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Why do we become impatient? Why do we often choose an immediate reward when we
know holding out for a better future outcome is a wiser alternative? Is it a flaw in our
design? Do some of us fundamentally lack impulse control, or are we the product of our
environment? Historically, both structural and cultural factors have been implicated in
impulsive behavior. While insights from sociological and anthropological accounts may
point in different directions, this thesis attempts to unravel the answers to these questions
by identifying the role of environmental precarity in shaping individuals’ preferences and

their psychological determinants through a computational and empirical perspective.

Undervaluing and discounting the future has often been highlighted as a critical behavioral
trait of individuals living in low socio-economic conditions. Using computational mod-
els, we pinpoint precise environmental conditions under which individuals’ future plans
may shift towards now. Frequent turbulence, modeled as multiple unpredictable over-the-
budget expenses, leads people to forego future rewards and prefer the immediate. We
also find that future planning is sustainable in a stable environment with no significant
unforeseen expenses. Thus, we identify an unpredictable, turbulent world as a precursor

for individuals’ breakdown of future plans, which we call a ‘resource shock’ hypothesis.
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Abstract A

We empirically test these predictions using a home-grown farming game that simulates the
lived experiences of impoverished individuals. We find that individuals’ preference for long-
term plans decreases when they face unpredictable turbulence among university students
and farmers working as gardeners in the institute. We also find that such present-focused
behavior is absent when turbulence is absent or predictable, highlighting impatience as an

adaptive phenomenon that manifests as a response to environmental precarity.

While we document short-term preference only as a function of unpredictable turbulence,
mathematical models explain such observed deviations as a loss of self-control. For ex-
ample, exponential or hyperbolic discounting models suggest that these preference shifts
reflect an underlying change in the utility of future plans, which can be captured only as
shifts in discount rates, a metric that quantifies impulse control. However, we observe
that a perceived distortion in mental time can explain our documented preference shifts,
as captured by the same discounting models. By manipulating time in these models, we
find that an felt expansion of time can lead to lowered preference for the future, which

can be misconstrued as a lack of impulse control.

Interestingly, we also find that subjective time-based preference shifts correspond to shifts
in discount rates when delays are treated as invariant and objective. This led us to for-
mulate a reinterpretation framework that mathematically quantifies observed changes in
discount rates as time distortions. Using multiple lab and field studies, we find that esti-
mated time distortions that can account for observed shock-based preference shifts closely
align with perceptual studies. Furthermore, we estimated and validated time distortions
in the lab using our farming game, which showed that individuals who perceived time as

extending during shocks later preferred short-term plans.

Overall, this thesis proposes a mechanism by which individuals’ planning horizons can
change due to exposure to turbulent and stable environments and identifies subjective time
as a potential psychological determinant of impatience. Thus, when exposed to precarious
conditions, individuals may feel the future increasingly distant and act more impatiently.

This is especially true for individuals living in impoverished conditions, who are most
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vulnerable to such shocks due to a lack of liquidity. Our work urges observing impatience
not as a character flaw but as a response to precarity and necessitates policy designs and

welfare interventions that proactively protect people from unpredictable shocks.
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Gather ye rosebuds while ye may,
Old Time is still a-flying;
And this same flower that smiles today

Tomorrow will be dying.

- Robert Herrick

Introduction

Annawadi, Mumbai. A thriving slum in the city that never sleeps. There are movie stars
with all the glitter and glamour, and then there’s Mr. Kamble - once an abandoned infant,
then dweller of pavements, and now a doer of hopeless jobs. In his thirties, Mr. Kamble
had a stroke of luck - he landed a permanent job cleaning public toilets while falsifying
municipal sanitation workers’ records so they could work elsewhere while collecting their

pay. Over time, he has left the pavement and built a room for himself and his family.

As luck would have it, he developed a coronary issue, which led the sanitation department
to lay him off, asking him to get the necessary surgery and doctor’s clearance. Even
though public hospitals offer such operations free of cost, Mr. Kamble found no surgeons
who would do it without a bribe. Hopeless, jobless, and even food-less on some days, he
spends most of his time in the temple courtyard and the rest at the local political babu’s

feet waiting for another blessing to turn his life around *.

Our encounters with the destitute are often limited to novels or films, where their strug-

gles are framed within a story arc that promises triumph against all odds (think Slumdog

lexcerpted from Behind the Beautiful Forevers: Life, Death, and Hope in a Mumbai Undercity by
Katherine Boo.



Chapter 1. Introduction 2

Millionaire). We long for an ending in which they overcome adversity and emerge victo-
rious. In many ways, these narratives reflect not only their imagined triumphs but also
a reminder of our personal struggles, our own yearning for hope, and the possibility of

triumph. However, real life seldom follows such story arcs.

On your way to the office or lab, you may have noticed a group of homeless people sitting
on the curb or a destitute woman begging for money at the traffic crossing with her child
on her lap. I urge you to think about what went differently. What decisions changed the
trajectory of their lives and ours? Even though one may argue a thin line separates us
and them, what differentiates their triumphs and our own triumphs and misfortunes? Is
it moral failings? Do the homeless beg because they lack the will to work? Or is it that
they never got the opportunities and advantages that we had? Would we act and behave
similarly if exposed to their lived experiences? This work will attempt to answer such

questions and hopefully convince you of the humane explanation.

1.1 Preferences and impatience

Turning to the scientific literature reveals arguments supporting both sides of this debate.
Some argue that the causes of why people find themselves trapped in penury are often
malformed norms and values that children learnt from their caregivers, or simply a failure
in controlling one’s impulses or urges (Lewis, 1966; Moynihan, 1965). Others counter that
cultural or character-flaw explanations are simply victim-blaming as much larger forces,
such as structural inequalities and enforced discrimination (think slavery in America or
the caste system in India), are often at play (Ryan, 1976; Wilson, 2009, 2012) which gives

rise to the cultural conditions that breed poverty.

While sociological and anthropological accounts argue over the role of cultural and struc-
tural factors, the common thread of observation that emerges from all economic and psy-
chological studies is that people living in poverty tend to be impatient (Pepper & Nettle,
2017). They would rather focus on the present than ponder about the future, adopting
carpe diem born out of necessity rather than indulgence. But what makes them impatient?
Is it greed or a lack of impulse control that leads them to gather all the rosebuds today?

Or is it the case that the future may be a distant dream, so they get what they can now?
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1.2 Precarity and lived experiences

Addressing the above questions require closer attention to the lived realities of poverty.
Traits and behaviors often emerge from the environment we find ourselves in. Phenomeno-
logical research in psychology points out that people living in poverty frequently experience
a loss of autonomy, threatened self-esteem, social devaluation, and a sense of insecurity
about their futures (Underlid, 2007). For instance, in Underlid (2007)’s work, one indi-
vidual’s inability to pay utility bills due to a lack of funds leads to a frozen bank account,
forcing them to borrow money from their daughter at the last minute. They were even
looking forward to getting a job through a training course, which may not materialize due

to their failing health.

Such lived experiences highlight that the ecological and mental struggles these individuals
face often stem from the inherent uncertainty and unpredictability of life. An unexpected
bill, inability to borrow money, and poor health can cause them to focus on the immediate
problems. With little income or savings, such uncertainties can present an unbearable
burden, leading them to disavow the future. Impatience then arises not from a lack of

impulse control but from an inability to deal with the uncertainties inherent in this world.

Planning for the future involves gambling against time, as the future is often clouded
with the uncertainty of one’s own existence or the fruit of their labor not materializing.
While most of us can survive a sudden medical bill, a sudden layoff, or a raging pandemic
can make our lives uncertain and our efforts inconsequential. Thus, living in precarious
conditions and exposure to random extrinsic turbulence makes people impatient. If we
were exposed to the lived experiences of those living under $2 a day, I think we would

react the same.

1.3 Time and time again

Now, if we grant that living in precarious conditions makes people impatient, the question
remains: What changes psychologically to induce impatiently? Is it a loss of control over
one’s environment? Does an unexpected expense create mismatches in expectations and
outcomes, leading individuals to plan over time periods where they can exercise control?
Does unpredictable turbulence lead to increased attention to immediate problems, leaving

fewer mental resources to think about the future?
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While lack of control and/or increased attention to the present may manifest from envi-
ronmental precarity, converging evidence suggests that subjective time may be the key
psychological factor at play. One influential account of time perception is the pacemaker—
accumulator model, which posits that perceived time depends on the rate of an internal
pacemaker whose pulses are accumulated to estimate duration (Gibbon et al., 1984). In-
creased arousal to a stressful event can perturb our internal clocks, leading to distortions
in our perceived time. Such time distortions can also be minimized by inducing a sense
of illusory control that negates the effect of emotionally charged events (Mereu & Lleras,
2013).

Thus, I think environmental turbulence modulates our sense of time reshaping our choices
and decisions across it. For example, if one encounters an unexpected medical bill that
eats up a large chunk of their savings, then planning to get the degree may not only appear
infeasible from a budgetary perspective but also look increasingly distant mentally. Our
lives are not governed by any clock but by how we think and feel about time - time that
has gone by and time that we have left. So, if the present is inundated with uncertainty
and instability, the future may seem like a distant, unachievable dream, making it natural

to gather all rosebuds today.

1.4 Organization of thesis

The key questions I explore in this work are - Do people, exposed to the lived experi-
ences of deprivation, act impatiently? Does their perceived sense of time alter and affect
preferences as a result of precarity? I attempt to answer these questions in this thesis by
focusing on three questions: (i) how simulated precarity in the lab alters planning horizons
in a resource-constrained setting, (ii) whether and how such conditions affect psychologi-
cal factors such as subjective time, and (iii) how these psychological distortions relate to
observed shifts in intertemporal choice. These questions are addressed through computa-
tional modeling and a series of behavioral experiments in this thesis which is organized as

follows:

Chapter 2 discusses the past literature on poverty, precarity, subjective time, and
impatience. We underscore what the literature tells us (the knowns) and what can

be derived from it (the unknowns).
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Chapter 3 explores our computational investigation of how precarity (in the form of
unpredictable resource demands) can influence choice behavior and planning hori-

zons.

Chapter 4 discusses the experimental paradigm designed to test our theory. Since
we had to simulate environmental turbulence and test its effects on preferences, we

designed a farming game, the details of which are in this chapter.

Chapter 5 presents the empirical evidence evaluating the behavioral predictions gen-
erated by the proposed framework, focusing on the effects of environmental precarity

on choice behavior and planning horizons.

Chapter 6 explores the theoretical implications of considering subjective time (in-

stead of an objective clock time) on preferences using discounting models.

Chapter 7 shows our theoretical framework designed to reinterpret changes in dis-
count rates as time distortions. This chapter also includes the empirical validation

of the effect of precarity-induced time distortions on preferences.

Chapter 8 discusses our investigation, what we find, and its implications. We also

discuss possible future investigations and conclude the thesis.
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Historical Accounts

Poverty e  Precarity e Impatience

Theoretical Framework

Unpredictability and volatility e  Time distortion e  Preferences

Computational Modeling

Resource shock model «  Optimal planning horizon

Experimental Paradigm

Harvest Horizons e  Turbulent environments e  Intertemporal choices

Observed Behavior

Choices ¢  Time perception o  Discounting

Figure 1.1: Bird’s-eye schematic illustrating how historical accounts motivate the theo-
retical framework, which informs computational modeling and experimental design, cul-
minating in observed behavioral outcomes.



Knowns and Unknowns - A literature review

In the previous chapter, we argued that one has to peer into the lived experiences of those
living in poverty to understand why they may act impatiently. In this chapter, we deep
dive into the scientific literature and weave out connections between poverty and precarity,
how living in precarious conditions may affect patience and preferences, and the role of

psychological factors such as subjective time in this mechanism.

While economic growth has lifted a significant number of people out of poverty in India
and around the world, it is estimated that around 75 million people in India and 700
million worldwide live on $2.15 a day. To understand why we suspect the role of precarity
on preferences, we have to go back in time and identify the sociological, anthropological,

psychological, and economic reasons behind the sustenance of the poverty trap .

2.1 Poverty and precarity

Soon after the Civil Rights Act of 1964, the US government, under the leadership of

President Johnson, commissioned Daniel Patrick Moynihan, then Assistant Secretary of

!Parts of this section have been previously published as a research paper (Mitra et al., 2025)
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Labor, to submit a report identifying the causes and effects of persistent poverty and
inequality in African-American communities. The Moynihan Report suggested that the
breakdown of family structure, absence of fathers, and matriarchal families in African-
American communities led to the sustenance of poverty. The report traced these patterns
back to the legacy of slavery, oppression, and discrimination as the underlying structural

factors that contributed to the breakdown of families (Moynihan, 1965).

At the same time, Oscar Lewis, an anthropologist, developed the concept of ‘culture of
poverty’ based on his ethnographic work in Mexico and Puerto Rico. Lewis argued that
persistent poverty creates a subculture with values and worldviews perpetuating behaviors
such as present orientation, fatalism, and institutional distrust across generations. Like
Moynihan, he argued that structural inequalities, such as economic marginalization, caused
these cultural patterns. Once these patterns were established, they created values and

norms perpetuating and self-reinforced within these communities (Lewis, 1966).

However, many scholars and activists rejected the conceptualization of a culture of poverty
and its effects on behavior by the 1970s and 80s. William Ryan, for example, critiqued
Moynihan’s approach as ‘victim blaming’, such that the explanations focused more on the
deficiencies of minority communities than on the systemic forces that create inequality
(Ryan, 1976). Moynihan later embraced these structural explanations, suggesting that

focusing on culture diverted attention from ongoing systemic disparities.

A marked shift in perspective came from William Julius Wilson’s work on race and poverty.
He rejected conservative and liberal arguments about the social conditions prevalent in
American ‘inner cities’ Instead, the key issue is not cultural but structural, namely,
urban segregation that isolates poor communities from mainstream economic opportuni-
ties. According to him, rampant de-industrialization and job losses created widespread

unemployment and family instability, leading to persistent poverty (Wilson, 2012).

While these early debates between cultural and structural factors continue, the scientific
consensus suggests that one’s immediate environment plays a larger role in determining
people’s behavior. For example, while African-American women are often stereotyped as
‘welfare queens’, ethnographic work challenges such simplistic portrayals. Hays (2004)
highlights some of the day-to-day challenges faced by marginalized women, such as nav-
igating bureaucratic red tape, working at multiple minimum-wage jobs, and managing
childcare. These accounts highlight how social and environmental uncertainties, rarely
alleviated by welfare benefits, affect our decision-making and underscore the need to un-

derstand these lived experiences to understand why people act the way they do.
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2.2 Poverty and impatience

Since the 2000s, the broader academic movement shifted from cultural explanations to
structural analysis of poverty and its effects. Numerous psychologists and economists
have invested their efforts in understanding the causes and effects of living in dire poverty.
A striking aspect of this new surge of research is the consistent observation of impatient
behaviors among such communities. Pepper and Nettle (2017) suggests that people living
in low socio-economic conditions often exhibit impulsive or highly present-oriented behav-
iors. Documented behaviors, such as high prevalence of unhealthy behavior like smoking,
gambling, and drug abuse (Pampel et al., 2010), excessive expenditure on entertainment
even under constrained resources (Banerjee & Duflo, 2007) among individuals at the lowest
rungs of the socio-economic ladder, demonstrate behavior consistent with this inadequate

consideration of the future (Pepper & Nettle, 2017).

Such an association has also been documented in cross-country datasets where national
levels of patience are linked to economic outcomes (Dohmen et al., 2015). The authors
find robust correlations between patience levels and GDP per capita, and the effect holds
across countries, regions within countries, and even individuals. Personal surveys among
US adults show that personality and present-centric behavior are also somewhat correlated
(Ludwig et al., 2019). The authors find that individuals belonging to high-income strata
(> $200K) show more planfulness and less impulsivity, whereas low-income individuals ($

0 - 20K) show slight immediate-reward bias.

Empirical research on the economic lives of people living under $1-2 per day across mul-
tiple countries highlights key behavioral patterns such as high exposure to risks, limited
insurance, lack of savings, high reliance on informal credits that highlight how precarity
shapes their lives (Banerjee & Duflo, 2007). The authors suggest that structural con-
straints, such as a lack of insurance, limited credit infrastructure, and limited bargaining
power, often drive people’s choices. Overall multiple strands of evidence from economics
and psychology suggest that people living in poverty tend to act more present-focused.
Thus the question remains, why would that be the case? Do living in poverty shape future

preferences or are they inherently intrinsic?
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2.3 Precarity and impatience

Probes into our nature of impatience started with Walter Mishcel. Mischel’s famous
marshmallow experiments suggested that simple wait time measurements in childhood
could predict future socio-economic achievements (Mischel, 2014). In these experiments,
preschool children (~ 4 years old) were made to choose between getting a single marshmal-
low immediately or waiting 15 minutes to receive another. The authors suggested that the
ability to delay gratification was a marker for children’s self-regulation. Using follow-up
studies, they indicated that kids who could self-regulate exhibited higher cognitive control,
planning ability, and better SAT scores when they were 15 years old (Shoda et al., 1990).

While Mischel’s experiment suggests that individuals’ willpower would dictate how they
fare in life, recent replications suggest that socio-economic factors may also dictate the abil-
ity to delay gratification. A conceptual replication of the marshmallow experiment found
the effects much smaller than initially reported when controlled for the child’s family back-
ground, cognitive ability, and home environment (Watts et al., 2018). Kidd et al. (2013)
manipulated environmental unreliability by pairing some kids with reliable and unreliable
experimenters (kept or broke prior promises made to children, like retrieving crayons).
The authors found that kids in the reliable condition waited an average of 12 minutes,
whereas children in the unreliable condition waited 3 minutes. This study suggests that

children’s ability to delay gratification depends on their trust in the environment.

A point to note here is that most studies discussed in the prvious section are correlations
between documented behaviors and socio-economic strata. While some studies indicate
that poverty is often associated with maladaptive behaviors, the root of impatience can
not be pinpointed to solely attributed to personal deficits or a lack of willpower. Thus,
identifying personal deficits as the causal factor for impatience seems to be a statistical and
scientific error. Furthermore, people’s lived experiences, associated social and economic
precarity, and structural uncertainties may be the causal force that induces hyper-focus
on immediate problems and thereby impatience. In such cases, spending on entertainment
while living on small income becomes a means to build a social network that can protect
against life’s uncertainties and may even be an escape mechanism. Thus, while impatience
emerges as a prominent theme in the literature, the underlying mechanism of how or what

leads to impatience is still unknown.

So, we naturally start by identifying the causal factors that induce an inability to delay
gratification. One such variable is extrinsic mortality risks that individuals cannot control

or overcome. Life history theories suggest that people growing up poor are cued by the
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mortality risks, like higher crime rates or violent neighborhoods in their environment, to
prefer sooner rewards than people growing up in resource-rich environments (Griskevicius
et al., 2011). It has also been argued that people adjust their preferences based on their
ability to ensure their longevity (Daly & Wilson, 2005a). As previously discussed Pepper
and Nettle (2017) have proposed an ‘uncontrollable mortality risk’ hypothesis arguing that
one will rationally not invest in the future if one frequently faces these extrinsic mortality

risks and cannot mitigate them.

However, mortality risks have been found to account for only 0.13% of the observed dis-
counting from datasets across 53 countries (Riis-Vestergaard & Haushofer, 2017). Fur-
thermore, mortality risk theories are rarely empirically testable since it is difficult to elicit
veridical mortality risk judgments from people in controlled settings. Additionally, while
mortality risk may be a possible ‘ultimate’ cause for such behavior, there must be more

‘proximate’ causes that promote impulsivity.

Attempting to provide a proximate explanation, some researchers have proposed a ‘scarcity
hypothesis’, i.e., patterns of thought and irrational, impulsive behavior brought about by
having to make economic decisions in a resource-scarce environment (Haushofer & Fehr,
2014; Mani et al., 2013; Shah et al., 2012). In this line of research, researchers induce
impulsive behavior in the lab by making individuals operate under limited resources (time,
money, or game points). These studies show that under high monetary demands, people
with scarce resources tend to over-borrow and save less for the future to mitigate immediate

demands (Shah et al., 2012, 2019).

The scarcity hypothesis suggests that limited resources impose a cognitive tax on individ-
uals, which reduces available mental resources for future planning. Using easy and difficult
financial scenarios with poor and rich participants, Mani et al. (2013)’s study show that
poor participants performed significantly worse in cognitive control and fluid intelligence
tasks when confronted with a difficult financial cost. They found similar results with In-
dian farmers who performed worse on pre-harvest cognitive tests than post-harvest. Thus,
this theory identifies resource scarcity, functioning in a low-resource environment, as the

proximate cause for present-centered behavior.

While the experience of resource scarcity is undoubtedly an essential aspect of present-
centeredness among individuals in low socio-economic communities, we think the critical
element that induces an inability to wait is unforeseen expenses that deplete resources.
Given the intrinsic uncertainty spanning intertemporal choices, we believe people shift to a

shorter planning horizon when the uncertainty associated with future plans is exacerbated.
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Evidence for such a phenomenon comes from numerous lab and field studies such as Kidd
et al. (2013)’s marshmallow replication where he manipulated environmental reliability
and were able to perturb children’s ability to delay gratification. Haushofer et al. (2013)
conducted a lab experiment where participants were assigned to ‘rich’ and ‘poor’ income
groups using varied starting endowments and asked to perform a task. Within the task,
some participants received either an income loss (negative shock), or an income gain (posi-
tive shock), or no change in income. After the task, they performed a temporal discounting
task, which measured their ‘present bias’ Using this metric, the authors found that the
negative shock group showed increased present bias, even when their incomes were sim-
ilar to the low-endowment-always-poor group. On the other hand, positive shocks did
not affect present bias. This study highlighted that income volatility, one formulation of

precarity, drives people to favor immediate rewards.

Similar studies using variations in income or expenses formulated as income loss narratives
(Bickel et al., 2016), unpredictable environmental perturbations like rainfall anomalies
(Falco et al., 2019) or self-reported droughts among farmers (Meles et al., 2024), even
perceived loss of income during COVID19 (Blain et al., 2025) show that individuals act
more impatient when their environment is uncertain and they encounter a sudden expense
or loss. Financial situations deteriorate significantly due to sudden increased expenses,
especially for households that spend a substantial portion of their income on necessary
goods like home energy and food (Cocco et al., 2016). Similar large-scale survey studies
using household data have shown that households’ propensity to consume increases imme-
diately after encountering an unexpected, one-time expense that amounts to 10% of their
income (Colarieti et al., 2024). Thus, we identify the experience of precarity as the causal

factor that systematically induces steeper discounting within individuals.

2.4 Precarity and subjective time

As noted above, some researchers have proposed the existence of a ‘scarcity mindset’ -
patterns of thought brought about by having to make economic decisions with scarce re-
sources (Haushofer & Fehr, 2014; Mani et al., 2013; Shah et al., 2012) to explain the
presence of impulsive behavior in individuals belonging to the low socio-economic com-
munities. The ‘scarcity mindset’ literature has primarily considered selective attention
and cognitive load as possible mediators. Individuals operating under artificially induced
scarcity in lab conditions attend more to scarcity-related information and neglect other

sources of potentially useful information while completing lab tasks (Shah et al., 2012,
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2019). Similarly, inducing cognitive load in lab experiments has led to steeper time dis-
counting (Deck & Jahedi, 2015). This led some theorists to propose that resource scarcity
causes attentional tunneling toward immediate problems, leading to neglect of the future,
which imposes a cognitive tax that reduces mental bandwidth to deal with the future
(Schilbach et al., 2016).

However, these postulated mechanisms have been criticized on theoretical and empirical
grounds. Field evidence for attentional shifts causing choice differences is sparse and
inconsistent (de Bruijn & Antonides, 2021). Lichand and Mani (2020) studied the effects of
scarcity on attentional tunneling among Brazilian farmers who regularly face droughts and
rainfall anomalies. They found that farmers who experienced less rainfall were more likely
to tunnel before payday than after. Methodologically, de Bruijn and Antonides (2021)
note that scarcity researchers used payday variations, which may not reflect variations in
income but variations in liquidity in farming households, and thus, attentional tunneling
may result from liquidity constraints and not low resources. Further, attention selection
operates on the time-scale of seconds in lab-based studies (Tomm & Zhao, 2017). This
makes it difficult to attribute to them behavioral patterns evident across months or years
of individuals’ lives and generations of communities’ existence (Lewis, 1966; Pepper &
Nettle, 2017; Wilson, 2012).

Empirical evidence for reduced mental bandwidth in low socio-economic individuals is
also mixed and inconclusive (de Bruijn & Antonides, 2021). While some field studies have
found evidence supporting poverty impairing cognitive functions, others have not. For
example, Ong et al. (2019) investigated the effect of a debt relief payment on cognitive
functioning and found that low-income Singaporeans performed better on Flanker tasks
post-payment than pre-payment. Along the same lines, Lichand and Mani (2020) found
that Brazilian farmers, who experience a lack of rainfall signifying income uncertainty,
performed worse on cognitive control tasks. On the other hand, Fehr et al. (2019) found
that lower scores of cognitive control tasks were associated with low-income Zambian
farmers and did not carry over to seasonal variations in financial conditions. On the same
lines, Carvalho et al. (2016) found that US low-income households faced more challenging
economic circumstances before payday than after, but greater pre-payday scarcity did not

impede cognitive functions.

These insights made us question whether attention tunneling and reduced mental band-
width may be valid psychological determinants of impatience. As a result, we looked into
traditional explanations of preference and utility shifts to find answers. Standard dis-

counted utility models pinpoint the reason for such future undervaluation, as shifts in the
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discount rate are often interpreted as a loss of self-control. This is evident in exponen-
tial, hyperbolic (Laibson, 1997) or quasi-hyperbolic formulations (Mazur, 1984) where the
utility of a delayed reward at time T is given by

T
Uty = | ft)u(t)dt (2.1)

to

and the discount function f(¢) is given by

exponential discounting: f(t) = e~ **
1
hyperbolic discounting: f(t) =
yperbolic discounting: f (t) Ty

quasi-hyperbolic discounting: f(t) = g6* VvV ¢t >0

In all such formulations, changes in the discount rate k (or the present bias parameter
B) alter the perceived utility of delayed rewards w(t); however, the delay ¢ is assumed
to remain invariant. On the contrary, extensive investigations in the time perception
literature suggest that perceived time is a function of the amount of information processed
in the judged interval (Thomas & Weaver, 1975), and expectation-outcome mismatches
led by unpredictable stimuli can lead to distortions in duration judgments (Pariyadath &
Eagleman, 2007). This suggests that delay distortion can be a psychological factor that

alters the perceived utility of a delayed reward when volatility is encountered.

The idea that our subjective time is distorted by our physical, environmental, or mental
events is not new. For example, fear has been shown to distort our perception of time,
where duration is judged to be longer, and this lengthening extends with the length of
duration (Fayolle et al., 2015). To account for these, an internal clock model conceptualized
time perception as an information-processing system consisting of a pacemaker, switch,
and an accumulator where, at an event onset, the pacemaker generates impulses to be
stored in the accumulator, and at the event offset, the intervening switch opens up to stop
the impulse transfer (Gibbon et al., 1984). Researchers have used this model to explain the
mechanism of how non-temporal or emotional events might affect people’s time perception;
for example, redirection of attention to external events or inattention can lead to shortened
perception of time via loss of impulses, or an increase in arousal can fire up the pacemaker,

leading to a subjective feeling of time expansion (Droit-Volet & Meck, 2007).

If subjective time is malleable to our lived experiences, how would economic precarity
affect perceived time? To answer this question, we draw on insights from the perceptual

literature, where the effect of unpredictability on time perception is typically investigated
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using oddball paradigms. In these experiments, participants attend to a low-probability,
novel stimulus (oddball) in a sequence of high-probability, repetitive stimuli and estimate
its duration. The oddball is presented at varying durations (longer or shorter than the
repetitive stimuli), and participants note whether they perceive it as longer or shorter than
the standard stimuli. Across multiple studies, researchers have found that unpredictable
stimuli are perceived to be longer than predictable ones (Pariyadath & Eagleman, 2007;
Tse et al., 2004; Ulrich et al., 2006). These observations have been explained using an
information processing account where unpredictable stimuli distort time by engaging at-
tention and increasing the amount of information processed per objective time (Tse et al.,
2004), or an arousal-based account where increased arousal speeds up the internal clock,
causing longer perceived duration and better temporal discrimination than predictable
stimuli (Ulrich et al., 2006).

From a theoretical perspective, Pepper and Nettle (2017) suggests that mortality risks in
one’s immediate environment can lead one to act impatiently. Thus, if one fears losing
their job, or getting evicted from their home, or getting shot in the streets, they would
naturally discount the future because the future may feel inaccessible and unattainable.
Thus, precarious conditions may alter people’s conceptualizations and perceptions of time,
making delayed rewards seem farther away than they actually are. As a result, people may
not choose to delay gratification, which suggests that impatience is not a lack of willpower

but a rational response to contextual and psychological changes.

2.5 Precarity, subjective time and impatience

It is plausible that people operate on an internal, subjective time scale distinct from
objective time, which may be distorted by environmental turbulence, thereby affecting
temporal preferences. Experimental evidence suggests that subjective prospective judg-
ments of duration are non-linear and concave in nature (Zauberman et al., 2009), and
models of inter-temporal choice show that an exponential discounting with logarithmic
time perception fits the data better than simple exponential or hyperbolic one (Takahashi
et al., 2008), indicating human time perception may not be linear and similar to clock

time as previously assumed.

Furthermore, some have suggested that expectation-outcome mismatches may regulate
psychological time and its perceived slowing and speeding, and an altered sense of time

aims to minimize this error (Eagleman, 2004). Thus, if one encounters a discrepancy in
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their environment, their time perception may adjust accordingly. Indeed, it has been found
that positive and negative prediction errors bias time perception differently, increasing and

decreasing perceived time, respectively (Toren et al., 2020).

Now, the question remains whether economic precarity alters our subjective sense of time;
how would that affect decisions over time? To find a definite answer, we look into inves-
tigations of the effects of perceived time on intertemporal choices in the decision-making
literature. Empirical studies suggest that individuals who overestimate delays tend to
choose smaller, immediate rewards compared to people who underestimate them (Suo
et al., 2014). McGuire and Kable (2012) showed that when the delay in inter-temporal
choices seems to be increasing over time (like waiting for a phone call) compared to be-
ing diminishing over time (like waiting for a bad movie to end), people show preference

reversals - they often prefer the delayed rewards initially and then forgo them later.

Similarly, Lee et al. (2025) found that participants preferred smaller immediate rewards in
tasks where they were made to wait after every trial compared to deferred waiting after all
trials. Xu et al. (2020) found that manipulating the sense of time in the lab affects indi-
viduals’ rate of future discounting. In this experiment, the sense of time was manipulated
by varying the pace of time counting, and the authors found that discount rates decreased
when switching from a faster pace to a slower one, and vice versa. Overall, these results
suggest that subjective time distortions play a key role in delay discounting and relative
changes in felt time may affect impatience. While only a few studies have investigated
these effects, the evidence seems to point in the same direction: one, unpredictable stim-
uli distort duration judgments; two, environmental perturbations cause people to opt for

sooner rewards; and three, perceived delay overestimations may lower future orientation.

2.6 Summary and looking ahead

Based on sociological and anthropological reports, we suspect that economic precarity
may affect people’s ability to plan for the future. However, how that transpires is not well
understood. Prior work has proposed attention and cognitive load as potential mediators
of such effects. In contrast, the present thesis advances the hypothesis that precarity
may also distort subjective time perception, thereby reshaping preferences and planning
horizons. In the following chapter, we start by simulating how environmental precarity
may influence planning and choice behavior. These simulations motivate the subsequent
empirical investigations of precarity and preferences and the possible mediatory role of

subjective time.



How precarity affects preferences

To offer a mechanistic explanation as to why people’s temporal preferences shift, we pro-
pose that recurrent, unpredictable expenses (which we term resource shocks) lead to de-
pletion of endowment, and, consequently, planning failures for long-term plans. People in
poverty often deal with low budgets, which tend to deplete faster due to resource shocks
often in the form of sudden expenses or loss of income. We think this leads to aban-
donment of future plans and increases focus on immediate problems instead. Even high
budgetary allocations may deplete when resource shocks are multiple and substantial in
nature, leading us to theorize that the frequency and intensity of resource shocks (and not

endowments or budgets) are the critical elements that push people to be impulsive !.

3.1 Simulating precarity in-silico

As an in silico presentation of our proposal, we estimate how the expected rewards of
future plans and the optimal planning duration (when expected rewards are maximum)

change with the plan’s delay to fructification (plan duration). We do this by modulating

!This section was previously published as a research paper (Mitra et al., 2025)
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the frequency of unpredictable resource shocks. In this simulation, an agent starts a plan to
be completed at time ¢ = 1" with an initial endowment of resources and a known anticipated
reward. At each time step ¢ < T, one of two things happens: either the endowment is
depleted by a resource shock with a probability of 0.05 or 0.30 (i.e., infrequent or frequent),
or the reward to be obtained increases as the observer gets closer to time T'. At time T, the
simulation ends either with a complete depletion of the observer’s endowment resulting
in null payoff or with a positive payoff for waiting. The expected reward is the mean
payoff arising from each plan traversal over 10000 iterations. We repeat this process with
different initial resource endowments to check if the same results are observed for both low

and high endowments. Our simulations reveal some critical insights that we note below:

 In cases of infrequent resource shocks (p(shock) = 0.05), we find that the expected
reward of the future plan increases monotonically with plan duration, even under low
resource endowments. The same trend was observed for high endowments. This sug-
gests that rational observers should prefer long-term plans when functioning under

resource constraints and in the absence of shocks.

o When endowments are low and resource shocks become prominent (p(shock) = 0.30),
the expected rewards associated with future plans deplete to zero considerably faster
compared to infrequent shocks, as shown in Figure 3.1A. This suggests frequent
shocks may deplete low endowments faster, making it infeasible for future goals
to be sustained. This could be why people belonging to the low socio-economic

community may find long-term plans unsustainable.

o Frequent resource shocks also deplete the expected utility of delayed rewards in plans
with high endowment. Thus, resource shocks affect long-term planning irrespective
of endowment, however, this depletion is less prominent compared to plans with
low budgets. This suggests that increased endowment may provide buffer against

unexpected expenses.

e Optimal duration, operationalized as the plan duration where expected reward of a
future plan peaks, changes for both high and low endowments when resource shocks
are frequent (p(shock) = 0.30). When resources shocks were infrequent, the optimal
planning duration for both endowments is equal to the actual planning duration
t = 1000. However, as resource shocks become more frequent, the optimal planning
duration shrink to ¢ &~ 270 and ¢ ~ 570 for low and high budgets, as seen by optimal

duration A and B in Figure 3.1A. Thus, low endowment coupled with frequent,
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unpredictable turbulence increasingly shortens the planning horizon suggesting these

conditions may be necessary and sufficient in pushing people to be present-focused.

e Optimal planning duration reduces with increasing frequency of resource shocks for
both low and high budgets. However, in the absence of resource shocks (p < 0.05),
the optimal planning duration remains unchanged at ¢ = 1000 even under low en-
dowment, as shown in Figure 3.1B. Thus, a predictable environment coupled with
low endowment might still provide space for individuals to plan for later. However,
as unpredictability increases, planning for the future becomes increasingly nonviable

for low-budget agents.
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Figure 3.1: Resource Shock Model - (A) Expected reward as a function of planning du-

ration under high and low budgetary allocations and rare (5%) versus frequent (30%)

resource shocks. Frequent shocks reduce expected reward and shift the optimal planning

duration toward shorter horizons, with this effect being more pronounced under low bud-

gets. (B) Change in optimal planning duration as a function of shock probability, showing

a faster contraction of the optimal planning horizon as resource demands increase when
budgets are low.

Overall, the simulation suggests that frequent resource shocks make longer planning du-
ration unsustainable by draining out resource endowments and minimizing the payoff for
waiting. This is prevalent in both high and low endowments, with the minimization am-
plified when resource endowments are low. However, in the absence of resource shocks,

future planning is sustainable even under conditions of low endowment.

Translated back to the context of our theory, waiting for extended periods for rewards while
operating under budgetary constraints and frequent resource demands is risky, as plans
may fail due to the planner’s inability to commit extra needed resources promptly. This
could be interpreted, for instance, as someone failing to pay a credit card bill installment
because they lost their job. In such cases, it seems rational for agents to shift their planning

horizon to a shorter temporal scale.
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3.2 Robustness checks

Our simulation models the interaction between resource budgets, resource shocks, and
maintenance of activities with long-horizon payoffs as occurring in discrete time t¢,¢ €
{0,1,--- ,T}. Observers in this simulation are endowed with a budget B(0) (where B(0) =
100 or 200 signifying low or high) and a time-varying payoff X (¢) (where X (0) = 10), which
increases as our agent gets closer to their goal and eventually paid out at t = T. They
are also simulated to encounter infrequent or frequent (p = 0.05 or 0.30) resource shocks.
Thus, at every time step t starting from ¢t = 0 to t = T, the incidence of a resource
shock is determined by randomly sampling values from a uniform distribution (U[0, 1])

and checking if this is less than the probability of shock.

If the sampled value is less than the critical limit, the observer encounters a resource
shock and their resource budget B(t) is depleted by an unexpected expense () leaving a
reduced budget B(t) = B(t —1) — 8(t) and unchanged payoff X (t) = X (¢t —1). Otherwise,
they encounter no unexpected expenses keeping their budget intact B(t) = B(t — 1) and
increasing their payoff for waiting «(t) i.e., X (t) = X(t — 1) + «(t). Thus, as the observer
reaches the endpoint ¢ = T, either their endowment gets depleted B(T') < 0 resulting in
null payoff X(7T') = 0 or they have a surplus endowment B(7") > 0 with a positive payoff
X(T) > 0. Expected utility of waiting for the future reward is calculated by deriving the

average of the payoffs obtained by the observer over 10000 iterations.

Within this basic simulation framework, we consider four conditions following a 2 x 2
design, by modulating the nature of the reward increment X (¢) (linear/exponential) and

the nature of the sampling distribution for the recurrent costs 5(t) (normal/heavy-tailed).

o The linear reward update was implemented as X (¢) = X (0) + a(t), where, a(t) ~
N(0.1,0.1).

o The exponential reward update was implemented as X (t) = X (0) * exp(«(t)) where,
a(t) ~ N(0.001,0.001).

o The sampling distributions used to sample [(¢) on every time-step were normal
B(t) ~ N(1,1) and heavy-tailed i.e., log-normal () ~ log N(1,1).

Across these four conditions, we measured the expected utility of maintaining plans of
length T for observers with B(0) varied between 100 and 200 units, characterizing low
and high budgets. The expected utility was calculated as the sample average of 10000

simulations for each of the four conditions as shown in Figure 3.2.
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Figure 3.2: Resource Shock Model (A)- Demonstrates the effect of differently sized start-

ing budgets (low and high) and probability of resource shock (0.05 and 0.30) on expected

rewards associated with plans that become increasingly more rewarding over time. The

nature of this cost deduction and reward increment varied between conditions: (A) Gaus-

sian cost with linear reward increment, (B) Log-normal cost with linear reward increment,

(C) Gaussian cost with exponential reward increment, and (D) Log-normal cost with ex-
ponential reward increment.

We also measured how optimal planning duration changes as a function of the probability
of resource shocks across these four conditions. The optimal duration was calculated as
the planning duration at which the expected utility of the future plan was maximized.
This was also calculated as the sample average of 10000 simulations for each of the four

conditions, as shown in Figure 3.3.

Across all four conditions of Gaussian or Log-normal cost and linear or exponential reward
increment, we find that the optimal duration is much earlier for the low budget condition
than the high one when the probability of shocks is high, as shown in Figure 3.3. Also, the
low budget depletes to null only when the probability of the resource shock increases to
0.30 from 0.05, as shown in Figure 3.2. This bolsters our hypothesis that in a predictable
environment, having low resource endowments would not affect people’s temporal judg-

ment. However, facing recurrent resource shocks in an unpredictable environment with



Chapter 3. How precarity affects preferences 22

Gaussian Cost & Linear Reward Lognormal Cost & Linear Reward
1000{ rerees ERTTONRRTY 3 -+« budget = low 1000{ 4-+eee -+« budget = low
. -, -+ budget = high 5 B -+-- budget = high
800 800
c c
[} [}
= =
g 600
a3 600 a
E E
= = 400
O 4001 N e o
2000 e el
2000 T T
0.0 01 02 03 0.4 05 0.0 01 02 03 0.4 05
p(shock) p(shock)
Gaussian Cost & Exponential Reward Lognormal Cost & Exponential Reward
1000] seeeen EXRLELIERLD . ++++ budget = low 10007 4x==- 3 =+++ budget = low
R E -+ budget = high 5 «+++ budget = high
800 800
c <
o o
B B
5 5 600
A 600 a
® ®
£ £ 400
2 400 a
o o
200 ..
2000 T e T e
ol T
0.0 01 04 05 0.0 01 0.4 05

02 03
p(shock)

Figure 3.3: Resource Shock Model (B)- Demonstrates the effect of differently sized starting

budgets (low and high) and probability of resource shock (ranging from 0 to 0.55) on

optimal planning duration. Across all conditions, optimal planning duration falls for

both high and low budgetary conditions as the probability of shocks increases. This fall

is found to be steeper when the budgetary allocation is low. The nature of cost deduction
and reward increment was varied, as mentioned in the above figure.

low budget conditions shortens people’s planning horizons. We think this is one of the
critical elements that induce the inability to delay gratification in people belonging to the
low socio-economic communities, and these unpredictable resource shocks are why they

find themselves trapped in the poverty cycle.

3.3 Summary and looking ahead

Planning horizons and optimal planning durations shrink to the short-term when one
encounters frequent resource shocks. This is especially prominent when their starting
endowment is small - highlighting the role of precarious conditions in low socio-economic
communities. Shortening of planning horizons were also documented when endowments

are double in size, and different cost and reward structures are taken into account. To
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empirically test whether these predictions hold true, we design a video game that simulates

stable and volatile environmental conditions which is discussed in the next section.



Method of investigation

In this thesis, we try to empirically establish how people’s temporal planning horizons
change when subjected to a precarious environment in addition to our computational
synthesis. To test our theory, we developed a novel experimental paradigm to characterize

the effect of experimentally induced precarity on revealed temporal preferences .

We defined precarity as any exogenous, unpredictable event that may create uncertainty in
an agent’s immediate environment, thereby altering their mental and physical states (i.e.,
thoughts and behaviors). While we have operationalized precarity as heightened expen-
ditures and losses in the game, it can also include non-economic exogenous perturbations
such as health risks. In this operationalization, we define precarity as volatility and unpre-
dictability: volatility indicates increased expense variance, leading to higher expenditures,

and unpredictability suggests unexpected expenses that can lead to prediction errors.

L This section was previously published as a research paper (Mitra et al., 2025)
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'LEDGER | Name: Player Budget: 2839 Money made: 20886

Time Period [Resource Cost | Land Rent Crop Loss Crop Yield |Crop Type | Margin |
[6 month blocks] ([Total Fertilizer Cost|[Total Rent of |[Total Loss ofall |[Moneyfromall [[Crop varietieq [Profit for |
* [drawn in 6 months] (6 months] crops in 6 months] (crops in 6 months] (harvested] each crop] I

June,1993 3416 1000 2265 0 1.1Rice 225
Dec,1993 3473 1000 2265 40800 E

June,1994 3878 1000 2265 27200
Dec,1994 3855 1000 2265 0 2.1Apple 300
June,1995 4003 1800 2945 0
Dec,1995 3367 1000 2265 0
& June,1996 3507 1000 2265 0 3.1Teak 1650
* Dec,1996 3532 1000 2265 40800
. June,1997 4172 2600 4953 21400

Please sow the entire
plot of [ahd with crops
Of your choice. Press
SPACE to start
growing crops!

Dec,1997 2161 1000 3015 0

Figure 4.1: Game GUI: At the top of the user interface is the ‘Ledger’, which displays
real-time trial-wise farming-based resource debits and credits. Farming debits included
resource debits or farming inputs (‘Resource Cost’), loss of crops (‘Crop Loss’), and rent
for the farming land (‘Land Rent’). Farming-based credits included ‘Crop Yield’, i.e., the
money earned from harvesting crops. The ledger also displayed each crop variety and the
associated profits, total money earned by the player (‘Money Made’), and our formulation
of resource scarcity (‘Budget’). Our depiction of environmental precarity was designed as
an increased resource cost, crop loss, and land rent in the game. Since participants were
encouraged to learn about the risk profile of each crop, we displayed the net loss incurred
by each crop after each trial. The middle of the user interface displays the soil where
participants could sow and harvest their chosen crops. The participants were informed
that crop sowing patterns on the soil or time (month of the year) did not impact crop
loss or yield (check out youtube for a demo).

4.1 Game mechanics: Harvest Horizons

Our motivation was to create a close-to-real-life platform where people would experience
a precarious environment while planning and exercising their choices through various op-
tions, observe their outcomes, and subsequently re-calibrate based on the feedback. Thus,
our experimental paradigm was designed as a farming simulator where participants played
the role of a farmer who sowed and harvested crops over multiple trials while observing
resource inputs and farming expenses. Harvest Horizons was designed on GameMaker:
Studio 2.1.5 using GML language. The GUI shown in Figure 4.1 details the different

design aspects.


https://youtu.be/03nW22OaY7I
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4.1.1 Farming game design

To simulate a stable and volatile farming environment, we formulated a block design in
the game such that farming expenses would be negligible in some blocks (Low Variance
or LV) and significant in others (High Variance or HV). These LV and HV blocks were
randomly presented to each participant after the presentation of a ‘practice’ block, during
which participants got accustomed to the game, as shown in the top panel of Figure 4.2.
Each block had 24 trials, and the game ran for five blocks or 120 trials. The blocks were
designed to depict a real-life scenario where environmental events can be relatively smooth

sailing (as in a low-variance block) or turbulent (as in a high-variance block).

At the start of each trial, participants had to sow crops of their choice on the soil comprising
forty slots as shown in the bottom-middle panel, Figure 4.2. At the end of the trial, they
harvested their full-grown crops and started the subsequent trial after resowing the plot.
We also made an in-game ledger such that an account of various farming expenses and
incomes was readily available enabling participants to make informed crop choices in all

game blocks.

4.1.2 Precarity as resource shocks

The game’s central idea was to simulate a resource-scarce environment where farming
expenses could go overboard with some probability. Thus, the depiction of environmental
precarity and our critical manipulation in this experimental paradigm was the occurrence
of resource shocks alongside the formulation of a low budget. To this effect, a budget was
deducted from participants’ money at the start of every trial, which was used to pay for

various resource costs or farming inputs.

Now, resource shocks were operationalized as farming expenses going overboard compared
to the budget. To be precise, resource shocks were quantified by trials where resource
debits in the form of farming expenses (sampled from a random, normal distribution)
would rarely go overboard the budget in LV blocks and around one-third of the time in
HYV blocks.

Thus, in LV blocks, the farming expenses would rarely cross the budget, signifying a
smooth, streamlined environment. However, during HV blocks, these expenses would
frequently go overboard compared to the budget, suggesting a precarious environment

and the occurrence of a resource shock. These increased resource debits would manifest as
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Figure 4.2: Game Design - this figure depicts the workings of the farming-simulator

experimental paradigm. The top panel shows one of the experimental block structures

used in the game. The bottom panel shows the varied crop attributes, how every trial

traversed through the crop-sowing to the crop-harvesting phase accompanied by crop loss
and the critical manipulation of a precarious farming environment.

increased crop losses and land rent in those harvest cycles as shown in the bottom-right

panel of Figure 4.2 and summarized in 4.3.

4.1.3 Crops as inter-temporal choices

We designed inter-temporal choices in this game as three different crop varieties - Apple,
Rice, and Teak - that differed in temporal and risk attributes (displayed on the bottom-left
panel of Figure 4.2). Participants’ choice of crops was our measure of temporal preferences
- we wanted to see if people would opt to wait for a more rewarding crop in the face of

resource shocks.
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Figure 4.3: Flowchart showing experimental manipulations with varied stochasticity: If

resource cost drawn randomly was less than the budget then it manifested in-game as

lower crop loss and land rent. Otherwise, if sampled resource cost was greater than
Budget, then it depicted tumultuous times with higher crop loss and land rent.

In our game, apples and rice were designed as the ‘sooner, smaller reward’ because they
took minimal time to grow (yield time) and gave smaller earnings upon harvesting (profit
margins). Apple was designed to be a risky choice than rice, i.e., apples would provide
higher profits than rice. Still, they were susceptible to higher losses in the face of adversities
(loss probability). On the other hand, teak was our depiction of the ‘later, larger reward’
as it had the longest growth time but yielded the most earnings. Thus, teak was the long-
term non-risky choice, apple was the short-term risky option, and rice was the short-term

non-risky bet. These crop attributes are documented in Table 4.1.

In other words, we depicted adverse situations in the game as resource shocks, occurring
whenever the resource cost exceeded the budget, manifesting as increased crop loss and
land rent. The crop losses (denoted by a loss factor) were sampled from a binomial
distribution such that it was either low in the absence of a resource shock or high otherwise.
This loss factor was designed such that apple was a high-risk crop and rice and teak were
low-risk choices. Finally, land rent was also designed to be binary (high or low) in the

presence or absence of a shock.
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Table 4.1: Table depicting detailed crop attributes for each crop type. Bracketed values
in the Loss Factor denote increased crop loss on resource shock trials.

Crops
Type Apple Rice Teak
Yield Time 1 trial 1 trial 6 trials
Buying Price || 50 coins | 50 coins 50 coins

Selling Price || 350 coins | 275 coins | 1700 coins
Loss Factor 0.3 (0.8) | 0.2 (0.5) | 0.2 (0.5)

4.2 Game-play walk-through

Participants were made aware of what the game was, the choices available, and how to
play it. The game started with a GUI similar to the one shown in Figure 4.1. Each trial
was designed to last six months in the game, and participants played the life cycle of a
farmer for 60 years. Participants were explicitly informed of the crop yield time and profit
margins; however, they were encouraged to estimate the loss probability as they played

the game.

In our experimental paradigm, participants were asked to sow crops on the entire field
so that no slots would be left empty on each trial. Thus, any decrease in long-term crop
choices would always be associated with a corresponding increase in short-term choices.
They were notified that the brown patch of land was the plot for growing crops. They were
made aware of all crop attributes except the loss probability. A green outline box around
the cursor suggested the areas of soil available to sow, and a red outline box suggested

areas that were not.

Sowing the crops on the plot was done with left mouse clicks. Sowing each unit of all crops
was accompanied by a deduction of 50 coins as the buying price. Choosing which crops
to grow (i.e., browsing through options) was done by revolving the mouse wheel. When
crops were planted, participants pressed ‘space’ to start each trial. While the trial was
ongoing, they could see the month and year of game-play, corresponding monthly resource
cost deduction (from their budget), crop losses, and land rent deductions (from their game
money), updated in real-time (as seen on the left-hand side of 4.1). At the end of each
trial, the game paused, and participants had to harvest the full-grown crops (indicated by
a sparkling effect) with the right mouse clicks. After harvesting, participants had to sow
the plot again and start the subsequent trial. After harvesting, each crop’s selling price

was added to their game money.
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As shown at the top of Figure 4.1, participants’ crop yield, crop loss, resource cost deduc-
tions, and land rent were saved in the ledger for each trial for the past ten trials. They
were updated after every trial, and participants were advised to consult these to get a
comprehensive view. The ledger also illustrated their net ‘Money Made’ (game money),
budget in hand, and crop profit for each unit of all three crops. Each participant was
explicitly asked to play to maximize their total game money, and a ranking-based system
was also designed to reward the top performers (up to thrice their participation money)

alongside their compensation.

4.3 Optimal Crop Choice

How would an economically optimal agent behave in this game? Would the long-term
choice still be optimal under conditions of low endowment and intensifying shock frequen-
cies? To answer these questions, we identified the optimal crop under simulated conditions
of a fixed endowment and increasing shock probability 2. We operationalize optimality in
terms of mean net profit (‘Net profit’ on Figure 4.4) associated with each combination of
crops such that > (ng,n,,n:) = 40 where n,, n, and n; are the number of apple, rice, and

teak on plot respectively.

To obtain the optimal crop choice, we derived net profit associated with each possible
crop combination under a fixed endowment (X = 20000) and low, moderate, and high
probability of resource shocks (p = 0.05,0.3 and 0.8). Since opting for teak entitled waiting
for teak to reach its full-grown state over six trials, we calculated net profit cumulatively
over six trials. On each trial ¢ < 6, one of two things happens: our agent can observe
a resource shock (determined by p), which leads to an increased crop loss and significant
endowment depletion, or they encounter no shock leading to a baseline crop expense and
a marginal endowment reduction. Thus, on each trial, the endowment is depleted by the
crop expenses given by X (¢t) = X (¢ — 1) — I; where [; can be significant or baseline based
on the incidence of a shock. If their endowment is completely depleted in this intervening
period (i.e., X(t) < 0in 1 > ¢ < 6), our agent quits the simulation run (or waiting for
teak) with the net crop profit accumulated over all preceding ¢ trials. Otherwise, they
conclude the simulation run at ¢ = 6 (i.e., waiting for teak to harvest) with the net profit
accrued over all six trials. Net profit (Pp) is calculated using the difference between the

cumulative capital inflow from crop harvest and capital outflow from crop expenses over ¢

2Even though we identify the optimal crop by simulating different shock conditions, these conditions
and the resulting optimality are part of the game design.
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trials, which is given by

t

Puet = (pi)— > (L)  where, (4.1)
1

1
pi = 8; — b; and (4.2)

p; and [; are the crop yield and crop loss accrued by the i, crop. Crop yield is obtained
from s; and b; - the selling and buying price associated with the i, crop. Crop losses
l; are obtained from a binomial distribution determined by loss factor 6; associated with
the 4z, crop. s;, b;, and 6; are based on the crop parameters used in the game. We
iterate the above process 1000 times to calculate the mean net profit associated with each
crop combination under conditions of a fixed, low endowment and increasing frequency of

resource shocks. Figure 4.4 (A), (B), and (C) depict the optimal crop choice under these

conditions.
(A) p(shock) = 0.05 (B) p(shock) = 0.3 (C) p(shock) = 0.8
Apple Apple Apple

400 400 400

Net profit Net profit Net proflt
51560 44155 29 52
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47170 35069 8068

42479 40 25983 -13015

Jo
Teak Rlce Teak

0 40
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Rice Teak

Figure 4.4: Optimal Crop Choice: These ternary plots show the optimal crop choice
under conditions of fixed, low endowment and (A) low, (B) moderate, and (C) high
incidences of resource shocks. The teak plantation is the optimal choice in low resource
shock conditions. However, as the probability of shock increases, the optimality shifts
away from teak. At high probability (p(shock) = 0.8), teak plantation yields a negative
net profit — suggesting endowment depletion before harvest is fructified. The values 0
and 40 on the axes denote null and total plantation of those respective crops on the field.

We find that teak plantation leads to highest net profit over time when the probability of
shock is low (p(shock) = 0.05). However, as the probability of shock increases by 0.25 (i.e.,
p(shock) = 0.30), the net profit obtained from the teak plantation shifts away from the
maxima. Further increases in shock probability by 0.50 (i.e., p(shock) = 0.80) show that
teak plantation produces a negative net profit compared to all other crop combinations.
This suggests that waiting for teak to harvest under frequent resource shocks leads to
endowment exhaustion before teak is harvested, leading to negative net profit (i.e., a zero

crop yield and positive crop loss).
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Among the short-term crops, apples provide more net profit than rice as they were designed
to provide higher yields than rice under a low probability of shocks (p = 0.05). However,
as the frequency of shocks increases (p = 0.80), apple production increases crop expenses
due to its higher-risk profile, making rice production more profitable. Thus, while the
short-term, risky choice (apple) is more profitable under low resource shocks, the low-risk,

short-term crop (rice) is optimal under frequent shocks.

Overall, the optimal crop calculations suggest that the long-term choice is optimal un-
der conditions of minimal turbulence. In other words, teak production pays off when the
frequency of shocks is minimal, as arbitrary unexpected expenses do not deplete one’s
endowments. However, opting for the long-term choice under incessant turbulence is sub-
optimal as heightened expenses may deplete endowments before the future plan is fructi-
fied. In such scenarios, proximal, non-risky rewards (similar to rice in our design) pay off
immediately, replenishing one’s endowment in the short term. Thus, while teak may be
optimal in a streamlined environment, it may not be preferred when resource shocks are

frequent.

4.4 Summary and Looking ahead

Our formulation of a precarious environment is motivated by the lived experiences of
impoverished individuals. Instead of testing the interactions between resource scarcity and
unpredictable shocks, we check if people’s temporal preferences shift under low budgets and
recurrent over-the-budget expenses. Thus, we simulated environmental precarity within
the farming game using resource shocks and measured whether experiencing such shocks
led participants to prefer options paid out earlier than later. In the following section, we
test our theory using this farming game with university students and farmers employed in

II'T Kanpur as gardeners.



Precarity and preference shifts

Our simulation suggests that frequent shocks make long term planning unsustainable by
draining out endowments and minimizing expected utility of delaying gratification. This
was prevalent in both high and low endowment conditions, but the effects were maximized
when budgets were low and unpredictable shocks were frequent. Thus, waiting for rewards
while operating under limited budget and frequent shocks can be risky, as plans may fail
due to unpredictable environmental demands. Thus, while delaying gratification may be

optimal in stable environments, it may not suitable when living in precarious conditions’.

5.1 A ‘resource shock’ hypothesis

In this section, we empirically establish how people’s temporal planning horizons change
when subjected to a precarious environment. Our formulation of a precarious environ-
ment was motivated by the lived experiences of impoverished individuals. Thus, we check
if people’s temporal preferences shift under precarious conditions concocted with low en-

dowments and frequent resource shocks. Based on the simulation, we hypothesize that

!This section was previously published as a research paper (Mitra et al., 2023, 2025)
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people would adaptively prefer shorter-term plans when they experience unpredictable re-
source shocks while functioning under a low budget. We also hypothesize that they would
prefer long-term goals in the absence of these shocks, in other words, preferentially choose

timescales where they can act most effectively.

Our proposal resonates with the resource-rationality argument, which proposes that people
tend to maximize the expected utility of their choices contingent on their cognitive limi-
tations or ecological constraints (Bhui et al., 2021; Griffiths et al., 2015). The simulation
results suggest that the expected utility for waiting is contingent on resource limitations
and, more importantly, the recurrence of events that lead to the depletion of said resources.
Thus, while waiting for the delayed reward is optimal in the traditional views of rationality,
recurrent resource depletions make short-term planning rational in the ‘resource-rational’

(or bounded rationality) perspective.

To test these hypotheses, we had developed a novel experimental paradigm (discussed in
the previous chapter) to characterize the effect of experimentally induced precarity on time
preference. Using this paradigm, we conducted four studies: the first experiment tested
whether student’s time preference shifted when they were subjected to resource shocks
while operating on a limited budget; the second experiment was a replication of the first
with farmers; the third study was a ‘pure control’ experiment, which tested whether people
would prefer long-term plans in the absence of such resource shocks, while still operating
on a limited budget; and the fourth experiment attempted to pinpoint the critical feature

of resource shocks that drives the observed shifts in preferences.

5.2 Exp 1: Preference shifts in Volatility among Students

In our first exploratory study, we simulated environmental precarity within a farming game
using resource shocks and measured whether experiencing such shocks led participants to

prefer short-term plans. We conducted this experiment in the lab with university students.

5.2.1 Methods
5.2.1.1 Experimental design

In the previous section, we described our experimental paradigm in detail. In short,

participants played the role of a farmer in a farming simulator game where they choose
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between short-term (apple and rice) and long-term crop (teak). Short-term crops were also
varied in risky prospects giving us risky apple and non-risky rice. We simulated resource
shocks by varying the farming expenses debited from participant’s budget on each trial.
While these expenses were less than the budget in stable conditions, participants faced
multiple unpredictable shocks depicted as farming expenses greater than the budget in
volatility conditions (HV trials). This volatility resulted in increased crop loss and land

rents - our depiction of precarity.

As noted in the previous section, we also found out that in stable conditions, choosing the
long-term crop teak was the optimal or most profitable choice, while in volatile conditions,
short-term choice rice was optimal. Using this paradigm, we were interested in checking

how people’s crop preferences changed (namely, teak) as a result of resource shocks.

5.2.1.2 Participants

Based on pilot data, we predicted a low-to-medium effect of our experimental manipu-
lation. Using G*Power3.1 (Faul et al., 2007a), we arrived at a sample size of 72 with
power = 0.9, alpha = 0.05, and effect size = 0.35 (using one-tailed one-sample t-test).
We collected data from 79 participants who were recruited via offline and online adverts
on campuses. One participant’s data was discarded as they admitted to having played
the game desultorily, and another was discarded for incorrect data records on the part
of the game. Eight of these 77 participants were identified as outliers using a 1.75*IQR
exclusion criterion on the teak preference shift data. The analysis was carried forward

with 69 participants (30 females and Mg = 25 years).

All participants were recruited with informed consent and monetary compensation. Since
the experiment took around sixty to seventy-five minutes, participants were compensated
with a standard of Y150 ($8 PPP adjusted) for their time. In addition to this, an incentive
structure was implemented in the game, where top earners were provided with extra mon-
etary rewards. This was done to nudge people to choose the profit-maximizing crop option
in the game. To this effect, three participants were also awarded bonus payments of ¥500,
¥300, and X100 ($25, $15, and $5 PPP adjusted) based on their performance in-game. The
Institutional Ethics Committee approved the study.
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Figure 5.1: Game Analysis - this figure shows our analysis protocol for the farming-
simulator experimental paradigm. For each participant, we identify the trials on which
resource shocks occurred, and change in crop preferences is determined by taking the
difference in the cumulative amount of crops on six trials before and after each resource
shock trial. We chose six trials before and after, as teak takes six trials to be harvestable.
Each participant’s mean change in crop preference is calculated by taking the mean dif-
ference in crop preferences across all resource shocks encountered in the game. Lastly, all
shock trials occurring on the last six trials in the game was excluded from analysis.

5.2.1.3 Analysis procedure

We performed a trial-by-trial analysis to study the effect of resource shocks on participants’
choice of crops. We were primarily interested in teak preference, which represents the long-
term plan, and its interaction with the short-term plans, i.e., apple and rice preference.
Since the teak harvest could only be fructified after six trials, we focused our analysis on
the difference in the cumulative count of teak plants in the field for six trials before and
after each resource shock for each participant. Any shocks occurring on the last six trials
were excluded from preference deviation calculation, as participants noted that they were

motivated to not choose the long-term crop at the end of the game.

As described in Figure 5.1, the difference in the cumulative teak on the plot across said six
trials (A¢eqr) indicated the change in teak preference across each RS trial. We averaged
these differences to quantify the mean change in teak preference across all RS trials for
every participant (0eqr = (37" Aeak)/m where m is the total number of RS trials per
participant), as can be seen on the right panel of Figure 5.1. Finally, the cohort-level change
in preference was obtained via the mean change in teak preference across all participants

(15,0 = (7 Otear)/n where n is the number of participants).
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Figure 5.2: Results of Experiment 1: Panel (a) illustrates the mean shift in preference

(#5,,.;) for all crop choices induced by resource shocks across all participants. The mean

shift in rice, apple, and teak preference is 0.01, 0.33, and -0.34 suggest lowered preference

for the long-term crop post exposure to shock. Error bars signify 95% CI. Panel (b)

shows the teak preference shift (d:cqr) data for all participants (n=69). Forty participants
showed negative teak preference post-resource shock.

5.2.2 Results

5.2.2.1 Long-term crop preference shifts

Our primary observable variable for this analysis was the number of plants of each vari-
ety present on a participant’s field at any point in time, and our primary manipulation
of interest was the resource-shock (RS) trials. A one-sided one-sample t-test yielded a
significant effect (M = -0.34, SD = 1.39) of resource shocks on the shift in teak preference
(t(68) = -2.03, p = 0.023, 95% CI [-0.62, -0.06], d = 0.24, BFy;y = 1.81). Clearly, as a co-
hort, our participants reduced their preference for planting teak after having experienced
resource shocks, as predicted by our hypothesis. Figure 5.2(b) plots the mean change in
teak preference for all participants, showing that the majority of our participants showed

a reduction in teak preference, and the predicted effect also occurred within individuals.

5.2.2.2 Short-term crop preference shifts

What do people do instead if they are less likely to plant teak? We found that changes
in teak preference were significantly correlated to shifts in both apple and rice preference
(r(67) =-0.61, p < .001, 95% CI [-0.74, -0.44] for apple-teak preference and r(67) =-0.49, p
<.001, 95% CI [-0.65, -0.29] for rice-teak preference). However, a shock-based computation
of short-term crop preference shifts elicited that preference for apples significantly increased
post resource shocks (M = 0.33, SD = 1.31, ¢(68) = 2.08, p = 0.041, 95% CI [0.01, 0.65],
d = 0.25, BF1p = 1) and no preference change for rice (M = 0.01, SD = 1.18, #(68) =
0.08, p = 0.933, 95% CI [-0.27, 0.3], d = 0.01, BFjp = 0.13) was found. This suggests
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that people preferred the short-term risky apple more, corresponding to decreases in the

long-term crop teak. Our results are summarized in Figure 5.2(a).

5.2.2.3 Are preference shifts sticky?

Finally, we wanted to see if the effects of resource shocks on the long-term planning horizon,
as seen in high variance (HV) blocks, would carry over to a subsequent low variance (LV)
block in which people do not experience such shocks. In other words, we wanted to see
if preference changes induced by resource shocks were sticky. We sought evidence for

stickiness in two ways:

e Do people show increased teak preference in the LV block immediately encountered
after an HV block? If yes, this would suggest evidence for non-stickiness. Further-
more, was there an increase in teak preference in the second LV block compared
to the first LV block when both are presented after an HV block? If yes, it would

suggest more evidence for non-stickiness.

e Do people make more teak in an LV block presented right after an HV block compared
to another LV block encountered just before that HV block? If yes, this would suggest

that the effects of resource shocks were limited to only precarious HV blocks.

To run this first analysis, we checked if the effect of prior HV blocks showed up in the
crop production on subsequent LV blocks (here, we included people whose order of game
blocks was HV-HV-LV-LV or HV-LV-LV-HV). We indeed found an increase in mean teak
produced in the first LV block compared to the immediate HV block, but it was not
statistically significant (pu1serv = 27.28, o15erv = 7.97, tpriorHv = 25.84, Opriorav = 5.67,
t(15) = 1.36, p = 0.096, 95% CI [-0.35, 3.23], d = 0.20, BF}o = 1.12). Furthermore, if there
were no carryover effects of resource shocks from prior HV to subsequent LV blocks, we
would see greater teak preference on the second LV block than the first LV block. Using a
paired t-test, we found that teak production increases on the second LV block but was not
statistically significant (uisyv = 27.28, o194y = 7.97, popary = 30.18, oopgry = 10.5,
t(15) = 1.69, p = 0.056, 95% CI [-0.01, 5.81], d = 0.3, BF}p = 1.64). The Bayes’ factors in
the analyses tell us that our results show anecdotal evidence for non-stickiness of preference
shifts.

Lastly, to further test for non-stickiness, we selected participants who had faced at least
one HV block between two LV blocks (i.e., order of blocks was either LV-HV-LV-HV or
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LV-HV-HV-LV) and compared the mean teak produced on the two LV blocks, excluding
the practice block and the last six trials as above. An increase in teak preference in the
second LV block compared to the first would suggest non-sticky effect of the intervening
HV block onto the subsequent LV block. A one-sided paired t-test showed a positive
shift in teak preference in the subsequent LV block, but it was not statistically significant
(priorry = 25.73, Opriortv = 7.87, tpostrv = 28.39, Opostry = 7.42, t(28) = 1.53, p =
0.068, 95% CI [-0.24, 5.57], d = 0.34, BFyy = 1.12) — suggesting again anecdotal evidence

of non-stickiness of resource shocks in teak production.

5.2.3 Robustness checks

Since we had a block design in our game, we investigated if participants’ choice of teak
varied as a function of environmental precarity across LV and HV blocks. We calculated
participants’ mean overall crop share across all LV and HV blocks, excluding the practice
block. We found teak share (M = 27.42) to be much higher than that of apple (M = 7.20)
or rice (M = 5.38). The same trend was also true for crop shares on only LV blocks
(Myear = 27.42, Myppie = 7.51, Myjce = 5.07) and only HV blocks (Myeqr = 27.42, Myppie =
6.89, M,;ce = 5.68). Crop preference shifts due to resource shocks were not detectable at
the global block level, and people showed a higher preference for teak across all blocks and
conditions. This suggests that at a global block level, participants preferred teak more;

however, this preference changed at a granular trial level due to resource shocks.

In our analysis to check how teak preference shifted as a function of resource shocks en-
countered, we excluded eight participants based on our IQR exclusion criteria. To check
the robustness of our results, we performed a similar analysis as performed before, includ-
ing all outliers, and found our results held up. We found teak preference fell significantly
as a function of resource shocks (M= -0.48, SD= 2.47, t(76)= -1.69, p= .048, 95% CI
[-0.95, -0.01], d= 0.19). Apple showed an increase in preference post resource shock, but it
was not statistically significant (M= 0.49, SD= 2.31, t(76)= 1.85, p= .068, 95% CI [-0.04,

1.02], d= 0.21). However, like above, rice showed no significant preference change.

5.2.4 Discussion

Our motivation with this experiment was to simulate an environment that people living in
poverty are well versed in. We operationalized this environmental precarity by introducing

randomly interspersed resource demands, which went overboard probabilistically. We
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hypothesized that when people, irrespective of their socioeconomic status, are subjected to
such an environment, they naturally shift to a shorter planning horizon. As expected, when
faced with economic precarity, designed as resource shocks coupled with crop loss, people

did move away from long-term plans (in this context, planting teak in the simulator).

The observed decrease in planting the long-term choice teak was coupled with an increased
preference for short-term crops. However, we found that people preferred the risky-sooner
bet (apple) more than the safer-sooner option (rice). This is evident from the significant
increase in apple preference post-shock and the higher correlation between apple and
teak preference shifts compared to rice and teak preference shifts. This implies that our
sample was motivated to maintain a high crop-profit margin, and hence, they shifted their
preference from a high-profit, low-risk, long-term investment to a high-profit, high-risk,

short-term option.

Even though our empirical results point to changes in inter-temporal preference as a func-
tion of resource shocks, we think additional mechanisms like decision rules or heuristics
may have affected the preference shifts owing to the complexity of the game design. For
instance, individuals’ choice of crops may be affected by variety seeking, as we expect
them to switch between crop varieties to determine the optimal crop in conditions of null
and frequent turbulence. Even though the practice block was designed to minimize such
effects, we cannot say with certainty that variety seeking was indeed contained within this
block. Furthermore, anchoring effects may have also affected some individuals’ decisions
as we find that some individuals show null teak preference shifts (4 people as documented
in Figure 5.2(b)), implying people identified the optimal crop and did not shift from their

preferred choice later on.

Now, were these long-term preference shifts sticky? Based on the experience effects liter-
ature (Malmendier, 2021), one may expect that the effects of overruns would be sticky,
such that the shortened planning horizon during significant precarity continues to persist
in later scenarios of stability. Our results seem to anecdotally suggest that the contracted
planning horizon did not carry over to the subsequent blocks in which participants did
not face resource shocks. Thus, resource shock-induced time preference changes seem to

be transient, at least in this virtual environment.

The discrepancy in our results and previous literature may result from how negative shocks
operate in this virtual environment and real-life scenarios. In the gaming paradigm, the
manifestation and consequence of a negative shock operated on a time scale of minutes

compared to real-life shocks (say, a stock market crash), which can extend over months or
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years. Furthermore, the ramifications of negative shocks in the game are limited compared
to real-life shocks. In our experiments, shocks would result in a transient monetary deficit,
which is recoverable in subsequent trials. Real-world shocks of substantial magnitude,
often seen in a recession or stock market crashes, may erode one’s wealth, leading to
permanent shifts in preference. Thus, the stickiness of preference changes can depend on

the time-scales, magnitude or frequency of unpredictable shocks.

5.3 Exp 2: Preference shifts in Volatility among Farmers

We conducted the first experiment using a sample of university students with no farming
experience and generally belong to relatively affluent families (Kaur, 2021). Our observed
shifts in preference can therefore be criticized both on the grounds of ecological validity and
representativeness. Therefore, we conducted a lab-in-the-field version of our experiment
with low-income farmers in India to address these issues. The average farming household
in India earns approximately Rs 1,20,000 ~ USD 6000 (PPP adjusted) in a year, with
this amount being nearly half in Uttar Pradesh, the site of our study (Satyasai, 2016).
The fixed payment in our experiment was thus more than 1.5% of an average participant’s
monthly income, and the performance-linked bonus was up to 10% of their household’s
monthly income. Thus, these low-income participants would experience the simulator in
a much more consequential manner than our previous sample and bring their background

understanding of the economics of farming to bear on the exercise.

5.3.1 Methods
5.3.1.1 Design changes from Exp 1

We implemented a minor change in the game structure (listed below) to conduct the study

with farmers who are not used to participating in experiments -

e The game language and instructions were translated to Hindi so that farmers par-
ticipating in the experiment would be able to understand the task better. Figure 5.3

depicts the changes implemented.

e Decrease in trials per block: In the previous experiment, the farming game started
with 24 practice block trials, followed by four randomized LV and HV blocks with

24 trials each. In this experiment, we kept 24 trials for practice block, but shortened
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Figure 5.3: Depiction of game GUI as designed for the second experiment. We changed
the dialect to Hindi to accommodate native Hindi-speaking farmers.

the LV and HV blocks to 12 trials each to contain the experiment duration to a

maximum of 1.5 hours.

In all other aspects of the paradigm namely the depiction of adversity through resource

shocks was the same.

5.3.1.2 Participants

We recruited participants who are actively associated with farming. Gardeners of the
Indian Institute of Technology Kanpur, who also work as farmers in the nearby villages,
participated in the game. Our sample size was similar to the last experiment and we
collected data from 70 individuals. None were identified as outliers using a 1.75*IQR
exclusion criterion and the final analysis was done with 70 participants. Our incentivization
and participation payoff structure was also similar to the last experiment. Since, most of
the participants were unaccustomed to the workings of a computer, the experimenter
aided the participants in the game-play such as mouse clicks and keyboard operations.

The institutional ethics committee approved the study.



Chapter 5. Precarity and preference shift 43

! -

5 [ X
8 0 . g 0 fye 'II'I || .|I ||||
g - ey
-10
rice apple teak # Subject
(a) (b)

Figure 5.4: Subplot (a) shows the mean change in crop preference across all farmers. The

mean change in rice, apple and teak preference is 0.80, 0.09 and -0.89 respectively. Subplot

(b) depicts the change in teak preference for all participants (n=70). 36 participants
showed negative teak preference change post shocks.

5.3.1.3 Analysis procedure

Our analysis procedure for this experiment was exactly the same as the last one. Our
primary observable was the number of crops chosen by participants at any point in time,
and our primary manipulation of interest was the occurrence of resource-shock (RS) trials.
We performed a similar trial-by-trial analysis to study the effect of resource shocks on time
preference based on participants’ choice of crops. Finally, we also excluded the practice

block and shocks occurring on last six trials from the final analysis.

5.3.2 Results

Similar to the previous experiment, we did t-tests on crop preference deviations to check
if preference changed due to resource shocks. A one-sided one-sample t-test showed a
significant effect (M = -0.89, SD = 4.02) of shocks on teak preference (¢(69) = -1.84, p =
.035, 95% CI [-0.09, -1.69], Cohen’s d = -0.22) as shown in Figure 5.4(a). Thus, long-term
crop preference also decreased among farmers as a result of unpredictable volatility in the

virtual environment.

Two-sided t-tests showed a non-significant effect (M = -0.09, SD = 2.41) of shocks on
shift in apple preference (¢(69) = 0.31, p = 0.76, 95% CI [-0.49, 0.67], d = 0.06) but a
significant effect (M = 0.80, SD = 2.67) on shift in rice preference (¢(69) = 2.49, p = .015,
95% CI [0.16, 1.44], Cohen’s d = 0.30) as shown in Figure 5.4(a). Among the short-term
crops, farmers preferred the safe short-term choice rice more which is also evident in its
correlation with teak deviations (apple vs. teak: r = -0.77, p < .001; rice vs. teak: r =
-0.81, p < .001).
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5.3.3 Discussion

In both high (students) and low (farmers) socio-economic groups, a shift from long-term
planning to short-term planning is observed across experiments 1 and 2. However, there
are also important differences. When faced with adverse budgetary conditions, college
students with no exposure to farming simply traded-off time preference for risk preference
(from teak to apple). Under similar conditions, low-income farmers reduced their risk

appetite, preferring to ensure a safe harvest (teak to rice).

We think this switch in risk preference among farmers is due to their habituation with
the perils of precarious environments. This is evident from the fact that farmers and
students show comparable shift in teak preference (d = 0.22 in farmers and 0.24 in students)
despite farmers facing fewer shocks (u(shocks) = 5.5) compared to young adults in the
first experiment (p(shocks) = 10.0). Thus, we think resource shocks were much more
consequential to farmers compared to students, making them choose rice when shifting

their preference away from teak.

5.4 Exp 3: Preference shifts during Stability

Experiment 1 and 2 used within-subject manipulation of resource shock frequency to
stimulate change in time preferences. However, our model predicted that people would
opt for long-term plans in the absence of resource shocks. So, how do people behave when
there are no resource shocks? Would they be able to determine the optimal choice? To
answer this question, we ran a ‘pure control’ version of the study, wherein participants
saw only low-variance blocks of trials, i.e., no resource shocks. Based on the calculations
illustrated in Figure 4.4, we expected an increase in preference for teak over time from

participants.

5.4.1 Methods
5.4.1.1 Design changes from Exp 1
Since this experiment was designed to ascertain behavior in the absence of resource shocks,

we removed the high variance blocks used in the previous experiment. Thus, the game

design only consisted of two randomized low-variance blocks after the practice block. The
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number of trials per block was the same as in Experiment 1. All other methodological

designs were kept unchanged.

5.4.1.2 Participants

We used a Bayesian sample size calculation to determine the number of participants we
needed to support the null hypothesis. The null hypothesis for this ‘pure control’ study
was that there would be no change in long-term crop (teak) preference across participants
(and the alternate hypothesis was a positive change in teak preference). Using SSDttest
in R, we arrived at a sample size of 180 participants using a one-sided Bayesian t-test with
the following specifications: effect size p = 0.36, power n = 0.80, BFpresh = 3.0 and other
default parameters (Fu et al., 2021).

Given this large sample size, we decided to collect data from participants in sets of 20
people. For each set, we also decided the stoppage rule for the data collection to be
BFyy > 3 since BFypesp, was taken to be 3.0 (Fu et al., 2021). Using this criterion, we
got the BFyg for the first set of 20 participants to be 5.68. We found one outlier using a
1.75*IQR exclusion criteria, and proceeded with a final sample size of 19 participants (8

females and Mg = 26 years).

All participants were recruited via an online advert in this experiment as well. Since
the experiment took around thirty to forty-five minutes to be completed, participants
were compensated with ¥100 ($4 PPP adjusted) for their time. In addition to this, three
participants were also awarded bonus payment of ¥500, ¥300, and ¥100 ($25, $15 and $5
PPP adjusted) based on their performance in the game. The institutional ethics committee

also approved this study.

5.4.1.3 Analysis procedure

Since, participants did not face any resource shocks, we devised a strategy for analyzing
the data that did not involve shock-based computation of teak preference change. To
this end, we calculated the number of teaks on the plot across the LV blocks for every
participant and then fitted a linear line to estimate its slope. This ‘best-fit’ linear line
was calculated based on the teak crop on the plot for all trials - excluding the practice
block and the last six trials. We hypothesized that we would find a positive slope across

participants, i.e., the amount of teak planted would increase for each participant.
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Figure 5.5: Panel (a) shows the mean slope of the best-fit line to each crop type across

the two LV blocks for all participants. Teak showed a significant positive slope, and both

Apple and Rice displayed a negative one as the game progressed. Error bars are 95% Cls.

Panel (b) shows the slope of the best-fit line for only teak across all participants. 13 out
of 19 people showed a positive change in teak preference as the game progressed.

5.4.2 Results

5.4.2.1 Long-term crop preference shifts

Across participants, we calculated the slopes of the best-fit lines as shown in Figure 5.5(b)
and performed t-tests. We predicted we would get a positive overall teak preference as
participants had not faced any resource shocks. A Bayesian one-sample t-test showed
substantial evidence in support of the alternate (BFjg = 50.58). A frequentist one-sided
one-sample t-test with Hy : o = 0 and Hj : po9 > 0 (where po = mean slope of overall teak
preference across participants) showed that the 95% confidence interval did not include
zero (M = 0.19, SD = 0.22, t(18) = 3.725, p = .001, 95% CI [0.01, 0.28], d = 0.86).

Further investigations into the slope effects of teak preference shifts conducted separately
for each LV block revealed a statistically significant positive slope greater than zero in the
first LV block (M = 0.16, SD = 0.39, #(18) = 1.80, p = .04, 95% CI [0.01, 0.32], d = 0.41)
and a non-significant positive slope for the second LV block (M = 0.19, SD = 0.53, ¢(18)
= 1.51, p = 0.07, 95% CI [-0.02, 0.4], d = 0.35). This suggests that most participants had
figured out that making teak was the optimal strategy in the first half of the game and

continued with it in the absence of shocks.

5.4.2.2 Short-term crop preference shifts

We tested similar slope-wise preference changes in apples and rice. Bayesian t-tests showed
substantial evidence in support of overall apple (BF}y = 3.86) and rice preference change
(BFip = 25.57) as a function of the absence of shocks. A two-sided one-sample t-test
showed a significant fall in apple and rice preference (for apple: M = -0.11, SD = 0.17,
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t(18) = -2.71, p = 0.014, 95% CI: [-0.19, -0.02], d = -0.62, and for rice: M = -0.08, SD =
0.09, #(18) = -3.73, p = 0.002, 95% CI: [-0.13, -0.04], d = -0.86).

Since both apple and rice showed significantly decreased preference over time, we looked
at their correlations with increases in teak preference. We found that changes in apple
and teak preference were correlated more compared to rice and teak (teak vs. apple: 7(17)
= -0.91, p < 0.001, 95% CI: [-0.96, -0.78]; teak vs. rice: r(17) = -0.68, p = 0.001, 95%
CI: [-0.87, -0.33]). This suggests that in the absence of resource shocks, people preference
shifted from the high-profit, proximal reward to the high-profit, delayed pay-off over time.

5.4.3 Robustness checks

For our analysis, we fitted a linear line to each participant’s data to analyze how partic-
ipants’ teak preferences changed across two LV blocks. We then estimated its slope to
check if participants chose more teak as the game progressed. However, a linear fit to
the data assumes that the data follows a linear trend. To test the overall change in teak
preference across participants without this assumption, we ran a t-test on the difference
in the mean teaks on the plot for the last half and the first half of the game (excluding

the practice block and the last six trials again).

This method of analysis showed a similar trend as our main analysis. We found a significant
positive change in teak preference (M = 3.99, SD = 4.66, ¢(18) = 3.63, p < .001, 95% CI
[2.13, 5.84], d = 0.83, BFjy = 42.12), as hypothesized. In this analysis, the increase in
teak preference is also accompanied by a significant decrease in apple and rice preference
(for apple: M =-2.21, SD = 3.63, ¢(18) = -2.59, p = .02, 95% CI: [-4.01, -0.42], d = -0.59;
and for rice: M = -1.77, SD = 2.19, t(18) = -3.43, p = .003, 95% CI: [-2.86, -0.69], d =
0.79). Overall, participants’ mean overall crop share across both LV blocks showed teak
share (M = 25.49) to be much higher than that of apple (M = 10.88) or rice (M = 3.63)

- indicated preference for the long-term crop teak.

Now, including the outlier in the analysis showed similar changes in teak preference as
reported in the main analysis. We found that teak preference slopes significantly increased
over time (M = 0.15, SD = 0.26, ¢(19) = 2.54, p = 0.01, 95% CI [0.05, 0.26], d = 0.57,
BFyy = 5.76). Apple preference slopes decreased over time (M = -0.11, SD = 0.16, ¢(19)
=-2.9, p = 0.009, 95% CI [-0.19, -0.03], d = 0.65, BF1p = 5.47); however, rice preference
slopes showed a negative trend but was not statistically significant (M = -0.045, SD =
0.19, ¢(19) = -1.045, p = 0.31, 95% CI [-0.14, 0.05], d = 0.23, BF1p = 0.38).
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5.4.4 Discussion

As the calculations illustrated in Figure 4.4 show, opting for the long-term plan (i.e.,
sowing teak) is the most profitable choice when resource shocks are minimal. Experiment
3’s participants appear to have discovered this fact inductively, as their teak preference
grows and their apple and rice preference falls over time in the absence of intermittent,
unpredictable resource shocks. Thus, consistent with the behavior of a utility maximizer,
it seems that participants learned the nature of the payoffs over multiple game trials.
This finding further confirms that the fall in long-term preference for teak, as seen in
Experiment 1 and 2, was indeed brought on by the simulated experience of precarity and
not by any other elements of the game’s design. Furthermore, this experiment provided
empirical evidence for our simulation prediction that people with negligible resource shocks

would still find the long-term horizon as their optimal planning duration.

5.5 Exp 4: Preference shifts and Predictability

Our experiment 1 and 2 showed that people shifted to a shorter planning horizon when
confronted with multiple resource shocks. Experiment 3 showed that in the absence of
shocks individuals could reasonably estimate the optimal choice and move toward a long-
term planning horizon. Now the question remains, what about the experience of precarity
led to this contraction in time preference? Were teak preference deviations driven merely

by liquidity constraints?

We suspect that the unpredictability inherent in spurious resource demands is the promi-
nent driver of increased shifts in preference. We think that people encountering low re-
sources and unpredictable shocks should show lowered preference for the long-term option
than people facing predictable shocks. Thus, we hypothesize that if unpredictability were
primarily responsible for the shift in time preferences, we would observe a significant dif-

ference in teak preference between these unpredictable and predictable shocks.

Experiment 4 investigates this hypothesis using a between-subject design where partici-
pants function under a limited budget while the predictability of incoming resource shocks
was varied. The first arm of the experiment was identical to Experiment 1 and 2, in which
people were unpredictably exposed to resource shocks. In the second arm, participants
faced constrained resources similar to the first arm; however, resource shocks were made
predictable by informing the participants of their impending arrival. We assessed how

people’s crop preferences shifted in both conditions.
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5.5.1 Methods

5.5.1.1 Design changes from Exp 1

To test our hypothesis, we implemented some changes in the paradigm listed below:

e Change in the block structure - In the first experiment, the experimental paradigm

had four randomized LV and HV blocks (two of each) after the practice block. Here,
we started the experiment with the practice block, then one LV block, and lastly,
two consecutive HV blocks. The two consecutive HV blocks created one extensive
HV block. We limited the LV block to one, as resource shocks were not observed in
LV blocks, making them ineffectual for shock-based computation of preference shifts.
Thus, participants faced the same number of HV trials and half of the LV trials as

experiment 1.

Pre-sampled ordering of resource shocks - In experiment 1, the real-time sampled
overrun could occur on any trial during the gameplay. In this experiment, however,
we had pre-sampled the resource cost debits before the game, and all participants

faced the same resource debits from their budgets.

Number of overruns in HV block - Since, the resource debits was sampled in real-
time in the first experiment, each participant faced a variable number of resource
overruns (average being 10). Now, the HV block was designed such that resource
debits would exceed budget one third of the time and had 48 trials in total. Thus,
we kept the overruns faced by each participant constant at 16 in this experiment.
This provided additional data points for our treatment and permitted us to examine

the robustness of our resource shock hypothesis.

Unpredictable and predictable resource shocks - In the first condition of this exper-
iment, the resource cost debits were randomly dispersed during the HV block such
that people could not predict when the resource shocks would happen. In the second
‘predictable’ condition, however, it was regularly timed, i.e., each resource shock oc-
curred every six trials in the HV block, giving participants a sense of predictability

of the turbulent times.

Participants’ instructions - In this experiment, we asked people to do a ‘comprehen-
sion check’ after they read the game instructions, where they answered questions
about the game environment and its controls. If unsure about any question or an-

swered incorrectly, they were asked to return to the instruction sheet and answer
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again. This was done to ensure that people understood the instructions clearly.
All pre- and post-experiment questionnaires were designed and implemented using
PsyToolkit (Stoet, 2010, 2017). Lastly, to make the resource shocks predictable,
participants were informed that after the initial practice block, they would experi-
ence some periods of stability, followed by extensive periods of turbulence, during
which they would see increased resource cost deductions, land rent, and crop loss
which is notified as “Crops are dying!” in-game. People were again notified of this
at the start of the HV block.

5.5.1.2 Participants

Using a Fixed-N BFDA (Bayes Factor Design Analysis) design with default prior Cauchy (0,
sqrt(2)/2), an expected effect size of 0.35 (from the first experiment), a sample size n = 30
and a boundary BF (BFjp,.es) = 3, we found the false positive and false negative evidence
rates to be 0.021 and 0.140 respectively (Stefan et al., 2019). This is well below the general
NHST criteria of accepted alpha and beta.

We decided to start off with n,,;, = 30 in each condition, and compute BFjg after every
participant until the BFe,, >= 3 (Schénbrodt et al., 2017). Priors used in BF calculation
were the default settings of JASP (JASP Team, 2022). Similar to the previous experiments,
all participants were recruited via an online advert on campus. Since the experiment took
around forty-five to sixty minutes to be completed, participants were compensated with $8
(PPP adjusted) for their time. In addition to this, three participants were also awarded
bonus payment of $25, $15 and $5 (PPP adjusted) based on their performance in the

game. The institutional ethics committee also approved this study.

5.5.1.3 Analysis procedure
We followed the same analysis protocol in this experiment as the first one: We derived the

mean change in crop preferences across sample in both groups and compared them as a

metric of how time preference shifted as a function of predictability.

5.5.2 Results

Similar to last two experiments, preference deviations were calculated without the practice

block and last six trials for each participant. We collected data from 30 participants in
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Figure 5.6: This diagram shows the mean shift in crop preference induced by resource

shocks as found in ‘Unpredictable’ and ‘Predictable’ conditions. Teak preference shifts

show statistical significance only in the ‘Unpredictable’ condition. The mean change in

crop preference across all participants is denoted by ps,, . ,, and error bars signify standard

eITOT. [U§ 0y Mouppres a0 fis,,,, for the ‘Unpredictable’ condition were found to be 1.19,

0.41, and -1.6, respectively. Similarly, ps,,.., H6,pp.> and ps,.,, for the ‘Predictable’
condition were 0.24, -0.49, and 0.25, respectively.

each group and we excluded two participants in the first group and none in the second

2. Hence, the final data analysis is done

with the 1.75 x IQR outlier exclusion criteria
with 28 (7 females, M4 = 21 years) and 30 participants (6 females, Myge = 22 years)
in the first and the second group, respectively. The computed Bayes factor was found
to be to be greater than our preset threshold (BFjy = 12.88 for teak difference between

Unpredictable and Predictable condition > BFjj.es = 3, with default prior r = 1/2/2).

5.5.2.1 Crop preference shifts across conditions

Since, the Brown-Forsythe test of equality of variance for teak preference shift showed
significant heteroskedasticity (F' = 4.87, p = 0.03), and we have unequal sample sizes
for the two groups, we carried forward with Welch’s t test. For teak preference change,
we hypothesized the shift to be higher in magnitude in the unpredictable case than the
predictable one. We did a two-sided test for apple and rice preference shifts since we

did not hypothesize a directional claim. Welch’s t-tests revealed that decreases in teak

2We used a 1.75 x IQR outlier calculation in all experiments instead of a 1.5 x IQR criterion because
we wanted to use a more stringent data exclusion criteria
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Figure 5.7: ‘Unpredictable’ Condition: Panel (a) illustrates the mean shift in crop pref-

erence (is,,,.,) across all participants. ps,..., is,,,., and ps,,,, were found to be 1.19,

0.41, and -1.6, respectively. Error bars signify 95% CI. Panel (b) shows the teak prefer-

ence shift (0;cqr) data for all participants (n=28). 20 participants showed negative teak
preference post unpredictable resource shock.

preference were higher in magnitude in the Unpredictable condition (M = -1.6, SD = 0.56)
compared to the Predictable condition (M = 0.25, SD = 0.34), and it was statistically
significant (#(44.69) = -2.81, p = 0.004, r = 0.27, 95% CI [-2.96, -0.75], d = 0.75, BF}g =
12.88).

Preference for short-term crops significantly increased in the Unpredictable condition, i.e.,
mean change in preference for rice and apple increased in the presence of unpredictable
shocks compared to predictable ones (Rice: Mypnpredictable = 1.19, SDynpredictable = 2.06,
and Myredictable = 0.24, SDpredictable = 1.05, £(39.4) = 2.15, p = 0.04, 95% CI [0.06, 1.84],
d = 0.58, BFyg = 1.78; and Apple: Myppredictale = 0.41, SDynpredictavie = 1.87, and
Mpredictable = -0.49, SDpredictable = 1.25, 1(46.5) = 2.11, p = 0.04, 95% CI [0.04, 1.76], d
= 0.56, BF1p = 1.65). These results suggest that participants decreased their preference
for the long-term option and compensatorily increased their preference for the short-term
choices in the presence of unpredictable resource shocks compared to when shocks were

predictable.

We also asked people to rate, on a scale of 0 to 10, how uncertain they felt when they saw
“Crops are dying!” (0 being ‘not at all’ and 10 being ‘extremely’) on both conditions. We
found the average ratings for the unpredictable and predictable conditions to be 7.5 and
5.5, respectively. Thus, this indicates that our experimental manipulation was successful
and suggests that unpredictability is a factor of interest. Next, we ran post hoc tests on
each condition, comparing the mean change in crop preference as a function of predictable

and unpredictable resource shocks against the null change.
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5.5.2.2 Crop preference shifts in ‘Unpredictable’ condition

For the Unpredictable condition, we see a similar trend as the first experiment — teak
preference showed a significant negative change as a function of resource shocks (M = -1.6,
SD =2.93, t(27) =-2.83, p=0.004, 95% CI [-2.54, -0.65], d = 0.54, BF}o = 10.44) as shown
in Figure 5.7 (a). Thus, this study further confirmed the result of the first experiment
— people’s temporal planning horizon does contract due to multiple unforeseen resource

overruns.

We found that preference shifts in apple and rice were both significantly correlated to
changes in teak production post unpredictable shocks (apple vs. teak: r(26) = -0.72, p <
0.001, 95% CI [-0.86, -0.47]; and rice vs. teak: r(26)= -0.77, p < 0.001, 95% CI [-0.89,
-0.56]). However, only rice preference showed a significant increase (M = 1.19, SD = 2.06,
t(27) = 2.99, p = 0.006, 95% CI [0.37, 2.0], d = 0.565, BF1y = 7.25) and apple preference
showed no significant change following shocks (M = 0.42, SD = 1.87, ¢(27) = 1.14, p =
0.26, 95% CI [-0.33, 1.15], d = 0.22, BFy = 0.36).

These findings suggest that people preferred the low-risk, short-term option more compared
to the high-risk, short-term choice when they moved away from the long-term bet. This
is at odds with the finding in experiment 1, where people preferred the high-risk, short-
term crop choice more when their preference for the long-term crop decreased. We think
people may have switched their risk preference in this experiment because they faced more
resource overruns and choosing apples led to higher crop loss (and lowered net profit) than

rice when frequency of shocks increased.

5.5.2.3 Crop preference shifts in ‘Predictable’ condition

Post hoc tests on the predictable condition showed that teak preferences did not change
post resource shocks (M = 0.25, SD = 1.83, t(29) = 0.75, p = 0.77, 95% CI [-0.32, 0.83], d
= 0.14, BFj9 = 0.5) as shown in Figure 5.8(a). This suggests that participants’ preference
for long-term crop choice did not fall in the presence of predictable resource overruns, even

though they faced the same number of resource shocks as the previous condition.

Among the short-term crops, we found that rice showed no significant changes (M = 0.24,
SD = 1.05, t(29) = 1.214, p = 0.235, 95% CI [-0.16, 0.63], d = 0.22, BFjp = 0.38) while
apple showed a significant negative shift in preference post predictable shocks (M = -0.49,
SD = 1.25, t(29) = -2.12, p = 0.04, 95% CI [-0.96, -0.02], d = 0.39, BFjy = 1.35) as

shown in Figure 5.8 (a). These results suggest that while people’s preference for long-term
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Figure 5.8: ‘Predictable’ Condition: Panel (a) illustrates the mean shift in crop preference

(#5,,.;) across all participants. The mean shift in rice, apple, and teak preference is 0.24,

-0.49, and 0.25, respectively. Error bars signify 95% CI. Panel (b) shows the within-

participant teak preference shift (seqk) data for all participants (n=30). 13 participants
showed negative teak preference post predictable resource shock.

crops did not change, their preference for risky short-term crops fell in the presence of
predictable overruns. This finding aligns with our previous intuition that people lowered
their preference for the risky short-term crop because choosing more apples in the presence

of frequent shocks would lead to higher crop loss and lower net profit.

Overall, comparing the effects of predictable and unpredictable shocks on long-term prefer-
ence shows that a negative shift in teak preference is observable only under unpredictable
shocks. Thus, present-centeredness was induced by the unpredictability brought on by
resource shocks. Anticipated resource shocks, of similar frequency, was insufficient to

produce deviations in long-term preference.

5.5.3 Robustness checks

Similar to experiment 1, we found the mean teak share across LV and HV blocks to be much
higher than apple or rice (Unpredictable: M;eqr = 26.19, Mappie = 8.34, Myice = 5.47, and
Predictable: Mycqr = 27.68, Mappie = 7.47, Myice = 4.85). Thus, crop preference shifts
due to resource shocks were not detectable at the global block level but at a local trial

level.

Secondly, our main analysis was based on default Bayesian priors and so we performed
additional analysis with alternate specifications. The BF ratio of the teak preference
deviation in the Unpredictable group under different priors was greater than our BFipyes
suggesting substantial evidence for the alternate (BFyy = 10.44 with default prior r =
\@/2, BFyy = 8.67 with prior r = 1, BFjg = 7.04 with prior r = \@) Similarly the

Predictable group showed no evidence for negative teak preference shift under alternate
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specifications thus supporting the null (BFjy = 0.5 with default prior r = \/5/2, BFyy =
0.37 with prior r = 1, and BFj¢ = 0.27 with prior r = \/§)

Now, based on our 1.75*IQR outlier exclusion criterion, we had excluded two participants
in the Unpredictable group from our analysis. Both of these outliers had a positive teak
deviation ~ 9 when the 95th percentile of the teak deviation distribution was 7.24. As a
result of these extreme values, when the analysis was redone with the outliers, we found
non significant drop in teak preference following unpredictable resource shocks (M = -0.89,
SD = 3.88, t(29) =-1.24, p = 0.11, 95% CI [-2.09, 0.31], d = 0.23, BFjy = 0.77). However,
rice showed a significant positive change (M = 0.92, SD = 2.28, t(29) = 2.16, p = 0.04,
95% CI [0.05, 1.78], d = 0.39, BFjy = 1.46) and apple showed no significant change (M =
0.2, SD = 2.02, t(29) = 0.52, p = 0.6, 95% CI [-0.57, 0.96], d = 0.01, BFyy = 0.22).

Furthermore, including the outliers showed that the teak preference change between con-
ditions was directionally consistent with the previous results but was not statistically sig-
nificant Myppredictabie = -0.89, S Dunpredictable = 3.88, and Myredictabie = 0.25, S Dyredictabie
= 1.83, #(58) = -1.44, p = 0.08, 95% CI [-2.47, 0.19], d = 0.37, BFyp = 1.24. Rice and

apple preference shifts showed no significant change in production between conditions.

5.5.4 Discussion

Experiment 4 replicates the results of experiment 1 — when faced with resource shocks,
people shift their planning horizon from a longer temporal scale to a shorter one. In our
quest to find what is unique about the precarious environment, we found unpredictability

to be the answer.

In the unpredictable condition, participants faced 16 unpredictable overruns each, and the
effect size was 125% larger (Cohen’s d increased from -0.24 to -0.54) than in experiment 1,
where participants faced an average of 10 overruns. In the predictable condition, partici-
pants again faced 16 resource shocks, but they showed no significant change in long-term
preferences and the effect size decreased compared to the experiment 1 (Cohen’s d de-
creased from -0.24 to -0.14). Thus, our fourth experiment revealed that when individuals
were confronted with more unpredictable resource shocks compared to the first experi-
ment, the extent to which their temporal horizon contracted also increased significantly,
and died down when shocks were made predictable. This demonstrates the robustness of
our resource shock hypothesis—that the lived experience of precarity leads to reduced time
preference—and demonstrates that the uncertainty associated with precarity considerably

dominates this effect.
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Among the short-term crop choices — we found that participants favored the low-profit,
low-risk rice more in experiment 4 compared to the high-profit, high-risk apple in experi-
ment 1 when switching their preference from the long-term crop choice. We think that this
switch in risk preference can be understood in light of the optimal crop choice calculation,
which shows that as the probability of resource shocks increase, choosing apple leads to
increased crop loss and lowered net crop profit compared to rice. While our sample in
this experiment encountered 16 resource shocks per game, participants in experiment 1
encountered 10 shocks on average. Since apple was the high-risk crop choice, increased
shocks would lead to higher cumulative crop loss and lower crop yield than rice. Partic-
ipants may have inductively arrived at this understanding because of the extensive HV
block (as observed in the negative shift of apple preference in the predictable condition),

which made them prefer the low-risk short-term crop option more in this experiment.

5.6 Summary and Looking ahead

Across all four experiments, we simulated economic precarity through resource shocks and
found consistent evidence that unpredictable expenses shorten people’s planning horizons
from the long-term to the short-term. Both high and low socio-economic participants
exhibited similar magnitudes of long-term preference decrements, which highlights the role
of environmental factors (and not personal failings) in the ability to delay gratification.
We also found that the magnitude of temporal preference shift was amplified when shocks
were more frequent and unpredictable, and the effects dampened down when shocks were
predictable, underscoring unpredictability as a key driver. These results suggest that
unpredictable shocks are the main structural factors that induce impatience in individuals.
However, how does precarity affect individuals psychologically, such that they exhibit

present-focused behavior? We investigate this in the following section.



Subjective time and preference shifts

In the previous section, we found that people tend to act impatiently, i.e., focus more on
the short-term rewards, when they encounter unpredictable shocks in their environment.
Classical discounting models such as Samuelson’s utility framework explain this inability
to delay gratification as a function of how individuals assign utility to future rewards.
In such a framework, discount rates, a proxy for an individual’s self-control, are often
considered constant over time. However, empirical evidence shows that people discount
future rewards incomnsistently, often displaying stronger impatience for sooner outcomes,
also known as hyperbolic discounting. Irrespective of the nature of change in discounting
over time, both models pinpoint the discount rate as a measure of intrinsic motivation to
impulse control. Thus, if an individual acts impatiently as a result of living in precarious
conditions, discounting frameworks would dictate that they lose control in the face of

adversity.

A key assumption in these models is that the delay between sooner and delayed rewards is
linear and objective. Yet research (discussed in Chapter 2) shows that time perception can
be non-linear (Takahashi et al., 2008) and is often distorted by cognitive load (Block et al.,
2010), emotion and attention-related factors (Martinelli & Droit-Volet, 2022), temporal

expectations (Tanaka & Yotsumoto, 2017), and even experienced changes in stimulus

57
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patterns (Poynter & Homa, 1983). These findings challenge the traditional view of time
as objective, indicating that variability in time perception may play a significant role in

shaping people’s willingness to wait for future rewards.

If we consider that people’s perception of time is malleable to their lived experiences, then
distortions in time should affect their inter-temporal decisions. This necessitates treating
time in discounting models as a variable and testing whether the choice of delayed rewards
changes as a function of subjective time. In this section, we do so by modulating the time
parameter in standard discounting models. This modulation acts as a proxy for perceived
time, thus allowing us to evaluate how choice probability changes when subjective time is
greater or smaller than objective clock time. We also check if these time-based changes in

probability can correspond to changes in discount rates .

6.1 Subjective time in Exponential model

Imagine one must wait a year for a reward, and the probability of waiting for the delayed
reward is p. Mentally, this one year can feel like a year and a half to them (perceived
time > objective time) or six months (perceived time < objective time). In the first
case, deviations in time At would be positive as perceived time is greater than objective
time, leading to time dilation. In the other case, At would be negative as perceived time
is shorter than objective time, leading to time contraction. Keeping the discount rate
constant, we find how deviations in time (At = perceived - objective time) bring about

changes in choice probability Ap using both exponential and hyperbolic discount functions.

While we model time deviations from objective time for simplicity, it can also be assumed
that time is distorted from an individual’s baseline perception. For example, if an indi-
vidual feels a year to be 11 months subjectively, then time deviations can be calculated
from this baseline of 11 months instead of the clock time of 12 months. Conceptually,
this exercise would reveal similar results whether objective or baseline perceived time is

considered.

6.1.1 Simulation procedure

For our model, an agent has two choices - a smaller reward ry available now vs. a larger

reward r; available at an objective, calendar time ¢,. If we assume the probability of

L This section was partly published as a conference proceeding (Mitra & Srivastava, 2024)
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choosing the latter reward is p(l), we can derive the utility u(l) associated with it using a

soft-max function
exp(u(l))
exp(u(l)) + exp(u(s))

p(l) x exp(u(s))
u(l) =In ( =0 > (6.2)

where u(s) is the utility of the smaller, immediate reward, which is assumed to be equal

pl) = (6.1)

which yields

to ro (For derivations, please check Appendix B).

Now, exponential discounting suggests that future rewards r; will be discounted exponen-

tially, and thus, the utility of a delayed reward can be derived from
u(l) =1 X exp(—k X t,) (6.3)

and our agent’s discount factor k£ can be derived using objective time ¢, by

k:ixM(J%) (6.4)

Thus, for every prior probability of choosing a larger reward available in the distant future,

we can derive its utility and the rate at which a decision-maker discounts that reward.

If we assume our agent mentally represents objective time ¢, subjectively as ts, then their
perceived time can be greater (time dilation) or lesser (time contraction) than the objective
time. Given this psychological scaling of time, we find the new utility associated with the

delayed reward u(l)’ given ts using

u(l) = ry x exp(—k X tg) (6.5)

Using u(l)’, we can find the new probability of choosing the latter reward p(l)" by

exp(u(l)’)
exp(u(l)’) + exp(u(s))

p(l) = (6.6)

Thus, given different values of ¢, we can quantify how deviations in time At can lead to

shifts in the probability of choosing later outcomes Ap such that

At =t, —t, (6.7)
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Ap = p(1) = p(l) (6.8)

Furthermore, considering time to be objective, we plug u(l)’ back into exponential discount

functions, which leads us to calculate the new discount factor

H:ixm<ib> (6.9)

Thus, changes in discount rates can be derived from
Ak =k —k (6.10)

In other words, this lets us evaluate how changes in choice probability brought about by

subjective time would correspond to changes in discount rates when time is objective.

6.1.2 Simulation results

For our model, our agent can choose from a sooner reward rop = 100 available at time
t, = 0 or wait a year t, = 365 for a reward of r; = 150. Given different probabilities of
choosing the later reward p(l) ranging from 0.1 to 0.9, we calculate u(l) and k. Assuming
that subjectively waiting for a year could vary between waiting for six months t; = 180
days (time contraction by six months) and waiting for a year and a half ¢, = 545 days
(time dilation by six months), we calculate the new perceived utility of later reward u(l)’
probability of choice p(I)’. This tells us how Ap changes as a function of At while keeping

the discount rate constant, as shown in Figure 6.1(a).

Lastly, we calculated the new discount factor k' associated with u(l)" assuming t = t5 =
to = 365. This leads us to find how Ak (assuming time invariance) changes as a function
of Ap induced by time distortions, as shown in Figure 6.1(b). For these simulations, we
assumed the later reward to equal 1.5 x the sooner reward. We vary the latter reward,
making it 1.1 and 2 x the earlier reward, to test if these results hold up. These results

are reported in the Robustness checks.

We find that Ap changes in a sigmoidal manner as a function of At. In Fig 6.1(a), the
dotted line corresponding to At = 0 signifies subjective time being equal to the objective
time, the negative x-axes signify the perceived shortening of time (i.e., time contraction),
and the positive x-axes signify the perceived lengthening of time (i.e., time dilation). As
time contracts (At < 0) and time dilates (At > 0), we see an increase (Ap > 0) and
decrease (Ap < 0) in the choice probability for all values of prior probability p ranging
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Exponential discounting with perceived time
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Figure 6.1: Figure (a) depicts how deviations in time A¢ perturb the probability of
choosing a later reward Ap when the future reward is discounted exponentially. We find
that the probability of choosing the future outcome decreases as time dilates. When At >
0 such that perceived time > objective time, we find Ap < 0 such that p(l) at subjective
time < p(I) at the objective time. Figure (b) shows how discount rates Ak change as a
result of observed shifts in preference Ap when psychological scaling of objective time is
disregarded and instead clock time is considered. We find that for all prior probability
values p, as the preference for the delayed rewards decreases, the discounting increases
- when Ap < 0 (corresponding to At > 0), we find Ak > 0, that is, an increase in the
discount rate and vice versa.

from 0.1 to 0.9. As time dilates, this fall in probability is maximum when the prior
probability is high (p = 0.9) and minimum when it is low (p = 0.1), as shown in the fourth
quadrant of Fig. 6.1(a).

Thus, our agent’s preference for later rewards significantly falls when perceived time dilates
compared to objective time. This fall is proportional to the prior probability of choosing
the delayed reward. As the prior probability grows higher (p goes from 0.1 to 0.9), their
shift in preference also grows steeper. This suggests that if one significantly prefers the
delayed reward and the delay seems to be extending, the subjective valuation of the delayed
outcome should decrease, leading to a drop in the choice probability. Thus, instead of

waiting, they may reverse their preference later in time and choose the sooner reward.

Furthermore, as shown in Fig. 6.1(b), we find a corresponding change in discount rates
when we plug the subjective time-based choice probability changes into exponential dis-
counting. As the preference for later reward decreases (Ap < 0), the discount rate increases
(Ak > 0) and vice versa. Thus, subjective expansion of time can lead to negative choice
deviations, which can be interpreted as an increase in discount rates if one assumes time

to be objective and invariant.
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6.2 Subjective time in Hyperbolic model

We followed the same protocol as the previous section to evaluate how the probability of
choosing later outcomes changes as a function of deviations in time using a hyperbolic
discounting model instead of an exponential one. We also check if these choice deviations

account for changes in discount rates when time is invariant.

6.2.1 Simulation procedure

We started with the same model parameters and prior probabilities of choosing the later
reward p(l) as before. This led us to the utility associated with the delayed reward u(l) us-
ing Equation 6.2. With this u(l), we derived our agent’s discount factor k using hyperbolic

discounting
Tt
)= —F A1
u(?) 1+kxt, (6.11)
which leads us to l
k= re —u(l) (6.12)
u(l) X t,

Next, we incorporated subjective time ts into Equation 6.12 such that perceived time is
either greater or lesser than objective time to get the updated utility associated with the
delayed reward u(l)" given our discount rate k and time = t,. Using this u(l)’, we find the
new probability of choosing the later reward p(l)" using Equation 6.6, which ultimately

leads us to the changes in probability Ap and deviations in time At.

Lastly, we again check if these changes in probability brought about by deviations in time

would also correspond to changes in discount rates. To do this, we plug the values of the

updated utility of delayed reward (1)’ into the standard hyperbolic discount function to

derive the updated discount factor k', assuming time to be objective. Thus,
r Tt — u(l)/

k' =

T (6.13)

where time t; = t,. This leads us to check how Ak changes as a function of Ap induced
by time distortions. For these simulations, we assumed the later reward to equal 1.5 x
the sooner reward. We vary the later reward with respect to the sooner reward, making
it 1.1 and 2 x the sooner reward, to test if these results hold up. These results are also

reported in the Robustness checks.
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Hyperbolic discounting with perceived time
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Figure 6.2: Figure (a) shows how changes in time At lead to shifts in the probability of
choosing a delayed reward Ap when the reward is discounted hyperbolically. As time
dilates (i.e., At > 0 such that subjective time > objective time), the probability of
choosing the future outcome falls (Ap < 0) for all values of prior probability p. Figure (b)
shows how discount rates change Ak as a function of shifts in preference Ap brought on
by deviations in perceived time. For all values of prior probability p, as the preference for
delayed rewards decreases, the discounting increases when time is objective and invariant.

6.2.2 Simulation results

Like the exponential discounting case, we find that as time dilates such that perceived
time is longer than objective time, the probability of choosing the later reward decreases
(Ap < 0) in hyperbolic discounting (as shown in Figure 6.2(a)). This descent was highest
when the prior probability of choosing the later reward was high and vice versa. Similarly,
as time contracts such that perceived time is smaller than clock time, the choice of the

delayed reward increases (Ap > 0).

Changes in discount rates Ak as a function of shifts in probability Ap show comparable
results as the exponential case, as shown in Fig. 6.1. A decrease in choice probability
is accompanied by increases in discount rates and vice versa, as shown in Figure 6.2(b).
Overall, these results align well with our intuition that underlying changes in preference
brought on by time distortions may be measured as shifts in discount rates irrespective of

the discounting model.

6.3 Discussion

In line with the newfound interest in the effects of subjective time on inter-temporal choices

(Xu et al., 2020; Zauberman et al., 2009), we show using simulations that deviations
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from objective time may bring about similarly sized changes in time preferences usually

attributed to shifts in discount rates in intertemporal choice experiments.

We started by manipulating time in exponential and hyperbolic discounting models to
produce perceived time that is either greater or less than objective time. We found that
when perceived time is greater than objective time or time dilates, our agent’s probability
of choosing later rewards decreases. However, choice probability increases when perceived
time is smaller than objective time or time contracts. Thus, given the same discount rates
and reward valuations, the chances of waiting for the future diminish if waiting for a year
seems like a year and a half. However, if the same year feels like six months, the chance

of delaying gratification increases.

Interestingly, these time-based shifts in the choice probability corresponded to changes in
discount rates based on standard discounting models with objective time. A decrease in
the probability of choosing delayed rewards caused by time dilation corresponded to an
increase in discount rates, assuming time is invariant. Thus, changes in choice probability
due to mental representations of clock time can explain discount-rate accounts of delay
discounting. This theoretically adds support to our intuition that subjective time can

bring about changes in choices which may be misconstrued as discount rate shifts.

6.4 Robustness checks

Now, to check the robustness of our results, we vary the value of the later reward in both
exponential and hyperbolic discounting to see if we see the same results as we had seen
before. In the model described above, we had taken the later reward to be 1.5 x the
sooner reward. Here, we take the values of later rewards that are 1.1 and 2 x the sooner

reward.

We found that our results held even though the later reward varied with respect to the
earlier reward. As time dilates, the probability of choosing delayed rewards decreases when
the later reward is 1.1 and 2 x the sooner reward (as shown in Figure 6.3(a) and (b)). Time
contraction, i.e., perceived time being shorter than objective time, had the opposite effect.
We also found that the slopes of this increase and decrease in choice probability were more
prominent when the later reward was substantially larger than the earlier reward (as in
Figure 6.3(b) compared to (a)). When the later reward was 1.1 x the sooner reward, we
find the decrease in the probability of choosing a delayed reward was much more gradual

when the prior probability was 0.9.
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Exponential discounting with perceived time
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Figure 6.3: Figures (a) and (b) show how the probability of later reward changes as a

function of perceived time in an exponential discount model when the later reward is 1.1

and 2 X the sooner reward. We find that our results hold even when the later reward is

varied. As time dilates, the probability of choosing the later reward decreases and vice
versa.

Exponential discounting with perceived time
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Figure 6.4: Figures (a) and (b) show how discount rates shift as a function of time-based

changes in choice probability when the later reward is 1.1 and 2 x the sooner reward.

We find that as the probability of choosing the later reward decreases, the discount rate
increases and vice versa.

We also found that our results held for changes in the discount rate as a function of
changes in choice probability brought on by time deviations. For both cases of the later
reward being 1.1 and 2 x the sooner reward, we found that discount rates increased when

subjective time induced choice deviations went negative and vice versa.

We do similar manipulations for hyperbolic discounting and find similar results as well.
Changes in choice probability as a function of perceived time and changes in discount rates

as a function of these perceived time-based changes in choice probability are plotted in
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Hyperbolic discounting with perceived time
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Figure 6.5: Figures (a) and (b) show how the probability of later reward changes as a
function of perceived time in a hyperbolic discount model when the later reward is 1.1
and 2 x the sooner reward. We find that our results hold even when the later reward is
varied. As time dilates, the probability of choosing the later reward decreases and vice
versa.
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Figure 6.6: Figures (a) and (b) show how the probability of later reward changes as a
function of perceived time in a hyperbolic discount model when the later reward is 1.1
and 2 X the sooner reward. We find that our results hold even when the later reward is
varied. As time dilates, the probability of choosing the later reward decreases and vice
versa.
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Figure 6.5 and 6.6. For values of later reward > 2x the sooner reward, we find the same

trend as when the later reward is 2 x the sooner reward.

6.5 Summary and Looking ahead

We started by manipulating time in exponential and hyperbolic discounting models to
produce perceived time that is either greater or less than objective time. We found that
when perceived time is greater than objective time or time dilates, our agent’s probability
of choosing later rewards decreases. We also found that the choice probability increases
when perceived time is smaller than objective time or time contracts. Thus, given the
same discount rates and reward valuations, the chances of waiting for the future should
diminish if one year seems like a year and a half. However, if the same year feels like six

months, the chance of delaying gratification should increase.

Our simulation results also indicate that these time-based shifts in the probability of
delayed rewards corresponded to changes in discount rates based on standard discounting
models with objective time. A decrease in the probability of choosing delayed rewards
caused by time dilation corresponded to an increase in discount rates, assuming time is
invariant. Thus, preference shifts brought on by differential perceptions of time can be

misconstrued as a loss of control using discounting models with linear objective time.

Now, standard models of intertemporal choice typically assume a stable representation of
time, with discount rates reflecting assumed utility over delayed outcomes. The present
framework relaxes this assumption by proposing that apparent shifts in discount rates may
instead arise from systematic distortions in subjective time. This interpretation closely
aligns with the reference-dependent valuation central to prospect theory, in which sub-
jective distortions brought on by risky prospects drive choice behavior. In this sense,
subjective time plays a role analogous to subjective value, providing a perceptual account
of context-dependent impatience without requiring changes in underlying time preferences.
In the following section, we investigate whether documented shifts in discount rates as a
result of environmental shocks can be reinterpreted as time distortions and whether these

distortions correlate with preference shifts empirically.



Precarity, subjective time and preference shifts

In the previous section, we manipulated time in exponential and hyperbolic discounting
models and found that temporal distortions can lead to shifts in an individual’s temporal
preferences. Given the same discount rates and valuations of reward, the chances of waiting
for the future should diminish if one perceives time to be extending and should increase if
time seems to be shortening. We also found that these subjective-time-based shifts in the
choice probability can be interpreted as changes in discount rates if one always considers

time to be objective and invariant.

Now, our simulation and empirical studies have shown that people’s preference for de-
layed rewards diminishes in the presence of budget-depleting unpredictable shocks. Shifts
in discount rates have traditionally explained these choice deviations brought on by un-
predictable variations in income or expenses. Standard discounting models assume some
intrinsic utility of distal rewards, and subsequent changes in preferences are then explained
by shifts in utility-based discount rates, offering a description rather than an explanation
of the phenomenon. On the other hand, a time distortion account indicates a possible psy-
chological mediator connecting environmental precarity to intertemporal decisions, which

can be easily measured as deviations from an individual’s sense of time or objective, clock

68
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time. Thus, a time distortion account opens up new scope for causal explanations of

intertemporal preference changes without invoking shifts in discount rates.

As described in Chapter 2.5, studies across perceptual and decision literature suggest that
- one, unpredictable stimuli distort duration judgments, two, environmental perturbations
cause people to opt for sooner rewards, and three, perceived delay overestimation may
lower future orientation. To our knowledge, no studies have attempted to theoretically or
empirically connect these disjoint findings under one umbrella. In this section, we attempt
to do so by - first, developing a theoretical framework to identify if duration distortions can
explain deviations in preferences, second, identifying lab and field studies investigating the
effects of unpredictable shocks on intertemporal decisions and reinterpreting the observed
shifts in discount rates as time distortions using our conceptual framework and third,

empirically verifying whether time distortions correlate with choice deviations.

7.1 Framework connecting discount shifts with time warps

While our previous exercise theoretically suggests that time distortions to discount rate
shifts via choice deviations, it lacks a direct mathematical link that connects discount rate
deviations with time distortions. To this effect, we develop a framework that reinterprets

documented shifts in discount rates as estimates of temporal distortion.

To build that framework, we start by considering an individual whose choice of delayed
reward changes by Ap as a result of an income or expense shock. If p(l) and p(l)" denote
the choice probability of delayed rewards before and after shocks, then the change in choice
probability can be denoted by Ap = p(l)’ — p(l). Consider that we know the value of the

sooner rg, the delayed reward 7, and its intervening delay t.

Choice probabilities p(l) and p(l)" can be represented by a softmax function as:

B exp(u(l))
p(l) = exp(u(l)) + exp(u(s))
p(l) = exp(u(l)’)

exp(u(l)') + exp(u(s))

where u(s) denotes the utility of the sooner reward and is equal to its value 79, u(l) and
u(l)" denote the utility associated with the later reward before and after experiencing an

income or expense shock.
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Given that we know the choice probability of delayed rewards prior to and post-shock, we

can derive the utility associated with it using

u(l) = in <p<l> x exp<u<s>>>

1—p(1)
L) x eaplu(s))
ull) =1 ( O >

7.1.1 Framework using exponential discounting

Assuming the delayed reward is discounted exponentially, u(l) and u(l)" is related to its

value r; by

u(l) =1 x exp(—k x t)
u(l) =1y x exp(—k' x t)

where k and k&’ denote the discount rates before and after the shock, and ¢ denotes the
experienced delay between rewards. One can assume t to be equal to objective clock time

or the individual’s baseline subjective time.

Thus, using the previously obtained utility associated with the delayed reward before and

after the shock, we can obtain k and k&’ using

" (i)

1
EX
]. Tt
E==-xin|——
tx”<ww>

Given values of delayed r; and sooner reward 7o, delay between them ¢, and change in

k=

choice probability Ap as a result of income or expense shock, one can determine the

change in discount rate Ak corresponding to Ap using

seev-ae o () - ()] - e ()]

Traditionally, researchers have studied changes in choice probability due to lab-induced

instability or environmental perturbation in the framework of the discount rate. However,
we aim to identify changes in perceived time that can correspond to reported changes in
choice probabilities. Thus, if we assume that distortions in time bring about changes in

choice probability instead of shifts in the discount rate, then u(l) and « ()’ would be noted
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by

u(l) =1 x exp(—k x t)
u(l) =1y x exp(—k x t')
where ¢t and t’ represent the perceived delay duration before and after shocks.

Note that, compared to the traditional explanations, here we consider changes in perceived
delay to bring about changes in utility post-shock while keeping the discount rate constant.

Thus, one can obtain ¢ and ¢’ using u(l) and u(l)" by
1 x In <Tt>
k u(l)
1

k

— xIn <u8)/>

Therefore, one can derive distortions in perceived time At using deviations in choice prob-

t

t =

ability Ap using
At=t —t= % [ln (1@) —In <u75)ﬂ = % [ln (3((;)),”

Considering the two derivations, we can say that

At Ak
At _ (7.1)
t k

This equation tells us that shifts in discount rate, scaled by an individual’s discount rate
before experiencing shocks, would equal time distortions scaled by the perceived delay
between rewards before shocks. This also tells us that positive and negative changes
in discount rates should correspond to time dilation and contraction in the context of

unpredictable volatility.

7.1.2 Framework using hyperbolic discounting

Now, assuming the delayed reward to be hyperbolically discounted over time, utilities of

the reward u(l) and u(l)’ can be related to its actual value ry using

Tt

u(l):1+k:><t
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and

Tt

I =—>
u(l) 1+ K xt

where k and £’ denote the discount rates before and after the shock, and t denotes the
experienced delay. Again, one can assume t to be equal to objective clock time or the

individual’s baseline subjective time.

Using the previously obtained utility associated with the delayed reward before and after

the shock, we can obtain k and k" using

()
SHE

Given values of delayed r; and sooner reward 7y, delay between them ¢, and change in
choice probability Ap as a result of income or expense shock, one can determine the

change in discount rate Ak corresponding to Ap using

s () G- o]

For this exercise, we again assume that distortions in time bring about changes in choice

probability instead of shifts in the discount rate. Therefore, u(l) and u(l)" would be denoted
by

u(l)_1+kxt
!’ Tt
u(l) 14 kxt

.
v (st )

Assuming discount rates to be unchanged due to shocks, one can derive distortions in

perceived time At using
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At=t —t= % Ku?(dlt)'> - <u?l)>} - % {u(ll)' B ugl)]

Again, we find that one can equate temporal distortions with respect to shifts in discount

rate using
At Ak

— = (7.2)

Thus, we find that scaled shifts in discount rates can be interpreted as scaled distortions in
time using hyperbolic functional form as well. Overall, this exercise tells us that shifts in
choice probability can be interpreted theoretically as delay distortions instead of changes

in discount rate using both the exponential and hyperbolic frameworks.

7.2 Reinterpreting preference shifts as time distortions

In this section, we utilize our conceptual framework to investigate the order of time distor-
tions corresponding to choice probability changes documented in lab and field studies. In
these studies, variations in income or expenses are often formulated as narratives depicting
a sudden loss in income (Bickel et al., 2016), as abrupt resource debits on an effortful task
in the lab (Haushofer et al., 2013), or studied in the field as unpredictable environmental
perturbations like rainfall anomalies (Falco et al., 2019). Given empirical reports of neg-
ative preference shifts caused by unpredictable shocks (shown in Table 7.1), we use our

framework to derive the time distortions corresponding to such preference deviations.

Our primary criterion of choosing these articles was to interpret literature published within
the last ten years that were conducted in diverse contexts using varied samples and em-
ployed diverse methods of shock formulation. Thus, we selected these five studies, which
were conducted either in the lab or in the field, using different socio-economic samples,

and examined real-life shocks (rainfall anomalies or droughts) or simulated ones.

7.2.1 Methods

Using data from studies mentioned in Table 7.1, we extracted choice probability shifts or
changes in discount rates induced by income or expense shocks. For studies that report

only Ap, we derived Ak using the procedure mentioned in the previous section. Next,
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Table 7.1: Summary of studies examining the impact of negative income or expense shocks

on temporal choices. The different columns denote the sample characteristics, observed

effects and strength of the observed effects in terms of changes in discount rates. The final

column shows the estimated time distortions (median and 95% CI) derived from observed
changes in discount rates using our theoretical framework.

Study and
sample

Observed effects

Effect
magnitude

Scaled time dis-
tortion

Haushofer et al.
(2013)
148 students (lab)

High-endowment
group with a neg-
ative shock in a
computerized  task
showed greater dis-
counting than the
low-endowment,
no-shock group.

Negative income
shock group
showed lower
indifference points
than the poorly
endowed ones (d =
-0.46).

med = 0.539
95% CI [0.469, 0.61]

Bickel et al.
(2016)

599 individuals
(MTurk)

Reading hypotheti-
cal negative income
narratives increased
discount rates more
than neutral ones in
both future gain and
loss domains.

Aln(k) =1.29 for
a future gain
scenario with a
negative income
shock vs. neutral
narrative.

med = 3.37
95% CI [1.69, 6.08]

Falco et al. (2019)
1,160 farmers in
Ethiopia

Increased rainfall
anomalies led to
increased income
variation, resulting

in higher subjective
discount rates.

Rainfall anomalies
reduced income
(o =0.66 +0.33)
which increased
discount rate

(8 = —0.05+0.02).

med = 0.326
95% CI [0.288, 0.366]

Meles et al. (2024)
5,600 rural
households in
Ethiopia

Income shocks (rain-
fall deviations and
droughts) over two
years increased im-
patience.

Preference for
later rewards
decreased with
drought incidence
(8 =-0.14 £ 0.05)
and prior-year
rainfall shortages
(8 =-0.26+£0.07).

Droughts:

med = 0.064

95%  CI [0.056,
0.075];

Rainfall:

med = 0.150

95% CI [0.135, 0.166]

Blain et al. (2025)
184 individuals
(longitudinal
data)

Income shocks, mea-
sured via subjective
ratings, during the
COVID-19  market
crash (March—June
2020), increased
preference for sooner
rewards.

Discount rates
increased with
every unit increase
in perceived
shocks discount
rates

(8 =0.14 £ 0.06).

med = 0.158
95% CI [0.135, 0.181]
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using these Ak (difference in mean discount rates after and before shocks), we calculated
scaled discount rate shifts Ak/k, which gave us the scaled time distortions At/t. For
these computations, we considered subjective time at baseline ¢ to be equal to objective
clock time, since we did not have individuals’ time estimates. Finally, we constructed
a distribution of such scaled time distortions by bootstrapping 10000 samples from each
dataset, giving us the median time distortion and its 95% confidence interval for each
study (i.e., the 50th, 2.5th, and 97.5th percentile, respectively). Below, we discuss the

methodology for each dataset in more detail before going on to the results.

7.2.1.1 Haushofer et al. (2013)

In this study, the authors investigated the effects of lab-induced income shocks on temporal
discounting. They formulated a laboratory experiment where participants received high
and low starting endowments and then performed an effortful task to earn money. Among
these groups of high and low endowments, people either received a positive or a negative
income shock such that their average incomes were equal at the end of the task. So,
an individual in a high-endowment-negative-shock group would have his income equal
to that of another in a low-endowment-no-shock group. The authors then tested future
discounting using intertemporal choice tasks. They found that the negative-income-shock
group exhibited higher discounting or lower indifference points (M = 16.43, 95%CI =
[13.80, 19.07]) in the intertemporal tasks compared to the always-poor group (M = 19.43,
95%CI = [17.02, 21.85]).

For our computation, we used the 95% CI of indifference points reported in the paper for
negative and no shock conditions to construct the range where k¥’ and k may lie. Next, we
drew n random samples of k¥’ and k with replacement from this range (n = sample size in
each group) and obtained the mean shift in discount rates using Ak = k' — k. Lastly, we
obtained the scaled time distortion by dividing Ak by k. We did this 10000 times to get
a bootstrapped distribution of At/t, giving us the median and 95% CI.

7.2.1.2 Bickel et al. (2016)

In this study, the authors manipulated income shocks to be negative, neutral, and posi-
tive using hypothetical narratives, and measured discount rates across future gain, future
loss, past gain, and past loss monetary conditions. Furthermore, future discounting was

measured using intertemporal tasks either by using the ‘standard implicit’ method ($X
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now vs. $X+dx later) or by making the ‘zero explicit’ ($X now and $0 later vs. $0 now
and $X+dx later).

For our time distortions calculation, we only take into account the effects of negative
and neutral income shock narratives on the future gain option in the implicit standard
framings. Reported discount rates of negative scenarios constituted post-shock conditions,
and neutral scenarios were pre-shock conditions in our formulation. The authors calculated
changes in discount rate by taking the log transform of discount rates k in their dataset.
Following their footstep, we obtained the log-transformed discount rates associated with
exposure to neutral and negative income shock narratives by randomly sampling from
their dataset and then calculated the difference Aln(k). We derived scaled time distortion
At/t from Aln(k) using

Aln(k) = In(K') — In(k)
= Aln(k) =in (Z)

= L = exp (Aln(k))

k
/
=~ 1 =exp(Aln(k)) —1
= % = exp (Aln(k)) — 1
= % = exp (Aln(k)) — 1 [since % = %]

We do this 10000 times to obtain a bootstrapped distribution of scaled time distortions,
which gave us the 50th (median) and its 95% confidence interval by taking the 47.5th

percentile above and below the median.

7.2.1.3 Falco et al. (2019)

In this study, the authors investigated the effects of income variations on discounting
among farming households in Ethiopia. They obtained farmers’ discount rates using in-
tertemporal tasks like “‘Would you prefer a payment of 50 Ethiopian Birr today or 65
Ethiopian Birr after 12 months?’ and reported a mean discount rate of 0.09 with a stan-

dard deviation of 0.04 among 651 farmers.

Income variations were measured using long-term rainfall anomalies, and subjective dis-

count rates among farmers were studied as a function of these income variations. The
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authors found that farmers preferred smaller immediate rewards when they encountered
adverse income shocks — farm income changed as a function of rainfall variations by 0.658
with a standard error of 0.328, and discount rates altered as a function of farm income by
-0.0447 with a standard error of 0.0201 while controlling for other idiosyncratic shocks and
demographic variables. Thus, increased rainfall anomalies reduced farm income, leading

to discount rate increases.

To identify Ak, we randomly sampled from a 99% CI range of regression coefficients, which
suggests changes in discount rate per unit decrease in rainfall. Discount rates k were also
sampled similarly using the data from the experiment. Thus, we obtained n samples of
Ak and k with replacement (n = no. of farmers) and derived the scaled time distortion by
dividing the mean Ak by the mean k. We did this 10000 times to construct a bootstrapped
distribution of scaled time distortion At/t. We report the median time distortion and its

95% confidence interval by taking the 47.5th percentile above and below this median.

7.2.1.4 Meles et al. (2024)

In this study, the authors used household panel data from Ethiopia to investigate how
risk and time preferences changed due to droughts and rainfall anomalies. Environmen-
tal shocks were measured using self-reports of droughts and rainfall shocks calculated as
shortfalls relative to the long-term average during the primary rainy season. Discounting
was measured similarly to Falco et al. (2019)’s study, where participants were asked to

choose between 100 Birr today and 1004+X Birr a month from today.

Discount rates and shocks were measured in 2010, 2012, and 2014. The authors report
that 66%, 68.1%, and 86.6% of the participants chose the immediate reward for 2010,
2012, and 2014 (discount rates > 0.41). 10.9%, 10.6%, and 3.9% participants preferred
the sooner option first and switched the delayed reward later (discount rates: from 0.22
to 0.41), and 23.1%, 21.2%, and 9.5% participants always preferred the delayed option
(discount rates: 0 to 0.22) in 2010, 2012, and 2014, respectively.

The authors found that the mean preference for delayed reward decreased by o = 0.14
with a standard error of 0.05 as a function of droughts and by § = 0.26 with a standard
error of 0.07 as a function of rainfall anomalies. We utilize these preference changes to

calculate our variable of interest - time distortions.

We began by simulating the distribution of discount rates (using data from all three waves),

which led us to a metric of mean discount rates over time for 4326 households. Ap was
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constructed from the reported mean shifts in preference caused by droughts and rainfall
shortfalls (« and ). Given these discount rates and measured change of preferences, we
calculated p and p’ = p + Ap, using our conceptual framework. This led us to ¢t and #/,
which gave us scaled time distortions At/t for our sample of 4326 households. We repeat
this process 1000 times to estimate its bootstrapped distribution and report its median

and 95% confidence intervals separately for droughts and rainfall anomalies.

7.2.1.5 Blain et al. (2025)

In this study, the authors investigated whether COVID-19 induced negative income shocks
and negative affect affected future discounting. For our purposes, we were interested in
seeing if discount rates varied due to income shocks experienced during the pandemic.
The authors tested 1,145 individuals during the market crash in March 2020 and retested
200 during the market recovery in June 2020. Income shocks were measured using a
subjective scale, where participants indicated the impact of COVID-19 on their income on
a 6-point scale. Discount rates were calculated using Kirby and Petry (2004)’s scale, which
made participants choose between a smaller, immediate, and a larger, delayed reward over
multiple-choice trials. They found that temporal discounting rates were related to increases
in perceived income shocks across individuals by # = 0.14 with a standard error of 0.06

while correcting for demographics.

Thus, for our computations, we assumed that most shifts in discount rates would lie in the
99.9% confidence interval of the 3 parameter. Since discount rates were not reported in the
paper, we randomly sampled participants’ hypothetical discount parameters from Kirby
and Petry (2004)’s scale, where discount parameters vary from 0.00016 to 0.25. Similar
to the previous study, we sampled discount rates and shifts in discount rate n times (n =
sample size) to calculate the mean discount rate and change in discount rate. Then, we
constructed a bootstrapped distribution of scaled time distortions At/t by iterating 10000
times and obtained its median and its 95% CI.

7.2.2 Results

As shown in Figure 7.1, we find that median scaled time distortions lie in the range of
0.064 to 0.539 for all studies except Bickel et al. (2016)’s study, which shows a median time
distortion of 3.37 with its 95% CI [1.69, 6.08]. Thus, for a 1000-ms delay in future rewards,

the median time distortions range between 64 ms and 539 ms across studies. Usually, in
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Study Est. [95% CI]

Haushofer et al.(2013) - ——<——  0.539[0.469, 0.610]

Falco et al.(2019) - —— 0.326 [0.288, 0.367]

¢

Meles et al.(2024)a- 0.064 [0.056, 0.075]
Meles et al.(2024)b - —— 0.150[0.135, 0.166]
Blain et al.(2025) - —— 0.158 [0.136, 0.180]
0.00 0.10 0.20 0.30 0.40 0.50 0.60
At/ty

Figure 7.1: This figure shows the median scaled time distortions At/¢ and its confidence

intervals calculated from shifts in preference for studies reported in Table 7.1. The zero

line depicts null time distortion caused by shock encounters (perceived time equal to clock

time). Meles et al.(2024)a and b refer to the effects of droughts and rainfall shortfalls on
shifts in preference separately.

perceptual studies, unpredictable stimuli are documented to cause temporal distortions of
magnitudes from 5% (Ulrich et al., 2006), 12% (Pariyadath & Eagleman, 2007) to as high
as 35% (Tse et al., 2004). Thus, for a 1000 ms standard duration, the estimated time
distortions can vary in the range of 50 ms to 350 ms for perceptual studies, which seems

to be reasonably aligned with our derived duration distortions.

We also find that time distortions show considerable heterogeneity across studies, which
may have resulted from how income or expense shocks were operationalized in each ex-
periment. While some have investigated income shock as abrupt hypothetical monetary
debits (Haushofer et al., 2013), others have measured income shock subjectively (Blain
et al., 2025) or using narrative depicting consequential adversity (Bickel et al., 2016). In
Bickel et al. (2016)’s study, the negative income shock narrative is framed broadly as a
sudden job loss, with being evicted and being unqualified for unemployment. Thus, the ob-
served inflated time distortion may result from this broad framing encompassing detailed
negative consequences of adversity. Overall, these results indicate that - first, increased
temporal distortions can lead to negative shifts in preference if one considers discount rates
invariant within individuals, and second, discount rate shifts assuming invariant time can

be reinterpreted as time distortions.
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7.3 Effects of lab-induced precarity on intertemporal choices

In this section, we investigate whether temporal distortions are related to preference shifts
using our lab experiments. We calculate time distortions from deviations in choice prob-
ability and check whether we find similar results to those we had seen previously, using
data from our Experiment 4. We also conduct a replication experiment with explicit felt
time probes and a larger sample size to check whether our theoretical predictions hold

empirically.

7.3.1 Estimating time distortions from Exp 4

In the Unpredictable arm of Experiment 4, we had simulated periods of stability and
volatility using a farming game where participants earned money by growing and har-
vesting crops while navigating stable and turbulent farming conditions. During stability,
participants saw minimal farming expenses, land rents, and crop losses. However, dur-
ing precarious conditions, farming expenses and crop losses would unpredictably increase,

resulting in an unforeseen drop in their income.

Intertemporal choices were designed in the game as three distinct crops (apple, rice, and
teak), which systematically varied in their growth time (long-term and short-term) and
profitability (risky and non-risky). Thus, participants could choose among non-risky long-
term teak, non-risky short-term rice, and risky short-term apple. Our goal was to check
whether individuals’ preference for the long-term crop teak decreased and if estimated

time distortions correlated with such preference shifts.

7.3.1.1 Methods

In our previous analysis, we had derived the mean number of crops planted in six trials
before and after shocks and averaged it across all shocks to get a participant-level metric
of preference shifts. For our current purpose, instead of calculating the mean number of
crops, we calculated the probability of choice before p(l) and after p(l)’ encountering shocks
by dividing the total number of any particular crop planted on the field (e.g., teak) by the
total number of crops chosen (teak+apple+rice). Using this p(l) and p(l)’, we obtained
the utility of choosing teak before u(l) and after u(l) shocks.

To do these computations, we assumed the ratio of sooner and delayed rewards to equal the

ratio of profits associated with the game’s short-term and long-term crop choices. Thus,
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Figure 7.2: Figure (a) shows the mean change in choice probability (pa,) across crops as
a result of lab-induced environmental precarity (n = 27). Error bars represent 95% CIL.
Figure (b) shows that the decreases in observed teak probability (Ap(teak)) are associated
with increases in time distortions (At) estimated from the data (r = -0.87, p < 0.001).

the sooner reward ry was equal to 1, the delayed reward r; was equal to 6.3, and the delay
t was equal to 6 (ratio of the objective delay between fruition of teak and apple/rice).
u(l) led us to participant-specific measures of pre-shock discount rate k. Using this k, we
derived pre- and post-shock time estimates ¢ and ¢’ corresponding to observed preference

shifts p(l) and p(l)’. These time estimates gave us our scaled time distortions At/¢.

While time distortions can be measured as deviations from clock time or deviations from
individuals’ baseline subjective time, for this analysis, we calculated time distortions from
objective time (i.e., t = t,) since we did not have participants’ time estimates. In Exper-
iment 4, we excluded 2 participants based on 1.75*IQR exclusion criteria and obtained a
sample size of 28 individuals in the ‘Unpredictable’ condition. In this analysis, we excluded
one more individual with an extreme scaled discount rate distortion of -6.65, leading to a

sample size n = 27.

7.3.1.2 Results

Figure 7.2(a) shows the mean choice probability deviations calculated as a function of
shocks. Similar to our previous results, preference for the long-term crop teak decreased
significantly after encountering shocks (M = -0.04, SD = 0.07, t(27) = -2.83, p = 0.004, d
= -0.54). Among the short-term crops, people preferred the non-risky choice option rice
post shock (M = 0.03, SD = 0.05, ¢(27) = 2.99, p = 0.006, d = 0.57). At the same time,
no significant change was observed for the risky crop apple (M = 0.01, SD = 0.05, #(27)
= 1.14, p = 0.26, d = 0.22).

Traditionally, one can derive these shifts in preference as changes in discount rate. How-
ever, if one assumes discount rates to be subject-specific and invariant, changes in choice

probabilities can also be construed as distortions in time. Equations 7.1 and 7.2 tell us
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that scaled distortions in time At/t should be equal to scaled distortions in discount rates
Ak/k. We found that to be the case with our data as well (M = 0.24, SD = 0.42).

Thus, our previously observed preference deviations can be interpreted as time distortions
using our conceptual framework. Since each trial in our experiment was designed to last
for 15 seconds (including trials on which participants experienced shocks), we calculated
the estimated time distortions At using objective time ¢t = t, = 15s and estimated Ak/k
from Ap using

At = % « Ak (7.3)

We found that At showed a right-skewed distribution with m = 3.6, med = 1.6, and sd
= 6.35, suggesting a perceived time expansion at the group level. More importantly, the
association between Ap and At (as shown in Figure 7.2(b)) suggests a strong negative
correlation (r = -0.87, p < 0.001), indicating a potential association of time dilation with

negative preference deviations at the individual level.

7.3.2 Exp 5: Validating preference shifts and time distortions

Overall, insights from lab and field studies (including our experiment 4) suggest a link
between subjective time and present-focused behavior. However, whether such an associa-
tion actually exists is unknown. In an attempt to answer the question, we ran a replication
of the previous experiment with a larger sample size, where we asked individuals to de-
note their felt time estimates at different junctures in the game. Our main goal was to
see whether participants shift away from long-term options as before and whether these

preference shifts correlate with felt time distortions.

7.3.2.1 Methods

Design changes from Exp 4  Our overall design was similar to the previous one,
where participants planted and harvested crops (apple, rice, and teak) to maximize their
capital over time while navigating stable and volatile farming environments. However, we

made two key changes in the current design:

e Stability post-volatility: In the previous experiment, the farming game ended with
participants encountering 48 trials depicting volatility. Some participants had re-

marked that they did not choose teak in the last six trials as teak would not be
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ready to harvest by the time the game ends. This led to the exclusion of shock
trials occurring in the last six trials from further analysis. In the current design,
we added 12 trials of stable farming conditions to mitigate that effect. Thus, our
experiment started with 24 trials of practice rounds, followed by 24 trials of stable
farming conditions, then 48 trials of volatility, and ended with 12 trials of stability,

increasing the total number of trials to 108 (from 96 in Experiment 4).

o Felt time measure: In the current design, we asked participants to denote the felt
duration of the previous trial using a slider ranging from 1s to 60s at different points
in the game. Each participant answered this question 9 times out of 108 trials -
thrice during the first 24 trials of stability and six times during the following 48
turbulent trials. Within these 48 trials, we asked about felt time thrice immediately

after a resource shock and thrice when there were no shocks.

The felt-time probes, as shown in Figure 7.4, were placed so that each participant faced
these questions roughly at the beginning, middle, and end of the stable and volatile periods.
For example, participants answered about their felt time during trials 25, 34, and 45 in
the stable period, which lasted from trials 24 to 48. This pseudo-random design enabled
us to get subjective time measures over the entire streamlined and turbulent period while

making it impossible for participants to guess when the next probe would appear.
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Figure 7.3: The first and second subplots display the game GUI of our farming experiment
in stable and volatile farming conditions. In both images, the top of the GUI shows the
"Ledger,” which displays the trial-wise debits and credits of participants for the past ten
trials and gets updated in real time. The left portion of the GUI displays the time
(month and year), farming expenditures, and crop losses for each crop for the ongoing
trial. Cumulative farming expenses, crop losses, and land rents are shown as 'Resource
Cost,” "Crop Loss,” and 'Land Rent’ on the Ledger. The middle of the GUI shows the
field plot where participants cultivate crops. Participants were notified that crop sowing
patterns on the soil or time (month/year) did not affect crop losses or yields. The game
can be played online here.


https://gx.games/games/ecv4z0/harvest-horizons/tracks/7a51a68e-1bf7-4a88-b0f4-6cd5c5f2c22e/
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EXIT

Figure 7.4: This figure displays the felt time question that participants responded to at
different junctures in the game.

Participants  This replication study was partly exploratory, as we did not have any
estimates of how time distortions vary relative to preference deviations. Assuming a low
correlation of -0.25, 5 = 0.80 and a = 0.05 in GPower (Faul et al., 2007b), we got a
required sample size of 97. We collected data from 102 individuals, of which 6 participants
were identified as outliers using a 1.75*IQR. exclusion criterion similar to the one used in
Mitra et al. (2025). Our final analysis was done with 96 participants (20 females, M,z =
21).

Analysis protocol Our analysis protocol was similar to the previous experiment. Par-
ticipants’ choice of crops was our measure of temporal preferences, and we hypothesized
that preference for delayed reward would decrease as a result of shocks. Since the yield
time for teak was six trials, we identified the preference shift over each shock by tak-
ing the average probability of crop choice six trials before and after each resource shock.

Mathematically, it can be represented as:

t+6 t—>5
_ Zt+1 p/ . t P
6 6

op

where t is the trial on which resource shock occurs, p’ and p are the probabilities of choosing
each crop, which were calculated as
,_n(e)

p = 10 and p=

n(c)
40

¢ €lapples, rice, teak], n(c)’" and n(c) denote the number of respective crops chosen post
and pre-shock. 40 denotes the total number of crops that needs to planted on each trial

i.e., the number of crop slots on the farmland. Thus, if a participant faced N resource
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Figure 7.5: Figure (a) shows the mean change in probability of crop choice (ua,) as a

result of lab-induced environmental precarity (n = 96). Error bars represent 95% CIL

Figure (b) shows that the individuals who experienced time to be extending compared to

their own baseline (At) showed an increased fall in long-term preference (Ap(teak)) (r =
-0.24, p = 0.008).

shock trials, shifts in preference Ap averaged over all such trials were obtained using

Ap = Zép/N

This Ap provided a participant-level metric of how crop preference shifted as a function

of resource shocks in our experiment.

7.3.2.2 Results

As expected, we found that probability of choosing teak significantly decreased post shock
across our sample of 96 individuals (M = -0.02, SD = 0.06, ¢(95) = -2.63, p = 0.005, 95 %
CI [-0.03, -0.01], d = -0.27) as shown in Figure 7.5(a). Furthermore, among the short-term
crops, rice preference increased (M = 0.022, SD = 0.044, ¢(95) = 4.9, p < 0.001, 95 % CI
[0.01, 0.03], d = 0.50) and apple preference showed no change (M = -0.005, SD = 0.054,
t(95) =-0.85, p = 0.396, 95 % CI [-0.02, 0.01], d = 0.087) as a result of experienced shocks.
Thus, participants again preferred the low-risk short-term choice, rice, over the high-risk
apple, when shifting their preference away from the long-term option, teak, as found in

the previous experiment.

Instead of estimating felt time deviations using our conceptual framework, we calculated
time distortions from the participants’ data. As noted before, participants reported their
subjective trial duration thrice during the stable period, thrice during non-shock turbu-
lence, and thrice during shock-riddled turbulent trials. The average of these time reports
constituted the baseline (#ps), non-shock turbulent (¢,s), and shock turbulent (¢s) sub-
jective time. Since each trial lasted for 15s, we also had a measure of objective, clock time
t, = 15 for reference. Thus, time distortions during volatility were calculated in three

ways:
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o Changes in felt time from baseline: At = tg — tps
o Changes in felt time within turbulence: Af = tg — tps

o Changes in felt time from objective time: At = ty — t,

The distribution details of all three estimates of time distortions are reported in Table 7.2.
We found felt time distortions from individuals’ baseline Af and within turbulence Af to be
normally distributed. The distributions showed a minor underestimation of perceived time
(since mean and median < 0), which was not statistically significant. On the other hand,
felt time distortions from objective time Af showed a right-skewed distribution (mean >
median) with statistically significant evidence for time overestimation (¢(95) = 2.7, p =
0.008, d = 0.27, 95% CI [0.88, 5.8]). Interestingly, the average distortions m,; = 3.34
closely match the estimated mean time distortion ma; = 3.6 we found previously. These
results suggest that precarious conditions expanded subjective time relative to objective
time but not from individuals’ baseline perceptions at the group level.
Table 7.2: Summary statistics of time distortion distributions and their correlation with

shifts in long-term teak preference. All correlations are Pearson’s r, and bracketed values
denote p-values.

Time Distortions At Al At
Mean -0.32 -0.11 3.34
Median -0.295 -0.19 -0.39
SD 7.33 5.02 12.09

Corr with Ap(teak) | -0.24 (0.008) -0.14 (0.09) -0.11 (0.13)

Next, we ran correlations between shifts in teak preference and felt time distortions. Ap-
plying a Bonferroni correction for three comparisons, we found that shifts in probability of
choosing teak Ap(teak) were significantly correlated with felt time distortions from indi-
viduals’ baseline At, as noted in Table 7.2. Subjective time distortions within turbulence
Af and from objective time A were also negatively correlated to teak preference shifts,

but not statistically significant.

Overall, at the individual level, participants who reported expansion of delay durations
during volatility compared to stable conditions were less likely to prefer long-term crops in
the face of adversity. Individuals also reported time extension relative to clock time, and we
found the effect of these time distortions on long-term plans to be small but directionally

consistent.
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Insights from this experiment reaffirm our previous intuition. Our conceptual framework
suggested that deviations in long-term preference can be construed as shifts in subjective
time if one considers discount rates to be invariant. Across lab and field studies and
our previous experiment, we found that perceived temporal extension may contribute to
increased short-term preference. Results from this experiment provide empirical validation
that people perceive time differently during stability and turbulence, and these perceptual
distortions are closely linked to their intertemporal decisions. Since all individuals in this
experiment encountered the same number and magnitude of resource shocks, the variation

in preference shifts can be attributed to their sense of time.

7.4 Summary and Discussion

Recent investigations highlight the need to move beyond standard explanations under the
discounting framework and consider the role of time perception in intertemporal choices.
Researchers have suggested that subjective time need not be equivalent to objective, clock
time, and distortions in time can modulate people’s preferences (Bradford et al., 2019;
Zauberman et al., 2009). Furthermore, perceived time is often non-linear and logarithmic,
which leads them to suggest losses in self-control may be understood in light of this non-

linear time perception (Takahashi, 2016; Takahashi et al., 2008; Zauberman et al., 2009).

Indeed, the influence of subjective time on decisions can explain why people may prefer
delayed rewards initially and defer them later, also known as preference reversals (Thaler,
1981). McGuire and Kable (2012) demonstrated that when the delay in intertemporal
choices seems to increase over time (waiting for a phone call), people often prefer the de-
layed rewards initially and forgo them later. Indeed, some have suggested that the formu-
lation of time-inconsistent, hyperbolic discounting stems from mischaracterizing subjective

time as objective time in intertemporal decisions (Bradford & Doucette, 2023).

Here, we found that shifts in preference induced by unpredictable shocks can be interpreted
as shifts in subjective time. Although subjective time estimates during volatile conditions
increased compared to objective time in the replication study, we found a slight average
underestimation from individuals’ own perceptual baseline. Now, increased attention to
an ongoing task (diverted from time) or increased working memory load is often known
to shorten perceived time (Polti et al., 2018). Unpredictable exogenous shocks in our
experiment may have played a similar role by diverting increased attention to ongoing

turbulence, leading to the observed underestimation.
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Furthermore, around one-third of our sample shows a negative time distortion and a neg-
ative shift in teak preference. This suggests that the influence of shocks on preferences
may not be completely mediated by perceived time. Unpredictable perturbations can in-
duce liquidity constraints on individuals, leading to an increased preference for short-term
plans. Other cognitive mechanisms, such as increased attentional tunneling or cognitive

load, may also be at play here.

While traditional theories have interpreted such preference shifts as shifts in discount
rates (Haushofer et al., 2013; Meles et al., 2024), we suggest an alternative theory: that
short-term preferences may arise from how time is perceived during precarity. Across
multiple studies, we observe that time distortions reported in decision-making literature
are of comparable magnitude to those reported in perceptual studies. Using our lab
experiments, we reinterpreted discount rate shifts as distortions in felt time and verified

that time distortions can account for preference shifts induced by precarity.

Insights from timing studies suggest that our perception of time is highly malleable to
our lived experiences. Subjective time is often a function of attentional demands (Tse
et al., 2004), information processing (Thomas & Weaver, 1975), or predictability of the
stimuli (Pariyadath & Eagleman, 2007). In our context, environmental volatility may
demand excessive attention to immediate troubles or impose the need to exercise high
cognitive effort (Mani et al. (2013)’s attentional tunneling and high load). Such contextual
factors may warp individuals’ perception of time and how the future is visualized. Thus,
environmental instability can affect mental time, affecting how far into the future one can

afford to plan.

In a nutshell, a duration distortion account explains present-focused behavior by recogniz-
ing a subjective expansion or dilation of time, leading one to defer waiting, even though
waiting is preferred initially. The novelty of our approach lies in unifying unpredictability,
temporal distortions, and discounting under one overarching proposition, which enables us
to understand how observed changes in the environment may cause a psychological drift

that can lead to changes in decisions.



(General Discussion and Conclusion

Psychological investigations of impatience came to the forefront with Walter Mischel’s
famous study, in which he presented kids with a marshmallow and asked them to wait
fifteen minutes for a second marshmallow. They later found that children’s ability to wait
at four years of age predicted their SAT scores, planning ability, and executive control
at fifteen years of age (Shoda et al., 1990). This sparked a widespread investigation
into whether our intrinsic ability to control our impulses dictates our decisions and life

trajectories.

Recently, this intuition has been challenged by numerous studies that underline the role
of environmental factors on our ability to delay gratification. Kidd et al. (2013) replicated
Mischel’s study with a key manipulation - they either paired children with a reliable or
unreliable experimenter in the marshmallow study. They found that children were much
less likely to wait for the second marshmallow if their reward delivery agent was unreliable
(~ 3 minutes) than children with reliable experimenters (~ 12 minutes). Other studies
have also challenged Mischel’s work, finding that children’s ability to wait is not a strong
predictor for future outcomes when early cognitive abilities, home environment, and socio-

economic factors are considered (Watts et al., 2018). These studies tell us our impulse
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control may depend on the environment we are exposed to, and one may wait for a delayed

reward if they find their environment reliable and trustworthy.

Identifying whether our intrinsic self-control or the environment governs our decisions is
crucial because it is key to understanding why individuals living in precarious conditions
often find themselves trapped in poverty. Early investigators pinpointed cultural factors
as the reason for such outcomes, for instance, breakdown of family structures (Moynihan,
1965) or malformed societal and individual norms and values (Lewis, 1966) often passed
down generationally. However, later on, researchers identified that fundamental structural
inequalities and economic disparities, such as deindustrialization, job losses, and urban
segregation of marginalized communities into ghettos, led to the formation and sustenance
of deprivation (Ryan, 1976; Wilson, 2009, 2012).

Over the last seven decades, this debate of whether cultural or structural factors bind peo-
ple into the poverty trap has been investigated by psychologists and economists who have
investigated its causes and effects. These researchers have highlighted the role of environ-
mental factors such as perceived mortality risks (Daly & Wilson, 2005a; Pepper & Nettle,
2017), lack of resources (Mani et al., 2013; Shah et al., 2012), and income uncertainty
or shocks (Haushofer et al., 2013) on decisions and preferences across time. However,
most of these studies are correlational, measured cross-sectionally between subjects, and
with one-shot descriptive tasks. Thus, the precise mechanism of how living in precarious

conditions leads to present-oriented behaviors was unclear.

Given these insights, we aimed to identify how living in precarious conditions or a state
of uncertainty affects our decisions and preferences over time. Uncertainty inherent in
making decisions about the future exposes people to various unpredictable events. Such
unpredictable events, for example, job loss, eviction, or a prolonged illness, may drain
people’s saved resources (money or time) and present a more urgent immediate problem,
making it difficult to plan for the future. In other words, unexpected expenses, disguised
as unpredictable shocks, may deplete people’s resources, leading them to forgo future
goals and plan for the present. Now, if their initial resource pool is small, which is often
the case for people living in poverty, such shocks may be more consequential. However, if
substantial endowments may also get depleted given multiple unpredictable shocks, leading

people to plan for now.

In this thesis, we computationally and empirically investigate how environmental and psy-

chological factors lead people to act impatiently, choosing the smaller immediate reward



Chapter 8. General Discussion and Conclusion 91

instead of the larger delayed reward. We show using simulations that the utility of long-
term plans diminish when observers face random shocks, making it optimal for them to
plan for the short-term irrespective of initial endowment. Furthermore, the utility of long-
term plans increases over time in the absence of shocks, suggesting people should plan for
the future in stable environmental conditions, again irrespective of their starting endow-
ments. Thus, while existing literature on the relationship between cognitive mechanisms
and future discounting has little to say about the underlying reason, our ‘resource shock’

hypothesis places the mechanism front and center.

Next, we set out to empirically validate whether functioning under a limited budget with
random, unpredictable expenses could induce future discounting within individuals. In-
stead of one-shot descriptive tasks, we designed a dynamic game environment where par-
ticipants encountered intermittent periods of stability and volatility, and we measured the
real-time evolution of their preferences. Using a lab experiment with students and a lab-
in-the-field study with farmers, we showed that limited resources coupled with unexpected
expenses push people to be more present-focused, irrespective of their socio-economic
strata. However, as suggested by the simulation results, people learned to choose the long-
term option more over time in the absence of such shocks. Interestingly, we also found
that these preference shifts were driven primarily by expectation violations in the form of
unpredictable shocks, and predictable shocks did not alter preference for the long-term.
Thus, we identified the role of precarious environmental conditions on time preferences,

fundamentally implicating the role of expectations in determining impatience.

Even though long-term planning is often construed as the rational choice, we show via
simulations that moving to a shorter planning horizon is rational when one faces recur-
rent unforeseen expenses. This suggests that optimality is malleable and dynamic under
environmental constraints, and rationality is contingent upon the ecological conditions
one encounters. In other words, people’s inter-temporal preferences are sensitive to the
perturbations encountered in their environment, and they wax and wane based on these
ecological constraints. Thus, our results align well with the ‘ecological rationality’ hy-
pothesis (Todd & Gigerenzer, 2012) of temporal discounting and the ‘resource rational’
analysis (Bhui et al., 2021), which conceives context-dependent optimality arising from

the interactions of the individual and their environment.

These insights lead us to explain the empirically documented co-occurrence of low socio-
economic status and future devaluation, a critical sociological phenomenon (Haushofer &
Fehr, 2014). We think that in a perfectly predictable world, having low resources would

not affect intertemporal choices and people would still plan for the future. However,
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an unpredictable world filled with frequent over-the-budget expenses forces people to be
present-focused. In other words, precarity makes it increasingly sub-optimal for individuals
to make long-term plans, potentially leading them to prioritize short-term rewards. Thus,
rather than conceptualizing impatience as a personality trait (Rowe & Rodgers, 1997) or
cultural phenomenon (Lewis, 1966), we argue that it is a learned adaptive response to the

socio-economic environment that individuals in poverty inhabit.

After identifying environmental precarity as a potential structural factor, we were in-
terested in ascertaining how volatility may affect individuals psychologically, leading to
switches in their preferences. The existing ‘scarcity’ literature suggests that the scarcity
of essential resources (money or time) causes people to hyper-focus on immediate prob-
lems (Mani et al., 2013). This attentional tunneling exhausts mental resources required
for individuals to think about their future (Shah et al., 2012). However, both atten-
tional tunneling and reduced mental bandwidth have been criticized on methodological
and empirical grounds. While it is unclear how short-term attentional shifts may affect
intertemporal decisions spanning days or years, some studies have also not been able to
replicate bandwidth effects in the field (Dalton et al., 2020). Furthermore, attentional
tunneling in field tests has been measured using payday variations which capture liquidity

constraints and not genuine income or expense shocks (de Bruijn & Antonides, 2021).

We proposed that environmental precarity may alter people’s sense of time, and thus, if one
perceives reward delay to be later than it actually is, they may choose to forego the delayed
reward. This intuition comes from multiple lines of work. Evolutionary psychologists have
long proposed that increased salience to mortality threat may be a viable cause for people
living in lower socio-economic conditions not to invest in the future (Daly & Wilson,
2005b). Thus, people may perceive the future as increasingly distant or unreachable
if the future feels uncertain. On the other hand, perceptual studies suggest that the
perceived duration of an unexpected stimulus is often tied to encountered expectation
violations (Pariyadath & Eagleman, 2007). Furthermore, recent developments in econo-
physics suggest that perceived time is often non-linear and logarithmic, which leads them to
suggest losses in self-control may be understood in light of this non-linear time perception
(Takahashi, 2016; Takahashi et al., 2008; Zauberman et al., 2009).

In line with this newfound interest in understanding future devaluation in terms of psycho-
logical time, we demonstrated using simulations how changes in time preference (conven-
tionally attributed to changes in discount rates) may be produced by changes in time per-
ception. Across both exponential and hyperbolic discounting models, we find a sigmoidal

change in preference as a function of time deviations. When subjective time contracts, the
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probability of choosing the later reward increases, and when subjective time dilates, the

choice probability decreases.

This seems intuitive - if one perceives a month to be a week, then waiting for a month seems
easier and highly likely. However, if waiting for the same month seems like a year, then
choosing to wait seems highly unlikely. We also found that these subjective time-induced
choice probability shifts correspond to changes in discount rates if time is assumed to be
objective and invariant. For both exponential and hyperbolic discounting, the decrease in
the likelihood of choosing a later reward (corresponding to an increase in perceived time)

translates to an increase in discount rates when time is considered objective and constant.

To pinpoint the relationship between discount rates and time, we developed a theoretical
framework to reinterpret empirically documented deviations in discount rates as time
distortions. Using this framework, we derived time distortions of varying magnitude across
multiple lab and field studies investigating the effects of income or expense shocks on
discount rates. These estimates were also consistent in size with time duration distortions
reported in perceptual studies. Lastly, using our lab experiments, we empirically validated

that felt time distortions induced by volatility correlate with preference shifts.

Despite facing the same number of shocks for the same duration, we found that people
who felt time to be expanding during the shock lowered their preference for long-term
rewards more. These insights theoretically and empirically validate our intuition that
environmental precarity can warp an individual’s perception of time, leading to a lowered
preference for the delayed reward. Thus, a future investment of five years may feel like ten
years to an individual living in poverty. Such experiences of time dilation may lead them

to plan for now or next month and not think about the future or the next five years.

The idea of incorporating time distortion in discounting models has been introduced previ-
ously using time-scaled discount factors, where the time-scaling factor represents speeding
up and slowing down of time (Andersen et al., 2014; Read, 2001). Time scaling makes
similar predictions to our work — if the delay to a reward delivery seems to be extending,

one will exhibit higher discounting, and may choose to forego the delayed reward.

Now, adopting a temporal distortion account of preference shifts offers several benefits from
a theoretical perspective. For example, it avoids reliance on utility-based assumptions,
which are difficult to apply to abstract goals like buying a house or landing a job. Second,
it offers a natural reference point (for example, subjects’ own baseline subjective time or
clock time), allowing deviations to be measured, unlike discount rate accounts, which lack

an objective measure (a ‘true zero’ point).
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Standard economic theories often assume time preferences to be ‘pure’ and non-mutable
and different from time discounting (Frederick et al., 2002). However, studies investigating
the effect of shocks on preference have questioned this assumption, as discount rates in-
crease proportionally with environmental perturbations. A time distortion perspective ac-
commodates these findings by offering an alternative explanation where preference changes

are caused by how time is perceived, keeping internal time preferences unperturbed.

These results demonstrate how a mental time narrative can explain discount rate accounts
of time preference shifts. Initially, we had estimated time deviations from objective time
from previous studies and lab experiments, which showed a group-level effect of time
dilation and preference shifts. However, we observed a prominent individual-level effect
of subjective time distortions from participants’ baseline perceptions instead of objective
time. This insight supports the necessity to incorporate subjective time in discounting
models. While researchers often assume that time in intertemporal tasks is linear and
objective, people may gauge time and calibrate future decisions with their own mental

clock.

Understanding the mechanism of how precarious conditions alter temporal preferences and
their interaction with perceived time yields important practical implications. The observed
influence of precarity on decision-making suggests that effective welfare policies should not
only alleviate material scarcity but also predictably buffer individuals against unexpected
planning failures. By reducing exposure to unanticipated resource shocks, such policies

can stabilize both objective budgets and subjective time horizons.

Interventions such as unconditional cash transfers or access to free healthcare are there-
fore likely to be particularly effective, as they directly support already constrained budgets
while simultaneously reducing the cognitive and psychological burden associated with an-
ticipating unforeseen expenses. In contrast, interventions focused primarily on liquidity
such as debt relief or access to micro-credit may offer short-term economic relief with-
out substantially altering the underlying mental constraints imposed by precarity. When
future resource demands remain unpredictable, individuals may continue to adopt short-
ened planning horizons and present-focused strategies, even in the absence of immediate

financial strain.

The proposed interplay of precarity, subjective time, and temporal preference is essential
for understanding why people act impatiently. If internal time is malleable to our lived
experiences, studying time preferences using this prism may yield an enhanced under-

standing of present-focused behavior in light of this psychological scaling of time, which
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offers similar explanations as lack of self-control without the moral judgment. Thus, a time
distortion account paints delay discounting as an ecologically rational strategy - there is

no point in waiting for tomorrow if tomorrow seems like forever.

8.1 Limitations & Future work

In our simulation connecting precarity with preference shifts, we found that the optimal
planning duration lowers as a function of shocks in both low and high endowment condi-
tions. Thus, optimal planning duration emerges as a function of shock frequency. While
low resources may serve as a necessary condition for present-oriented behaviors, we think
persistent, unpredictable shocks are sufficient to bring out shifts in planning horizons. Our
farming game was designed to simulate these precise conditions in the lab, signifying the

role of lived experiences of people in low socio-economic communities.

Now, the question arises as to what happens on the boundary conditions where endow-
ments are critically low or enormously high. For example, if we consider an individual’s
endowment close to infinity, any number of unpredictable expenses may not deplete their
budget and hence affect their planning duration. On the contrary, if one’s endowment is
close to zero, a single shock of comparable magnitude may deplete their resources. Thus,
in these boundary conditions, the optimal planning duration becomes a function of both

resource endowments and shock frequency.

Another question that arises is whether similar resource shocks affect individuals with
different endowments differently. Our simulation results suggest that planning duration
would shrink maximally for individuals with the lowest endowment, as smaller budgets
would get depleted faster. We have not empirically validated such a claim, and future
studies entail testing how preference shifts can vary as a function of endowment when
controlling for shocks. In other words, how preferences may differ between individuals from
low and high socio-economic backgrounds when both are exposed to similar unpredictable

turbulence.

Now, if one thinks of these preference shifts in terms of the 8 —¢§ formulation, one question
that naturally arises is whether precarity degrades general patience (§) or amplifies the
desire for immediate gratification (/3) explicitly. We think a one-off, one-shot negative
income or expense shock can temporarily lead one to focus on immediate gratification.
However, prolonged or persistent exposure to such shocks can erode patience and lead

one to consistently choose short-term outcomes over long-term ones. Prior work, such as
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Haushofer et al. (2013), demonstrates that exposure to income shocks selectively increases
B, capturing heightened present bias. A natural extension would be to investigate how (£

and § modulate with shock frequency.

In our investigation of precarity-induced time distortions and preference shifts, we asked
participants to denote duration estimates immediately after encountering the shock. We
correlated these time deviations from their estimated during stability with participants’
long-term crop choices. We found that variations in felt time during shock trials were
negatively correlated with temporal preferences in the game. In other words, individuals

who felt time to extend during shock subsequently choose fewer long-term crops.

Now, preference shifts may also correlate with mental simulations of future time or how
long the future reward would take to deliver. For example, teak could be harvested after
six trials in our farming game. If one imagines these six trials to last longer, they may

choose fewer teaks because of perceived extension of future time or reward delivery.

Thus, in addition to temporal distortions experienced during shocks, deviations in mental
simulations of future time may also affect intertemporal choices. For simplicity, one can
assume that ongoing experiences of time distortions directly map onto future simulations
of time. Thus, if one feels time to be extending right now, they may anchor on these
perceptions and make judgments based on them. However, no empirical or theoretical
grounding exists to connect how ongoing distortions map onto future simulations and how

these may affect preferences, providing fertile grounds for future work.

An implicit assumption built into our theory is that individual’s discount rates are con-
stant. In addition to the formulation and measurement difficulties associated with discount
rates, we think sensitivity to delayed outcomes may be a stable and pervasive individual
characteristic as often demonstrated by studies which show positive correlations for dis-
counting across domains and outcomes (Odum, 2011). Thus, we propose here that state-
level changes in discount rates derived from observed shifts in preference can be attributed

to subjective mental states such as time.

Since, we assumed discount rates to be invariant and interpreted preference shifts as result-
ing from changes in perceived time. However, people’s ability to be patient may depend
on how long they wait. In other words, if one has to wait an extended period, their ability
to delay gratification may diminish, suggesting a relationship between discount rates and
perceived time. Thus, intertemporal preferences induced by instability may be a function

of discount rates, subjective time, and their interactions.
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Now, we think the temporal distortion framework depends on the time scale of the decision,
which can be reliably estimated. This includes durations that can be mentally simulated
or perceived as a delay (from days or weeks to a few years). When the delay becomes
extremely short (e.g., one hour) or extremely long (e.g., a decade), preferences are likely
to be dominated by other cognitive mechanisms in addition to temporal distortion. For
very short delays, subjective time will be nearly veridical, and changes in preference are
likely to be driven by arousal or attention-based mechanisms. On the other hand, for very
long delays, we think people would rely on semantic representations of time (such as “a
long time from now”) rather than continuous temporal simulation. In such cases, future
valuation may be influenced by abstract beliefs about uncertainty or affective responses

to instability rather than distortions in perceived duration.

Lastly, the effects of precarity on preferences through the lens of subjective time was
quantified using the exponential and hyperbolic discounting models in Chapter 6. An
promising path of investigation that can be followed up is through the 5 - § discounting
formulation. Prior work, such as Haushofer et al. (2013), demonstrates that exposure
to income shocks selectively increases [ capturing heightened present bias. A natural
extension would be to examine whether similar effects emerge within the farming game
paradigm. Beyond replication, an especially novel question concerns whether felt time
correlates with 5 or 6. We believe that felt time would correlate with 5 (the need for
immediate gratification), suggesting that, while individuals may have a general inclination

to delay gratification, fluctuations in impatience () can be captured by time distortions.

8.2 Conclusion

This work advances the dialogue between computational cognitive science and behavioral
economics by demonstrating how preferences and decision-making under constraints can be
systematically modeled. By situating the findings within the framework of unpredictable
ecological perturbations, we highlight how the inherent uncertainty in our lives shapes
time, choice, and our future preferences. Our simulations and studies indicate that short-
term plans are preferred when one encounters multiple unpredictable resource shocks that
deplete their endowment, which we argue is sufficient to cause shifts towards the immedi-
ate. We complement the prevalent scarcity literature by suggesting that limited resources
can be a necessary, but not a sufficient condition for bringing about such present-focused

behavior. Together, these contributions enrich the theoretical accounts of human behavior
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and provide a structured basis for interpreting how real-world decision contexts influence

choices and preferences.

In our introduction, I urged you to think about some questions, namely, what keeps the
impoverished trapped in poverty and whether it can be construed as a lack of character
or a reasonable response to their lived experiences. The other question that drives this
work is whether we would behave similarly when exposed to these precarious conditions.
Our simulated depiction of precarity showed that planning horizons are adaptive to en-
vironmental conditions. Even though people chose the delayed rewards during stability,
short-term plans were preferred when they observed unpredictable expenses depleting their
saved resources. This observation was true for the majority of our sample pool who belong
to relatively affluent families (Kaur, 2021) and our farmer sample, most of whom have an
average annual income of approximately Rs 1,20,000 ~ USD 6000 (PPP adjusted) in a
year (Satyasai & Bharti, 2016). From these results, several key insights emerge:

e Optimal planning durations shift to the short-term when resource shocks are fre-
quent, with low and high initial endowments. Individuals, irrespective of their socio-

economic strata, display this behavior in the lab and the field.

o Long-term planning is optimal when the environment is stable, which is also corrob-
orated in the lab. This suggests an adaptive resource rational theory of impatience

as a function of environmental constraints.

e While unpredictable shocks shorten planning horizons, predictable shocks do not.

Thus, expectation-outcome mismatches (not liquidity constraints) drive impatience.

o Time distortions can bring about similar preference changes as documented by dis-
count rate shifts. Thus, instead of loss of control, present-oriented behavior can be

interpreted as a result of perceived time dilation.

e Individuals who felt time to extend during volatility, compared to their baseline
perception during stability, chose short-term plans more. This suggests precarity

can perturb our sense of time, leading to impatience.

In summary, this work paints impatience as an interaction of living experiences, sense
of time and preferences across it. For individuals living in dire conditions with a lack of
resources and buffers, the effects of precarity compound quickly. Mitigating other expenses

then becomes a hardship, and their choices become susceptible to other perturbations,
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leading to behaviors that may look impatient but actually are a reasonable response to

their conditions.

Impatience, thus, does not result from personal failings or cultural teachings, but rather
from the inherent unpredictability in our physical and mental world. I hope this work
has gone some distance in convincing you of the humane explanation for our seemingly
irrational behaviors. While we often suffer from attribution errors, I hope this work nudges
you to see impatience as a response to our shared human conditions, best captured in the

African concept of Ubuntu:

A person is a person only through other persons, that my humanity is caught

up in yours. I am fully me only if you are all you can be. - Desmond Tutu



Turbulence, Crop Attributes, and Design Choices

in Harvest Horizons

A.1 Determination of variance for volatility

As noted earlier, resource cost deductions were sampled from a normal distribution at
the start of the trial which instantiated shocks, increased crop loss and land rents. To

formulate these, trial-wise deductions were formulated in the following way:

in low variance blocks

wr, + 20 > Budget (A.1)

in high variance blocks

e + og > Budget (A.2)

where puy, and pp indicate the mean of a normal distribution for low and high variance
blocks, and o;, and oy indicate the standard deviation of a normal distribution for low

and high variance blocks.
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Since the resource cost was drawn from a normal distribution, the area under the curve
greater than 5000 was set to be around 5% and 33% for low and high variance blocks, re-
spectively. Based on this, the Z-score for LV (low variance) blocks and HV (high variance)
blocks were calculated to be 1.65 and 0.43, respectively. We assumed the mean for both
LV and HV blocks to be the same pu; = pg = p and the cutoff to be equal to the budget

5000. Thus using z-score we got -

for low variance block:

11+ 1.650, = 5000 (A.3)

for high variance block:

1+ 0430y = 5000 (A.4)

Taking the boundary conditions of equation A.1 and equation A.2, we assumed p = 3750.

We used this mean in equations A.3 and equation A.4, which gave us:

or =760 o = 2845 (A.5)

Since resource cost deductions were shown monthly in the game in real-time, we used this
formulation to sample monthly resource costs such that the sum of these monthly cost
deductions equaled the total trial-level resource cost deduction. To make this happen, we
applied similar calculations as above with the monthly budget 1000, the same Z-scores,
and p = 3750/5 = 750, which got us to:

oL =152  og =569 (A.6)

In a nutshell, for LV blocks, resource cost deductions were sampled from a normal dis-
tribution of N(3750,760), and for HV blocks, they were sampled from N (3750,2845) on
every trial. To simulate real-time monthly cost deductions, we sampled from a normal
distribution N (750,152) for LV blocks and N (750,569) for HV blocks such that the sum

of these monthly debits was equal to the trial-level cost deduction.

A.2 Determination of crop yields

We wanted to make the effective profit of Apple and Teak equal so that neither seems

more lucrative. We implemented this in the following manner:
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In case of low variance block:
xo — ((pr" * p' ¥ 20) + (pL * p* 2a)) = 20 — ((pr/ * 0 *20) + (pr*nxx)) (A7)
In case of high variance block:

zo — ((pu" * p' % xa) + (P * p*xa)) = 20 — ((pu" * 0 % 20) + (pr +n* 1)) (A.8)

where: x; = selling price of teak, 2, = selling price of apple, p;’ = p(shock) in LV, pr,
= p(no shock) in LV, pg’ = p(shock) in HV, pg = p(no shock) in HV, p’ = apple loss
factor|shock, p = apple loss factor|no shock, n’ = scaled teak loss factor|shock, n = scaled

teak loss factor|no shock.

We set p = 0.3, p' = 0.8, n = 0.2, and / = 0.5 based on Table 4.1. Furthermore, based
on 10000 iterations, we determined p;’ = 0.05, pr, as 1 — p;/ = 0.95, py’ = 0.35, and py
as 1 — pg’ = 0.65. Thus, we find

From equation A.7, in case of low variance block:

g — (0.05% 0.8k x4 +0.95% 0.3 % x,) = 1/6(xy — (0.05 % 0.5 % x4 + 0.95 % 0.2 x x4)) (A.9)

From equation A.8, in case of high variance block:
Zg — (0.35% 0.8 % x4 +0.65% 0.3 % x4) = 1/6(x; — (0.35% 0.5 % x4 + 0.65 % 0.2 x x;)) (A.10)

(Note: 1/6 accounts for the growth time of teak across six trials)

Ratio of z; and z, from Equation A.9 = 5.16 and the ratio of z; and x, from Equation
A.10 = 4.53

Finally, the mean of the ratios = 4.85. Thus, since Apple’s selling price was 350 coins, we
set the selling price of teak at (4.85%350) = 1700 coins.

A.3 Design and Analysis choices for Harvest Horizons

The farming game was designed to expose participants to close-to-ideal randomized blocks
of volatile and stable environments. Following a practice (P) block, participants encoun-

tered two randomized blocks each of volatility (V) and stability (S), resulting in block
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sequences such as P-V-S-V-V or P-S-S-V-V, among others. This design ensured sub-
stantial variability in environmental structure while avoiding systematic order effects.
Within each block, resource debits were also randomized. Fertilizer costs, crop losses, and
land rents were sampled in real time during game-play, such that participants could en-
counter environmental shocks on any trial and an arbitrary number of times throughout

the game, subject to a predefined upper bound on the total number of shocks.

Since block order and trial sequences were randomized, there were no conditions in which
stable environments systematically appeared first or volatile environments systematically
appeared last. This design choice ensured that potential order effects due to learning or
fatigue did not introduce systematic bias into the results. Consequently, each block type
and each trial within a block were equally likely to occur at any position in the task.
This procedure was implemented in Experiments 1 and 2. In Experiments 4 and 5, re-
source debits were prespecified rather than sampled in real time. This design ensured that
each participant encountered an equal number of resource shocks, randomly distributed
across the game. The pre-sampling procedure further minimized order effects by explicitly

controlling the placement of shock trials within each volatile block.

Data exclusion was implemented in two stages - at the trial and participant levels. At
the trial level, resource shocks occurring within the final six trials were excluded from the
‘preference shift’ computation, as participants were no longer motivated to grow teak to-
ward the end of the game. At the participant level, extreme outliers (values exceeding 1.75
x IQR) were excluded, as these observations disproportionately skewed the distributions
and biased mean estimates. Trial-level exclusions accounted for fewer than 5% of all trials,
and participant-level exclusions accounted for fewer than 10% of the sample. For clarity
and transparency, we also report all analyses including these trials and participants in the

Robustness Checks section of each chapter.



Derivations used in Chapter 6

B.1 Deriving u(l) from p(l) using soft-max function

In Chapter 6, we used a model where we assumed that an agent has two choices - a smaller
reward rg available now vs. a larger reward r; available at an objective, calendar time ¢,.
Given probability of choosing the later reward = p(l), we derived the utility u(l) associated

with it using a soft-max function

O eap(ud)
P = Copla)) + explu(s)) (B

which yields

u(l) = In (p 9 ff%;‘“”) (B.2)

where u(s) is the utility of the smaller, immediate reward which is assumed to be equal to

To.

104



Appendix B. 105

Equation B.1 leads to Equation B.2 through the following steps:
_ exp(u(l))

PO = capu(®) + eap(u(s)
= exp(u(l)) = p(l) x exp(u(l)) + p(l) x exp(u(s))
— exp(u(l)) x (1 —p(l)) = p(l) x exp(u(s))
p(l) X efbp( (s))

— cap(u(l)) =

0
st =1 (20 1x_exp(§) o))

Thus, given a shift in choice probability from p(l) to p(l)’, the updated utility of the

delayed reward u(l)’ can be derived in a similar fashion and would be noted by

, exp(u(l)’)
P = o) + con(ate)
) p(1) x exp(u(s))
= u(l) =In < 1—p(ly >

B.2 Deriving k from u(l) using discounting models

B.2.1 Exponential discounting

Exponential discounting model suggests that the future reward will be discounted expo-

nentially and thus the utility of delayed reward can be derived from
u(l) =ry X exp(—k X t,) (B.3)

and our agent’s discount factor k£ can be derived using objective time ¢, by

k= tl x In (%) (B.4)
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Equation B.3 leads to Equation B.4 through the following steps:

u(l) =1 X exp(—k X t,)
= exp(—k x t,) = —=

— kx ty = In(—L)
N
to u(l)

Thus, given a shift in future utility from (1) to u(l)’, the updated discount rate k" given

objective invariant time t, can be derived in a similar fashion and would be noted by
u(l) =1y x exp(—k' x t,)
= L (I
to u(l)!
B.2.2 Hyperbolic discounting

Hyperbolic discount model says that the future reward will be discounted hyperbolically

over time (time-inconsistent) and thus the utility of delayed reward u(l) is given by

u(l) = 1+ &k xt, (B.5)
which leads us to 0
Tt — U
=+ 7 B.
u(l) X t, (B.6)

Equation B.5 leads to Equation B.6 through the following steps:

Tt
)= ——F—
u(l) 1+kxt,
= 1+kxt Tt
07U(l)
:>k:><to—— 1

u(l)
re —u(l)

k;_
— T x b,
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Thus, given a shift in future utility from w(l) to u(l)’, the updated discount rate k' given

objective invariant time ¢, can be written as



Summary of statistical tests and effect sizes

Table C.1 summarizes the key statistical tests and outcomes used in the experiments,
including outcome variables (their mean, SD, and 95% CIs), test type, sample size (IV),
and effect sizes (Cohen’s d). Full methodological details are provided in the corresponding

chapters.

e Experiment 1 - effects of precarity on inter-temporal preferences among students.
Otear; denotes the switch in long-term choice and dg4ppie and 0,5 denotes the short-

term choices.

o Experiment 2 - replication study demonstrating the effects of precarity on preferences

among local farmers.
o Experiment 3 - effects of stable conditions on preference for delayed rewards.

o Experiment 4 - (a) replicates experiment 1 with pre-defined unpredictable shocks

and (b) tests preference shifts with predictable turbulence.

o Experiment 5 - Replication of 4(a) along with perceived time estimates to measure

the correlation between subjective time and inter-temporal preferences. Ap(teak)

108
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denotes the change in probability of choosing the long-term choice and Ap(apple)

and Ap(rice) denotes the change in probability of choosing the short-term choices.

Table C.1: Summary of statistical models and effect sizes.

Test N Outcome Mean SD  95% CI Effect size
Experiment 1

t 69  dreak -0.34  1.39  [-0.62, -0.06] -0.24

t 69 Oapple 0.33 1.31  [0.01, 0.65] 0.25

t 69 drice 0.01 1.18  [-0.27, 0.30] 0.01
Experiment 2

t 70 Opeak -0.89  4.02 [-1.69, -0.09] -0.22

t 70 Oappie -0.09 241 [-0.49, 0.67] 0.06

t 70 drice 0.80  2.67 [0.16, 1.44] 0.30
Experiment 3

t 19 teak 0.19 0.22 [0.01, 0.28] 0.86

t 19 Sapple -0.11  0.17  [-0.19, -0.02] -0.62

t 19 brice -0.08  0.09 [-0.13, -0.04] -0.86
Experiment 4a

t 28 peak -1.6 2.93  [-2.54, -0.65] -0.54

t 28 Supple 0.42  1.87 [-0.33, 1.15] 0.22

t 28 Orice 1.19  2.06 [0.37, 2.0] 0.56
Experiment 4b

t 30 dieak 0.25 1.83  [-0.32, 0.83] 0.14

t 30 Oapple -0.49  1.25 [-0.96, -0.02] 0.39

t 30 drice 0.24 1.05  [-0.16, 0.63] 0.22
Experiment 5

t 96 Ap(teak) -0.02  0.063 [-0.03, -0.01] -0.27

t 96 Ap(apple) -0.005 0.054 [-0.02, 0.01] 0.087

t 96 Ap(rice)  0.022 0.044 [0.01, 0.03] 0.50
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