time and cognitive resources and offers
less immediate reinforcement. As aresult, sharing is
more likely than careful evaluation. Finally, digital
environments prioritize speed, engagement, and
emotional impact, creating conditions in which
sharing is consistently reinforced over accuracy. The
processes summarized in Table 1 operate within and
strengthen the reinforcement cycle shown in Figure 2.

Why Misinformation Sticks

Correcting misinformation is more challenging
than simply providing accurate facts. Even after
correction, misinformation often persists because
itbecomes embedded in how people process and re-
member information, reinforced by mental shortcuts
and repeated exposure. A well-established example
of this persistence is the continued influence effect.
Research shows that individuals often continue to rely
on misinformation even after it has been corrected
(Lewandowsky et al., 2012; Swire-Thompson et al.,
2021), in that once information becomes part of an
individual’s mental model of an event, it continues
to shape reasoning and interpretation. For example,
early public health messaging emphasized dietary
fat as the primary cause of cardiovascular disease.
Although later evidence highlighted the role of sugar
and refined carbohydrates, the initial explanation
continued to influence public understanding and
behavior (Kearns et al., 2016). This illustrates how
initial information can persist within mental mod-
els and continue to guide interpretation even after
correction.

Another process that sustains misinformation is
theillusory truth effect. Repeated exposure to aclaim
increases the likelihood that it will be perceived as
true (Fazio et al., 2015). The brain uses processing
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fluency as a heuristic, so information that feels
familiar or easy to process is more likely to be judged
as accurate. For example, repeated claims linking egg
consumption to cardiovascular risk contributed to
widespread public belief, even though later research
showed a more limited effect for most individuals
(Rong et al., 2013). This pattern demonstrates that
repetition alone can increase perceived accuracy,
even in the absence of strong supporting evidence.

Credibility judgments are often shaped by these
surface-level cues, especially when individuals
rely on heuristics rather than detailed evaluation.
Importantly, knowledge alone does not fully protect
against these effects, and research reveals that even
individuals with domain expertise remain susceptible
torepeated misinformation, likely because familiarity
and fluency can override analytic processing (Fazio
et al., 2015). These effects are amplified in digital
environments, where algorithms, echo chambers, and
continuous scrolling increase repeated exposure to
the same claims, thereby strengthening familiarity
and perceived credibility.

These dynamics also shape how individuals rely
on external information. People may depend on
information generated or summarized by automated
systems without independent verification—a pattern

consistent with automation bias (Dorrell & Heal,
2024). When information is presented in formats
associated with expertise, such as scientific writing
or authoritative Al-generated outputs, perceived
credibility can increase, reflecting authority bias.
A recent example illustrates this process. Almira
Osmanovic Thunstréom created a fictional medical
condition, “Bixonimania,” and introduced it into
online and academic spaces (Stokel-Walker, 2026).
Al systems subsequently generated responses that
treated the condition as legitimate, and these outputs
were later cited in peer-reviewed research. This case
demonstrates how reliance on automated systems as
authoritative sources can lead to the reproduction
and dissemination of false information across both
Al-generated and scientific channels. In this way,
automation bias and authority cues contribute to
the persistence of misinformation by reinforcing
trust in system outputs, even when those outputs
are inaccurate.

Taken together, these processes reflect a set of
cognitive and behavioral mechanisms that sus-
tain misinformation over time. As summarized in
Table 1, they interact with platform features and
reinforcement structures, shaping how information
is evaluated, accepted, and maintained in digital

Signature

Precommitment Pledge:
I pledge my earnest efforts to share truth by:
e Verifying: fact-check information to confirm it is true before
accepting and sharing it
e Balancing: share the whole truth, even if some aspects do not
support my opinion
+ Citing: share my sources so that others can verify my information

e Clarifying: distinguish between my opinion and the facts

Figure 3: Pre-commitment pledge adapted from Gleb Tsipursky’s Pro-Truth Pledge, used to encourage participants to verify
information and engage in responsible sharing prior to posting on social media.
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Table 1: Cognitive and Behavioral Processes Contributing to the Spread and Persistence of Misinformation
in Digital Environments

Process What it Does Where it Appears in
Digital Environments
Confirmation Skews attention toward Echo chambers,
bias belief-consistent selective exposure,
information group-aligned content
Ilusory Increases perceived Algorithmic repetition,
truth effect accuracy through repetition viral reposting,
continuous feeds
Continued Maintains influence Delayed corrections,
influence of misinformation ongoing exposure,
effect after correction weak retractions
Heuristic Promotes fast, low- High-volume feeds, time
processing effort judgments over pressure, headline scanning
careful evaluation
Automation  Shifts trust toward Al summaries, search
bias automated or Al- engines, generated content
generated outputs
Authority Increases reliance on Scientific tone, professional
bias perceived expertise formatting, Al outputs
or credibility cues
Social Strengthens sharing Likes, shares, comments,
reinforcement through immediate visibility metrics
social feedback
Algorithmic  Increases exposure based Ranking systems,
amplification on engagement signals recommendation engines

Effect on Misinformation

Increases acceptance and
sharing of belief-consistent
misinformation

Familiar misinformation
is judged as more credible

False information continues
to shape reasoning

Reduces attention to
accuracy and increases
susceptibility to
misleading content

Users accept inaccurate
information without
verification

Increases acceptance of
misleading information

Encourages continued
sharing regardless
of accuracy

Expands reach of
high-engagement
misinformation

Note: These processes interact with platform features and reinforcement structures to shape how information is evaluated,
shared, and sustained.

environments.

Evidence From Applied Research

Applied research on the spread of misinformation on
social media platforms remains limited, particularly
in behavior-analytic literature. Interventions such
as pre-commitment strategies and direct instruc-
tion in digital literacy aim to promote responsible
sharing by increasing awareness, reinforcing rules,
and improving evaluation skills. Although these
approaches can influence certain behaviors, their
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impact is often constrained by the environments in
which they are applied.

A study conducted on Facebook (Bergman-Geonie
etal., 2025) required participants to engage with social
media in ways that promoted accuracy verification
when sharing news content. The pre-commitment
component, adapted from Gleb Tsipursky’s Pro-Truth
Pledge and shown in Figure 3, required participants to
pledge to verify information before posting (Tsipursky
et al., 2018). The direct-instruction component pro-
vided explicit training in evaluating sources using

77



Liza Bergman-Geonie

Misinformation in the Attention Economy

Stop Investigate
the source

Find better
coverage

Trace claims,
quotes and media to
the original context

Figure 4: The SIFT method (Stop, Investigate, Find, Trace), a structured approach to evaluating online information that prompts
users to pause, assess sources, seek better coverage, and trace claims back to their original context before sharing (Caulfield,

2019).
structured strategies.

These interventions targeted rule-based behavior
and aimed to increase the likelihood that participants
would select and share more reputable information.
A nonconcurrent multiple-baseline design across
participants was used to examine changes in posting
behavior across the baseline, pre-commitment,
training, post-training, and follow-up phases. The
direct-instruction phase, shown in Figure 4, included
a five-module training program based on the SIFT
method—Stop, Investigate, Find, and Trace—which
prompts users to pause, evaluate sources, seek better
coverage, and trace claims back to their original
context before sharing (Caulfield, 2019; Brodsky et
al,, 2021).

Results indicated that direct instruction improved
participants’ ability to distinguish between higher-
and lower-quality sources, demonstrating acquisition
of evaluation skills. Participants also reported in-
creased confidence in identifying reputable sources,
reflected in consistently high social validity ratings;
however, these improvements did not translate
into changes in actual posting behavior, and they
continued to share content in line with their typical
engagement patterns, even though they were able to
identify more credible information. Reputable posts
represented only a small proportion of total posts,
with minor and variable increases across phases.
Similarly, the pre-commitment strategy did not
produce consistent behavioral change. Although
participants agreed to follow accuracy-based rules,
these commitments were insufficient to override
the immediate and reinforcing consequences of
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typical social media use. The pre-commitment
phase produced modest short-term shifts in posting
behavior, but these effects were not sustained. The
direct-instruction phase was also associated with a
decrease in overall posting and did not increase the
proportion of reputable content shared.

Individuals can learn to evaluate
information accurately and endorse rules
that support responsible sharing, vet
they still fail to act on them when the
environment continues to reinforce low-
effort, high-engagement behaviors.

These findings highlight a clear gap between dis-
crimination and performance. Participants learned
to evaluate information and expressed intentions
to share responsibly, yet their behavior remained
largely unchanged in real-world settings. One ex-
planation is that the intervention did not alter the
environmental contingencies that surround sharing.
Evaluating sources requires additional steps, whereas
sharing produces immediate social and algorithmic
reinforcement. Under these conditions, behavior
continues to favor rapid responding over accuracy.
More broadly, these findings highlight a gap between
knowledge and action. Individuals can learn to eval-
uate information accurately and endorse rules that
support responsible sharing, yet they still fail to act
onthem when the environment continues to reinforce
low-effort, high-engagement behaviors. In digital
systems, likes, visibility, and social feedback serve
asimmediate reinforcers, while the consequences of
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sharing inaccurate information are delayed or less
salient. As aresult, engagement-based reinforcement
outweighs accuracy-based outcomes, making rapid
sharing more likely than careful evaluation.

Applied research suggests that interventions
focused on knowledge, rules, or commitment are
unlikely to produce lasting behavioral change unless
they also modify the decision-making environment.
This includes platform features such as easily acces-
sible sharing functions, visible engagement metrics,
and continuous content feeds. Gains in knowledge
and rule adherence do not consistently translate
into sustained behavior change when these features
continue to reinforce rapid sharing. Research further
indicates that the social media context itself can
interfere with accuracy judgments, as attention is
drawn to engagement-related features rather than
to evaluation (Epstein et al., 2023). Design elements
such as infinite scrolling and algorithmic systems
that prioritize highly engaging content increase
exposure to attention-grabbing material, regardless
of accuracy, while limiting opportunities for reflection
or verification (Pennycook et al., 2020).

When Strategies Break Down

Many commonly recommended strategies for
reducing misinformation focus on improving indi-
vidual decision-making to promote more deliberate
processing and the better assessment of credibility.
Although these approaches are effective in con-
trolled settings, their impact is often diminished in
real-world digital environments, where conditions
favor rapid, low-effort responses.

One reason these strategies often fail is the ef-
fort they require. Evaluating information involves
additional steps, such as opening new sources,
cross-referencing claims, and reading beyond head-
lines (Brodsky et al., 2021). In contrast, sharing content
requires minimal effort and can be done with a single
click. Research shows that behaviors requiring greater
effort are less likely to occur, especially when easier
alternatives are available (Friman & Poling, 1995;
Perry & Fisher, 2001; Wilder et al., 2020). On social
media, users often process content superficially,
with over 75% of shared posts distributed without
clicking to read the full article (Sundar et al., 2024).
In these environments, accuracy-based strategies
must compete with faster, lower-effort responses.
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Evaluating information involves addi-
tional steps, such as opening new sources,
cross-referencing claims, and reading be-
yond headlines. In contrast, sharing con-
tent requires minimal effort and can be
done with a single click.

A second factor is the timing and strength of
consequences. Sharing content yields immediate
reinforcement through likes, shares, and comments,
whereas accurate evaluation produces delayed or less
visible outcomes. This imbalance favors behaviors
that yield immediate feedback. Platform features
such as social feedbackloops, push notifications, and
infinite scrolling further reinforce these patterns by
continuously prompting engagement (Giansiracusa,
2021). In an attention economy that rewards speed,
visibility, and reaction, accuracy becomes the less
reinforced option.

Athird limitation concerns the durability of rule-
based strategies. Instructions such as “verify before
sharing” serve as rules that guide behavior, but
their influence weakens when they compete with
responses that are consistently reinforced. Research
indicates that initial rules can persist even when
more accurate rules are introduced, especially when
those rules are supported by social reinforcement
(Dixon et al., 2000; Harte et al., 2020). In online
environments, belief-consistent content is repeatedly
reinforced, increasing thelikelihood that individuals
follow socially supported patterns rather than ac-
curacy-based rules. These dynamics operate within
the reinforcement cycle shown in Figure 2, where
immediate feedback and algorithmic amplification
strengthen rapid responding over accuracy.

These patterns are embedded in broader platform
systems, where algorithms prioritize engagement
metrics such as clicks, shares, and watch time. As a
result, emotionally engaging or belief-consistent con-
tent is amplified regardless of accuracy (Ahadzadeh et
al., 2021; Bourne, 2023). Effective solutions therefore
extend beyond individual users and require changes
to platform design, industry practices, and policy
frameworks that shape these reinforcement con-
tingencies. Furthermore, because these systems are
intentionally designed and maintained by social media
companies, responsibility for meaningful change lies
largely with those who control the structure of these
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environments and with policymakers shaping regula-
tory constraints (Lazer et al., 2018; Pennycook & Rand,
2022). Without modifications to these environmental
conditions, interventions targeting individual behav-
ior alone are unlikely to produce sustained effects,
particularly given evidence that platform contexts
caninterfere with accuracy-based judgments (Epstein
etal., 2023).

Even platform-level interventions exhibit limited
effects when implemented without broader changes
tothe underlying engagement structures. Third-party
fact-checking programs, including those previously
used by Meta, can reduce belief in false information
under specific conditions but have more limited and
inconsistent effects on sharing behavior in large-scale
environments (Nyhan & Reifler, 2015; Pennycook et
al., 2020). More recent approaches, such as crowd-
based systems like Community Notes on X (formerly
Twitter), aim to provide contextual corrections within
the platform. Research indicates that aggregated user
input can reliably identify misleading content and
reduce its perceived credibility (Allen et al., 2024).
However, these interventions produce more limited
and context-dependent effects on behavior, includ-
ing sharing, due to constraints related to visibility,
timing, and the broader platform environment (Allen
et al.,, 2024; Pennycook et al., 2020; Epstein et al.,
2023). Together, these findings suggest that while
such interventions can influence evaluation, they do
not consistently alter behavior when reinforcement
structures continue to prioritize engagement.

Under conditions of high cognitive load, time
pressure, and emotional arousal, individuals are more
likely to rely on rapid, low-effort responses rather
than on careful evaluation. And even when individ-
uals possess the skills to assess information, these
behaviors must compete with faster, more strongly
reinforced alternatives. Social media platforms,
designed for continuous interaction, are often used
passively and within limited time frames, further
increasing reliance on rapid responses. As a result,
strategies that depend on deliberate processing are
less likely to be applied consistently in real-world
settings.

This pattern aligns with Lewin’s (1951) formulation
of behavior as a function of the individual and the
environment (B = f(P, E)). Lewin’s model emphasizes
that behavior emerges from the interaction between
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personal abilities and environmental conditions at the
moment of action. In digital environments, behavior
is shaped by embedded cues such as notifications,
alerts, message indicators, and algorithmically timed
prompts that serve as immediate triggers for engage-
ment. Even when individuals can accurately evaluate
information, these behaviors must compete with a
continuous stream of salient, low-effort prompts
that prioritize speed and interaction. Under these
conditions, environmental variables exert strong
control over behavior, often overshadowing more
effortful, accuracy-oriented responses. Without
changes to these environmental conditions, sustained
behavior change is unlikely.

Under conditions of high cognitive load,
time pressure, and emotional arousal,
individuals are more likely to rely on rapid,
low-effort responses rather than on careful
evaluation

Social Reinforcement and Identity

Social reinforcement plays a central role in the
spread of misinformation, especially in digital envi-
ronments where peer feedback and group dynamics
continuously shape behavior. On social media, actions
such as posting, liking, sharing, and commenting
produce immediate social effects, including ap-
proval, visibility, and validation. These effects are
amplified by platform design features that prioritize
engagement, as well as by content strategies used by
creators, influencers, and media outlets to attract
and maintain attention. For example, posts are often
structured to increase interaction by using ambiguous
or incomplete information, emotionally charged
language, or formatting that requires additional
effort to interpret. These strategies increase time
spent on content and the likelihood of engagement.
Asaresult, engagement is not simply driven by user
preference but is actively shaped by platform design
and content practices that promote interaction,
sometimes at the expense of accuracy or clarity.
These processes operate within the reinforcement
cycle shown in Figure 2, where social feedback and
algorithmic amplification increase the visibility of
highly engaging content.

Algorithmic systems further amplify these patterns
by promoting content that drives high engagement.
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Posts that provoke strong reactions, especially those
that evoke emotion, are more likely to be boosted
and shared with broader audiences (Ahadzadeh et
al., 2021), which creates a feedback loop in which
socially reinforced content gains visibility, leading to
further reinforcement as exposure increases. Internal
platform data illustrate this effect. For example,
Facebook’s introduction of reaction features such as
“love,” “wow,” and “angry” increased the algorithmic
weighting of emotionally charged engagement, con-
tributing to the spread of divisive and lower-quality
content (Oremus et al., 2021; Bakir & McStay, 2023).
These forms of engagement serve as reinforcement
signals within the system, increasing visibility and
further exposure (see Figure 2).

These dynamics intensify within belief-aligned
communities, where engagement is shaped by both
user preferences and platform-level amplification.
Although individuals may be less likely to inten-
tionally seek out information that conflicts with
their beliefs, they are frequently exposed to such
content through algorithmic distribution and network
structures. Importantly, exposure does not require
agreement to generate interaction; users often engage
with opposing content through comments, shares,
or reactions such as anger, all of which increase
visibility regardless of accuracy (Westerwick et al.,
2017; Zhou & Shen, 2021). Within these networks,
repeated exposure increases perceived credibility,
while social signals indicate that content is accepted
and endorsed by others. Over time, these patterns
strengthen group norms and reduce the likelihood
that alternative viewpoints will be considered. They
also reinforce identity expression, as engagement
signals indicate which beliefs and positions are
supported within a group.

On a broader scale, these processes produce
network-level effects in which engagement-driven
reinforcement increases the visibility of belief-con-
sistent content while limiting the spread of opposing
viewpoints. As a result, content aligned with group
norms receives more interaction and amplification,
thereby contributing to polarization and the continued
spread of misinformation across digital networks.

Designing Better Systems

Misinformation persists because digital environ-
ments reinforce rapid sharing, emotional salience,
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and identity signaling more reliably than accuracy
checking (Vosoughi et al., 2018; Pennycook & Rand,
2019). Under these conditions, interventions that
rely solely on awareness or instruction compete
with systems that reward speed and engagement.
These systems prioritize clicks, shares, and com-
ments, amplifying emotionally salient and novel
content regardless of accuracy (Vosoughi et al., 2018;
Lewandowsky et al., 2017). When engagement is the
primary reinforcement signal, low-effort sharing
becomes an efficient behavior in the attention econ-
omy (Simon, 1971; Bago et al., 2020).

Asillustrated in Figure 5, effective approaches must
alter the contingencies surrounding sharing decisions
by reducing the effort required to verify, increasing
the salience of credibility cues, and introducing
more immediate consequences for accuracy-ori-
ented responses (Pennycook et al., 2021; Ecker et al.,
2022). These implications apply directly to platform
architecture, where modifying effort, feedback, and
visibility can shift behavior from rapid sharing to
more accurate information use.

Platforms can support accuracy-focused responses
by implementing safeguards before sharing, promot-
ing source evaluation, and emphasizing credibility
indicators. Following major political events such
as the 2016 U.S. presidential election and the Brexit
referendum, platforms such as Meta (Facebook and
Instagram) implemented and expanded third-party
fact-checking services amid increased pressure to
address misinformation (Lazer et al., 2018; Swire-
Thompson & Lazer, 2020). In response, companies
introduced warning labels, disclaimers, links to
third-party verifications, and the removal of clearly
false content. These efforts initially suggested that
fact-checking could become a central feature of
major platforms; however, they produced mixed and
often short-lived effects. Concerns about censorship,
perceived bias, and platform governance fueled
resistance, and the focus gradually shifted from
centralized fact-checking to user-driven evaluation
and algorithm-mediated corrections, culminating
in Meta’s January 2025 decision to end third-party
fact-checking partnerships (Marshall, 2025). Even
before these changes, fact-checking interventions
had stronger effects on belief accuracy than on
sharing behavior. The volume and speed of online
content often exceed the capacity of professional
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fact-checkers, allowing false claims to spread widely
before corrections occur. Additionally, distrust of
third-party verification sources and concerns about
bias further limit their effectiveness.
Consequently, platforms have shifted toward
distributed models that rely on user input and
algorithmic systems to shape information flow.
Examples include Community Notes on X (formerly
Twitter), ranking systems, and visibility adjustments
that incorporate crowd-sourced evaluations. These
approaches provide contextual corrections directly
on the platform and draw on aggregated user judg-
ments. Early evidence suggests they can reduce the
perceived credibility of misleading content when
it is visible, but their effects on sharing behavior
remain limited and depend on factors such as timing,
visibility, and user engagement (Allen et al., 2024;
Pennycook et al., 2020). These patterns highlight the
continued influence of reinforcement structures on
information-sharing behavior. Quick reposting can
be reduced by delaying the display of engagement
metrics or by prioritizing verified information in
ranking systems. Social feedback processes can
also be adjusted to emphasize credibility signals,
shifting the relative advantage toward verification
behaviors (Pennycook & Rand, 2019; Ecker et al.,
2022). When credibility cues are weak or inconsistent,
engagement-driven outcomes continue to dominate,
and misleading content remains strongly reinforced.
System-level changes alter the conditions under
which information is evaluated and shared. For
example, Gupta et al. (2026) examined real-time,
body-integrated interventions that deliver immediate
verification cues when users encounter potentially
misleading claims. Their wearable system used subtle

haptic feedback paired with brief explanations to
prompt reconsideration. These interventions intro-
duce immediate consequences for misinformation
processing and reduce the effort required to verify,
thus disrupting automatic responses and encourag-
ing more deliberate evaluation. Empirical findings
suggest that such real-time nudges can improve truth
discernment and increase verification behaviors with-
out substantially increasing cognitive load, though
they also carry risks of over-reliance when system
feedback is inaccurate. When accuracy is supported by
reduced effort, immediate feedback, and consistent
reinforcement, it becomes more competitive with
rapid, engagement-driven responses. Moreover,
systems that align incentives with credibility are more
likely to reduce misinformation than approaches that
rely solely on individual motivation or education.

Conclusion

Misinformation continues to spread because digital
platforms are designed to prioritize and monetize
engagement through comments, likes, and reactions,
rather than accuracy and verification, which require
more time and effort. Social media sites capture and
sustain attention by promoting content that drives
engagement through speed, emotional appeal, and
social relevance (Ahadzadeh et al., 2021; Bourne, 2023).
In these environments, sharing is easy, immediate,
and consistently reinforced, while ensuring accuracy
demands additional effort and often yields delayed
or less visible outcomes. This imbalance creates a
predictable pattern in which misinformation spreads
quickly and persists over time. Research across
fields supports this pattern, and false information
spreads farther and faster than true information,

Engagement-Driven System

* Fast, low-effort sharing

* Immediate social feedback

» Engagement prioritized over accuracy
* Algorithm amplifies interaction

g

Systems-Level Changes

* Add friction before sharing

* Reduce effort to verify

+ Make credibility cues visible

* Adjust feedback to support accuracy

Accuracy-Driven System

« Slower sharing at decision point
 Verification is easy and accessible
* Credibility is visible at a glance

» Accuracy receives feedback

-

Outcome

Misinformation spreads
quickly - with the click of a
button

\ 2

Outcome

More accurate sharing - with
lower effort for verification

Figure 5: Engagement-driven versus accuracy-supporting systems. Engagement-driven environments promote rapid, low-
effort sharing, whereas system-level changes that adjust effort, feedback, and visibility can make verification easier and

improve the accuracy of sharing.
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partly because of its novelty and emotional impact
(Vosoughi et al., 2018). Individuals rely on low-effort
processing strategies in high-volume information
environments, increasing susceptibility to misleading
content (Chen et al., 2021). At the same time, social
and algorithmic reinforcement of belief-consistent
information contributes to polarization and the
persistence of misinformation within networks
(Westerwick et al., 2017; Zhou & Shen, 2021; Ecker
etal., 2024).

Misinformation continues to spread
because digital platforms are designed
to prioritize and monetize engagement
through comments, likes, and reactions,
rather than accuracy and verification, which
require more time and effort.

Earlier information systems imposed constraints
that slowed the spread of misinformation. Editorial
oversight, limited distribution channels, physical
production barriers, and restricted audience par-
ticipation created friction that slowed information
flow and gave more time for verification. Although
misinformation still occurred, these structural con-
straints limited its reach and reduced the likelihood
of rapid, large-scale spread (Posetti & Matthews,
2018). In contrast, contemporary digital environments
have removed many of these constraints, and so
information can nowbe created, shared, and amplified
instantly across global platforms with minimal
effort. Algorithmic systems increase the visibility of
engaging content, lower barriers to content creation,
and reinforce rapid sharing (Giansiracusa, 2021). In
thishigh-speed environment, verification has shifted
from centralized systems to decentralized ones,
such as community-driven corrections, which often
occur after content has already circulated widely.
As a result, corrective information competes with
existing sharing patterns rather than preventing
initial spread.

Traditional responses focus on improving indi-
vidual decision-making through digital literacy,
fact-checking, and accuracy-focused strategies.
While these approaches can enhance knowledge and
evaluation skills, they often fail to produce sustained
behavioral change. Individuals may recognize credible
information yet still share lower-quality content when
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the environment prioritizes speed and engagement.
This reveals a persistent gap between knowledge and
behavior. Addressing misinformation, therefore,
requires shifting from individual-level solutions to
system-level design changes. These system-level
shifts are illustrated in Figure 5, which illustrates
how modifying effort, feedback, and visibility can
shift behavior from rapid sharing to more accurate use
of information. Interventions that reduce the effort
required to verify information, increase the salience
of credibility cues, and introduce more immediate
consequences for accuracy-oriented behavior can alter
the conditions under which information is shared.
For example, requiring interaction with content
before sharing or displaying credibility indicators
can reintroduce friction previously embedded in
traditional information systems while maintaining
broad access to information.

Misinformation persists because digital reinforce-
ment systems favor rapid sharing over accuracy,
amplifying attention, reinforcing identity-aligned
content, and prioritizing engagement. When envi-
ronments are structured so that accuracy is supported
by low effort, immediate feedback, and visible con-
sequences, more reliable sharing behaviors are more
likely. Designing systems that make accurate sharing
easier and more strongly reinforced offers a practi-
cal path to reducing the spread of misinformation.
Without these changes, accurate information will
continue to compete with stronger, more immediate
incentives for sharing. In the attention economy,
selection favors what is most engaging; when effort
and reinforcement remain misaligned, accuracy
is systematically outcompeted, and the spread of
misinformation becomes an expected outcome rather
than an exception.
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Artificial Intelligence (AI) is increasingly embedded across the investment industry, influencing how infor-
mation is processed, decisions are made and value is created. Asset managers, asset owners and regulators
are experimenting with Al-enabled tools, yet many firms struggle to evaluate these applications consistently
or assess their strategic importance within the investment process. As a result, Al adoption often remains
fragmented, incremental and reactive rather than deliberate and outcome-driven. This article takes a practical
approach to this challenge by combining existing research from behavioural economics, organisational
management, investment theory and decision-making with real-world industry experience. It introduces
a structured way to think about Al in the investment process, offering a clear framework to help classify
and evaluate different types of Al tools. While the individual dimensions are not new, their combination
provides a practical lens for comparative assessment across Al tools and use cases. The framework is intended
to help investment professionals clarify where AI is most likely to add economic and organisational value,
where its benefits may be limited and how different AI applications relate to one another strategically.
Additionally, it supports the more informed prioritisation of Al initiatives, better alignment with business
objectives and clearer communication across investment, technology and governance functions. Rather
than presenting empirical results, this article aims to equip practitioners and policy stakeholders with a
usable decision-making aid — one that moves beyond abstract discussions of Al and toward more systematic
integration in real-world investment settings.
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From Hype to Taxonomy: A Practical
Framework for Al Agents in Investment
Management

Professional investors are tasked with maximising
the asymmetry between risk and return — a process
that increasingly relies on advanced analytical tools.
Al agents play an increasingly central role through-
out the investment value chain, from data analysis
to augmenting decision-making capabilities. For
example, Sutiene et al. (2024) explore various Al and
machine learning (ML) techniques for tasks such
as asset allocation, including methods for selecting
predictors and forecasting time series. The expanding
adoption of Al agents within the investment industry
has consequently created a need for a systematic and
structured framework to understand their roles,
capabilities and overall impact.

To establish a theoretical foundation for this
framework, this study draws on an extensive literature
review, revealing several critical gaps. First, existing
research provides limited clarity regarding the classi-
fication of Al systems and agents in financial contexts,
particularly with respect to issues of scalability and
model interpretability (Joshi, 2025). Second, there
remains insufficient understanding of how Al can be
strategically deployed to generate business value and
enhance decision-making processes (Borges et al.,
2021). Third, the literature inadequately addresses how
data-driven optimisation by Al agents may reshape
market coordination mechanisms and organisational
architectures (Lennart, 2024).

Asaresult, nocomprehensive framework currently
exists to guide the deployment of AI agents across
the investment process to optimise the risk-return
trade-off.

No comprehensive framework currently
exists to guide the deployment of Al agents
across the investment process to optimise
the risk-return trade-off.

To address this deficiency, this article proposes a
novel classification system to categorise Al agents in
the investment industry. The objective is to establish
a common conceptual framework for analysing and
discussing the role of Al across the investment domain
to improve decision-making and, in turn, drive better
investment outcomes.

Behavioral Economics Guide 2026

Theoretical Background

Definition of Artificial Intelligence and Large
Language Models

The term ‘artificial intelligence’ (AI) was created
by emeritus Stanford Professor John McCarthy in
1955. It was defined as “the science and engineering
of making intelligent machines” (Rajaraman, 2014)
and refers to a set of methodologies that enable robots
to carry out complex tasks that typically require
human intellect (Hicham et al., 2023).

Large Language Models (LLMs) are a prominent
area within the AI domain and can be described
as ‘generative’ language models, in that they can
generate human-like language and perform a range
of language-processing tasks due to their training
on extensive textual datasets, including publicly
available data and data licensed from third parties
(Sarker, 2022).

Taken together, these perspectives suggest that the
effective professional use of LLMs requires more than
scalable text generation. Value emerges when gener-
ative capabilities are paired with domain-grounded,
externally verifiable knowledge.

Value emerges when generative capabili-
ties are paired with domain-grounded, ex-
ternally verifiable knowledge.

Lack of Applicable Classification Systems

Despite the growing intent to adopt Al-based
applications, their integration within the investment
industry remains fragmented and unstructured
(ESMA, 2026). To date, considerable attention hasbeen
devoted to the potential risks and biases associated
with AI, particularly in relation to ethical concerns.
Addressing these challenges depends critically on
the development and application of Explainable AI
(XAI), which helps demystify ‘black-box’ models
and enhance transparency and trust in investment
decision-making processes (Vukovi¢ et al., 2025).
Sutiene et al. (2024) present the role of XAI in
addressing the ‘black-box’ nature of specific Al
models, thereby building trust and transparency in
investment processes, particularly considering the
increasing regulatory focus on the investment in-
dustry. Furthermore, robust governance frameworks
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are crucial for effectively addressing issues such as
algorithmic biases and transparency. The aim is to
strike abalanced approach that promotes innovation
while ensuring the responsible and sustainable
integration of AI within the financial ecosystem.

A potential yet underexplored driver of the frag-
mented implementation of Al in the investment
industry is the absence of a common classification
system to categorise systematically the growing range
of AI applications. Mokander et al. (2023) explore
methods for classifying Al systems to support the
practical implementation of Al ethics and governance.
They review existing approaches to classifying Al
systems and identify three main ‘mental models’:
the Switch, a simple binary classification; the Ladder,
arisk-based approach; and the Matrix, a multi-di-
mensional classification. The article examines the
strengths and weaknesses of each model in practical
terms by assessing suitability for purpose, sim-
plicity, clarity and stability over time. The aim is to
help organisations and regulators define clear and
workable boundaries for AI governance. However,
the article’s classification hardly helps investment
firms seeking to determine where Al can generate
the greatest value. This limitation primarily stems
from the framework’s lack of alignment with the
typical investment processes employed within such
organisations.

The OECD (OECD Framework for the Classification
of Al Systems, 2022) introduced its Framework for

Comparative
Advantage

Complexity
Range

the Classification of AI Systems, a tool designed to
assist policymakers and others in understanding and
evaluating the characteristics of Al systems in specific
contexts. The OECD framework categorises Al systems
across five dimensions: people and planet, economic
context, data and input, Al model and task and output.
It highlights the relationship between AI system
characteristics and the Al system lifecycle, provides
guidance on contributions for risk management and
identifies relevant actors involved at different stages.
However, it does not align with the typical workflow
of investment firms and therefore provides limited
practical guidance for the optimal integration of
AT within processes. Consequently, the effective
implementation of AI in the investment industry
depends on the development of more sophisticated
categorisation frameworks.

Design of the Classification System

Financial markets are complex, adaptive sys-
tems (Lo, 2004), the primary purpose of which is
to facilitate the efficient allocation of resources
among their participants. The relationship between
investors and financial markets reflects an inter-
action between endogenous and exogenous forces.
Investors act as endogenous agents whose decisions
shape capital allocation, whilst financial markets,
in turn, form the exogenous environment in which
those decisions play out, with varying degrees of
market efficiency influencing outcomes. This article

I

Idea Idea
Generation

Assessment

IW
Point Execution

Light Gray Swan
Unkenwn Unknowns
Principles

Behavioral

White Swan

Unkonwn Unknowns

Analytical

Infarmational

Figure 1: The multi-dimensional framework.
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proposes a framework that integrates both sets
of forces and the mechanisms linking them. The
framework identifies three dimensions that jointly
capture this system. The first is the investment
process, which reflects the endogenous side, i.e.,
the sequence of activities undertaken by investors,
including idea generation, analysis, decision making,
execution and monitoring. The second is the range
of complexity in financial markets, reflecting the
exogenous side, i.e., the structural properties that
make markets more or less predictable. The third
dimension, comparative advantage, functions as a
bridge between endogenous and exogenous drivers
and specifies how investors interact with financial
markets and the basis upon which they seek to estab-
lish an edge. Because markets are highly competitive,
sustained success requires investors to identify and
exploit distinctive advantages.

Because markets are highly competitive,
sustained success requires investors to
identifyandexploitdistinctiveadvantages.

Taken together, the three dimensions form
a conceptual model that offers a systematic way
to categorise the growing range of Al solutions in
investment management (see Figure 1). By mapping
these tools onto the framework, practitioners can
compare applications more clearly. The framework
alsohighlights where Al islikely to deliver the greatest
transformative impact, as well as where its effects
may be more limited or incremental.

Type

Classification System Dimensions

Three Types of Comparative Advantages in the
Investment Industry

Financial markets are highly competitive eco-
systems in which countless participants compete
to achieve excess returns. Just as companies aim to
outperform their rivals to achieve above-average
profitability, many investors aim to outperform
other investors, many of whom are equally skilled
and well-resourced. This makes a comparative edge
essential for success.

Industrial organisation theory provides a useful
lens for understanding this dynamic: investment
strategies can be seen as competitive strategies. As
Michael Porter (1980/1998) emphasised, companies can
only earn sustainable excess returns if they possess
competitive advantages (i.e., enduring traits that allow
them to outperform competitors consistently). In
capital markets, the same principle applies. Sustained
outperformance requires durable advantages.

The typology introduced by Fuller (1998) and
expanded in the CAB framework of Wierckx (2021)
categorises these advantages into three broad types:
informational, analytical and behavioural (see Figure
2). These differ in origin, ease of acquisition and
vulnerability to erosion.

Aninformational advantage arises when a market
participant possesses knowledge that is materially
relevant and not yet reflected in market prices.
This can come from earlier access to news, unique
data sources or overlooked public disclosures. The
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Figure 2: The investment industry’s comparative advantages.
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barriers to acquiring such information have recently
dropped dramatically, thanks to the availability of
technological tools like web scraping, alternative
data and faster data feeds.

However, the benefits that may be derived from
these advantages tend to be short-lived. Once the
information is disseminated or absorbed by the
market, such as after an earnings release or regu-
latory filing, the advantage disappears. Moreover,
regulations such as Regulation Fair Disclosure and the
Sarbanes-Oxley Act, combined with the widespread
availability of the Internet and now AI-driven tools,
have dramatically reduced the exclusivity and shelf
life of information-based advantages.

Analytical advantage often comes frominterpreting
public information better than competitors, and it
arises when investors can synthesise complex or frag-
mented data more effectively. Gaining this capability
typically requires sustained investment in expertise,
research and human capital. Limits on human cog-
nition create barriers to entry, making analytical
advantages relatively resilient. Over time, though,
these advantages often weaken as Al and machine
learning increasingly automate synthesis, pattern
recognition and inference. Abehavioural advantage
capitalises on the persistent irrationalities and biases
of other market participants. Rooted in the pioneering
work of Kahneman and Tversky (1974), behavioural
finance identifies predictable deviations from rational
expectations, including overreaction (De Bondt &
Thaler, 1985; 1987), anchoring (Kahneman & Tversky,
1974) and loss aversion (Kahneman & Tversky, 1979).
Other biases that contribute to systematic mispricing
in financial markets include overconfidence (Odean,
1998), limited attention (Hirshleifer & Teoh, 2003) and
representativeness-driven extrapolation (Barberis
et al., 1998).

Behavioural advantages tend to be
more durable than those derived from
informational or analytical advantages.

Because cognitive biases are deeply ingrained and
evolve only gradually over time, the inefficiencies
they produce are relatively persistent. Consequently,
behavioural advantages tend to be more durable
than those derived from informational or analytical
advantages. Although awareness of behavioural biases
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has increased significantly, such awareness does
not necessarily translate into an enhanced ability to
mitigate their effects. As Kahneman (2011) argues,
intuitive cognitive processes are often resistant to
correction, even when individuals are explicitly aware
of their biases. Especially in environments that are
complex and uncertain, such as most investment
markets, debiasing is much harder because feedbackis
delayed, noisy and often ambiguous (Fischhoff, 1982).

In contrast, informational and analytical ad-
vantages are far more susceptible to erosion: once
information is disseminated or an analytical insight
becomes widespread, the associated opportunity is
typically arbitraged away. Behavioural advantages,
by comparison, exhibit greater resilience precisely
because knowing about a bias does not equate to
overcoming it. As a result, behavioural advantages
are the most durable and resilient of the three.

Investment Process

In practice, these comparative advantages manifest
at different points in the investment workflow. The
following section outlines the common stages through
which investors apply and operationalise these ad-
vantages. Although the uses of specific comparative
advantages and their corresponding investment
strategies differ widely across market participants,
the investment process generally follows acommon
sequence (e.g., Maginn & Tuttle, 1990). The initial
stage, namely the Idea Generation Phase, involves
identifying potential investment opportunities that
align with the participant’s comparative advantage.
Idea generation can be pursued through a top-down
process, in which a broad investment universe is
screened to isolate securities with favourable risk-re-
turn characteristics, or through abottom-up process,
inwhich opportunities emerge from external sources,
such as sell-side brokers, or from the internal analysis
of the investment team.

The second stage, the Idea Assessment Phase,
involves evaluating the opportunities identified in the
preceding step. The objective is to determine which
investments exhibit the most attractive risk-return
characteristics, conditional on the existing portfolio
and mandate constraints. This evaluation typically
follows a set of predetermined criteria that reflect
the market participant’s analytical framework and
comparative advantage. Since AI can analyse large
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datasets and accelerate time-consuming tasks, such
as extracting information from multiple annual
reports into spreadsheets, it is expected to have a
significant impact in this area.

If an opportunity is deemed attractive, the process
advances to the Decision Phase, where a formal
decision to commit capital is made. Decision-making
practices vary substantially across market partic-
ipants and depend on factors such as investment
team size, organisational hierarchy and client- or
mandate-specific guidelines. Crucially, because soci-
ety generally expects humans to remain accountable
for decisions, it is unlikely that AT will fully take
over at this stage; rather, it is expected to augment
human decision-makers. For instance, it can serve
as avaluable partner by providing critical feedback,
ensuring that decisions are made only after careful
consideration.

Once an investment decision has been taken, the
Execution Phase follows, in which the position is
established through trading activity. This step entails
selecting appropriate trading venues and strategies
while balancing objectives to minimise transaction
costs, market impact and execution risk.

During the Monitoring Phase, market participants
continually assess whether the investment remains
aligned with its intended objectives. This includes
evaluating the position’s ongoing risk-return profile,
itsinteraction with other portfolio holdings and any
changes in the underlying thesis. The monitoring
process ensures that deviations from expectations
are addressed through rebalancing, hedging or
divestment.

In parallel with monitoring, the Compliance Phase
ensures that both regulatory obligations and cli-
ent-specific guidelines are adhered to throughout the
investment’s life cycle. Compliance functions serve
as a safeguard, ensuring that investment activities
remain consistent with legal requirements, fiduciary
duties and contractual mandates.

Finally, the Stakeholder Management Phase en-
compasses communicating investment rationales,
portfolio positioning and performance outcomes
to clients and other stakeholders. Transparent and
consistent communication is essential for maintain-
ing trust, aligning expectations and demonstrating
adherence to fiduciary responsibilities. This phase
closes the loop by ensuring that investment pro-
cesses are not only internally consistent, but also
externally validated through accountability to clients
and beneficiaries.

Taken together, these stages define a general
investment process. They include idea generation, idea
assessment, decision-making, execution, monitoring,
compliance and stakeholder management. While
the substance of each stage differs across firms and
contexts, the overall sequence is broadly consistent
throughout the industry.

Complexity Range

Across the investment process, decisions are
made under very different conditions of uncertainty.
Understanding these differences is essential for
evaluating not only where AI systems add value,
but also which types of Al agents are appropriate in
different settings.

0O
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Figure 3: Summary of the various uncertainty environments, using the methods discussed above.
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Taleb (2012) classifies risk and uncertainty into
three distinct categories: White Swans, Grey Swans
and Black Swans. White Swans pertain to contexts
in which risks are well-defined, meaning that the
probability distribution of outcomes is known, even
though the specific outcome remains uncertain.
In practice, however, the acquisition of additional
data can introduce more noise than an informative
signal (Dawes, 1971), thereby complicating the pre-
cise estimation of probabilities despite theoretical
knowledge of the distribution. These situations are
often referred to as ‘Light Grey Swans’. Dark Grey
Swans relate to environments when information is
limited; here, identifying relevant factors and causal
relationships becomes more critical than accurately
assigning quantitative weights (Dawes & Corrigan,
1974). Finally, Black Swans represent contexts of
maximal uncertainty, encompassing ‘unknown
unknowns’. In these environments, Gigerenzer (2011)
argues that simpler strategies, such as those that
rely on logic and heuristics, may be more effective
than complex models.

These distinctions have direct implications for the
design and deployment of AI agents in investment
contexts. In White Swan and Light Grey Swan contexts
(where probability distributions are known or can be
reasonably approximated), Al tools tend to perform
strongly. Machine learning models, particularly those
optimised for pattern recognition and prediction,
can efficiently process large volumes of structured
financial data, identify statistical regularities and
support forecasting tasks such as asset pricing, risk
estimation and portfolio optimisation. However, even
inthese settings, the marginal benefit of increasingly
complex models may diminish when additional data
primarily introduces noise rather than a signal,
implying that model governance and feature selection
remain critical.

As uncertainty increases in Dark Grey and Black
Swan environments, the limitations of AI become
more pronounced. Model performance becomes
constrained by the availability and quality of inputs,
making it difficult for purely data-driven approaches
to infer causal relationships reliably. In extreme
uncertainty, characteristic of Black Swans, Al models
trained on historical data are inherently ill-equipped
to anticipate unprecedented events. As aresult, adop-
tion in these contexts tends to shift toward hybrid
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approaches, where Al augments rather than replaces
human judgment. In this case, Al can still add value
through scenario analysis, stress testing and the
identification of weak signals, but decision-making
relies more heavily on human intuition, domain
expertise and heuristic reasoning.

These differences in uncertainty imply that the
suitability of AI systems is context-dependent — a
point that directly motivates the classification of Al
agents introduced in the next section.

Integrating the Dimensions: A Practical Illustration

The interaction of the three dimensions canbeil-
lustrated using an NLP-based earnings-call sentiment
analyser, which may generate an analytical advantage
by converting public, unstructured information into
systematic signals.

Across the investment process, the analyser is most
effectivein the idea generation and idea assessment
phases, but it can also support the monitoring phase
by enabling the longitudinal tracking of management
communication. Its role in execution and final de-
cision-making remains limited, with accountability
retained by human decision-makers.

In terms of complexity, the tool performs best
in White Swan and Light Grey Swan environments,
where the effects of certain corporate communication
on investment returns are stable and historical data
is available.

Integrated Classification System

Taken together, the three dimensions, namely
comparative advantage, investment process stage
and complexity range, form an integrated classi-
fication system for AI applications in investment
management. Their joint consideration allows Al
tools to be positioned more precisely and compared
more systematically.

Al effectiveness depends on the inter-
action of three dimensions: comparative
advantage, investment process stage and
complexity range.

The central insight is that AI effectiveness
depends on the interaction of these dimensions.
AT agents that generate informational or ana-
lytical advantages may be well-suited to specific
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investment process stages, albeit under particular
uncertainty conditions. Moreover, tools that sup-
port behavioural advantages tend to rely more on
interpretability and human oversight and are less
dependent on data richness. Mapping Al agents
across all three dimensions therefore clarifies both
where they are best deployed and the conditions
under which they add value.

Discussion

Implications for Practice

The proposed framework offers investment man-
agers, software developers and regulators a struc-
tured approach to classifying Al agents. By providing
a shared taxonomy, it improves decision-making
and governance while clarifying when AI should
act as an augmenting copilot. This systematic
classification reduces the risk of misapplication,
promotes responsible adoption and helps align Al
deployment with a firm-specific comparative advan-
tage. For developers and regulators, the framework
supports fit-for-purpose design and differentiated
governance, reducing misapplication and aligning
Al use with firm-specific strengths and fiduciary
responsibilities.

Strengths, Implications and Future Directions

A central contribution of this work is its integration
of behavioural economics, organisational manage-
ment theory, investment theory and decision-making
theory into a coherent classification system. By
moving beyond purely technical Al perspectives, the
framework captures the interplay of design, human
interaction and the financial market environment,
thereby bridging the fragmented literature.

Future research should expand empirical validation
of the classification system through case studies,
simulations and practitioner feedback. Longitudinal
studies could shed light on the effects of AI agent
adoption on investment outcomes, whilst ethical
considerations, particularly regarding transparency,
accountability and bias, require deeper investiga-
tion. Finally, cross-sectoral comparisons would
help assess the framework’s transferability beyond
investment management, thereby reinforcing its
broader relevance.

Behavioral Economics Guide 2026

Conclusions

This study examines the application of Al in in-
vestment management through a multi-dimensional
classification framework. By integrating insights from
behavioural economics, organisational management,
investment theory and decision-making research,
the framework brings practical conceptual clarity
to a field where inconsistent taxonomies can result
in both missed opportunities and the inappropriate
use of AL By offering a structured way to compare
AI applications, the framework helps investment
professionals, developers and regulators in aligning
Al adoption with both organisational strengths and
governance requirements.
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Workers in United States defined contribution retirement plans spend decades focused on accumulating their
savings for retirement. As retirement approaches, they face a fundamentally different challenge: converting
their accumulated assets into sustainable income. Behavioral science offers valuable tools for easing this
shift. Installment-based withdrawals are automated mechanisms that can convert retirement portfolios
into scheduled, recurring payments and reduce cognitive load, mitigate behavioral biases, and mitigate
risk. This chapter examines the role of behaviorally informed design and communication in connecting
older investors to retiree-friendly decumulation features, such as installment-based withdrawals, on
digital retirement platforms. Drawing on evidence from a field experiment, it evaluates targeted messaging
designed to increase the awareness and adoption of installment-based withdrawal features. The findings
suggest that messaging framing may increase engagement with installment-based withdrawal features

among plan participants approaching retirement.

Introduction

The United States’ aging population is rapidly
increasing and is projected to reach 82 million by 2050
(World Bank, 2026). These demographic shifts have
highlighted the need to support a swiftly growing
cohort of Americans turning 67 each year with their
financial planning needs. Over the past 50 years, the
United States retirement system has shifted from
defined benefit (DB) pensions—which are funded
by an employer and automatically guarantee an
income stream in retirement—to defined contribution
(DC) retirement plans like the 401(k), which are
funded and managed by individual employees. Today,
roughly half of private-sector workers participate
in a DC plan, and more than 730,000 DC plans cover

over 86 million active savers (Cerulli Associates,
2025; Employee Benefit Research Institute, 2025;
Investment Company Institute, 2025). This transition
has placed the responsibility for key retirement
decisions, such as how much to save, how to invest,
and ultimately when and how to draw down those
savings, squarely on individuals.

Behavioral design and behaviorally informed
communications can play a critical role in bridging
the gap between accumulation and decumulation
by connecting older investors to retiree-friendly
featureslike installment-based withdrawals on online
retirement platforms. These features allow investors
to withdraw a fixed amount from their retirement
investments atregular intervals. Withdrawal amounts

1 Corresponding Author: christelle.ngnoumen@voya.com
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and schedules are determined by the investor, and
the feature helps schedule and generate recurring
payments while a remaining balance in investments
continues to grow and sustain income levels over
time through the return on these investments. As
structured decumulation tools, installment-based
withdrawals can help reduce cognitive load, bias in
decision-making, and risk.

Behavioral design and behaviorally
informed communications can play a
critical role in bridging the gap between
accumulation and decumulation.

The following examines the importance of con-
necting older investors to retiree-friendly features
that support the transition from accumulation to
decumulation, with particular attention paid to
installment-based withdrawals offered on digital
retirement platforms. It presents findings from afield
experiment that tested targeted, behaviorally informed
messaging designed to increase the awareness and
adoption of these tools. By evaluating how targeted
communication strategies can reduce behavioral
barriers and encourage participation, the chapter
highlights the role of behavioral science in facilitating
the connection to sustainable retirement income
options for investors both nearing and in retirement.

Easing the Transition From Work to
Retirement: Advantages of Installment-
Based Withdrawal Features for Older
Investors

Fordecades, participantsin DC retirement plans have
been conditioned to accumulate assets. Retirement
disrupts this mindset, requiring a shift from saving to
spending. Installment-based withdrawals can ease this
transition by recreating the familiar cadence of earned
income. Regular paycheck-like payments provide
continuity and structure at a time when retirees may
feelunanchored due to changes in professional identity
and cognitive processing.

Reducing Cognitive Load

Decumulation requires pre-retirees and retirees
alike to make repeated judgments about withdrawal
timing (i.e., when to take out their money), withdrawal
amounts (i.e., how much money to take out), market
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conditions (i.e., how current and future economic
environments may affect their portfolio), tax im-
plications (i.e., how different withdrawal strategies
influence their tax burden), and long-term sus-
tainability (i.e., whether their savings will support
their spending needs throughout retirement), all
of which are tasks that demand working memory,
numerical reasoning, and future-oriented planning.
These demands can be especially taxing for older
adults, who often experience age-related declines
in processing speed and executive functioning
(Karjalainen, 2025; Strough et al., 2021), making
financial decision-making more effortful and more
susceptible to bias (Keane & Thorp, 2016). Atshan,
Angrisani, and Lee (2025) found that individuals
in the U.S. experience the largest decline in wealth
following the onset of cognitive decline compared to
individuals from other countries—a disparity that
seems largely driven by the structure of DC retirement
funding in the U.S. that requires individuals to make
more complex decisions about the decumulation of
retirement assets.

Installment-based withdrawals reduce cognitive
burden by automating key decisions. Once a with-
drawal schedule is set, participants are no longer
required to reassess repeatedly how much or when to
withdraw, thus minimizing decision points, choice
overload, and decision fatigue.

Reducing Bias in Decision-Making

Installment-based withdrawals also limit the in-
fluence of well-documented cognitive and emotional
tendencies that become more pronounced with age.
Many pre-retirees and retirees enter decumulation
with deeply engrained accumulation habits, height-
ened loss aversion, and strong preferences for the
status quo. These tendencies can distort withdrawal
behavior by making them reluctant to draw down
assets (Olafsson & Pagel, 2018), to view withdrawals
from savings as a loss (Brown et al., 2013; Shu & Shu,
2018), to be overly reactive to market fluctuations (Lal
et al., 2024; Korniotis & Kumar, 2011), or to rely on
recent events in a manner that prevents long-term
thinking.

Related to the reluctance to draw down assets,
spending from qualified accountslike 401(k)s and IRAs
only increases once Required Minimum Distributions
(RMDs)—minimum amounts individuals must
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withdraw from their retirement accounts each year,
starting when they reach age 73 —begin, suggesting
that retirees avoid drawing down assets unless, or
until, forced by institutional rules. Even still, the
effect of RMDs on decumulation behavior is modest
(Mortenson et al., 2019). Blanchett and Finke (2025)
analyzed how Americans spend their money in retire-
ment and found that whereas retirees consume around
80% of guaranteed lifetime income sources such as
social security, pensions, and private annuities, they
only consume about half (50%) of investment savings
from their retirement accounts, leading to significant
underspending of their total savings. This suggests
that mental accounting leads pre-retirees and retirees
totreat ‘income’ and ‘savings’ differently—andina
manner that impacts decumulation behavior.

By introducing a regular and pre-committed with-
drawal structure, installment-based withdrawal fea-
tures promote greater behavioral discipline. Empirical
evidence links these features to fewer discretionary
withdrawals, more stable withdrawal rates, and alower
risk of premature asset depletion (IRALOGIX, 2024;
Pang & Warshawsky, 2025). Pre-commitment helps
investors avoid impulsive changes and reduces the
tendency to overweight recent market performance.

Mitigating Risk

A key risk in retirement is sequence-of-returns
risk, where market downturns early in retirement can
permanently reduce income if withdrawals during
downturns are large or reactive (Clare et al., 2025).
Installment-based withdrawals can mitigate this
riskby promoting consistent, measured withdrawals
and discouraging large drawdowns during market
declines, thereby supporting more sustainable income
over retirement.

Barriers to Adoption

Despite the known advantages of installment-based
withdrawal features, and despite being offered by a
majority (70%) of retirement plans, adoption of these
features remains low (Institutional Retirement Income
Council, 2024). Most large retirement recordkeepers
and industry researchers report that only about
15 - 40% of retirement participants who have access
toin-plan withdrawal features like installments use
them, even though they are designed to function
as structured decumulation pathways that provide
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retirees with a predictable and sustainable method
for generating retirement income while preserving
an opportunity for tax-deferred or tax-free growth.

Only about 15 — 40% of retirement
participants who have access to in-plan
withdrawal features like installments use
them.

There are several barriers to the adoption of
installment-based withdrawal features, including
cognitive, motivational, and environmental ones.
Many investors in retirement plans don’t realize that
they have access to installment-based withdrawal
features through their retirement plan. Moreover,
when there is awareness of access to these features,
many still do not fully understand what they are,
how they work, or their value. Low awareness and
low understanding are two related cognitive barriers
to the adoption of installment-based withdrawal
features. Research tracking pre-retirees’ and retirees’
perceptions and behaviors found low familiarity
with retirement income features, including install-
ment-based withdrawals, confusion about withdrawal
strategies, and a preference for lump sum withdrawals
even when more tax-efficient and structured with-
drawal options were available (LIMRA, 2025; LIMRA
& Ipsos, 2025). Using real-world data, Horan (2024)
found that most retirees taking taxable distributions
withdraw lump sums or annually and rarely use more
frequent withdrawal schedules.

Installment-based withdrawals are often poorly
placed in digital flow, making the features difficult
to find; furthermore, poor information architecture
that hinders findability and the ability to take action
are two additional environmental barriers to their
adoption.

Taken together, these obstacles to adoption raise
a natural question: how can behaviorally informed
messaging increase engagement with install-
ment-based withdrawal features?

A Field Experiment: Testing Behaviorally
informed Messages to Improve the Adoption
of Installment-Based Withdrawal Features
Afield experiment was conducted with Voya retire-
ment plan participants aged 55 and older to test and
identify which behavioral messaging framing could
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most effectively increase engagement with and the
adoption of installment-based withdrawal features.

Experiment Design

Intotal, 2,043 participants aged 55 and older were
randomly assigned to view one of three message
variations while visiting a page about withdrawals
on their retirement plan website. To ensure visibility
and salience, the messages were placed at the top of
the page and in a consistent place across all three
conditions. An additional group of 630 participants of
matching characteristics (age; gender; income) who
visited the same page without messaging during the
same period the experiment ran were included as a
control for analysis (Figure 1).

The experiment targeted individuals aged 55
and older in plans with online installment-based
withdrawals features who were visiting a page to
explore their withdrawal options on the retirement
website to ensure that the behavioral messages they
received would be both timely and directly aligned
with their actions. Prior research indicates that
similarly aged individuals visited the same page the
most for reasons including exploring their options
while preparing for an upcoming retirement decision,
considering full lump sum withdrawals, exploring
penalty-free withdrawal rules, or satisfying general
curiosities while browsing. By engaging participants
at the precise moment they were considering their
retirement options, each messaging intervention
addressed a specific barrier to installment adoption
and was connected to a clear action path to facilitate
engagement with and the adoption of the feature.

The independent variable included the messag-
ing shown to participants on top of the webpage.
Messaging consisted of three behaviorally informed
messaging interventions designed to address cogni-
tive and motivational barriers to installment-based
withdrawal adoption. Across all three conditions,
the messaging was placed at the top of the page to
maintain consistency in the experimental design
and to reduce environmental barriers to adoption by
improving the findability of the feature on the page
and within the plan experience (Figure 1).

Outcomes were measured at the participant level
and defined based on whether a participant was
exposed to the messaging treatment at any point
during the study window. Two primary dependent
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variables were examined. Participant Interest was
assessed based on the proportion of participants
who viewed each of the message variations and
clicked on the respective call-to-action (CTA) button
to learn more or get additional information about
installment-based withdrawals. Adoption of install-
ment-based withdrawal features was assessed based
on the number of clicks-to-enroll, or by the number
of participants who viewed each of the message
variations and subsequently signed up for install-
ment-based withdrawals. A secondary dependent
variable, Retirement Income Resource Engagement, was
assessed based on the proportion of participants who
viewed each of the message variations, clicked on their
respective CTAs, and then clicked on an additional link
to access a resource center with information about
how to manage retirement income and withdrawals
strategically (e.g., factoring in longevity, inflation,
taxes, medical expenses, market downturns).

Experimental Conditions and Behaviorally
Informed Messaging

Education-Focused Messaging: This message
variation focused on explaining the nature of in-
stallment-based withdrawals, and how they work,
to educate retirement participants about the feature
as well as raise awareness of the fact that their plan
offered it. This message variation was included to
address cognitive barriers to installment-based
withdrawal adoption.

Benefits-Focused Messaging: This message vari-
ation highlighted the benefits of installment-based
withdrawals, including their ability to help par-
ticipants reduce the risk of outliving their savings
by setting up regular retirement paychecks at safe
withdrawal rates. Inflation and not having enough
money to support long-term living expenses are two
top factors that cause the most financial stress for
active and retired retirement participants (Cerulli
Associates, 2025). They were therefore highlighted
in the benefits-focused messaging. This message
variation was included to address motivational
barriers to installment-based withdrawal feature
adoption.

Ownership-Focused Framing: This message vari-
ation applied the behavioral principle of endowment
to position installment-based withdrawals as an
active benefit that participants already had access
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Select a Withdrawal Type

/\ You have active retirement plan benefits. Take advantage of your plan’s automatic retirement income features. Learn more.

Please select the type of withdrawal that you would like to request or view eligibility on, then click Next:

Withdrawal Type
Retirement Income (Installments)
59 1/2 Withdrawal
Hardship
Partial Withdrawal

Lump Sum Distribution

Amount Available

Date Available Eligible

$50,000 January 1, YYYY Yes
$50,000 January 1, YYYY  Yes
$50,000  January 1,YYYY  Yes
$50,000 January 1, YYYY  Yes
$50,000 January 1, YYYY  Yes

What are installments?

Think about them as a customized paycheck you can generate in retirement. You set the dollar
amount or percentage of the withdrawal as well as the frequency of payment. And, you can
change or cancel them at any time. Installments can also be used to help you comply with IRS
Required Minimum Distribution rules.

Check out our resource center to learn more about creating a retirement income plan.

Figure 1: Representation of the online retirement plan webpage and the placement of behaviorally informed messaging
interventions. The example shown features the ownership-focused message (top). A pop-up message with additional
information about installment-based withdrawal features appears after a participant clicks on the “Learn More” link (bottom).

to but were simply not using. Research has shown
that people place higher value on things they feel
they already own (Kahneman et al., 1990). By framing
installment-based withdrawal features as an asset
participants possessed, the message aimed to increase
its perceived value and participants’ engagement
with it. This message variation was included to
address motivational barriers to installment-based
withdrawal feature adoption (Figure 2).

Participants

Atotal of 2,673 retirement plan participants aged 55
and older were recruited (671 were randomly assigned
to the Education-Based Messaging condition; 648
to the Benefits-Based Messaging condition; 724 to
the Ownership-Based Messaging condition; and 630
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participants matched on age, gender, and income
were assigned to a control condition). Participant
ages ranged from 55 to over 65 years (35% were
aged 50 — 59; 31% were aged 60 — 65; 34% were aged
65 and older). The sample was 49% female, 41%
male, and 10% had unknown gender identification.
Demographics (e.g., age, gender, income) did not
differ by condition. Participants’ behavioral data
were collected from August 14", 2024, to November
13th, 2024

Results

Participants in the Ownership-Focused Messaging
condition (pownership =5.5%, N =724) showed significant-
ly higher levels of interest in installment-based with-
drawals compared to those in the Education-Focused
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Did you know that your plan offers installments? You can convert your savings into
regularincome in retirement deposited directly to your bank account. Learn more.

[ Reduce your risk of outliving your savings by setting up regular retirement paychecks
with safe withdrawal rates. You have access to installment features. Learn more.

1. You have active retirement plan benefits. Take advantage of your plan’s automatic

retirement income features. Learn more.

Figure 2: The three messaging interventions.

Messaging condition (P ,,..c0n = 33%, N = 671),
Z = 2.03, p = .040, h = .11, and compared to those
in the Benefits-Focused Messaging condition
(Pyenefics = 2:9%, N = 648), Z = 2.36, p = .018, h = .13.
Education-Focused Messaging drove greater interest
in installment-based withdrawals compared to
Benefits-Focused Messaging, Z =1.97, p =.048, h =.02.
About 45% of participants in the Ownership-
Focused Messaging condition who clicked on the Learn
More CTA also engaged with additional resources
about retirement income planning (i.e., Retirement
Income Resource Engagement) provided in the pop-up
modal. This compares to about 59% of participants
in the Education-Focused Messaging condition who
engaged with retirement income planning resources,
and to about 32% of participants in the Benefits-
Focused Messaging condition who engaged with
retirement income planning resources.
Participants in the Ownership-Focused Messaging
condition were significantly more likely to sign
up for installment-based withdrawals within the
digital system (P, ,erenip = 4-1%, N = 724) compared to
those in the Education-Focused Messaging condition
(Pegucation = 2:0%, N = 671), Z = 239, p = .017, h = .12,
and compared to those in the Benefits-Focused
Messaging condition (p, .., = 2.0%, N = 648), Z = 2.27,
p =.023, h = .12. The difference in installment-based
withdrawal signups between Education-Focused
Messaging and Benefits-Focused Messaging con-
ditions was not statistically significant. The signup
rate for installment-based withdrawals among
the control group of matched individuals was 3%
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(Pownersnip = 3-0%, N = 630). Although statistically
nonsignificant, a marginal trend was observed
involving greater signups for installment-based
withdrawals among participants in the Ownership-
Focused Messaging condition compared to the control
group of matched participants.

Participants in the Ownership-Focused
Messaging condition were significantly
more likely to sign up for installment-based
withdrawals within the digital system.

An interaction between messaging frame and
gender on engagement with installment resources
was statistically significant, X2(2, N = 41) = 6.72,
p =.035, w = .41. Women were more likely than ex-
pected to engage with installment resources under
the Benefits-Focused frame, whereas men were more
likely to engage with installment resources under
the Ownership-Focused Frame. Education-Focused
framing generated similar levels of engagement for
both genders.

Discussion

As the retirement landscape evolves, install-
ment-based withdrawal features offer pre-retirees
and retirees flexibility, liquidity, and the potential
for continued market growth to sustain income
levels over time. Behaviorally informed messag-
ing on digital retirement platforms can be used to
connect older investors to these features. While the
observed effects were small, experimental evidence
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suggests that Ownership-Focused Messaging was
more effective at increasing engagement with in-
stallment-based withdrawal features and adoption
compared to Education-Focused and Benefits-Focused
Messaging. Several behavioral mechanisms might
explain these results. The interventions tested
were designed to address specific barriers to the
adoption of installment-based withdrawal features.
It is possible that Ownership-Focused Messaging
rooted in the endowment effect was more effective
at driving engagement among older investors by
virtue of tapping into their greater tendency toward
loss aversion. Prior research has established that
people become reluctant to part with something
once they feel it belongs to them (Ericson & Fuster,
2014; Kahneman et al., 1990; Knetsch, 1989). Drawing
participants’ attention to active plan benefits they
already possessed by virtue of being in the plan, but
were not yet using, possibly triggered concern about
losing those valuable plan features.

Prior research has established that people
become reluctant to part with something
once they feel it belongs to them.

It is also possible that the framing of install-
ment-based withdrawals as ‘retirement income’
helped boost engagement with the features. These
results align with the prior empirical literature sug-
gesting that mental accounting leads retirees to treat
‘income’ differently from ‘savings’, and in a manner
that supports and hinders decumulation behavior,
respectively (Blanchett & Finke, 2025). Retirees are
more apt to engage with installment-based with-
drawal features when they emphasize income rather
than savings being drawn down from.

The gender effects observed align with prior
research in psychology and behavioral economics
that has found that women respond more to mes-
saging that emphasizes reduced risk and security,
while men respond more strongly to messaging
emphasizing winning or maximizing gains. Relatedly,
Ownership-Focused Messaging might have resonated
more for men, given the nature of the endowment
effect and how it transforms financial decisions into
opportunities to maintain control, avoid loss, and
optimize outcomes (Croson & Gneezy, 2009; Barber
& Odean, 2001).
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The interventions tested in this research increased
the adoption of installment-based withdrawal fea-
tures from 2% to 4%. While this was a statistically
significant doubling, it still left 96% of participants
not adopting the features. While there are genuine
behavioral barriers the interventions likely partially
overcame, it is also likely that a portion of older
investors prefer not to use installments for other valid
and rational reasons. Many retirees prefer to keep
full control over when and how much they withdraw
to allow them to adjust withdrawals in response to
unexpected expenses like medical bills. Moreover,
retirees with substantial Social Security benefits,
pensions, rental income, or spousal income may
not need regular withdrawals from their retirement
accounts. Because their essential expenses are already
covered, they may prefer to leave tax-deferred assets
untouched to continue compounding or to preserve
them for later-life needs or legacy goals. And finally,
some retirees intentionally avoid installment-based
withdrawals because they manage their tax brackets
year-to-year, such as waiting until RMDs begin,
taking larger withdrawals in low-income years, or
avoiding withdrawals that would push them into a
higher tax bracket.

Bridging the Gap Between Accumulation
and Decumulation

This research offers several practical insights for
benefitsleaders and organizations seeking to support
older investors and pre-retirees in their journey
both to and throughout retirement. Employers can
make retirement plans more retiree-friendly by
helping workers engage with features that allow
them to easily generate income in retirement. While
comprehensive retirement income solutions that
automatically calculate and translate savings into
sustainable income streams are most ideal, such
advanced features are not always available within
employer-sponsored plans. In these cases, em-
ployers can still make their retirement plans more
retiree-friendly by improving how existing features
are presented and communicated. Highlighting
available installment-based withdrawal options
through clearer information architecture and
communications may help workers more effectively
engage with tools that support income generation
in retirement.
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Behavioral design and behaviorally informed
messaging can help older investors access available
tools to guide and optimize their decision-making
inretirement, bridging a critical gap between accu-
mulation and decumulation. When combined with
intuitive information architecture, simple educational
materials, and targeted messaging, these approaches
can help pre-retirees stay on track by helping them
better understand their options, overcome financial
literacy barriers, and make more confident decisions.

Intuitive Information Architecture

Messaging about installment-based withdrawals
and related retiree-friendly features that is embedded
directly into participants’ action paths is more likely
to influence behavior at the exact moment a decision
is being made. For example, communications or
messaging about installment-based withdrawals
that are positioned on or at the top of a page partic-
ipants visit to browse their retirement resources,
explore their withdrawal options, and/or allocate
their investments is going to be more effective than
emails or printed materials operating outside of the
decision environment.

Simple Educational Materials

Providing clear, easy-to-understand educational
materials alongside withdrawal-based installment
options can play a crucial role in overcoming financial
literacy. Research shows that retirees often struggle
with concepts like sequencing risk, withdrawal rates,
and longevity planning. Plain-language explanations,
visual examples, and step-by-step guidance tailored
to the installment-based withdrawal feature itself
canreduce the cognitive effort required to understand
how the option works and how to use it to generate
income sustainably.

Behavioral Targeting and Personalization
Behavioral targeting and personalized outreach
can help older investors engage with retiree-friendly
features, such as withdrawal-based installments,
at moments when they are most receptive. Many
individuals approaching retirement may not actively
seek out information about withdrawals or income
strategies, even when they need it. Behavioral sig-
nals—such as participants who are 55 years and
older and have recently visited a withdrawal-related
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page—can be used to deliver timely and relevant
digital nudges or email campaigns that meet people
exactly where they are in their decision-making
process.

Behavioral targeting and personalized
outreach can help older investors engage
with  retiree-friendly features, such
as withdrawal-based installments, at
moments when they are most receptive.

The observed differential responses to mes-
saging by gender (e.g., women responded more to
Benefits-Focused Messaging; men responded more
to Ownership-Focused Messaging) also suggest
that personalized messaging strategies could be
substantially more effective than one-size-fits-all
approaches. Plans offering installment features
should consider offering multiple entry points as
well as different framings to engage a more diverse
set of participants.
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How Consumers Experience and Interpret Prices:
A Behavioural Study

CLAIRE NOLAN, ALICE PEARCE, PAKAMON PRASITSUMRIT1, AND ANGEL ZHOU
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Behavioural economics has shown that consumers do not rationally judge prices as absolute figures, but as
psychologically constructed reference points shaped by context, framing, and cognitive biases (Barberis,
2013). Our perception of a price and the resulting elasticity is malleable and context dependent. We ran three
behavioural experiments to illustrate how consumers’ incoming expectations, the decision context and the
communication of prices all significantly impact consumer behaviour and sentiment. Our findings show
price elasticity is not a stable input to a pricing strategy but an outcome that is hard to measure, making
understanding its causes, including the consumer perspective, essential.

Consumers do not rationally judge prices
as absolute figures, but as psychologically
constructed reference points shaped by
context, framing, and cognitive biases.

Introduction

Consumer reactions to prices and resulting
purchasing behaviour are fundamental to revenue
and margin optimisation, yet brands often have a
narrow understanding of how consumers engage with
prices. Considerable resources are spent measuring
price elasticity (Zhang, 2025), with little focus on
its underlying causes. This assumes products have
a natural elasticity that should determine a pricing
strategy, instead of recognising that elasticity is
shaped by multiple influences. These include external
factors, such as macroeconomic conditions and
competitor pricing, and controllable factors like
historical pricing, current pricing architecture and
communications strategy. While brands use elasticity

to predict consumer responses to prices, behavioural
experiments provide a much more effective approach.

Methodology

We conducted three behavioural experiments to
analyse how consumer expectations and perceptions
provide an additional lens to interpret and influence
observed price elasticity. Primary research was con-
ducted online in November 2025 using a nationally
representative sample of 1,059 UK consumers aged 18+,
recruited by our panel partner. Experiments covered a
consistent set of nine industries to test generalisabil-
ity — Grocery, Insurance, Utilities, Telecoms, Travel,
Finance, Food Delivery, Retail and Pubs. To maximise
statistical power and minimise respondent fatigue,
respondents completed all three experiments for
three of the nine industries, with industries randomly
allocated to one experiment for each respondent. A
demographics section was included for statistical
controls and to identify demographic patterns.

1 Corresponding author: p.prasitsumrit@dectech.co.uk
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Expected Price: How Should Consumer
Expectations Shape Pricing Strategies?

Price elasticity measures demand sensitivity to
price, but demand depends not only on absolute price,
but also on how far it is from consumer expectations,
or the “reference price” (Winer, 1986). From our
experience in behavioural science, expectations
derive from historic pricing, competitor pricing,
substitutes, decision environment, macroeconomic
context and more. Prices far above or below ex-
pectations immediately affect purchase rate and
margin, and they have a longer-term brand impact.
Furthermore, sticker shocks — surprisingly high
prices — can have a spiralling effect, as negative
word of mouth extends harm far beyond those who
encounter the price. Retailers must optimise margin
distribution by removing damagingly high prices
while maintaining a few low ‘hero’ prices.

We studied the accuracy and spread of price
estimates without reference prices. Respondents
estimated the price — in pounds and pence — of a
branded product from a detailed description (e.g.,
“S Hovis Seed Sensations loaf of bread (800g) from
Waitrose”). Each respondent priced three products
(e.g., bread, milk, cornflakes) from each of three
randomly selected industries, with brands randomly

assigned to each product (see Appendix). Respondents
then rated how confident they were of their estimate
from 0-100%, familiarity with the brand and when
they last purchased the product. We tested three
hypotheses:

Hi1: Consumers underestimate higher prices and
overestimate lower prices.

H2: Expected prices will deviate more from real
prices in low-engagement industries.

H3: Consumer price expectations differentiate
value, mid-tier and premium brands.

Consumers provided reasonable estimates, highly
correlated to real-world prices, but with a consist-
ent tendency to overestimate, which was greatest
in Travel, Utilities and Insurance (Figure 1) — all
higher price industries. Prior research suggests that
price stability influences whether consumers rely
on memory or inference when forming judgments
(Mazumdar et al., 2005). In volatile sectors like
Travel, consumers rely less on recall and more on
heuristics and industry-based anchors, as prices are
route-specific and less observable. Travel, Utilities
and Insurance are infrequently purchased, and both
Utilities and Insurance use bespoke pricing, so there
are fewer relevant reference points. Retail is the only
industry that was on average underestimated, but
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Figure 1: Estimated price vs. real price by industry. Source: Dectech fieldwork, July 2025 (N = 1,059 nat. rep.). Respondents were
asked to estimate their expected price to pay for three products across three brands, within up to three industries. The graphic
shows the relationship between the average expected price in each industry and the average of the corresponding real-world

prices.
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this was due to underestimations of how expensive
Gucciisin actuality (Table 1). Estimates for M&S and
H&M were much closer to real-world prices.
Consumers who have recently purchased a product
make significantly lower estimates than those who
haven’t — on average 25% lower (p <.001) — bringing
them closer to real-world prices. Similarly, those who
arefamiliar with abrand tend to estimate significantly
lower prices — on average 12% lower (p <.001). This
helps explain the overestimates seen in Utilities and
Insurance, where those less familiar with the products
and brands gave particularly high price estimates.
Within an industry, brands can command sub-
stantially different price expectations. Consumers
may not agree that a brand is worth a higher price,
but they nevertheless form price hierarchies. The
degree of differentiation varies by industry. Travel
and Retail show a clear premium brand — British
Airways and Gucci, respectively — for which price
estimates are statistically significantly higher than
the two other brands (Table 1). British Airways is
estimated to be a +45% premium beyond Ryanair
prices, driven by consistent brand positioning by

Table 1: Estimated Price by Brand

both operators. In addition, consumers know that
Gucci is a luxury brand, but they estimate H&M to
be 10% cheaper than M&S.

Pubs show a differentiated value brand, in that
consumers expect prices to be at least 14% lower
in Wetherspoons, which is unsurprising, given its
brand positioning. In Groceries, Asda estimates are
significantly lower than Waitrose (p = 0.035), with
Sainsbury’s sitting in between. Other industries
show less variation.

Consumers have relatively consistent confidence in
their estimates across brands in the same industry,
with higher variation between industries. Confidence
is highest for estimates relating to Grocery and
lowest for Travel and Insurance (Table 2). From a
behavioural science perspective, confidence reflects
the ease with which consumers can retrieve consistent
memory cues when forming judgments (Koriat, 1997).
Frequent engagement with an industry increases the
volume of memory cues: true for Grocery but less so
for Insurance. Conversely, confidence will be lower
for prices that are unstable across time and brands,
as memory cues are less consistent. This will affect

Average Estimated Price | % Difference from Mid

Travel British Airways £213 +24%
Vueling £171 -
Ryanair £147 -14%
Retail Gucci £420 + >100%
M&S £47 -
H&M £42 -10%
Groceries Waitrose £3.60 +11%
Sainsbury’s £3.20 -
Asda £2.90 -9%
Pubs Greene King £11.70 +3%
Marston’s £11.40 -
Wetherspoons £9.80 -14%

Source: Dectech fieldwork, July 2025 (N = 1,059 nat. rep.). Respondents were asked to estimate their expected price to pay for
three products across three brands, within up to three industries. The table shows the average expected price by brand and

industry.
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Table 2: Estimated Confidence by Industry

Groceries [bread, cornflakes or 2 litres of milk]

Telecoms [broadband, mobile data or mobile phone contract]

Utilities [electricity, fixed energy or variable energy contract]

Pubs [Fish & chips, margarita cocktail or pint]

Retail [high heels, silk tie or winter coat]

Food Delivery [garlic bread, margherita pizza or meat feast pizza]

Insurance [travel, car or home insurance]

Travel [flight to Alicante, Barcelona or Madrid]

L7%
41%
39%
39%
38%
37%
33%

31%

Source: Dectech fieldwork, July 2025 (N = 1,059 nat. rep.). Respondents were asked to indicate their confidence in their price
estimates for each product on a 0% to 100% scale in 10% increments. The table shows the average confidence by industry.

confidence in Travel, where knowing the price of one
flight is not necessarily informative when estimating
the price of a different route, airline, airport, date or
time of day.

Our results highlight the importance of under-
standing the brand-specific expectations consumers
bring to purchase decisions. Brands must know where
consumers expect the price of each product to sit
within their range and the market to truly optimise
revenue and margin. This insight can shape high-
er-level strategies on pricing architecture, limit price
shocks and identify prices to feature in above-the-line
marketing. The tendency for unfamiliar consumers
to assume higher prices is crucial for acquisition
strategies and new brand or product launches.

Brands must know where consumers
expect the price of each product to sit within
their range and the market to truly optimise
revenue and margin.

Our results support some but not all hypotheses.
H1 was not supported, as higher prices were not
consistently underestimated. H2 was supported by
larger deviations from real-world prices in low-
frequency industries like Travel and Insurance, and
by more accurate estimates from recent purchasers.
H3 was supported for four industries, including
Grocery, where consumers expect 11% higher prices

Behavioral Economics Guide 2026
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atapremium brand like Waitrose and a 9% discount
at a value brand like Asda, but they struggle to
differentiate prices in industries like Insurance
and Energy.

Dynamic Pricing: How Do Consumers
Respond to Fluctuations in Price?

As noted, frequent fluctuations make it harder
for consumers to estimate prices and compare
value across brands. Industries like entertainment,
travel and hospitality have shifted towards rapid
dynamic pricing (Kopalle et al., 2023), but consumers
experience fluctuations in most industries due to
environmental factors like inflation and compet-
itor activity, supply-side factors like supply chain
efficiency and raw material cost, and demand-side
factors like consumer trends and seasonality. Brands
must therefore understand consumer responses to
these fluctuations in order to dictate strategies on
the volume, frequency and communication of price
changes.

Our second experiment examined consumer per-
ceptions of how fair price fluctuations are in different
circumstances. Respondents were given a scenario
inwhich they experienced a higher price — e.g., “You
want to fly to Madrid in July, and you notice prices are
higher than atanother time” — chosen at random from
nine scenarios, each from a different industry (see
Appendix Table 6). Respondents always experience
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aprice surge, but the scenario here frames this price
as either a premium above a base price (Premium
Framing) or abase price from which others receive a
discount (Base Framing). Respondents were asked to
rate the scenario’s fairness. We then gave two reasons
for the price change — one demand-related and the
other supply-related — and asked how acceptable the
explanations were in each case. Lastly, we asked if
they had ever experienced such a surge themselves.

We were interested in differences between indus-
tries and consumers, and whether price fluctuations
are more palatable based on how they’re framed or
explained. We began with the following hypotheses:

Hai: Price changes are more acceptable in industries
where consumers expect them to occur.

H2: Brands can significantly affect consumer
reaction through the communication and explanation
of achange.

Table 3: Perceived Unfairness Across Industries

We found considerable differences in fairness
ratings between industries. Fluctuations were per-
ceived to be most unfair in Insurance and Finance,
and least unfair in Retail and Travel (Table 3). In
behavioural science, fairness perceptions are shaped
by expectation-consistent price movements: when
consumers recall similar fluctuations, they believe
changes are justified. Recall was most common in
Utilities, Retail and Travel, where seasonality impacts
price.

Significant differences across consumers were also
observed. Given the same scenario, a multivariate
linear regression found that men, younger consumers,
those with a higher income and those in London all
have significantly higher fairness ratings (Figure 2),
likely in part due to lower price sensitivity.

We then investigated the impact of how the price
change was framed, e.g., flight prices are higher in

Industry Scenario & Premium/Base Framing % Rating %
Unfair Experienced

Insurance Car insurance is [higher in price before/lower in 4,8% 28%
price outside of] holidays (e.g., a bank holiday)

Finance Credit cards have [higher interest rates during/lower 47% 27%
interest rates outside of] holidays like Christmas

Pub Drink prices are [higher when there are/lower 4,4% 4,0%
when there are no] major football games on

Telecoms Broadband internet bills are [higher in months 43% 32%
with high/lower in months with low] traffic

Groceries  Milk is [more expensive in/less expensive outside of] winter 41% 30%

Utilities Cost per unit of energy is [higher in/lower outside of] winter 38% 57%

Food Food prices are [higher at/lower outside of] mealtimes 38% 38%

Delivery

Travel Flight prices are [higher in/lower outside 33% 51%
of] the summer holidays

Retail Winter clothing items are [more expensive 30% 55%

in/cheaper outside of] winter

Source: Dectech fieldwork, July 2025 (N = 1,059 nat. rep.). Respondents were asked to assess the fairness of surge pricing in each
industry and to indicate whether they had experienced such prices in the past year. Each respondent provided one evaluation
per industry, for up to three industries. Fairness was measured using a 7-point scale, where scores of 1-3 were classified as
unfair. “% Experienced” refers to the percentage of participants who reported having previously experienced surge pricing
within a given industry.

-
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Change In Fairness Rating (0-100)

Experienced Similar Price Change

Gender: Male
Scenario: Base Framing

Income: +£10k

I
Region: London |

-]

]

]

L]

Age: 10 Years Younger

Figure 2: Consumers’ characteristics and framing impact on fairness perceptions. Source: Dectech fieldwork, July 2025 (N =
1,059 nat. rep.). Respondents were told that prices are dynamic and that they were being charged a higher price than they might
pay at other times. Scenario framing refers to presenting or explaining the dynamic pricing either as a higher price during high-
demand periods or as a lower price during off-peak periods. Bars show the statistically significant betas from a multivariate
linear regression with Fairness Rating as the dependent variable.

the summer holidays (Premium Framing) vs. flight  scenario above), the price was simply presented as
prices are lower outside of summer holidays (Base  higher now or lower at other times. Our results reveal
Framing). Importantly, inboth framings the scenario  a significantly higher perceived fairness when the
put respondents in the circumstances that mean current price is framed as the base with discounts
they experience higher price (e.g., Julyin the Travel  at other times (Figure 2). This reflects loss aversion
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Figure 3: Acceptability score by reason type. Source: Dectech fieldwork, July 2025 (N = 1,059 nat. rep.). The graphic shows the
average acceptability score by reason type and industry.
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(Thaler, 1980), i.e., consumers are more sensitive to
perceived losses (surcharges) than equivalent gains
(discounts), meaning a current surcharge feels more
painful than missing out on a discount.

Finally, brands can significantly affect consumer
reactions by how they explain price changes. When
comparing demand- vs. supply-related explanations,
the frustration caused by price variations is reduced
significantly (p = 0.008) if the change is caused by
the market force of increased demand rather than
supply-side incompetence. Supply-side issues are
deemed to be the provider’s problem to fix, rather
than passing on the cost to consumers. The strongest
examples in this regard are in Retail, Travel and
Finance (Figure 3). This is consistent with the litera-
ture on service failures, where customer satisfaction
is harmed further if the provider is blamed for the
failure (Anderson et al., 2007).

These results illustrate how brands can minimise
negative reactions to price changes. There are prod-
ucts that consumers assume will vary in price, so
retailers can maximise revenue by applying a more
dynamic pricing strategy. Unexpected fluctuations

Group 1: Product Rating

are substantially more damaging. Where possible, a
higher price should be framed as the base price from
which one can discount, rather than framing the
lower price as the base and increasing from there.
Brands are also in control of the explanation, which
should focus on how market dynamics affect price
rather than supply-side incompetence.

There are products that consumers
assume will vary in price, so retailers can
maximise revenue by applying a more
dynamic pricing strategy.

These findings support both incoming hypotheses.
Price changes are more acceptable in industries where
such fluctuations are expected (H1), and consumer
reactions are strongly shaped by how brands frame
and explain price changes (H2).

Drip Pricing: How Does Pricing Structure
Impact Purchase Intent?

Our final experiment focused on how pricing is
structured and communicated across the customer

Please imagine you want to get a flight from London to Barcelona.

How likely would you be to buy it at a price of £82.807?

Very Unlikely
0 0 0 0 0

Group 1: Total Basket Rating

Please see your final basket below:

Train ticket from London to Manchester

Booking Fee

Very Likely
0 0 0 0 0

£82.80
£9.20

Total: £92.00

How likely would you be to purchase this product?

Very Unlikely
0 0 o 0 0

Very Likely
0 0 0 o 0

Figure 4: Questions seen by Group 1 participants. Source: Dectech fieldwork, July 2025 (N = 1,059 nat. rep.). Respondents were
randomly assigned to two groups: Group 1 saw the base price in the first question and then additional charges in the second
question, while Group 2 saw the total price in the first question and did not see the second question.
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Figure 5: Impact of drip pricing. Source: Dectech fieldwork, July 2025 (N = 1,059 nat. rep.). Participants were split into two
groups: Group 1 experienced drip pricing, seeing additional charges only at checkout, while Group 2 saw the full total price

upfront from the start.

journey. Drip pricing — decomposing a price into
multiple components that are presented sequentially
to buyers (Rasch et al., 2020) — is used extensively
in certain industries. Airlines, for example, often
start with a base flight price before adding a range
of extras — some optional and some required — that
eventually build to a significantly higher basket.

Our experiment measured the behavioural im-
pact of drip pricing using two different groups of
respondents, assigned at random. Group 1, whose
journey is shown in Figure 4, replicates the structure
of a drip pricing journey. Initially, they see a base
price (£82.80 in this example), and then an additional
10% charge is added to the basket before payment,
yielding a total of £92.00. The additional charge
was always 10% of the total price, so 90% of the
total price was seen upfront. Group 2 replicates
an equivalent online journey with only one step,
as the total price of £92.00 is seen upfront as the
product price.

The product was chosen at random from a list of
nine, each from a different industry, and the total
price for each product was based on real-world
prices. By comparing the ratings and groups, we
could measure how purchase intent was impacted by
the addition of a charge in a drip pricing structure.

This design allowed us to consider the following
hypotheses:
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Hi: Adding charges in a drip pricing structure has
a negative impact on purchase intent, beyond the
impact of the increased price.

H2: The impact of drip pricing on purchase intent
differs by industry.

Our analysis found that drip pricing significantly
decreases purchasing intent. Purchase likelihood
decreased significantly — by 7.5 points on a 0-100
rating (p <.001) — between Group 1’s initial product
rating and their total basket rating (Figure 5). Group
2’s product rating allows us to deconstruct this 7.5-
point fall into the impact of the increased cost versus
drip pricingirritation. Purchase likelihood decreases
by 2.9 points between the product ratings of Group
1 and 2, showing the impact of the 10% increase in
price. Hence, the majority of the Group 1 drop, namely
4.6 points, is attributable to the drip pricing ambush.
Given the impact of a 10% price rise, the drip pricing
frustration is equivalent to a 15% increase in price,
which is a substantial portion of any product’s gross
margin.

Drip pricing frustration is equivalent to a
15% increase in price.

The negative impact of drip pricing was seen across
most industries, but the scale of the impact varied
substantially. It was most damaging in Retail, Grocery
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Table 4: Impact of Drip Pricing by Industry

Industry Product Example Extra Purchase Likelihood (0-100)
Charge .
Group 1: Group 2: Drip
Drip Price Normal Pricing
Rating Rating Impact
Retail Winter Coat  Delivery Fee £45 60.1 713 -11.2
Grocery Milk 21 British £2 57.5 66.9 -9.4
Farmers Fee

Travel Barcelona Booking Fee £92 61.1 69.0 -8.0
Flight

Food Margherita  Delivery Fee £11 4L4.6 50.0 -5.4

Delivery Pizza

Pub Pint of Table Fee £7 37.0 41.6 -4.6
Moretti

Telecoms Broadband Line Rental Fee £38 pcm 497 53.7 -4.0

Utilities Energy Standing Charge £131 pcm 49.6 51.0 -1.4

Insurance Travel Set Up Fee £50 55.2 54.7 -05
Insurance

Finance Credit Card  Travel Perks £15 pcm 43.6 43.6 0.0

Membership Fee

Source: Dectech fieldwork, July 2025 (N = 1,059 nat. rep.). The table presents purchase likelihood for Group 1 and Group 2, along
with the score differences between the two groups across industries included in the survey.

and Travel (Table 4), where it had a statistically
significant impact on purchase likelihood (Retail p
= 0.003, Grocery p = 0.018, Travel p = 0.015). These
industries have the highest purchase intent, so the
frustration of additional charges may be higher
when consumers are more engaged and therefore
more sensitive to perceived losses when additional
charges appear later in the journey.

The results support both hypotheses: Hi1is validat-
ed, as drip pricing reduces purchase intent through
both higher total cost and the structure itself. H2 is
also supported, with effects varying notably across
industries, with the strongest effect seen in Retail,
Grocery and Travel.

Our analysis highlights the dangers of drip pricing,
which interrupts the purchase journey and frustrates
consumers. Retailers implement this pricing structure
because it allows them to advertise alower base price
to consumers, in their own comms and in competitive
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environments like price comparison websites. For
some brands and industries, the resulting increase
in the volume of consumers starting the purchase
journey will be worth the risk of higher drop-out and
negative perceptions of the brand. For others, the risk
will not be worth it. Even in cases where the purchase
rate is strong, drip pricing leads to lower satisfaction
and a lower likelihood of future purchases with the
brand (Santana et al., 2020). This brand harm may be
weaker in industries with low purchase frequency, as
consumers have forgotten the frustration when they
come to purchase again, but the harm is greatest in
industries with high frequency purchases and less
differentiated, easily substitutable brands.

Conclusions

Price is a psychological construct rather than an
absolute figure. Consumer price perception depends
on how, by whom and in what macro and micro
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context it is communicated. This research illustrates
the malleability of consumer responses to price and
recommends how to structure, communicate and
manage prices. These recommendations are based
on consumer inputs, which are often underused. The
impact of price, sales journey or communications
changes can be tested in advance through rigorous
experiments, instead of analysing noisy, inconsist-
ent sales data. Brands should treat the consumer
perspective as an input to their pricing strategy, not
an outcome.

Brands should treat the consumer per-
spective as an input to their pricing strategy,
not an outcome.

Recommendations

Treat Elasticity as an Outcome: Price elasticity
is an outcome of sales strategies rather than an
input. Brands should identify and forecast the drivers
of elasticity, including consumer price estimates,
competitor pricing and historic pricing.

Align Margin to Expectations: Margin distribu-
tion across a range should reflect consumer price
expectations. Brands should shift margin away from
sticker shocks toward underpriced items, retaining
a few ‘hero’ prices to be used in marketing.

Optimise Price Communication: Brands can
significantly impact how prices are perceived via
their framing. Promotions and discounts should
support a long-term strategy where higher prices
are seen as the base from which discounts apply,
not unfair rises.

Avoid Drip Pricing: Drip pricing frustrates con-
sumers and disrupts purchases, reducing purchase
rates similarly to a 15% price rise. Brands should
test their specific journey and avoid this practice,
unless the low base price outweighs reduced
purchase intent and potential brand damage.

Proactively Explain Price Changes: Price fluctu-
ations are more damaging when unexpected. Brands
should proactively explain changes, focusing on
market causes rather than supply-side issues that
may suggest incompetence.

Maintain Consistent Positioning: Brand po-
sitioning must be clear and consistent to shape
price expectations. Consumers expect premium
brands to charge up to 25% more than mid-market
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brands. Clear positioning matters especially for
new or unfamiliar brands, which consumers tend
to overprice.

Tailor Your Pricing Strategy: Our behavioural
experiments reveal significant industry differences.
Though there are recommended methodologies and
frameworks, they must be tailored to the specific
brand with a test-and-learn approach to develop
specific, granular pricing strategies.
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APPENDIX: METHODOLOGY

Expected Pricing

In this experiment, each respondent was assigned
three of the nine industries at random. For each
industry respondents were asked to estimate the price
of three different products, with each brand randomly
assigned to a product. Table 5 details the products
and brands tested. The three brands were chosen
for each industry to cover a range from more budget

Food Delivery Margherita Pizza, Meaty Pizza, Garlic Bread

Domino’s, Pizza Express,
Franco Manca

Asda, Sainsbury’s, Waitrose

Tesco Bank, Aviva,
NFU Mutual

Wetherspoons, Greene
King, Marston’s

H&M, M&S, Gucci

Ryanair, Vueling,
British Airways

giffgaff, Vodafone, EE

Outfox Energy, Octopus
Energy, British Gas

Groceries 2 Litres of Milk, Loaf of Bread, Box of Cereal

Insurance Car Insurance, Home Insurance, Travel Insurance

Pub Pint of Beer, Fish & Chips, Cocktail

Retail Winter Coat, High Heel Shoes, Tie

Travel London to Barcelona Flight, London to
Madrid Flight, London to Alicante Flight

Telecoms 1 Month Mobile Data, 24 Month Phone
Contract, 12 Month Broadband Contract

Utilities Fixed Energy Tariff, Fixed Electricity
Tariff, Variable Energy Tariff

Finance Credit Card Interest, Savings Account

Interest, ISA Interest

Santander, Lloyds, HSBC
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Table 6: Expected Pricing — Variables & Framing Tested

Industry Scenario & Framing*

Food Delivery Margherita Pizza
Delivered for Dinner

Groceries 2 Litres of Milk in Winter

Insurance Car Insurance Before
a Bank Holiday

Pub Pint of Moretti during
Europa League

Retail Winter Coat Purchased
in January

Travel London to Barcelona
Flight for July

Finance Credit Card Interest
in December

Telecoms Broadband Bill for
This Month

Utilities Energy Bill for January

Food prices are [higher at/lower outside of] mealtimes

Milk is [more expensive in/less
expensive outside of] winter

Car insurance is [higher in price before/lower in
price outside of] holidays (e.g. bank holiday)

Drink prices are [higher when there are/lower
when there are no] major football games are on

Winter clothing items are [more expensive
in/cheaper outside of] winter

Flight prices are [higher in/lower
outside of] the summer holidays

Credit cards have [higher/lower] interest rates
[during/outside of] holidays like Christmas

Broadband internet bills are [higher in months
with high/lower in months with low] traffic

Cost per unit of energy is [higher in/
lower outside of ] winter

*Higher framing uses the words before “/” in the brackets and lower framing the words following the “/” in the brackets

to premium/luxury. Respondents were also asked
their confidence in said estimate (0%-100% in 10%
intervals) and when the last time they encountered
the product was.

We analysed respondents’ price estimates by run-
ning linear regression models to test if independent
variables such as product brand, brand awareness,
confidence in the estimate or time since last purchase
impacted the dependent variable of price estimates.
Models also included demographic variables to iden-
tify and control for any effect these might have. If
variables were found to have a significant impact on
the dependent variable of price estimate, we often
chosetorunttests and report results as the difference
between two groups for ease of interpretation. These
models were run overall and on a per industry basis
to investigate differences between industries.

Whilst we have included information on Finance in
the above table for completeness, it was not included
in our cross-industry analysis. For Finance, we asked
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respondents to estimate interest rates, and whilst
these insights were interesting in their own right,
they were not comparable to estimated product prices.
Whilst Table 5 includes simple product descriptions,
descriptions seen by respondents were more detailed.
For example, Home Insurance was in fact “home
insurance on a 3-bed 2-bath semi-detached house
(with £200 excess)”. The level of detail was chosen so
that respondents had enough information to make an
informed estimate, and equally, we could determine
a real-world price through appropriate secondary
research for each brand and product combination.

Dynamic Pricing

We presented respondents with a scenario where
they experienced a surge in price. We asked them if
the scenario was fair, on a 7-point scale from ‘Very
Unfair’ to ‘Very Fair’. We then gave them two reasons
for the change in price and asked how acceptable the
reasons are on a 5-point scale from ‘Unacceptable’
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Table 7: Expected Pricing — Reason Type & Framing

Industry Reason & Framing*

Food Delivery 1. [More/Fewer] people are ordering food [at/outside] of mealtimes
2. Delivery platforms (e.g. Uber Eats, Deliveroo) charge restaurants [higher/lower]
commissions [at /outside] of mealtimes

Groceries 1. [More/Fewer] people want to buy milk for hot beverages (tea/coffee) [in winter/
outside of winter]
2. Farms produce and supply [less/more] milk in [the winter months/ non-winter
months]

Insurance 1. [More/Fewer] people want insurance cover when making [longer journeys during/
fewer or shorter journeys outside of] holidays
2. Repair garages and recovery services [raise/lower] their call-out rates [over bank
holiday weekends/outside of holidays]

Pub 1. [More/Fewer] people go to the pub when there [are/are no] major football games on
2. The pub [requires/does not require] a TV licence to air football matches if there are
[games/ no games] on

Retail 1. [More/Fewer] people want a thick coat in the [winter/summer] than in [summer/
winter]
2. There are [more/fewer] shipping and logistics fees due to [worse/better] weather
conditions in [winter/summer]

Travel 1. [More/Fewer] people are going on holiday with their children [in/outside of]
summer holidays
2. There are [higher/lower] airport fees/congestion surcharges due to [busier/
quieter] runways [in/outside of] summer holidays

Finance 1. [More/Fewer] people are using their credit card for Christmas/holiday shopping
2. Fraud prevention services are [more/less] costly [during/outside of] the holiday
period
Telecoms 1. People use their home internet [more/less] in certain months, [increasing/

decreasing] traffic
2. [Extra/no extra] bandwidth needs to be purchased from infrastructure providers
when traffic is [high/ low]

Utilities 1. [More/Fewer] people are using gas & electricity as it gets [colder & dark earlier/
warmer & dark later] [in/outside of ] winter
2. Wholesale energy suppliers [increase/lower] their rates [in/outside of] winter
months due to [limited/excess] supply

* 1. Is the Demand led reason and 2. The Supply led reason. Negative Reason Framing uses the words before “/” in the brackets
and Positive Reason Framing the words following the “/” in the brackets
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Table 8: Drip Pricing — Variables Tested

Food Delivery =~ Margherita Pizza

Groceries Milk 2L £2
Insurance Travel Insurance £50

Pub Pint of Moretti £7

Retail Winter Coat £45
Travel Barcelona Flight £92
Finance Credit Card £15 pcm
Telecoms Broadband £38 pcm
Utilities Energy £131 pcm

Delivery Fee, Faster Delivery Fee, Service Fee

British Farmers Fee, Cotton Carrier Bag For
Life, Card Payment Fee

Set Up Fee, Legal Expenses Cover, Admin Fee
Entry Fee, Table Fee, Service Fee
Delivery Fee, Faster Delivery Fee, Service Fee

Fuel Fee, Small Cabin Bag (in addition to a
personal item), Booking Fee

Travel Perks Membership Fee, Payment
Protection Insurance (PPI), Admin Fee

Line Rental Fee, Min 4G promise, Admin Fee

Standing Charges, Priority Repair Cover,
Admin Fee

to ‘Acceptable’. Lastly, we asked if they had ever
experienced such a surge themselves.

Whilst under all scenarios participants are
experiencing the higher price, the scenario is
framed as either prices being higher in the current
context or lower in other contexts (see Table 6).
We also tested a similar variation in the fram-
ing of reasons for the surge. Two reason types
were presented — one demand-led and the other
supply-led — and we also varied the framing
of the reasons as impacting the current context
or other contexts (see Table 7). For each respond-
ent under each industry, the scenario framing,
reason type and reason framing were selected
randomly.

We report the proportion of respondents who rated
the scenario as unfair (i.e., 1-3 on the 1-7 scale) for ease
of interpretation. To identify statistically significant
relationships, weran linear regressions with fairness
score for the scenario as the dependent variable and
separate linear regressions with acceptability score
for the reasons as dependent the variable to inform
our conclusions. For interpretability, both ratings
were transformed into 0-100 scores when used as
dependent variables. In addition to demographic
variables, our linear regression models on fairness
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scores included scenario framing and previous ex-
perience of the scenario as independent variables.
Our acceptability score models included all the
same variables with the addition of reason type as
demand-led or supply-led and the reason framing.
We did not see a consistent impact of reason framing
so we reported the average across the two framings
for each reason type.

Drip Pricing

In our final experiment, respondents were ran-
domly assigned into two groups. Group 1 experienced
drip pricing while Group 2 did not. Both groups were
shown a product with a price and were asked their
likelihood of purchasing. Group 1 saw 90% of the
Total Price and Group 2 saw the Total Price (see Table
8). For Group 1, drip pricing was then simulated by
introducing a previously unknown additional charge,
such as an admin fee, which increased the overall
price. This additional charge was shown alongside
the product on a basket page. The additional charge
was always 10% of the Total Price so that the basket
summed to the Total Price. Group 1 were then asked
their likelihood of purchasing again (see Figure 4
for question layout). Group 2 did not see the basket
page. The additional charge was randomly chosen
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from three possible charges per industry (see Table 8).

To analyse the impact of drip pricing on purchase
likelihood we first compared the two ratings given by
Group 1, for the product and the total basket. We then
compared the two Group 1 ratings to the one rating
given by Group 2, to separate out the impact of the
increased price from that of the drip pricing structure.
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To identify relationships of statistical significance,
we ran a linear regression where the dependent
variable was purchase likelihood at Total Price —i.e.,
Group 1’s basket rating and Group 2’s product rating.
The regression included the independent variable of
whether the respondent was in Group 1 or Group 2
alongside demographics and industry engagement.
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Mobilization—A Whole-of-Community Approach to
Tax Compliance: Behavioral Foundations
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This article describes an initiative the Norwegian Tax Administration (NTA) refers to as ‘Mobilization’, i.e.,
a whole-of-community approach to preventing labor market crime, and situates it within contemporary
behavioral tax literature. We argue that combining credible enforcement (power) with trust-building,
third-party visibility, and targeted behavioral instruments offers a framework to understand high real-world
compliance despite low audit rates. The article maps the instruments utilized in Mobilization—collaborative
partnerships with major procurers, real-time tax certificates, risk-based site monitoring, the consumer
program Tettpd, and the grassroots coalition Medbyggerne—to the core mechanisms identified in the
literature: trust and power, tax morale, information trails/third-party reporting, cooperative compliance,

and behavioral nudges/boosts.

Introduction

The benchmark Allingham-Sandmo (AS) model
portrays tax reporting as an expected utility trade-off
between the tax rate, the probability of audit, and
the penalty conditional on detection (Allingham
& Sandmo, 1972). While this model is internally
consistent with clear predictions, it struggles to
explain why modern tax systems see persistently
high compliance, even with low audit probabilities
and modest penalties. Large-scale field evidence
from Denmark shows that the key to understanding
this puzzle is the distinction between income subject
to third-party reporting and self-reported income:
evasion is near zero for the former and substantial for
the latter (Kleven et al., 2011). This finding echoes a
broader insight from behavioral tax research, in that
while tax audits and fines are pivotal for tax compli-
ance, it is not only contingent on classical deterrence,
but is also shaped by non-pecuniary motivations

such as trust, fairness, tax morale, norms, and the
design of information and institutional processes
(Luttmer & Singhal, 2014; Torgler, 2007; Alm, 2019;
Slemrod, 2019).

Following this expanded understanding of com-
pliance motivation, contemporary tax research
identifies a more plural understanding of taxpayer
behavior in which deterrence interacts with service
quality, legitimacy, and social motivations (Alm,
2020; Slemrod, 2020; Alm & Kasper, 2023). In par-
allel, the OECD emphasizes building a ‘tax culture’
through education, assistance, communication,
and institutional transparency to foster voluntary
compliance (OECD, 2021). Reflecting this shift, sev-
eral tax administrations have moved from purely
deterrence-based strategies toward cooperative
compliance models which emphasize transparent,
real-time risk discussion and mutual obligations
between authorities and taxpayers (e.g., HMRC’s

1 johan.birkelund @skatteetaten.no
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framework; OECD’s ICAP).

Collectively, these strands suggest that effective
taxadministrations require approaches that enhance
information trails, strengthen trust and perceived
fairness, build competence among taxpayers and in-
termediaries, and focus audits on risk-based contexts.
The Norwegian Tax Administration (NTA) extends
thislogic further, moving from bilateral cooperation
with individual taxpayers to a multi-stakeholder
model in which public procurers, private firms, finan-
cial institutions, and communities jointly contribute
to monitoring and influencing compliance behavior.

The NTA’s whole-of-community approach
can be understood as synthesizing
enforcement, service, and trust paradigms
into a unified, market-facing, and multi-
stakeholder architecture.

Alm’s (2019) comprehensive review of contemporary
tax research outlines three broad paradigms available
to tax administrations, namely, enforcement, service,
and trust. The NTA's whole-of-community approach
canbeunderstood as synthesizing these paradigms
into a unified, market-facing, and multi-stakeholder
architecture. By mobilizing major private and public
procurers, consumers, and local communities, the
approach aims to extend the reach of compliance
mechanisms beyond the tax administration’s direct
enforcement capacity. This article examines how
Mobilization operationalizes contemporary tax com-
pliance insights in practice, and why this approach
may be particularly well suited to addressing complex
forms of labor market and tax crime. In doing so, the
article contributes to the literature by demonstrating
how behavioral and institutional insights can be
translated into concrete administrative design.

The remainder of the article is organized as follows:
section 2 presents the whole-of-community approach,
section 3 explains the mechanisms underpinning the
approach, and section 4 provides a summary and
concluding remarks.

The Norwegian Mobilization Initiative

The NTA’s Mobilization initiative combines
enforcement, service, and trust-based collabora-
tion across market actors, consumers, and local
communities. Its core instruments include: (i)
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Collaborative Partnerships with large public and
private procurers, which embeds tax compliance
screening directly into procurement processes;
(ii) real-time tax certificates and employee-list
cross-checks that create continuous third-party
visibility; (iii) risk-based, on-site monitoring with
clear and immediate consequences through contract
sanctions; (iv) Tettpd, a consumer-facing program
designed to build competence, shift norms, and
reduce demand for undeclared labor in the household
market; and (v) Medbyggerne, alocal coalition model
that mobilizes businesses, municipalities, unions,
and enforcement authorities to strengthen tax
morale and community-level vigilance against
labor market crime.

The cooperation-compliance elements of the
model, i.e., shared information, clear expecta-
tions, and early intervention, mirror international
developments whereby tax authorities emphasize
transparency and real-time dialogue, as well as
justified trust, rather than relying solely on ex-
post audits (HMRC, 2024; Business at OECD, 2025).
Likewise, the consumer and community strands
reflect the OECD’s guidance on building tax culture
through education, communication, and compe-
tence-building (OECD, 2021).

Modern behavioral tax research argues that
sustained compliance emerges from the inter-
action of power (the credible capacity to detect
and sanction) and trust (perceived benevolence,
fairness, and procedural justice). This dual-pillar
‘Slippery Slope’ framework predicts that enforced
compliance depends on perceived power, whilst
voluntary compliance depends on trust; however,
the highest overall compliance occurs when both
are maximized (Kirchler et al., 2008). The NTA’s
architecture operationalizes this complementarity.
Power is embedded structurally through procure-
ment gatekeeping, prequalification rules, real-time
compliance checks, employee-list monitoring, and
risk-based site audits, making access to legitimate
markets contingent on compliance. Trust is cultivat-
ed through transparent information-sharing with
partners, clear role divisions of responsibility (the
NTA as aknowledge provider; partners as first-line
enforcers), and co-production with communities
and consumers through initiatives such as Tettpd
and Medbyggerne, which demonstrate that the NTA’s
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aim is not only enforcement, but also support and
fairness.

Collaborative Partnerships form the backbone of
Mobilization. These are formal contractual part-
nerships between the NTA, major public procurers,
and large private enterprises in high-risk sectors,
specifically designed to prevent labor market crime”
and social dumping’ before it occurs. These partner-
ships represent a strategic upstream intervention
in which the NTA engages influential market actors
to promote lawful and sustainable practices across
the entire labor ecosystem. As of 2025, the NTA held
31formal partnership agreements with key entities,
covering about 20,000 companies and more than
200,000 workers, including several of Norway’s
largest municipalities, counties, public procurers,
and major private construction and logistics firms
(European Labour Authorities, 2025a). The primary
objective of Collaborative Partnerships is empowering
partners to make informed decisions that support
lawful competition, protect the tax base, and re-
duce the risk of exploitation and harmful working
conditions through increased transparency and
accountability. A further objective is to strengthen
partners’ internal capacity to identify and respond to
suspicious activity within their own supply chains.

Operationally, Collaborative Partnerships
function through four key mechanisms:
(1) Information-sharing: Ahead of partners’
tender competitions, all firms must sign a power
of attorney enabling the NTA to share real-time
tax- and labor-related compliance indicators (via
the standardized tax certificate RF-1507) with
the partner. This establishes clear and consistent
compliance expectations across the value chain.
(2) Procurement integration: Compliance checks are
embedded directly into tender prequalification and
contract follow-ups, ensuring early detection and
immediate consequences, such as refused tenders
and/or terminated contracts, for non-compliant firms.
(3) Resource allocation and joint training: The NTA

assigns dedicated staff to each partnership, supports
these partnersininterpreting compliance information,
provides training on emerging tax crime patterns, and
facilitates peer-learning across partners to enhance
their collective ability to detect and prevent non-com-
pliance. Partners, in turn, allocate personnel to mon-
itor compliance data and investigate discrepancies.
(4) Continuous monitoring: Contractors’ tax cer-
tificates are reviewed in regular meetings between
the NTA and its partners. Firms with meaningful
arrears while under contract with a partner risk
immediate contract termination, thereby halting
their cashflow. The NTA’s collection department
may also pursue outstanding claims directly through
enforcement action against any outstanding invoices
the contractor may have with the partner, hence
reinforcing immediate action.

Together, these four mechanisms function as an
embedded choice architecture. By design, compliant
firms face reduced friction, predictable procedures,
and fair competition, whereas non-compliant firms
encounter increased scrutiny, financial risk, and
potential exclusion from lucrative markets.

Tettpd and Medbyggerne complement the mar-
ket-level partnerships by addressing two additional
mechanisms essential to sustained compliance:
demand-side behavior and community-level norms.
Tettpd reduces the prevalence of undeclared work by
empowering consumers with practical guides, timely
information (via Altinn* and bank integration), and
competence-boosting tools that make lawful choices
more salient. Medbyggerne builds long-term tax
morale by mobilizing local businesses, vocational
schools, unions, and municipalities around shared
standards of fairness, safe labor conditions and lawful
competition, thus creating peer-driven accountability
that extends beyond formal enforcement.

Mechanisms Underpinning Mobilization
Mobilization operationalizes contemporary tax
compliance insights by distributing enforcement,

2 Labour-market crime refers to systematic violations of labor, tax, and welfare regulations, often involving undeclared work, false
invoicing, misuse of subcontracting chains, wage theft, and breaches of health and safety rules. These practices create unfair competi-
tion, undermine workers’ rights, and erode public revenues.

3 Social dumping refers to practices whereby businesses obtain competitive advantages by undermining labor standards, for example
by paying wages below applicable standards, bypassing collective agreements, or exploiting regulatory gaps across borders.

4 Altinn is Norway’s national digital platform for dialogue between public authorities, businesses, and citizens. It is used for man-
datory reporting (such as tax and returns), applications, and secure digital correspondence with government agencies, including the
Norwegian Tax Administration, and enables automated, event-based information flows such as notifications to property buyers.
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competence-building, and norm-shaping responsi-
bilities through markets, consumers, and communi-
ties. Contrary to relying solely on the tax authority
as the enforcement node, the approach cultivates a
multi-stakeholder compliance ecosystem in which
procurers, private citizens, and local coalitions
reinforce each other’s capacity to detect, prevent,
and respond to labor market and tax crime.

The approach cultivates a multi-
stakeholder compliance ecosystem in
which procurers, private citizens, and local
coalitions reinforce each other’s capacity to
detect, prevent, and respond to labor market
and tax crime.

The NTA utilizes market actors to generate power
through cooperative agreements, procurement
controls, real-time tax certificates, and systematic
monitoring. These instruments create extensive
information trails, which in turn increase the cer-
tainty of detection. Simultaneously, the model en-
gages consumers and communities to generate trust
through initiatives such as Tettpd and Medbyggerne,
which foster competence, norms, identity, and pride
in lawful behavior. Together, these mechanisms
ensure that compliance is not simply enforced but

is co-produced.

Compliance is not simply enforced but is
co-produced.

The Power-Trust Matrix and Placement of
NTA's Instruments

This dual strategy corresponds directly to the
‘Slippery Slope Framework’, a two-dimensional
framework distinguishing between power—the
authority’s capacity to detect and sanction non-com-
pliance—and trust—taxpayers’ perception of fairness,
legitimacy, and procedural justice. The framework
predicts that the most resilient compliance arises
when both dimensions are high (Kirchler 2007;
Kirchler et al., 2008; Muehlbacher & Kirchler 2010).
The NTA’s architecture is designed to move market
actors upward and rightward in this matrix: building
trust where it is lacking, and strengthening power
where information gaps previously enabled non-com-
pliance. Figure 1illustrates how the instruments used
in the whole-of-community approach are positioned
within this power-trust matrix.

High Trust, Low Power
Medbyggerne and Tettpd operate primarily in this
quadrant. These initiatives build identity, tax morale,

High trust

Voluntary compliance dominates

- Medbyggerne (local identity,
ambassadors, youth outreach)

- Tettpa (guides, Altinn-timing,
bank touchpoints)

Mixed compliance

- Cooperation agreements with major procurers
(prequalification, role clarity, transparency)

- Real-time tax certificates (information trails,
gate keeping)

Low power

High power

Enforced compliance dominates

- Employee list cross checks

- Risk based site audits, on site presence
(visible detection capacity)

- Sanctions escalator/Contract termination
(certain, and immediate consequences)

Low trust

Figure 1: The Power-Trust Matrix
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and shared values, as well as supporting competence
and responsible decisions. The mechanisms are
voluntary, educational, and empowerment-based,
and they do not involve strict enforcement, instead
relying on social influence.

High Trust, High Power

In this quadrant, cooperation agreements and
real-time tax certificates embed transparent collabo-
ration between the NTA and major procurers, creating
continuous third-party visibility, establishing clear
and predictable compliance gates, and positioning
procurers as market gatekeepers. This quadrant
represents the core strength of the whole-of-com-
munity approach: co-produced compliance with real
consequences, where partners not only trust the NTA,
but also act on reliable and credible information to
exclude non-compliant firms.

Low Trust, High Power

Employee-list cross-checks, risk-based on-
site audits, and sanction escalators like contract
termination and exclusion from tenders operate
primarily in this quadrant. These instruments provide
clear and salient detection, credible follow-ups, and
immediate consequences, all of which ensure that
non-compliance entails predictable risk.

Low Trust, Low Power

This quadrant is associated with systemic evasion.
The whole-of-community approach seeks to move
actors out of this quadrant by influencing taxpayers’
trust through Medbyggerne and Tettpd. It also increas-
es power through procurement gates, information
trails, and increased transparency.

Extending Information Trail Logic Into Business-
to-Business Supply Chains

Kleven et al. (2011) demonstrate that third-party
reporting is among the most effective mechanisms
for constraining evasion. When taxpayers are subject
to third-party reporting, evasion is near zero, while
it is substantial for purely self-reported income; this
result is explained through the existence of readily
available information trails. The NTA extends this
information trail logic into high-risk supply chains.
Instruments like real-time tax certificates, employee
list cross-checks, and risk-based on-site audits
create continuous visibility in terms of contractor
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behavior, thereby enabling procurers to detect risk
indicators and deny market access to non-compliant
firms before harm occurs. Major public and private
procurers thus become decentralized enforcement
nodes, expanding overall detection capacity.

Tax Morale, Identity, and Community Norms

A large body of literature demonstrates that
compliance is not shaped by enforcement alone
but also by tax morale, norms, and identity around
paying taxes (Alm, 2019). Medbyggerne embodies
these mechanisms. Through mobilizing the com-
munity, it fosters a shared culture of lawful work
and collective responsibility. Furthermore, thanks to
ambassadors, conferences, school engagement, and
peer-based oversight, Medbyggerne reinforces the
social legitimacy of compliance and the reputational
cost of evasion, turning compliance into a shared
community value.

Boosts, Nudges, and Consumer
Competence-Building

Tettpd targets the consumer market by boosting
ordering competence (what documents to ask for, how
to check legitimacy) and by partnering with banks
at the loan origination stage, closing demand-side
loopholes that sustain undeclared work.

Antinyan and Asatryan’s (2025) systematic me-
ta-analysis indicates that behavioral interventions,
such as deterrence-framed messages and social-norm
cues, produce statistically significant but modest
improvements infiling and payment compliance. They
also find that the design and timing of these messages
arecritical, as nudges typically yield stronger effects
inthe short run (within two months after delivery) and
are more impactful when delivered through engaging
methods such as in-person delivery as compared to
physical letters. While Alm et al. (2023) encourage tax
administrations to use nudges, they also highlight the
importance of ‘boosting’ taxpayers’ knowledge and
competence for building more sustainable behavioral
changes. In the NTA’s mobilization initiative, these
theoretical approaches are applied through several
initiatives, targeting both businesses and private con-
sumers. For businesses, the collaborative partnerships
include joint training and competence development
for public and private procurers to help them identify
compliant contractors (European Labour Authority,
2025a). Similarly, the Tettpd initiative provides private
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individuals with verified guides, checklists, and
information regarding the benefits of choosing
compliant contractors, acting as boosts by increasing
their ‘ordering competence’ and empowering them
in choosing lawful contractors when renovating their
homes (European Labour Authority, 2025c). To reach
private individuals in a timely manner when their
demand for contractors is believed to be highest, the
Tettpd initiative utilizes an effective digital workflow,
reaching 100% of property buyers in Norway by auto-
matically sending the information package through
the Altinn-platform at the time of transfer of title.
In addition, a dedicated NTA phone center contacts
private individuals applying for building permits in
select Norwegian municipalities, making 2,750 calls
in 2025 (European Labour Authority, 2025c¢). This
initiative also includes the banking sector, whereby
eight Norwegian banks provide this information
on behalf of the NTA through their advisors when
customers apply for building-related loans.

Modernized Deterrence: Certainty, Severity,
and Celerity

Mobilization also relates to deterrence theory
from criminology. Classical deterrence theory is
built on three pillars: certainty, severity, and ce-
lerity (swiftness) (Abramovaite et al., 2023). While
tax administrations have traditionally focused on
audits and penalties to influence behavior, the NTA’s
Mobilization initiative strengthens these pillars
in a different and more effective way. Certainty is
increased through continuous third-party visibility
created by procurement controls, real-time compli-
ance data, and shared risk assessments. Severity is
delivered not mainly through legal fines but through
meaningful economic consequences such as contract
termination and loss of market access. Celerity is
enhanced because deviations trigger immediate
follow-up by partners and may lead to enforcement
action in the case of outstanding invoices, loss of
contracts, and cashflow. Contract terminations occur
during the project cycle, not years after, which is often
the caseinlengthy administrative processes. Whereas
afine canbe viewed as a cost of doing business (Gneezy
& Rustichini, 2000; Lin & Yang, 2006), loss of market
accessis a significant and immediate sanction which
can be more impactful than traditional punitive
mechanisms. Together, these mechanisms modernize
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the classical deterrence framework and embed it
directly into market structures and community
practices, making non-compliance both risky and
unprofitable.

Loss of market access is a significant
and immediate sanction which can be
more impactful than traditional punitive
mechanisms.

The Three Paradigms of Tax Administrations

Alm’s (2019) comprehensive review of contempo-
rary tax research outlines three distinct paradigms
tax administrations can follow. These are related
to enforcement, service, and trust. We believe that
Mobilization encompasses all of these paradigms.
In relation to enforcement, all contractors must
consent to the NTA sharing information about the
tax and duties ahead of tender offers, ensuring
that contractors have no outstanding arrears when
competing for contracts, and while under contract
with any NTA collaborative partners. This effectively
places Norway’s largest procurers as gatekeepers
for businesses wanting a share of the market. In
terms of service, within the whole-of-community
approach the NTA provides partners with education
and support during procurement processes. This
includes education on interpreting tax certificates,
facilitating workshops and information-sharing
events on new developments in tax crime modes,
and sharingbest practices from fellow partners, thus
fostering a sense of community effort in stopping
tax crime. In addition, the NTA provides all partners
with dedicated employees to follow up on specific
collaborative partnerships and projects, ensuring
swift and timely support when needed. Finally,
regarding trust, every stakeholder in the approach
must trust the NTA is acting in the best interests of
partners, their customers, and the industry in which
they operate.

Summary and Concluding Remarks

This article has outlined how the Norwegian Tax
Administration’s whole-of-community approach,
through the Mobilization initiative, translates
contemporary tax compliance research into a
practical, multi-stakeholder system for preventing
labor market and tax crime. Traditional deterrence
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Table 1: Instrument-Mechanism-Outcome Mapping

NTA

instrument

Key design

elements

Behavioral

mechanism(s)

Expected
behavioral

outcomes

Practical metrics

/ proxies

Anchor
literature

Collaborative Formal MoUs Power (credible Fewer risky bidders Share of tenders using Slippery-
pa}rtnerships Strengthened access control) Higher prior compliance gates Slope
withlarge . . . . . framework
procurers internal routines Boosting (educating comphan.ce N_umbels' Qf bidders )
e s procurers) among winners disqualified for Cooperative
Prequalification deviations compliance
rules Trust (transparent  Earlier detection tax devia P
. . . : I notes
(NTA = collaboration) during tendering Time-to-remediation '
knowledge, Third-party Faster collection Terminated Boosting
partner = visibility via Strengthened contracts dge to
gatekeeper) procurement : . non-compliance
internal routines
Real-time API/portal Information trails Upstream exclusion Number of Third-party
tax issuance / third-party of non-compliers  certificates issued reporting
certificates Standardized reporting analogue Improved timely Change in evidence
indicators Friction design filing/payment arrears among
(registrations, (easier for among suppliers/  certificate-holders
filings, arrears) compliant, harder contractors
for non-compliant)
Procurer
training Boosting procurers’
Required in k.n owlque of
e risk indicators
prequalification
Employee- Partner submits Visibility of payroll/ Reduction in Percentage of Third-party
list cross- site lists VAT obligations unregistered unmatched workers  visibility,
checks NTA matches Power via credible workers Percentage late/no coope ratilve
(monthly) : . L monitoring
to register follow-up Improved reporting filings after flag
Deviations Norms via completeness
flagged predictable oversight
Risk-based Visible Power (salient Drop in on-site Violations per audit; = Trust-power
on-site presence; joint  detection); Salience violations; faster repeat-offence rate; empirics;
audits inspections; [ deterrence nudges corrective actions; partner responselag deterrence
escalation deterrence spillover reviews
if partners to nearby sites
don’t act
Sanctions Contract Power (immediate, = Lower recidivism; = Number of Cooperative
escalator via termination; certain shift of market terminations, compliance
procurement disqualification consequences), share to recidivism within12  playbooks;
from future market gatekeeping compliant firms months; award shared HMRC
tenders to compliant firms framework
Tettpd Step-by-step Boosts (competence); More consumers Percentage OECD
(consumer  guides; Altinn Timely nudges; request documents; of consumers tax-culture
program) letters at Norms/tax morale higher selection of using checklist; (education);
property (make ‘compliant legitimate trades; = document-request Boosting;
purchase; choice’ the default) reduced demand for rate; complaint/ nudges, meta
helpline; media; undeclared work fraud incidence analysis,
bank integration tax morale
at loan stage reviews
Medbyggerne Community Tax morale; Identity Higher voluntary =~ Ambassador count; Tax moral
(local ambassadors; and norms; Trust compliance; peer school/union reach; literature;
coalition) youth outreach; via proximity and enforcement; survey-based trust/  OECD
joint authority- co-production reputational costs norm indices, local education;
business actions for non-compliers  violations trend Boosting
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models, while foundational, cannot fully explain
modern compliance patterns, and behavioral research
shows that trust, legitimacy, information trails,
and social norms are equally important drivers of
sustained compliance. The Mobilization initiative
integrates these insights by combining high power,
through procurement gates, real-time compli-
ance data, and continuous monitoring, with high
trust, fostered through education, transparency,
consumer empowerment, and community level
collaboration.

The mechanisms described in this article demon-
strate how enforcement, service, and trust can be
aligned within a unified architecture. Cooperation
agreements with procurers embed detection ca-
pacity directly in market transactions, making
non-compliance both risky and unprofitable. Tettpd
strengthens household decision-making and reduces
demand for undeclared work by providing timely,
verified information at critical behavioral moments.
Medbyggerne mobilizes local actors to reinforce tax
morale, identity, and shared responsibility, anchoring
compliance in community norms. Together, these
initiatives extend the logic of third-party reporting
into high-risk supply chains, modernize deterrence
through certainty, severity, and celerity, and create
an ecosystem in which compliant behavior becomes
the social and economic default.

Cooperation agreements with procurers
embed detection capacity directly in market
transactions, making non-compliance both
risky and unprofitable.

The recognition of these initiatives as ELA Good
Practices (European Labor Authority, 2025a, 2025b,
2025c¢) underscores their preventive effects and
their potential relevance beyond Norway. While the
model is tailored to Norway’s institutional context,
its underlying principles, namely, distributed en-
forcement capacity, competence building, real-time
information flows, and community mobilization,
are transferable to other jurisdictions facing similar
challenges in high-risk sectors. Aslabor market crime
becomes increasingly complex, such integrative and
preventive approaches offer a promising pathway for
safeguarding fair competition, protecting workers,
and strengthening the integrity of tax systems.
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Ultimately, the contemporary tax literature
suggests that sustainable compliance cannot be
achieved by audits and sanctions alone. It arises when
institutions build trust, design environments that
make lawful choices easier, and engage the market
and society as partners in protecting the rule of law.
The Norwegian Tax Administration’s Mobilization
initiative demonstrates how tax administrations
can evolve from being sole enforcers to becoming
coordinators of a broader ecosystem—one in which
compliance is co-produced, continuously supported,
and socially reinforced.
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Department of
Psychological and
Behavioural Science

UNDERSTANDING
BEHAVIOUR IN A
CHANGING WORLD

Designed for working professionals across
diverse sectors, LSE's Executive MSc
Behavioural Science combines rigorous
academic training with practical insight.

Taught by world-leading experts

and practitioners, you will learn how
to apply behavioural insights to solve
policy, business, organisational and
societal challenges.

Whether you work in the public, private
or third sector, you'll build specialist
knowledge and discover practical
applications that can open new
professional opportunities in this
fast-growing field.

CONTACT US

pbs.emsc@lse.ac.uk For more information, please visit Ise.ac.uk/pbs/emsc



https://lse.ac.uk/pbs/emsc

A PROGRAMME DESIGNED
AROUND YOUR CAREER

The Executive MSc is designed to fit around a The curriculum covers a broad range of
busy career. It offers full-time professionals from courses, including:
anywhere in the world the opportunity to study . . .

. . - + Behavioural Science and Policy
flexibly while continuing to work.

) + Behavioural Decision Science

The 16-month programme begins each September ‘ .
and is delivered through three intensive two-week * Research Methods for Behavioural Science
teaching sessions at LSE's London campus, with - Frontiers in Behavioural Science Methods
independent study and assignments between

sessions. Outside the teaching blocks, you can > (el PNl Gl Baafes

continue to live and work in the UK or overseas. » Behavioural Science in an Age of Al and
After the taught component, you will complete a New Technology
dissertation on a topic of your choice, with support - Corporate Behaviour and Decision Making

from an academic supervisor. ) )
* The Science of Time at Work

+ Beyond Nudging: The Frontiers of Behavioural
Science in a Complex World.

Please note that, while this information is correct at the time of publication, the School may
on occasion need to change, suspend or withdraw a course.

CONTACT US

pbs.emsc@lse.ac.uk For more information, please visit Ise.ac.uk/pbs/emsc



https://lse.ac.uk/pbs/emsc

Department of
Psychological and
Behavioural Science

LSE

A GLOBAL
COMMUNITY OF
PROFESSIONALS

Our students come from a wide range of professional,
academic and geographical backgrounds, creating a
diverse international cohort. They bring perspectives
from different sectors, disciplines and career stages,
enriching discussion throughout the programme. United
by a shared interest in behavioural science and its real-
world application, they also become part of a global
network of peers and alumni that extends well beyond
the classroom.

It was a genuinely rewarding experience, with a
fantastic global cohort, that continues to bring
tangible value to my daily work.

Sarah, 2025 graduate

The programme has given me the confidence to
challenge the ways things have typically been done
to reach more meaningful, impactful outcomes.

Lucy, 2024 graduate

CONTACT US

pbs.emsc@lse.ac.uk

The Executive MSc in Behavioural Science couples
the dynamism of the LSE learning environment
with an engaging and multifaceted curriculum, all
under the tutelage of world-class academics.

Mike, 2025 graduate

The Executive MSc in Behavioural Science has
been a game-changer for me. By deepening my
understanding of human behaviour, | can now
design and implement impactful, evidence-based
initiatives that drive transformational change.

Fadzi, 2024 graduate

I've gained a deeper understanding of how to
design targeted, evidence-based interventions that
produce tangible, lasting behavioural shifts.

Kele, 2025 graduate

For more information, please visit Ise.ac.uk/pbs/emsc


https://lse.ac.uk/pbs/emsc

UCD School of Economics

University College Dublin Scoil na hEacnamaiochta UCD

Ireland’s Global University

-

.

MSc in Behavioural Economics
at University College Dublin
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UCD School of Economics is Ireland’s leading Economics department, and our
MSc in Behavioural Economics is taught by a vibrant team of behavioural
researchers and practitioners.

We provide in-depth training in the core concepts and theories of behavioural
economics, with a focus on how to apply these tools in areas such as health,
regulation, labour, environmental economics, and education. You can choose
from a range of classes on empirical methodologies for conducting different
types of controlled experiments (field, laboratory, and online).

You have the opportunity to design and conduct your own experiment in our
UCD Experimental Social Sciences Lab. You also can also choose to write a
thesis or do a summer internship in an organisation of your choice.

Our MSc students are an integral part of the strong
research culture in UCD and attend seminars by
international researchers and workshops organised
by the UCD Behavioural Science and Policy Group.




GRADUATE
PROFILE:

EMILY WHARTON-
HOOD

It was an absolute
honour and privilege to
obtain my Masters in
Behavioural Economics
at UCD.

The MSc provides such a variety of modules while
being taught by some of the best in the industry.
Advancing my skills in Econometrics and
Microeconomics was a highlight of the MSc, but
also taking modules such as Energy Economics
really broadened my perspective on where
Economics is most impactful. Being able to run my
own experiment allowed me to conduct my thesis
in an area | was passionate about. Throughout the
program, you become equipped with skills you
would use in any industry you decide to move

into. | am currently working as an Analyst at 2K “gm

Games Dublin! =
| could not recommend this MSc enough. [l

Rigorous training in core theories and
methods for fundamental research, as
well as evidence-based policy.

Strong policy focus and opportunities to
interact with policymakers.

Small class sizes and dedicated one-
to-one research supervision.

Ireland’s strategic location as a
European hub for many large
multinationals opens doors to global
opportunities. Prominent employers
include large tech, pharmaceutical and
financial services companies.

Diverse career paths in public policy,
the private sector and a PhD route into
academia.

Our graduates have found jobs in places
such as: Behavioural Insights Team,
Kellanovaq, Irish Government Economic
and Evaluation Service, Grant Thornton,
McKinsey, KPMG, Accenture, Novartis,
Deloitte, Central Statistics Office, Central
Bank of Ireland, European Central Bank,
Economic and Social Research Institute,
Competition and Consumer Protection
Commission, AlB Bank, European
Commission and other leading national
and international organizations.

Learn more at:
https://www.ucd.ie/economics/




University
of Glasgow

MSc

Behavie
Science p

Master Behaviou
Shape Business,
Impact Society g

.....

This unique programme is a collaboration between . Key Facts:
the Adam Smith Business School and the School of
Psychology & Neuroscience. It combines
knowledge from Economics, Business, Finance, :
Psychology, and Neuroscience to develop future Teaching starts: September
behavioural scientists. You will have access to i Academic contact: business-
cutting-edge methods, modern lab facilities, and recruitment@glasgow.ac.uk
strong industry partnerships. :

Duration: 12 months full-time
Delivery: In-person



University
) of Glasgow

Why choose MSc Behavioural Science
at the Adam Smith Business School?

Multi-Disciplinary Approach:

A unique decision-making programme combining insights from Economics, Management,
Finance, Psychology, and Neuroscience.

Science and Business Tracks:

A unified foundation for both tracks guarantees consistency while providing specialised
skills tailored to your selected path.

Theoretical & Practical Learning:

Learn theory alongside quantitative, empirical, and market-driven research methods.

State-of-the-Art Lab Access:

Use our new behavioural laboratory for real-world experiments, including dissertation
research.

Industry Engagement:

Take part in competitive, merit-based industry projects with real companies. Solve real
business challenges, gain experience, and grow your professional network.

After graduation: What jobs can you
get with this degree?

The program aims to cultivate versatile behavioral scientists equipped with a range of skills,
providing outstanding career opportunities across multiple sectors. You will have the option to
select between two career tracks:

Science Track Business Track

Equips graduates with neuro-scientific Prepares graduates for careers in
skills and interdisciplinary expertise in policy or business, focusing on decision
Behavioural Science, ideal for pursuing science for practical applications in

a PhD or research roles in various diverse industries and market systems.
sectors.

Find out more and join us today:
glasgow.ac.uk/postgraduate/taught/behavioural-
science


https://www.gla.ac.uk/postgraduate/taught/behavioural-science/

Penn

Master of Behavioral
and Decision Sciences

Learn the theory, apply the tools, and make
a difference

Penn’s Master of Behavioral and Decision Sciences (MBDS) program equips students with theoretical
and practical tools to understand how individuals and groups make decisions, how to affect those
decisions, and how social norms play a role in motivating and changing social behaviors. Led by world-
renowned faculty, researchers, and practitioners, the MBDS program creates unique opportunities
for students to engage with an exceptional advisory board, apply tools and knowledge in our annual
Design Challenge, and pursue independent, cross-disciplinary research throughout Penn.

Meet our alumni

“l loved learning tools and techniques to evaluate what people were saying and
translate that into opportunities for the client. The [capstone] was a really exciting
project. | never worked in the digital mental health space before. Having those
opportunities to gain insight into different industries has helped me become a
chameleon and learn to speak the languages of different clients.”

Kathryn Ambroze, MBDS ’22
VP, UX Research Lead - Trust and Security, JPMorgan Chase & Co.

“When | was accepted into the MBDS, it was a meant-to-be moment. | felt like
there was a link between me and the program. | could take the time to explore
behavioral science in an academic setting. Some people love commercial spaces,
some want to go into consulting, some people are really into research. | realized
health and health outcomes are definitely what I'm interested in, personally and
in my career.”

Yuzhen (Valerie) Guo, MBDS ’22
Behavioral Designer;, Lirio, LLC

“One of the amazing things about Penn is that the faculty you work with are
heavily involved in research—they're very much at the forefront of their field, so
you can take part in a lot of research if you want to. Once | was done with the first
project, there were other professors who needed help with different projects.”

Max Spohn, MBDS "20
PhD candidate, Harvard Kennedy School of Government

Learn more about our engaged and well-connected alumni at
www.upenn.edu/mbds


https://www.lps.upenn.edu/hs/mbds?utm_source=beg&utm_medium=program_profile&utm_campaign=behavorial_economics_guide_mbds_program_profile_april26&utm_id=+

Meet the Master of Behavioral
and Decision Sciences program’s
founding director

Cristina Bicchieri

S.J. P. Harvie Professor of Social Thought and Comparative Ethics; Professor of Legal Studies and Business Ethics,
Wharton Director, Center for Social Norms and Behavioral Dynamics; Faculty Director, Master of Behavioral and
Decision Sciences and Philosophy, Politics, and Economics; University of Pennsylvania

Cristina Bicchieri is a world authority on social norms and has consulted
“Wherever there with UNICEF, the World Bank, the Gates Foundation, the United Kingdom'’s
is a human Department for International Development, and many other organizations.
group there are She is the founder of the Master of Behavioral and Decision Sciences program
social norms.” and the Center for Social Norms and Behavioral Dynamics, a major research
Cristinal Bicchieri center at Penn that aims to support positive behaviors on a global scale.
Cristina is the author of over 100 articles and seven books.

Unparalleled connections, exceptional opportunities

A defining feature of the University of Pennsylvania’s Master of Behavioral and Decision Sciences program
(MBDS) is its network of outstanding industry and research partners who help bring students exceptional
practical experiences.

MBDS Design Challenge Industry Affiliates

Learn more about our world-renowned faculty Pe[ l [ l

and researchers at: .
Master of Behavioral
www.upenn.ed u/mbds and Decision Sciences


https://www.lps.upenn.edu/hs/mbds?utm_source=beg&utm_medium=program_profile&utm_campaign=behavorial_economics_guide_mbds_program_profile_april26&utm_id=+
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apsStone—Design Challengey
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The Capstone—Design Challenge experience consists of two consecutive semesters where students
are invited to engage in a dialogue with industry to understand how to use the tools learned in the
Master of Behavioral and Decision Sciences program (MBDS) to tackle specific behavioral problems. In
the fall semester, students focus on learning behavioral design techniques and theories while honing
their client-facing skills. They engage in a conversation with academic and industry leaders who provide
them with first-hand knowledge of a) how and why behavioral science is applied in organizations
across several domains, and b) what MBDS graduates can expect when they enter the job market. In
the second semester, students take their knowledge to real clients in the Design Challenge, a 14-week
course where student teams solve behavioral questions brought by MBDS Industry Affiliates. A major
goal is to prepare students to engage with diverse industry and global organizations as soon as they
complete the program.

The Design Challenge is an invaluable
opportunity for our students to apply

their MBDS education toward developing
practical solutions while gaining real-world
experience.

Every spring, as part of the required Capstone Experience course, the MBDS program organizes the
Design Challenge, where our students partner with MBDS Industry Affiliates to apply cutting-edge
knowledge from the fields of behavioral economics, decision sciences, data science, network analysis,
and public policy to solve real-life problems. We welcome world-leading clients in industries like
finance, healthcare, consulting, sustainability, technology integration in marketing, and finance to
collaborate with our students and provide guidance on solving their challenges.

In the Design Challenge, MBDS students work to translate academic research and applied frameworks
into actionable insights toward a client-focused problem. At the end of the Design Challenge, students
present their proposed solutions to the client’s senior management and leadership.

Learn more about how MBDS connects students P
and industry at: enn

www.upenn.edu/mbds Master of Behavioral
and Decision Sciences


https://www.lps.upenn.edu/hs/mbds?utm_source=beg&utm_medium=program_profile&utm_campaign=behavorial_economics_guide_mbds_program_profile_april26&utm_id=+

UNIVERSITY of STIRLING  MSc Behavioural Science

g Y

Where science meets real-world impact

MSc Behavioural Science

Est. 2013
ESTABLISHED. REFINED. TRUSTED.

100%
STUDENT SATISFACTION - PTES 2025

MSc - PGDip - PGCert
AWARD OPTIONS

FT/PT
FULL-TIME OR PART-TIME

An ESRC 1+3 accredited programme offered since 2013 and continuously refined over more than a decade. Taught by active researchers publishing in
world-leading journals in management, economics, medicine and psychology, this programme equips you with the conceptual, methodological and

applied skills to understand and change behaviour effectively and ethically in business, government or civil society.

Behavioural Economics: Concepts & Theories
Landmark studies contextualised to build a toolkit for navigating real-
world behavioural challenges.

Applying Behavioural Insights to Business & Policy
Nudges, boosts, sludge, and the FORGOOD ethics framework —
developing responsible interventions and engaging stakeholders.

Evidence-Based Decision Making
Experimental design, causal inference and critical appraisal — including

designing and running a class experiment.

Statistics and Data Communication with R
From fundamentals to independent research projects using the open-
source standard of the field.

Survey Measurement & Analysis
Survey design, data quality, and drawing meaningful inferences from
large datasets.

Decision Making in Organisations
A behavioural lens on recruitment, motivation, wellbeing, and change
management.

Research themes: Nudges | Sludge | Consumer behaviour | Ethics of behaviouralinfluence | Subjective well-being | Happiness
Forecasting | Experimental Design | Risk and uncertainty | Stakeholder Engagement | Non-market valuation | Day Reconstruction

Graduates of Stirling's MSc Behavioural Science come to us extremely well prepared. Their technical know-how and breadth of knowledge

around how to apply behavioural science in practice means they are regularly at the top of our list of candidates when we're hiring.

— Jez Groom, Founder of Cowry Consulting and Small Wonder Consultancy




UNIVERSITY of STIRLING  MSc Behavioural Science

P ;

A programme connected to the world

CONNECTED TO THE WORLD

Our students benefit from connections with HMRC, Ofcom, Ofgem, Cowry
Consulting, CMA, Siemens, NHS, Ireland's Department of Health, Avg. UK salary £42,877 for behavioural scientists (Glassdoor, 2025)
Glasgow Film Theatre, Keep Scotland Beautiful, eLife journal, Iceland's

Cancer Detection Clinic, and many more.

ARPLY VOUR LEARNING TE Taught by researchers publishing in Nature, NEJM, Management

Science and Behavioural Public Policy — cutting-edge knowledge

Financial decision making Mental health & well-being directly informing your learning

Environmental behaviour Gambling AACSB accredited — a distinction held by only 6% of business schools
worldwide

Media use & digital behaviour Food consumption 100% student satisfaction in the 2025 PTES survey

" . Graduates in senior roles at HMRC, Ofcom, the Behavioural Insights
Transport & mobility Health & public health . . .
Team, Cowry Consulting, national governments and leading

consultancies worldwide

Workplace behaviour Consumer behaviour
An active network connecting you with HMRC, Ofcom, Ofgem,
and many more... Siemens, NHS, Cowry Consulting, the CMA and many more — from day
one
Transferable principles you can apply to the area that matters most
GRADUATE ROLES — financial decision making, mental health, environmental behaviour,
Behavioural Insight Teams Regulatory bodies gambling, media use, food, transport, or beyond
national & local government Ofcom, Ofgem, CMA, UN Food &
HMRC
Consultancies Large corporations
behavioural architect, insights lead behavioural scientist, research
professional manager Postgraduate Merit Scholarship - Be the Difference International
Academia Charities & NGOs Scholarship - EU Postgraduate Scholarship
PhD pathways — SSRC 1+3 policy analyst, behaviour change Stirling Alumni Scholarship - Postgraduate India Scholarship -
recognised MSc specialist

Postgraduate Pakistan Scholarship

All of this comes with tuition fees that are highly competitive with

equivalent MSc programmes across the UK — making Stirling the

wisest proposition in behavioural science education.

BE THE DIFFERENCE




UNIVERSITY of STIRLING  MSc Behavioural Science

"The guidance offered in preparing our "I love how the program brought me into the

dissertation topics is exceptional. The faculty wider network of behavioural scientists

provide great support. It has helped me think linked to the group at Stirling. A graduate

through how my project can have real world now working at OFCOM gave me guidance on

impact.” my dissertation. Even before graduating |
was hired on a funded project desludging
scientific publishing."

— Dannish Odongo — Paola Goggi
Graduate 2026 Graduate 2025

"The course was hugely stimulating — it
pushed me to learn new skills and think in a
deep and structured way. Being taught by
world-leading experts genuinely broadened
my perspective."

— Morgan Reed
Graduate 2025

FIND OUT MORE & APPLY

behsci.stir.ac.uk

msc-behaviouralscience@stir.ac.uk ) )
100% Student Satisfaction

Open to non-degree holders with relevant experience TES 205

University of Stirling
Stirling - Scotland - FK9 4LA

Scan to apply


https://behsci.stir.ac.uk/

MScin
Behavioural
and
Economic
Science

UNIVERSITY
OFWARWICK

Do you want to understand the
choices people make, why they
make them and what influences
their behaviour?

The MSc in Behavioural Science and Economics at
the University of Warwick combines multidisciplinary
expertise from the departments of Psychology,
Economics and Warwick Business School, that

is crucial to understand how influencing people’s
choices impacts a variety of sectors and industries.

Further details:
psychologyPG@warwick.ac.uk | +44 (0)24765 23096

warwick.ac.uk/bes


https://www.warwick.ac.uk/bes

Why study
Behavioural
and Economic
Science atthe

University of
Warwick?

NIVERSITY

OF WARWICK

+ Unigue and innovative programme with modules drawn from Psychology,
Economics, and the Business School, providing a thorough grounding of
both the theory and real- world application of behavioural science.

» Rigorous core modules that lay the foundation for the field, including
behavioural microeconomics, core issues in psychological science,
and advanced research methods and statistics.

« Wide range of optional modules, covering topics which caninclude
behavioural public policy, nudging and behaviour change, experimental
economics, behavioural ethics, Bayesian stats, cognitive modelling,
and neuroeconomics.

» Taught by leading behavioural science experts in all three disciplines.

« An alumni network that draws from over 15 years of MSc cohorts, in
one of the most established behavioural science courses in the world.

- Opportunity to create a substantive piece of original researchin
collaboration with a supervisor through participation in the summer project.

Key Facts

Course code Start Date Duration

P-C8P7 28 September 2026 1year full-time
Qualification Led by Location

MSc Psychology University of Warwick

:Ll Download our Apply now

e prospectus d¢ warwick.ac.uk/

i ¢ your.warwick.ac.uk/ study/postgraduate/
L' form/PGstudyguide = apply/#taught

.

\h.

Further details:
psychologyPG@warwick.ac.uk | +44 (0)24765 23096

warwick.ac.uk/bes



https://www.warwick.ac.uk/bes
https://your.warwick.ac.uk/form/PGstudyguide
https://warwick.ac.uk/study/postgraduate/apply/#taught

Biswajit Chaki
MSc Behavioural and Economic Science
(Science Track), 2019

The approach that we took in the
Behavioural and Economic Science

classes -- relying on data to put forward
theories, using scientific method to test

out hypotheses and generally the high-
standard of research & analysis -- has been
something that I've taken with me through to
my job today. We do lots of mini-experiments
and test to work out exactly what works
best, why it works and then how best to
launch it to a wider group.

Donal Connelly
MSc Behavioural and Economic Science
(Science Track), 2023

My time at Warwick was instrumentalin
preparing me for life after university. The
rigorous academic environment challenged
me to think critically and creatively,
equipping me with essential analytical
skills that | apply daily. Warwick’s emphasis
on practical experience was particularly
beneficial. Through workshops, seminars,
and networking events, | gained hands-

on experience in entrepreneurship and
business development.

UNIVERSITY
OFWARWICK

The University of Warwick is consistently ranked
highly in both UK and International league tables.

7th 5th 4th

inthe UK university inthe UK for Economics  most targeted university

league tables (The QS World by the UK’'s top 100

(The Guardian University Rankings graduate employers

University Guide 2026) by Subject 2026) (The Graduate Market
in 2025, High Fliers
Research Ltd).

By studying at Warwick, you will be part of a global community

of students and alumni from diverse backgrounds from all over
the world. Our graduates have gone on to pursue a wide range of
successful careers across academia, government, healthcare,
consultancy and the public sector, applying behavioural science
to shape policy, improve public services and influence decision-
making across industries.

Further details:
psychologyPG@warwick.ac.uk | +44 (0)24765 23096

warwick.ac.uk/bes


https://www.warwick.ac.uk/bes

Other Resources

For the most up-to-date behavioral
science resources, please visit

BehavioralEconomics.com

Postgraduate Programs (complete listing)
LinkedIn Group
Job Board
Encyclopedia
Books
and more
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https://www.behavioraleconomics.com/
https://www.behavioraleconomics.com/resources/be-grad-programs/
https://www.behavioraleconomics.com/be-group/
https://www.behavioraleconomics.com/jobs/
https://www.behavioraleconomics.com/resources/mini-encyclopedia-of-be/
https://www.behavioraleconomics.com/resources/books/
https://www.behavioraleconomics.com

APPENDIX



Author Profiles

Ulrike Malmendier (Introduction)

Ulrike Malmendier is the Cora
Jane Flood Professor of Finance
at the Haas School of Business
and Professor of Economics at
the Department of Economics,
both at the University of
California, Berkeley, where
she has taught since 2006. In addition to her roles
as research associate at NBER, research affiliate

Isabelle Brocas (Guest Editorial)

at CEPR, faculty research fellow at IZA (a CESifo
Affiliate), Guggenheim Fellow and Member of the
Academy of Arts and Sciences; she served as amember
of the German Economic Advisory Council from
2022 to 2026, advising the German government on
economy policy. Malmendier holds a PhD in Business
Economics from Harvard University (2002) as well as
aPhD in Law (summa cum laude) from the University
of Bonn (2000).

Isabelle Brocas is Professor of
Economics at the University
of Southern California, where
she directs the Los Angeles Be-
havioral Economics Laboratory
(LABEL) and the Theoretical
Research in Neuroeconomic
Decision-making (TREND) Institute. She is also
affiliated with the Institute for Advanced Study in
Toulouse (IAST) and the Centre for Economic Policy

Alain Samson (Editor)

Research (CEPR). Her research develops theoretical
and experimental approaches to decision-making,
with particular emphasis on the biological, cogni-
tive, and developmental foundations of economic
behavior. Her work studies how perception, memory,
attention, self-control, social interaction, and internal
constraints shape choices across individuals and
contexts. She has published widely in behavioral
economics, neuroeconomics, and experimental
economics.

Alain Samson is the editor of the
Behavioral Economics Guide and
founder of BehavioralEconomics.
com. He has worked as a con-
sultant, researcher and scientific
advisor. His experience spans
multiple sectors, including
finance, consumer goods, media, higher education,
energyand government. Hewas previously Chief Science
Officer at Behave Technologies (formerly Syntoniq).

Alain studied at UC Berkeley, the University of Michigan
and the London School of Economics, where he obtained

Behavioral Economics Guide 2026
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aPhDin Social Psychology. His scholarly interests have
been eclectic, including culture and cognition, social
perception, consumer psychology and behavioral eco-
nomics. He has published articles in scholarly journals
in the fields of management, consumer behavior and
economic psychology. He is the author of Consumed,
a Psychology Today online popular science column
about behavioral science.

Alain is a Founding Member of the Global Association
of Applied Behavioural Scientists (GAABS).

alain@behavioraleconomics.com
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Contributing Organizations

Behavioral Science Group

The Behavioral Science Group (BSG) is the UAE
Government’s central behavioral science unit, based
within the Office of Development Affairs (ODA) of the
Presidential Court.

Dedicated to positive societal change, BSG part-
ners with government and institutions to design,
test and scale solutions that improve policies and
services across sectors including health, education,
sustainability, and cultural values.

BeWay

BSG is embedded in policy-making for one of the
world’s most diverse societies, driven by a culture
of experimentation and collaboration. Combining
real-world insights with local and global expertise,
BSG is helping to advance national ambitions while
contributing to lasting impact and evolving global
practice.

www.bsg.ae

BeWay is the strategic organizational change
consultancy that leads the application of behavioral
science in the private sector. With a multidisciplinary
team of 200+ experts—including psychologists,
economists, data scientists, sociologists, anthropol-
ogists, philosophers, and neuroscientists—our work
bridges rigorous behavioral research with practical
application, making science accessible, ethical, and

The Chicago School

actionable for businesses across diverse sectors.
Around the world, BeWay helps organizations under-
stand and empathize with their audiences, enabling
them to achieve strategic goals while creating a
positive and measurable impact on society.

www.beway.org

The Chicago School prepares scholar-practitioners
to apply behavioral science to complex social, clinical,
and organizational challenges. Grounded in a strong
foundation of experimental analysis and applied
behavior analysis, the program emphasizes both con-
ceptual rigor and real-world impact. Students receive
advanced training in research methodology, data
analysis, and evidence-based intervention, while also
developing competencies in teaching, supervision,
and leadership. The curriculum integrates core prin-
ciples of behavior analysis with contemporary issues,
encouraging students to extend the science beyond
traditional settings. Through mentorship, practicum

Behavioral Economics Guide 2026

experiences, and dissertation research, students are
trained to evaluate and address socially significant
behavior across diverse populations and systems.
Graduates are equipped for roles in academia, clinical
practice, consultation, and organizational leadership.
The program reflects The Chicago School’s broader
mission of integrating psychology and behavioral
science with a commitment to innovation, diversity,
and community impact, preparing graduates to
contribute meaningfully to both the science and its
application.

www.thechicagoschool.edu
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Dectech

Dectech strives to provide the most accurate and
best value forecasts available on how people will
behave in new situations. Founded in 2002, we’ve
conducted more than 450 studies involving over 3.2
million participants. We hold that people make very
different decisions depending on their context and
struggle to self-report their beliefs and motives. So,

Lirio

we developed Behaviourlab, a randomised controlled
trial approach that immerses participantsin areplica
of the real-world decision environment. Over the years
we’ve shown how Behaviourlab can provide higher
accuracy forecasts and more actionable insights.

www.dectech.co.uk

Lirio is the first-ever behavioral science and
agentic Al platform that empowers people to live
their healthiest lives through hyper-personal-
ized and empathetic consumer experiences that
meaningfully improve outcomes. The company’s
proprietary Precision Nudging® Interventions
are designed to overcome specific barriers and
move people to take action for better health.

Neovantas

Recognized with the 2025 Inc. Best in Business
award, including honors for Best in Innovation,
Lirio has received multiple awards for its excellence
in applied artificial intelligence and is HITRUST®
CSF certified, SOC 2 Type II compliant, and NIST
certified.

www.lirio.com

Neovantas is a top international management
consultancy focused on accelerating change through
the power of behavioral data science. We focus on
transforming behavior to assure business results
in a sustainable way over time. Our consulting team
is specialized by sector (retail banking, insurance,
telecoms, airlines, utilities, etc.) and functions
(advanced analytics, behavioral science, business

Norwegian Tax Administration (Skatteetaten)

transformation and innovation). We build strong,
lasting relationships with our clients through our
commitment, integrity, professional excellence
and creativity. Our international presence has been
expanded with projects both in Europe and in Latin
America.

www.neovantas.com

The Norwegian Tax Administration (Skatteetaten)
isthe Norwegian government agency responsible
for assessing and collecting taxes, administering
VAT, and ensuring that individuals and businesses
meet their tax obligations. It also manages the
National Registry, which records key information
about residents in Norway. The agency processes
tax returns, issues tax assessments, and works
to ensure compliance across both personal and
corporate taxpayers. As a central government
body, its work underpins the funding of Norway’s
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public services and welfare system. Skatteetaten
has in recent years invested significantly in
digitalisation, making Norway one of the more
advanced countries in terms of automated and pre-
filled tax reporting, reducing the administrative
burden on taxpayers while improving accuracy
and compliance. It employs professionals across
a range of disciplines including law, economics,
IT, and data analysis.

www.skatteetaten.no
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Panthera Institute

Pantherais a pioneer in Decision Intelligence. We
design and implement decision environments that
enable professional investors to perform at their
highest level. Through our proprietary deep-tech

The University of Edinburgh

solution, Decision GPS™, we amplify human ingenuity
with artificial intelligence.

panthera.mc

The University of Edinburgh is a globally recog-
nized research and education institution in the United
Kingdom, with a large and diverse student body
across undergraduate and postgraduate programs.
It is organized into three Colleges and twenty-five
Schools spanning Arts, Humanities and Social
Sciences, Medicine and Veterinary Medicine, and
Science and Engineering. The University supports
research and teaching across disciplines and engages
with external partners through research and advisory
collaborations. The School of Economics contributes

Voya Financial

to this environment through research and teaching
across core areas of economics, including behavioral
economics. Research in this area focuses on deci-
sion-making under uncertainty, strategic interaction,
and market outcomes. Drawing on theoretical, ex-
perimental, and computational methods, there is
growing work exploring how digital technologies and
artificial intelligence (AI) shape economic behavior
and inform policy.

www.ed.ac.uk

Voya Financial, Inc. is aleading health, wealth and
investment company offering products, solutions
and technologies that help individual, workplace and
institutional clients become well planned, well invest-
ed and well protected. The Voya Behavioral Finance
Institute for Innovation is focused on gaining deeper
insights into the savings decisions of Americans to
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help transform their retirement. The Institute’s work
is differentiated by the ability to leverage behavioral
science, a spectrum of lab and field experiments, and
the speed and scale of the digital world to improve
financial wellness outcomes.

WWW.voya.com
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