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A B S T R A C T   

Around the world, it is becoming increasingly common for individuals to have volatile incomes. Previous 
research offers mixed evidence on whether uncertainty about one’s income may increase or decrease saving 
behaviour. Across four incentivised online experiments (N = 712), we examine the relationship between income 
volatility and saving behaviour in a novel financial decision making task. In this task, participants receive hy
pothetical income that is either consistent or that varies to different degrees. We capture participants’ percep
tions of how volatile their income is and observe how this influences their decision to spend the income or save it 
towards a hypothetical impending emergency. Our results indicate that receiving a more volatile income, as 
measured by its coefficient of variation (CV), leads to higher savings within our task. However, there appears to 
be a threshold level of volatility that must be exceeded before participants save differently relative to receiving a 
stable income.   

1. Introduction 

No one can be certain about how much they will earn in the future. 
However, not all uncertainties are equal; some individuals have greater 
confidence in their future incomes than others. An individual working in 
a traditional salaried role can reasonably expect to earn the same 
amount each pay cycle. In contrast, an individual who is employed 
casually or who freelances may find that their earnings fluctuate un
predictably. Around the world, economic trends suggest that this latter 
scenario is becoming increasingly common. In Australia, permanent full- 
time employment rates have declined from previous decades, insecure 
part-time employment has become prevalent, and there has been a 
dramatic rise in platform work (often referred to as ‘gig work’) (Senate 
Select Committee on Job Security, 2022). Similar trends have been 
observed across other advanced economies in Asia and Europe (Hipp 
et al., 2015; Kalleberg & Hewison, 2013). 

Previous research has identified numerous ways in which income 
uncertainty may negatively impact individuals’ and their families’ lives. 
Experiencing fluctuations in income has been associated with psycho
logical depression (Prause et al., 2009), higher risk of mortality (Halli
day, 2007), greater risk of divorce (Nunley & Seals, 2010), and increased 
probability of mortgage default (Diaz-Serrano, 2005). Much of this 
research has been based on ‘inter-year’ income volatility (income that 
varies between years), with research on ‘intra-year’ income volatility 

(income that varies within a year) being comparatively scarce. 
Only recently has there been an increase in studies examining how 

financial and health outcomes are influenced by monthly fluctuations in 
income (e.g., Anvari-Clark & Ansong, 2022; Gladstone et al., 2020), 
many of which have been motivated by the growth of the gig economy 
(e.g., Sayre, 2022; Wang et al., 2022), as well as the severe disruption to 
income caused by the COVID-19 pandemic (Wang-Ly & Newell, 2022). 
However, given the challenges of manipulating income in real-world 
settings, these studies have typically been observational in nature. 
These observational studies are inherently limited in their ability to 
prove causal links between the experience of income volatility and 
outcomes of interest (Rosenbaum, 2015). The current study aims to fill 
this gap in the literature through an experimental investigation of the 
impact of income volatility on financial behaviour. 

To our knowledge, only two studies have investigated the influence 
of intra-year income volatility via experimental methods, with both 
finding evidence suggesting that volatility drives individuals to behave 
in a more financially impatient manner. The first study involved 
providing income spikes to Kenyan participants via an unconditional 
cash transfer program (West et al., 2020). Financial impatience was 
measured by giving participants multiple hypothetical choices between 
a ‘smaller-sooner’ reward (e.g., KSH 500 today) and a ‘larger-later’ 
reward (e.g., KSH 525 in six months). Participants who received the 
income spikes tended to choose the smaller-sooner option more often 
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compared to those who did not receive the spikes, demonstrating a 
greater degree of financial impatience. In the second study, participants 
completed simulated work tasks for hypothetical income as part of a 
lab-based experiment (Peetz et al., 2021). Participants either received a 
stable income (the same income per work task) or a volatile income 
(income that varied between work tasks). At the end of the experiment, 
participants who received the volatile income were more likely to 
choose the smaller-sooner participation reward (USD 15 today vs USD 
17 in two weeks) compared to those who had received the stable 
income. 

Inspired by these two studies, we saw an opportunity to apply a 
similar experimental approach to better understand how income vola
tility influences key household financial decisions. In the present 
research, we chose to focus our attention on saving behaviour for two 
reasons. First, income uncertainty tends to be more severe for in
dividuals in poorer financial circumstances (Bania & Leete, 2022). For 
these individuals, the ability to accumulate savings and create ‘financial 
slack’ is especially critical for meeting unexpected expenses and 
avoiding debt (Mullainathan & Shafir, 2009). Second, the literature 
offers conflicting perspectives on whether income volatility should in
crease or decrease saving behaviour, meaning our work could offer 
useful clarifying evidence. 

On the one hand, the argument that experiencing income volatility 
increases saving behaviour seems intuitive. To illustrate, imagine that 
you wanted to accumulate a certain amount of savings for future needs 
(e.g., a holiday or to buffer against future emergencies). If you earned a 
steady and predictable income, a prudent strategy might involve setting 
aside a consistent amount of money such that you would achieve the 
goal within your desired timeframe. Now suppose that your income was 
instead volatile and unpredictable. The consistent saving strategy would 
no longer be feasible; instead, it might be necessary to save more to 
insure against a potential dip in future income. This is the basic premise 
underlying the traditional economic perspective of how income vola
tility should affect saving behaviour. Early theoretical work suggested 
that being uncertain about one’s future earnings should boost precau
tionary saving motives (Drèze & Modigliani, 1972; Leland, 1968; 
Sandmo, 1970). This view has been supported by numerous empirical 
studies (for an overview, see Lugilde et al., 2019).1 For example, one 
study involving US personal income data found that doubling the level 
of income uncertainty of an individual or household was associated with 
a 29 percent increase in their ratio of wealth to income (i.e., a greater 
saving rate) (Kazarosian, 1997). 

On the other hand, there are several valid reasons why income 
volatility might instead be expected to reduce saving behaviour. First, if 
income volatility results in greater financial impatience (Peetz et al., 
2021; West et al., 2020), individuals may be biased towards actions that 
offer immediate benefits (spending) over actions that offer benefits in 
the distant future (saving). This would be consistent with previous work 
showing that more present-focused time preferences are associated with 
lower retirement saving balances (Goda et al., 2019). Second, experi
encing income volatility may induce feelings of stress or scarcity, as dips 
in income can create temporary shortfalls between available funds and 
upcoming expenses, forcing individuals to make difficult trade-offs be
tween their immediate and future needs (Bania & Leete, 2022). Both 
stress and scarcity have been found to impair long-term and 
goal-directed decision making (Haushofer & Fehr, 2014; Mani et al., 
2013, 2020; Schwabe & Wolf, 2009), providing additional reason to 
believe that income volatility might reduce one’s propensity to save. 
Third, individuals may decide to save less as part of a considered choice 
to abandon (or at least heavily discount) their focus on the long-term. 
They may instead shift their focus to achieving short-term outcomes, 
where the associated rewards are typically better defined and allow for 

earlier gratification—an approach that has been argued to be a rational 
response to uncertainty (Fawcett et al., 2012; Pepper & Nettle, 2017). 
Consistent with this view, numerous studies have shown that saving 
rates are negatively impacted when individuals feel a lack of control 
over their future circumstances (Cobb-Clark et al., 2016; Perry & Morris, 
2005; Shapiro & Wu, 2011). 

2. Study overview 

2.1. Research design 

To assess the merit of these opposing perspectives, we conducted 
four online experiments which involved a novel (hypothetical) financial 
decision making task. Within this task, we manipulated the volatility of 
income participants earned for completing work tasks (similar to Peetz 
et al., 2021), and observed how this influenced their decisions to either 
spend their earnings or save for an impending emergency. 

In Experiment 1, we tested three levels of income volatility 
(including no volatility) and observed the highest saving rates from 
participants whose income was most volatile. However, we also 
observed a discrepancy between participants’ self-reported perceptions 
of how volatile their income was and their observed saving behaviour. 
Experiment 2 examined whether this was because participants’ saving 
behaviour was instead being driven by other dimensions of the income 
sequence (e.g., the minimum income received). Experiment 3 provided 
evidence that the discrepancy was due to participants being asked to 
provide an absolute judgment of volatility; participants were able to 
distinguish between levels of volatility when instead making relative 
judgments. Finally, in Experiment 4, we tested a single condition in 
which we made participants’ income even more volatile than the most 
volatile condition in Experiment 1. This established a clearer relation
ship between income volatility and increased saving behaviour while 
also suggesting the existence of a volatility threshold that needs to be 
exceeded for consumers to change their saving behaviour. 

Throughout the study, we report on analyses that involve compari
sons of participants’ behaviour both within and between experiments. 
We recognise that these latter comparisons forego random assignment, 
which limits our ability to cleanly establish causality and introduces the 
possibility for alternative explanations outside of our experimental 
manipulations (Harris et al., 2006). However, it should be noted that our 
experiments were conducted using the same financial decision task and 
offered the same incentives. Additionally, as we demonstrate in analyses 
reported in Appendix Table A.3, our participants did not differ mean
ingfully across any of the demographic or financial characteristics we 
recorded (e.g., age, education level)—which was to be expected given 
we had drawn from the same participant pool (Prolific Academic) for all 
four of our experiments. Thus, while we acknowledge that purely 
experimental results do hold stronger weight, we also felt confident that 
even with our quasi-experimental analysis approach, we could attribute 
any effects observed to our manipulation of income volatility. 

2.2. Paper’s contributions 

Our study seeks to make several contributions to the literature. First, 
we continue to expand the body of experimental work examining the 
effect of income volatility on financial decisions. We offer (quasi- 
experimental) evidence in support of the view that experiencing volatile 
income increases saving behaviour. Second, we examine the impact of 
different degrees of income volatility, allowing us to investigate not only 
the extensive margin of the income volatility effect, but also the inten
sive margin. Third, we offer a novel financial decision making task that 
has potential for reuse in future income volatility experiments or could 
be adapted to answer similar questions around influences on saving 
behaviour. 

It is equally worth noting what our study does not seek to do. Our 
intention with the present research is not to form normative judgments 

1 However, see Fulford (2015) for evidence that income uncertainty is not an 
important motive for precautionary saving. 
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about how individuals should adjust their saving behaviour in response 
to income volatility. Our reasoning for this is two-fold. First, as high
lighted in the Introduction, there are valid explanations that could 
justify either increases or decreases in saving. We therefore believe that 
focusing on providing a descriptive account, which documents how in
dividuals actually respond when experiencing a volatile income, is the 
more pertinent knowledge gap to address in the current literature. 
Second, we believe there to be an inherent trade-off when designing a 
study between reasonably reflecting the decisions that individuals face 
in the real world and allowing for normative judgments to be made. 
Real-world financial decisions are plagued by unquantifiable risks and 
probabilities (or ‘Knightian uncertainty’; Knight, 1921) that make it 
challenging (if not impossible) to determine what behaviour should be 
considered optimal. We return to this latter point in the General Dis
cussion when we consider the many opportunities to expand upon our 
study. 

3. Experiment 1 

The purpose of Experiment 1 was to examine how participants’ 
saving behaviour within our financial decision making task was influ
enced by the level of income volatility they experienced. We generated 
different sequences of income that varied in their coefficients of varia
tion (CV). CV is a commonly referenced measure of income volatility 
(Bania & Leete, 2022; Farrell & Greig, 2016; Hannagan & Morduch, 
2015) that can be calculated by dividing the standard deviation of a 
sequence by its mean. Therefore, the larger the CV value, the more 
volatile the income. One advantage of the CV metric is that it provides a 
standardised value that allows for comparison across incomes that may 
differ in magnitude, frequency, and timing.2 For Experiment 1, we tested 
three income sequences with CV values of 0 (i.e., no volatility), 0.30, and 
0.60. 

3.1. Method 

3.1.1. Participants 
We recruited 241 participants3 from Prolific Academic, an online 

participant recruitment platform. Our sample size was based on an a 
priori power analysis conducted using statistical software G*Power 
(Faul et al., 2007) based on detecting a small effect in a between-subjects 
study (δ =.80; γ =.20, α =.05). To be eligible for our sample, participants 
needed to be between the ages of 18 and 65, located in the UK, and 
fluent in English. Participants received £3.00 (USD 3.77) in exchange for 
their participation and were also eligible for an additional bonus of 
£3.00 (USD 3.77) based on their performance in the financial decision 
making task. 

Participants’ ages ranged between 19 and 65 years (Mage = 39.65, SD 
= 11.79), 59.8% of which were male, 39.4% female, and 0.8% who 
reported a different gender identity. For most participants, the highest 
education level attained was either through high school (36.1%) or an 
undergraduate degree (45.2%). Most participants were employed either 
full-time (61.0%) or part-time (16.2%), with the median personal in
come band being £20,000-£29,999. See Appendix Tables A.1 and A.2 for 
additional information about our samples and a comparison against 
nationally representative data. 

3.1.2. Materials 
The financial decision making task4 used in Experiment 1 involved 

completing work tasks for hypothetical income and making hypothetical 
decisions around spending and saving for an impending emergency. In 
each round of the game, participants were asked to rearrange a six- 
character string of letters (e.g., “hksykjl”) into alphabetical order as 
their work task. Upon completion, they received income and were asked 
how much they wanted to spend.5 Money could be spent to purchase 
points (£1.00 = 1 point), which were later used to determine eligibility 
for the bonus performance-based payment.6 Any money that was not 
spent remained as savings and was carried over into subsequent rounds, 
where it could again be spent or saved. 

The income participants received for their work tasks varied 
depending on which of the three experimental conditions they were 
allocated to: No Volatility (n = 81), Low Volatility (n = 80), and High 
Volatility (n = 80). In all three conditions, participants received the 
same total income across the 15 task rounds: £15,000. However, the 
extent to which their income fluctuated differed. In the No Volatility 
condition, participants received £1,000 after each work 
task—corresponding to a CV of 0. In the Low Volatility condition, par
ticipants’ income ranged between £431 and £1,340, with the overall 
sequence of incomes having a CV of 0.30.7 In the High Volatility con
dition, incomes ranged between £173 and £2,088, with a CV of 0.60. For 
participants in the Low and High Volatility conditions, the order in 
which they received the different incomes was randomised. Details on 
the income sequences used across the experiments are shown in Table 1. 

At the end of the task (after the 15th round), participants encoun
tered a financial emergency: home repairs costing £4,500 that had 
resulted from storm damages. When this emergency occurred, if par
ticipants had adequate savings, they “won” the task, meaning they could 
keep the points they had purchased. However, if participants’ savings 
were inadequate, they lost all their purchased points. Importantly, while 
participants were advised at the start of the task that there would be a 
financial emergency, they were not told when it would occur nor how 
much it would cost. Therefore, their objective was to balance the 
competing goals of maximising points purchased (to potentially earn the 
bonus payment) while ensuring they saved enough to withstand the 
financial emergency (to avoid losing their points). 

Just prior to revealing the cost of the financial emergency, partici
pants were asked to provide a series of responses. This timing was 
deliberate such that participants’ responses would not be affected by the 
outcome of the experiment (i.e., whether they had saved adequately). 
Participants were asked to rate how volatile they perceived their income 
to have been during the task (0 = “Not volatile”; 10 = “Extremely vol
atile”). Participants were advised that they could think of volatility as a 
reflection of how well they could predict their income if there was an 
additional round8 (Konovalova & Pachur, 2021). We similarly asked 
participants to rate how difficult it was to decide how much to spend or 
save each round (0 = “Not difficult”; 10 = “Extremely difficult”). 

2 However, see Kvålseth (2017) for an alternative measure of volatility (the 
‘second-order coefficient of variation’) that has additional useful properties 
such as being restricted between zero and one, and being less sensitive to 
outliers. 

3 In both Experiments 1 and 2, we encountered an issue during data collec
tion which led to having one participant more than was intended. 

4 Select screenshots of the task and the experimental code are available in the 
Supplementary Materials (https://osf.io/pqgha/).  

5 Participants’ speed of completion had no influence on their income earned. 
However, completion of the work task was required to proceed to the next 
round.  

6 Participants were eligible for a bonus payment (in addition to their 
participation payment) if their final score in the task was within the top 10 
percent of their experimental condition.  

7 Previous work has estimated that the average household experiences a CV 
of between 0.30 and 0.40 (Farrell et al., 2019; Hannagan & Morduch, 2015); 
however, this varies substantially between lower- and higher-income house
holds (Mills & Amick, 2010; Morris et al., 2015).  

8 Specifically, we gave participants the following explanation of volatility: 
“You could think of volatility as reflecting how well you could predict the income you 
would receive if there was another round. The higher the volatility, the less likely you 
would be to predict this correctly.” 
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Finally, we measured financial impatience using the ‘fill-in-the-blank’ 
approach (Smith & Hantula, 2008), which has been previously used in 
studies involving delay discounting (Chapman, 1996; Kirby & 
Maraković, 1995; Weatherly et al., 2010). Participants were instructed 
to imagine that they were given the choice between two bonus rewards 
for their involvement in the experiment. The first option was to receive 
£50 in two weeks’ time. Alternatively, they could opt for an immediate 
reward. Participants were asked to indicate the lowest amount they 
would accept immediately (‘smaller-sooner amount’) that would make it 
preferable to the larger, delayed reward. The response was bounded 
between £0 and £50, with a lower smaller-sooner amount indicating a 
higher degree of financial impatience. 

3.1.3. Procedure 
Participants were advised that they would be playing a financial 

decision making game and received instructions outlining the work tasks 
and the objective of the game. This was followed by a practice stage 
which included three practice rounds (with income of £50 per work 
task) and a practice financial emergency (a £50 parking ticket fine). 

After the practice stage, participants’ savings and points were reset to 
zero and they began the 15 experiment rounds. Once the experiment 
rounds were complete, participants were informed that the financial 
emergency was about to occur and were asked to provide responses to 
the perceived volatility, perceived difficulty, and financial impatience 
measures described in the previous section. Following this, the cost of 
the emergency was revealed, and participants were advised of the 
outcome of the game. Finally, participants were asked to provide in
formation about their demographics and financial situations before 
receiving a debrief of the experiment. 

3.2. Results 

For all four experiments, we conducted Bayesian statistical analyses 

(using default priors) and report the Bayes factors (BF10) associated with 
our results. In cases where the Bayes factor was less than one (i.e., evi
dence favoured the null hypothesis), we report the inverse Bayes factor 
(BF01) to assist with comparability of evidence strength. Interpretations 
of Bayes factors were based on guidelines suggested in Lee and 
Wagenmakers (2013). Unless indicated otherwise, analyses of variance 
(ANOVAs) were used for overall tests of differences across multiple 
conditions and t-tests were used for pairwise comparisons between 
conditions. Our experiment data and code have been made available in 
the Supplementary Materials (https://osf.io/pqgha/). 

3.2.1. Perceived volatility ratings 
We first examined whether there were differences between condi

tions in participants’ ratings of how volatile their income was 
(‘perceived volatility ratings’). As seen in Fig. 1, our analysis indicated 
that there was extreme evidence that perceived volatility ratings 
differed between conditions (BF10 = 6.72× 1013), suggesting that our 
income volatility manipulation had worked. This difference was driven 
by substantially lower volatility ratings in the No Volatility condition (M 
= 3.17) compared to the Low Volatility (M = 6.00) and High Volatility 
(M = 6.40) conditions (BF10 = 2.04× 108 and 1.11× 1011 respectively). 
However, there was moderate evidence suggesting that perceived 
volatility ratings did not differ between the Low and High Volatility 
conditions (BF01 = 3.15). 

3.2.2. Final savings 
We next analysed how much participants had saved at the end of the 

task (‘final savings’). As seen in Fig. 2, we observed very strong evidence 
that final savings differed between conditions (BF10 = 38.71). Partici
pants saved substantially more in the High Volatility condition (M =
£8,571.64) compared to the No Volatility (M = £6,647.88) and Low 
Volatility (M = £6,579.54) conditions (BF10 = 33.67 and 24.23 respec
tively). However, there was moderate evidence suggesting that final 
savings did not differ between the No and Low Volatility conditions 
(BF01 = 5.84). 

3.2.3. Perceived difficulty and financial impatience 
We then examined participants’ ratings of how difficult they found it 

to decide how much to spend or save throughout the task (‘perceived 
difficulty’). There was moderate evidence that these ratings did not 
differ between conditions (BF01 = 6.44). The mean rating provided 
across the conditions was 4.07 (out of 10). Likewise, there was moderate 
evidence that financial impatience did not vary between conditions, as 
measured via participants’ smaller-sooner amounts (BF01 = 7.67). The 
mean amount participants were willing to accept immediately instead of 
a £50 reward in two weeks’ time was £37.60. 

3.3. Discussion 

Our results indicated that participants saved substantially more in 
the High Volatility condition than the No and Low Volatility con
ditions—consistent with the view that income volatility increases saving 
motives. However, we did not observe the same boost in savings for the 
Low Volatility condition relative to the No Volatility condition. The 
simplest explanation would be that participants’ income was volatile 
enough to impact their saving behaviour in the High Volatility condition 
but was not volatile enough to do so in the Low Volatility condition. This 
would imply that there exists a threshold between the CVs we used (0.30 
for Low Volatility; 0.60 for High Volatility) which must be surpassed 
before a change in saving behaviour would be observed. However, 
complicating this explanation was the fact that participants in the Low 
and High Volatility conditions reported their income as being similarly 
volatile (based on their perceived volatility ratings). The question we 
thus needed to address was why participants in the Low Volatility 
condition did not save differently relative to the No Volatility condition 
despite perceiving their income to be as volatile as the High Volatile 

Table 1 
Dimensions of income sequences used in Experiments 1–4.  

Condition Incomes (£) CV Min Max Range 

No Volatility 1,000 1,000 1,000 1,000 
1,000 
1,000 1,000 1,000 1,000 
1,000 
1,000 1,000 1,000 1,000 
1,000  

0.00 1,000 1,000 0 

Low Volatility 431 570 656 794 873 
883 910 990 1,158 1,202 
1,277 1,279 1,311 1,326 
1,340  

0.30 431 1,340 909 

High Volatility 173 274 466 526 529 
650 661 847 1,101 1,374 
1,404 1,436 1,571 1,900 
2,088  

0.60 173 2,088 1,915 

Same Range 173 881 911 929 946 
952 956 981 989 996 
1,022 1,041 1,063 1,072 
2,088  

0.37 173 2,088 1,915 

Same Min 173 552 654 851 863 
864 889 1,017 1,036 
1,211 
1,240 1,257 1,310 1,503 
1,580  

0.37 173 1,580 1,407 

Same Max 681 689 746 767 772 
782 785 816 983 994 
1,029 1,242 1,275 1,351 
2,088  

0.37 681 2,088 1,407 

Very High 
Volatility 

44 152 184 299 372 
536 763 767 788 1,101 
1,300 1,618 1,654 1,965 
3,457  

0.90 44 3,457 3,413 

Note. CV = Coefficient of variation. Min = Minimum income. Max = Maximum 
income. 
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condition. 
One possibility we considered was whether the increased saving 

behaviour observed from participants in the High Volatility condition 
was being driven by something other than income volatility (as defined 
by CV). The idea was inspired by recent work which showed that in
dividuals’ perceptions of a number sequence’s variance is not always 
perfectly related to the objective statistical variance of the sequence 
(Konovalova & Pachur, 2021). In their study, Konovalova and Pachur 
(2021) examined how other characteristics of a number sequence (e.g., 
mean, range, pairwise distance) contribute to perceptions of variance. 
The study found that a sequence’s range often served as a better indi
vidual predictor of participants’ perceptions of variance than statistical 
variance itself. 

This led us to examine in Experiment 2 whether three other di
mensions of the income sequences we gave participants could better 
account for their saving behaviour: the minimum income participants 
received during the task, the maximum income, and the range of in
comes. As shown in Table 1, the income sequences used in Experiment 1 

varied not only in their CV, but also these additional dimensions. As an 
example, it may have been the minimum income participants received 
that was driving their saving decisions—perhaps because the income 
shock associated with earning an unexpectedly low income forced par
ticipants to update their view of how uncertain the (experimental) world 
was, thereby prompting them to save more as a precaution (Chamon 
et al., 2013; Collins & Gjertson, 2013). If this were the case, it would 
explain why participants’ perceived volatility ratings did not neatly map 
onto their saving behaviour. 

While the main focus for this study is saving behaviour, it is worth 
noting that our income volatility manipulation did not appear to in
crease participants’ financial impatience—contrary to prior findings 
(Peetz et al., 2021; West et al., 2020). One possible reason for our failure 
to observe an effect is that both our income volatility manipulation and 
our measure of financial impatience were hypothetical. While Peetz 
et al. (2021) also manipulated the volatility of hypothetical income, 
their measure of financial impatience involved participants choosing 
between two real payments. In the case of West et al., (2020), the 

Fig. 1. Mean perceived volatility ratings by level of income volatility in Experiment 1. Standard error bars indicated.  

Fig. 2. Distribution of final savings by level of income volatility in Experiment 1. Means and standard error bars indicated.  

N. Wang-Ly and B.R. Newell                                                                                                                                                                                                                 



Journal of Behavioral and Experimental Finance 43 (2024) 100941

6

measure of financial impatience involved hypothetical choices, but 
participants experienced volatility in their real income. Prior work has 
shown that the choices people make in hypothetical and real-world 
situations can differ (e.g., FeldmanHall et al., 2012; Green & Lawyer, 
2014; Vlaev, 2012); for example, people tend to be more patient and 
altruistic when responding to hypothetical scenarios (Camerer & Mobbs, 
2017). 

A second possibility for the inconsistency in our findings could be 
due to our use of different methods of measuring financial impatience. 
While our study used a fill-in-the-blank approach, both prior studies 
used ‘binary-choice’ tasks, which give participants the choice between 
defined smaller-sooner and larger-later amounts. Previous work sug
gests that binary-choice tasks can produce steeper discounting rates 
compared to fill-in-the-blank task (Smith & Hantula, 2008). It is there
fore possible that the effect of income volatility on financial impatience 
is small—one that our measure was unable to detect, but that more 
sensitive measures may have been able to. 

A third possibility is that our findings did not corroborate previous 
work due to the differences in the participant samples we recruited. As 
shown in Appendix Tables A.1 and A.2, our sample of participants were 
broadly representative of the UK population. In contrast, the sample 
described in Peetz et al. (2021) consisted disproportionately of 
lower-income earners from the US. Prior research suggests there is a link 
between financial scarcity and cognitive functioning (e.g., Mani et al., 
2013, 2020), which may explain the inconsistencies in our findings. 
Meanwhile, West et al. (2020)’s conclusions were based on a sample of 
Kenyan women—and there has similarly been substantial research 
documenting differences between Western and non-Western pop
ulations’ decision processes (Henrich et al., 2010). Though exploring 
these potential explanations (or any others) was beyond the scope of our 
study, our null result suggests the need for further investigation to have 
greater confidence in the link between income volatility and financial 
impatience. 

4. Experiment 2 

For Experiment 2, we generated three new income sequences that 
would allow us to tease apart whether the minimum income, maximum 
income, or range of incomes would provide a better account for saving 
behaviour than CV. The new sequences were designed such that they 
could be compared against one another, as well as against the High 
Volatility condition from Experiment 1. Each sequence shared a 
different set of dimensions with the High Volatility condition: either the 
minimum income (but not the maximum or range), the maximum in
come (but not the minimum or range), or both the minimum and 
maximum incomes (and therefore also the range). Notably, however, all 
three conditions shared the same statistical variance as one another (CVs 
= 0.37), but were deliberately created to be less volatile than the High 
Volatility condition (CV = 0.60). 

4.1. Method 

4.1.1. Participants 
We recruited 241 new participants from Prolific Academic using the 

same eligibility criteria described for Experiment 1. In addition to these 
criteria, we excluded anyone who had participants in the previous 
experiment. Participants against received a £3.00 (USD 3.77) partici
pation payment and were eligible for a £3.00 (USD 3.77) bonus payment 
based on their task performance. 

Participants’ ages ranged between 18 and 65 years (Mage = 39.39, SD 
= 12.14), 44.8% of which were male, 53.9% female, and 0.8% who 
reported a different gender identity. For most participants, the highest 
education level attained was either through high school (41.1%) or an 
undergraduate degree (37.8%). Most participants were employed either 
full-time (52.7%) or part-time (20.3%), with the median personal in
come band being £20,000-£29,999. 

4.1.2. Materials and procedure 
Experiment 2 used the same financial decision making task and 

procedure as described for Experiment 1. However, participants were 
assigned to three new conditions which used different income sequences 
from the prior experiment: “Same Range” (n = 80), “Same Min” (n = 81), 
and “Same Max” (n = 80). The names of these conditions indicated what 
characteristic(s) their income sequence shared with the High Volatility 
condition from Experiment 1 (see Table 1). 

In the Same Range condition, participants’ income sequence shared 
the same minimum and maximum values as the High Volatility condi
tion (£173 and £2,088 respectively), and therefore the same range 
(£1,915). However, the income sequence was constructed to have a 
lower coefficient of variation (CV = 0.37 vs 0.60 for the High Volatility 
condition). This would allow us to directly compare the two conditions 
to determine whether CV was driving the difference in saving behaviour 
or whether it was one of the other dimensions. 

In the Same Min condition, participants’ income ranged from £173 to 
£1,580 across rounds—sharing the same minimum income as the High 
Volatility condition but differing in the maximum income and range. 
Conversely, the Same Max condition shared the same maximum income 
as the High Volatility condition (£2,088) but had a different minimum 
income (£681) and range. Notably, however, the range of the Same Min 
and Same Max conditions were designed to be identical (£1,407). Both 
sequences were also constructed to share the same CV as the Same Range 
condition (CV = 0.37). 

All three sequences therefore shared the same statistical variance 
(unlike in Experiment 1), but varied in their minimum income, 
maximum income, and range of incomes. As with the previous experi
ment, regardless of which income sequence participants received, their 
total income across the task was £15,000. By keeping this and all other 
task parameters the same as Experiment 1, it became possible to directly 
compare the High Volatility condition from the first experiment with the 
new conditions in Experiment 2. 

4.2. Results 

4.2.1. Comparisons between Same Range, Same Min, and Same Max 
conditions 

We first analysed the data from our three Experiment 2 conditions. 
This allowed us to explore whether any differences in our measures were 
being driven by dimensions of participants’ income sequences other 
than CV. 

Across our four measures (perceived volatility, final savings, 
perceived difficulty, and financial impatience), we consistently observed 
no differences between our three conditions. The evidence for this was 
moderate for perceived volatility (BF01 = 3.91), strong for final savings 
(BF01 = 16.19), moderate for perceived difficulty (BF01 = 6.82), and 
strong for financial impatience (BF01 = 12.50). 

4.2.2. Comparisons against High Volatility condition 
We then compared the perceived volatility ratings and final savings 

of our three Experiment 2 conditions against the High Volatility condi
tion from Experiment 1 (see Fig. 3). 

There was anecdotal evidence that participants perceived their in
come to be more volatile in the High Volatility condition (M = 6.40) 
than the Same Range condition (M = 5.69) (BF10 = 1.52). However, 
there was moderate evidence that the perceived volatility ratings did not 
differ between the High Volatility condition and the Same Min (M =
6.31) or Same Max (M = 6.11) conditions (BF01 = 5.66 and 4.18 
respectively). 

In contrast, there was consistent evidence that participants saved 
more in the High Volatility condition (M = £8.571.64) compared to the 
other three conditions. The evidence was moderate for the Same Range 
(M = £7,096.65) and Same Max (M = £6,842.40) conditions (BF10 =

3.03 and 6.69 respectively), and anecdotal for the Same Min condition 
(M = £7,362.69) (BF10 = 1.16). 
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4.3. Discussion 

Our results did not support the hypothesis that saving behaviour was 
driven by a dimension of the income sequence other than CV. Despite 
varying the minimum income, maximum income, and range of incomes 
between conditions, participants all exhibited similar saving behaviour. 
If anything, our findings provided greater reason to believe that CV was 
the driver of saving behaviour. All three conditions saved less than the 
High Volatility condition, with the consistent difference being their 
lower CV (CV = 0.37 vs 0.60). Thus, we saw further evidence that 
increased income volatility corresponded to higher savings within our 
task. 

However, we continued to observe a discrepancy between partici
pants’ perceptions of their income’s volatility and their saving 

behaviour. While participants saved more in the High Volatility condi
tion, their perceived volatility ratings were similar to the ratings pro
vided in our Experiment 2 conditions (with the exception of the Same 
Range condition, where the evidence of a difference was only anec
dotal). This echoed what we had observed in Experiment 1, in which 
participants from the Low and High Volatility conditions had rated their 
income as similarly volatile despite exhibiting different saving 
behaviour. 

This led us to consider a new hypothesis: that participants were 
giving similar responses on our perceived volatility rating scale because 
we were asking them to make an absolute judgment with only one 
objective point of reference (0 = “Not volatile at all”). Previous work 
suggests that judgments can differ when made from an absolute versus 
relative standpoint (e.g., Fox & Tversky, 1995; Goffin & Olson, 2011; 

Fig. 3. Perceived volatility ratings and final savings by level of income volatility in Experiment 2. High Volatility condition from Experiment 1 shown on right of 
dotted line for comparison. Means and standard error bars indicated. 
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Stewart et al., 2006). It was therefore possible that participants in 
different conditions were perceiving the volatility of their income 
differently, but shared similar thought processes in how this should be 
reflected in their response on the scale—for example, thinking “there is 
some volatility but not an extreme amount, so I will respond with a 
seven”. This could explain why participants who experienced some de
gree of income volatility (i.e., all conditions except for the No Volatility 
condition) provided similar ratings of perceived volatility while 
differing in their saving behaviour. 

To examine this hypothesis, we needed participants to provide 
relative judgments of their income’s volatility. To obtain these judg
ments, we adapted our procedure in Experiment 3 such that participants 
would have two attempts at the financial decision making task. These 
two attempts used income sequences with different levels of volatility, 
allowing us to compare participants’ perceived volatility ratings be
tween attempts. 

5. Experiment 3 

For Experiment 3, participants were given two attempts at the 
financial decision making task. In one attempt, participants received the 
same income as the Low Volatility condition from Experiment 1; in the 
other, they received the same income as the High Volatility condition. 
The ordering of the income sequences was counterbalanced. 

Our goal was to examine whether participants would be sensitive to 
the different levels of volatility between their attempts. We preregis
tered9 three key hypotheses based on this goal prior to conducting the 
experiment. First, participants would provide higher perceived volatility 
ratings during their High Volatility attempt compared to their Low 
Volatility attempt. Second, participants would provide similar ratings 
during their first attempt, irrespective of whether they received the Low 
Volatility or High Volatility income sequence. This would be consistent 
with what had been observed in Experiment 1. Third, perceived vola
tility ratings would differ when comparing second attempts at the task. 
We expected that since participants would be making relative judgments 
of volatility in their second attempts, they would provide higher ratings 
if this second attempt involved the High Volatility income sequence, 
whereas they would provide lower ratings if their second attempt 
instead involved the Low Volatility income sequence. 

5.1. Method 

5.1.1. Participants 
We recruited 150 new participants from Prolific Academic using the 

same eligibility criteria as described in the previous two experiments. 
Sample size was based on a power analysis that allowed for detection of 
a small effect in both between- and within-subjects comparisons (δ =.80; 
γ =.20; α =.05). Participants received a £4.50 (USD 5.66) participation 
payment and were eligible or a £3.00 (USD 3.77) bonus payment based 
on their task performance. 

Participants’ ages ranged between 18 and 64 years (Mage = 38.86, SD 
= 11.67), 50.0% of which were male, 49.3% female, and 0.7% who 
reported a different gender identity. For most participants, the highest 
education level attained was either through high school (42.0%) or an 
undergraduate degree (40.7%). Most participants were employed either 
full-time (55.3%) or part-time (16.0%), with the median personal in
come band being £20,000-£29,999. 

5.1.2. Materials and procedure 
For Experiment 3, the procedure was adapted such that participants 

were given two attempts at the financial decision making task. In one 
attempt, participants received the same income sequence that was used 

in the Low Volatility condition from Experiment 1; in the other, they 
received the High Volatility income sequence. The order in which par
ticipants received these attempts was counterbalanced, meaning half of 
participants received the Low Volatility version first, while the other 
half received the High Volatility version first (n’s = 75). 

The inherent issue in allowing participants two attempts at the task is 
that their behaviour in the second attempt may be confounded by 
learnings from the first attempt. This would impair our ability to 
compare our results against the behaviour we had observed in Experi
ment 1. We sought to mitigate this concern through several design 
choices when adjusting our procedure from the previous experiments. 
First, at the end of participants’ first attempt, we advised them that the 
emergency had occurred, but did not reveal how much it cost. This was 
only revealed at the end of the experiment after participants had 
completed both attempts. Second, we explicitly indicated to participants 
that the timing and cost of the emergency may differ between attempts. 
This sought to dissuade participants from assuming that the timing of 
the emergency would be the same for both attempts.10 Finally, although 
participants’ final score in the experiment was calculated by combining 
their performance in each attempt, we visually reset their score to zero 
in between attempts. This was intended to reiterate to participants that 
the two attempts were independent. 

The overall procedure was as follows. Participants were advised that 
they would be given two attempts at a financial decision making game. 
After reading the instructions, participants underwent a practice stage, 
followed by their first attempt at the task. At the end of the first attempt, 
participants were informed that the financial emergency was about to 
occur and were asked to rate the volatility of their income. Participants 
were then told that the cost of the emergency would only be revealed 
after they had completed their second attempt, which they subsequently 
commenced. At the end of their second attempt, participants were again 
asked to rate the volatility of their income. Following this, the cost of 
both emergencies was revealed,11 and participants were advised of the 
outcome of each attempt. Participants’ total score across both attempts 
was used to determine eligibility for the bonus reward.12 Finally, par
ticipants were asked to provide information about their demographic 
and financial situations, before receiving a debrief. 

5.2. Results 

5.2.1. Comparison of volatility ratings between attempts 
Fig. 4 shows participants’ mean perceived volatility ratings as a 

function of the level of volatility (Low or High) and whether it was their 
first or second attempt. As predicted, we observed moderate evidence 
that participants provided similar ratings during their first attempt, 
regardless of whether this was the Low Volatility or High Volatility 
version (BF01 = 3.28). However, contrary to our prediction, there was 
also anecdotal evidence that ratings did not differ on participants’ sec
ond attempt either (BF01 = 2.13). 

While we did not find evidence for our hypothesis when examining 
volatility ratings at the group level, we did observe evidence at the 

9 Our experiment was preregistered using the AsPredicted platform (https:// 
aspredicted.org/bg6gi.pdf). 

10 We intentionally worded our instructions to say that the timing and cost of 
the emergency “may be different between attempts” to avoid any deception of 
participants (see Supplementary Materials for the complete set of instructions). 
In reality, the emergency was timed in both attempts to occur after the 15th 
round to allow for comparison with the income sequences used in Experiment 1. 
11 As with the previous experiments, the first emergency involved home re

pairs with a total cost of £4,500. The second emergency involved a car break
down and cost £2,500.  
12 We recognise that we could have rewarded participants based on their 

performance on a randomly chosen attempt. By rewarding participants based 
on their cumulative performance, it is possible that they may have not treated 
the attempts as independent. For example, some participants may have hedged 
their bets by being risk averse in one attempt (saving lots) and risk seeking in 
the other (saving little). 
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individual participant level. We conducted a paired t-test comparing 
participants’ ratings in their Low Volatility and High Volatility attempts. 
This indicated that there was anecdotal evidence of participants 
providing higher ratings during their High Volatility attempt compared 
to their Low Volatility attempt (BF10 = 2.91), with the mean difference 
between ratings being 0.43. 

5.2.2. Additional pre-registered analyses 
As part of our preregistration, we planned two additional analyses 

that were unrelated to our main hypotheses about perceived volatility 
ratings. First, we hypothesised that participants would save more in the 
High Volatility condition than in the Low Volatility condition (see  
Fig. 5). We examined this by conducting a Bayesian ANOVA where level 
of income volatility and task attempt were entered as variables. This 
provided Bayes factors for different combinations of predictive models, 
from which we could compute inclusion factors.13 Our findings con
tradicted our hypothesis; there was moderate evidence against an in
come volatility level effect (BF01 = 3.36). Instead, we observed extreme 
evidence in favour of a task attempt effect (BF10 = 5.01× 106), with 
participants saving substantially more in their second attempt regardless 
of whether it involved the Low or High Volatility income sequence. 
There was also anecdotal evidence against an interaction between task 
attempt and income volatility level (BF01 = 2.11). 

Our other additional hypothesis was that we should see similar 
perceived volatility ratings and final savings from participants 
completing their first attempts at the task as what was observed in 
Experiment 1. This would provide a signal of reliability for participants’ 
behaviour within our task. We started by comparing the participants 
from Experiment 3 who received the Low Volatility income sequence 
first with participants in the Low Volatility condition from Experiment 1. 
There was moderate evidence to suggest that participants provided 
similar perceived volatility ratings (Fig. 4) and ended the task with 
similar final savings amounts (Fig. 5; BF01 = 5.08 and 4.51 respectively). 
When drawing the same comparison between the High Volatility 
counterparts, we again observed moderate evidence in favour of the 

perceived volatility ratings being similar (BF01 = 5.44). However, we 
found moderate evidence that participants’ final savings differed (BF10 
= 5.50); participants who received the High Volatility income sequence 
in their first task attempt in Experiment 3 appeared to have saved sub
stantially less than those who were in the High Volatility condition from 
Experiment 1 (M = £6,834.69 vs £8,571.64). 

5.3. Discussion 

Experiment 3 provided some credence to our hypothesis that par
ticipants were sensitive to different levels of income volatility, but we 
were failing to capture this when asking for an absolute judgment on our 
11-point scale (0 = “Not volatile”; 10 = “Extremely volatile”). This 
helped to explain why participants’ ratings of income volatility across 
our previous experiments did not necessarily align with their observed 
saving behaviour. It also reintroduced the possibility of an income 
volatility ‘threshold’ that needed to be exceeded for participants to 
adjust their behaviour within the task. As a reminder, we observed in 
Experiment 1 that participants saved more in the High Volatility con
dition relative to those who had received a stable income, but that this 
difference was not observed for the Low Volatility condition. 

However, before we could make any claims about a potential 
threshold, we first needed to resolve the inconsistency between the 
saving behaviour we had observed from participants in Experiment 1’s 
High Volatility condition and the participants who received the High 
Volatility condition as their first attempt in Experiment 3. In theory, 
these participants should have exhibited similar saving behaviour; the 
only difference was that those in Experiment 3 would have known that 
they would be completing a second (independent) attempt at the task. 
The fact that we observed higher savings in Experiment 1 but not 
Experiment 3 called into question how reliable our original finding was, 
and by extension, whether there was an income volatility effect at all. 

This led us to run a single additional experimental condition in 
Experiment 4 in which we further increased the income volatility that 
participants would experience (“Very High Volatility”; CV = 0.90). We 
expected that running this condition would help to build confidence in 
one of two conclusions. If these participants did not save any differently 
compared to participants who received stable incomes (in Experiment 
1), we could be more confident that income volatility does not influence 
saving decisions, and that the increased saving effect we observed in 
Experiment 1 was likely a false positive. In contrast, if we did observe 

Fig. 4. Mean perceived volatility ratings by level of income volatility and task attempt in Experiment 3. Low and High Volatility conditions from Experiment 1 shown 
on right of dotted line for comparison. Standard error bars indicated. 

13 Inclusion factors are computed by comparing the posterior odds of models 
that include and exclude a predictor of interest (van Den Bergh et al., 2020). 
These help to quantify the level of evidence for whether the predictor should be 
included. 
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higher savings in this Very High Volatility condition, we would instead 
have greater support for an effect of income volatility on saving 
behaviour and consider our results from Experiment 3 to be a false 
negative. 

6. Experiment 4 

In Experiment 4, we generated a new income sequence that was more 
volatile than any of our previous conditions. This condition was known 
as the Very High Volatility condition and had a CV of 0.90. All partici
pants were placed in this condition and completed only one attempt at 
the financial decision making task. 

6.1. Method 

6.1.1. Participants 
We recruited 80 new participants from Prolific Academic using the 

same eligibility criteria as described in the previous experiments. Our 
sample size was based on having the same number of participants per 
condition as Experiment 1. Participants received £3.00 (USD 3.77) in 
exchange for their participation and were also eligible for an additional 
bonus of £3.00 (USD 3.77) based on their performance in the financial 
decision making task. 

Participants’ ages ranged between 19 and 65 years (Mage = 36.63, SD 
= 11.04), 42.5% of which were male and 57.5% female. In terms of 
education level, nearly all participants were either high school gradu
ates (35.0%), held an undergraduate degree (31.2%), or held a post
graduate degree (30.0%). Most participants were employed either full- 
time (48.8%) or part-time (21.2%), with the median personal income 
band being £20,000-£29,999. 

6.1.2. Materials and procedure 
Experiment 4 used the same financial decision making task and fol

lowed the same procedure as Experiment 1. All partic
ipants—henceforth referred to as the Very High Volatility 
condition—received a newly generated income sequence that ranged 
from £44 to £3,457, with the CV of the sequence being 0.90 (see 
Table 1). Consistent with all other income sequences, the total income 
received across the task remained at £15,000. 

6.2. Results 

In this section, we first compare perceived volatility ratings and final 
savings between our Very High Volatility condition and the No Volatility 
condition in Experiment 1. We then report on analyses using our com
bined data across all four experiments, where we grouped conditions 
with the same level of income volatility. As part of these analyses, we 
pooled our conditions from Experiment 2 into a group labelled “Medium 
Volatility”; these participants all received an income sequence with a CV 
of 0.37—between the CVs of Experiment 1’s Low Volatility condition 
(CV = 0.30) and High Volatility condition (CV = 0.60). We then pooled 
participants’ first attempts from Experiment 3 with their respective 
Experiment 1 conditions (i.e., Low or High Volatility). Finally, we 
excluded data from participants’ second attempts in Experiment 3; our 
prior results suggested that participants tended to save more on their 
second attempt (regardless of level of income volatility), rendering these 
data incomparable to our other conditions, where participants were 
completing their first or only attempt. 

6.2.1. Comparison of Very High Volatility to No Volatility 
We observed extreme evidence that participants perceived their in

come to be substantially more volatile in the Very High Volatility con
dition (M = 6.79) compared to the No Volatility condition (M = 3.17) 
(BF10 = 1.03× 1013). There was also strong evidence that participants 
saved more in the Very High Volatility condition than the No Volatility 
condition (M = £8,342.80 vs £6,647.88) (BF10 = 10.97). 

6.2.2. Combined analysis on income volatility effect 
A Bayesian ANOVA indicated that there was extreme evidence that 

perceived volatility ratings differed between income volatility levels 
(BF10 = 4.62× 1025). However, as evident from Fig. 6, this effect ap
pears to be entirely driven by lower volatility ratings in Experiment 1’s 
No Volatility condition. When excluding this condition from the anal
ysis, there was anecdotal evidence that the remaining conditions did not 
differ in their volatility ratings (BF01 = 1.41). 

A similar analysis of participants’ final savings yielded inconclusive 
evidence as to whether they differed as a function of income volatility 
level (BF01 = 1.01) (see Fig. 7). We thus chose to exploit the fact that 
each income volatility level was quantifiable based on its CV and that 
this could be treated as a continuous measure. When instead analysing 
final savings as a function of CV, we observed very strong evidence that a 

Fig. 5. Distribution of final savings by level of income volatility and task attempt in Experiment 3. Low and High Volatility conditions from Experiment 1 shown on 
right of dotted line for comparison. Means and standard error bars indicated. 
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higher CV was associated with more savings (BF10 = 45.89). A Bayesian 
regression approach yielded a median posterior estimate for the CV ef
fect to be £2,134.69. This suggested that a 0.1 increase in CV corre
sponded to an average increase in savings of approximately £213 within 
our task (95% HDI: [£92, £328])—equivalent to a 1.42pp increase in 
savings (when considering the maximum possible savings amount of 
£15,000). 

7. General discussion 

7.1. Income volatility and saving behaviour 

Across four experiments, our collective results provide preliminary 
evidence that people save more when faced with fluctuations in income 
and are consistent with the view that uncertainty drives precautionary 
savings motives (Carroll & Kimball, 2018). However, this interpretation 
comes with two caveats. First, it should be reiterated that our primary 
finding is based on quasi-experimental evidence. Our experimental 

analyses of the relationship between income volatility and saving 
behaviour yielded inconsistent results. Experiment 1 saw an increase in 
saving behaviour for the High Volatility condition relative to the Low 
Volatility condition, but this was not replicated in Experiment 3. Only 
when comparing data across experiments did we observe more reliable 
effects, which should naturally raise questions about the robustness of 
our findings. Second, leaving aside the quasi-experimental nature of our 
evidence, the effect sizes we observed could be considered economically 
small. Our results imply that individuals experiencing a typical amount 
of income volatility (CV = 0.30) would save 4.26 percent more than 
individuals experiencing no volatility (CV = 0).14 

Both caveats suggest that it may be more appropriate to conclude 
that substantial levels of income volatility are required to meaningfully 

Fig. 6. Mean perceived volatility ratings by level of income volatility across Experiments 1–4. Standard error bars indicated.  

Fig. 7. Distribution of final savings by level of income volatility across Experiments 1–4. Means and standard error bars indicated.  

14 While we have focused on mean differences in saving behaviour throughout 
our study, we also conducted exploratory analyses examining the behaviour of 
individual participants (see Appendix B). 
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shift saving behaviour. This alternative interpretation would be consis
tent with prior research in other contexts that has found individuals to 
be surprisingly insensitive to volatility. For example, Ehm et al. (2014) 
observed a ‘volatility inadaptability bias’ when asking participants to 
indicate how much they would invest in an asset given its expected 
returns and volatility. Participants chose to invest similar proportions of 
their allotted funds regardless of whether their asset had a low or high 
risk-return profile, resulting in the latter group having portfolios that 
were over twice as volatile as the former. Along similar lines, Parker 
(2017) found little evidence of households increasing their spending 
when government stimulus payments turned out to be larger than 
anticipated. Their analysis suggests that contrary to theoretical pre
dictions, consumers were not adjusting their consumption in response to 
receiving a windfall—which can be otherwise thought of as a form of 
(positive) income volatility. 

It could also be the case that the effect of income volatility on saving 
behaviour is not linear; rather, there is a threshold of volatility that must 
be exceeded before individuals feel the need to save more. This idea of a 
threshold aligns with the concept of ‘just noticeable differences’ that is 
well-established in research on perception (e.g., Bradley et al., 1999; 
Quené, 2007; Zhang et al., 2008). Our results suggest that if such a 
threshold did exist, it would lie around a CV level of 0.60, which would 
be about twice the amount of volatility experienced by a typical 
household. Below this level (i.e., in the Low Volatility condition of 
Experiment 1 and the three Experiment 2 conditions), saving behaviour 
did not differ relative to participants who received steady income. At 
this level (i.e., our High Volatility condition), we observed inconsistent 
results—increased saving behaviour in Experiment 1 but not in Exper
iment 3. Above this level (i.e., in the Very High Volatility condition of 
Experiment 4), we observed a clear increase in savings. 

7.2. Perceptions of income volatility 

Our findings also highlight the importance of carefully considering 
how one chooses to define and measure income volatility. Our analysis 
indicated that there was a relationship between participants’ saving 
behaviour and the objective level of income volatility experienced (as 
defined by CV). However, we would not have observed a relationship 
had we relied on participants’ self-reported ratings of income volatility 
(see Appendix C for this supplementary analysis). Given the clear dis
crepancies we observed between perceived and objective income vola
tility throughout our experiments (participants provided similar ratings 
regardless of whether their income had a CV of 0.30 or 0.90), this was 
hardly surprising. It does, however, illustrate the potential pitfalls in 
relying on self-reported measures of income volatility when conducting 
financial decision making research. This is especially true for studies 
which rely on coarse measures. For example, when surveying house
holds on how much their income fluctuates, the Consumer Financial 
Protection Bureau (2023) only allow for three possible responses: 
“About the same each month”, “Varies somewhat from month to 
month”, and “Varies a lot from month to month”. An alternative mea
surement approach, while not necessarily perfect, could be to instead 
ask respondents to estimate their monthly income over a prior period 
and to then calculate an ‘objective’ metric. 

This is not to say that self-reported measures of income volatility are 
invalid. Subjective ratings can provide useful insight into how in
dividuals perceive their situation and, in the context of income vola
tility, what level of instability they deem tolerable. This is important to 
research as there is bound to be heterogeneity in individuals’ prefer
ences—just as there are people who report having low financial well
being despite appearing objectively well-off and vice versa 
(Comerton-Forde et al., 2018). The point we instead seek to emphasise is 
that perceived and objective income volatility need to be viewed as 
related, but ultimately separate constructs. 

Recognising this distinction suggests several directions that future 
researchers might choose to extend upon our work. First, future work 

may seek to compare CV against other measures of objective income 
volatility, such as the second-order coefficient of volatility proposed by 
Kvålseth (2017). There may also be opportunities to build upon our 
second experiment and further investigate whether other characteristics 
of income sequences better explain either people’s perceptions of their 
volatility or people’s subsequent saving decisions. While we examined 
the role of the minimum and maximum incomes received based on prior 
work by Konovalova and Pachur (2021), there remain many other 
characteristics that could be worth investigating—for example, the 
skewness of the income sequence (Holzmeister et al., 2020), or whether 
the sequence is generally increasing or decreasing (Loewenstein & 
Sicherman, 1991). Finally, it may be interesting to explore the extent to 
which predictability moderates any income volatility effects (C. Y. 
Zhang & Sussman, 2023). For some individuals, income may fluctuate 
between pay periods, but in a predictable manner. This might occur if 
income is correlated with the time of year (e.g., seasonal work or annual 
bonuses) or if individuals have control over how much they work and 
therefore their earnings (Peetz et al., 2021). It may turn out to be the 
case that the degree of volatility in one’s income is unimportant, and 
that what really matters is its level of predictability. 

7.3. Practical implications 

Our findings also suggest that individuals who experience substantial 
fluctuations in their income may be motivated to save more. This pre
sents an opportunity for financial services institutions to develop in
terventions that help consumers follow through with these intentions. 
Banks, for example, have visibility over their customers’ income and can 
therefore objectively identify which of their customers have highly 
volatile incomes. For these customers, the intervention could be as 
simple as deploying a timely message when a large spike in income is 
detected (relative to the customers’ usual earnings). Such ‘just-in-time’ 
interventions can be highly effective (often used in health settings; e.g., 
Forman et al., 2019; van Der Laan & Orcholska, 2022); in this case, 
potentially by combating the natural tendency to spend more of money 
that is considered a bonus or windfall (Arkes et al., 1994; Epley & 
Gneezy, 2007). 

7.4. Study limitations 

As described in the Introduction, our study was motivated by the 
observation that there had been little prior experimental research 
examining the impact of intra-year income volatility on saving behav
iour. On the one hand, we believe that the experimental findings we 
have reported make a useful contribution to this otherwise sparse 
literature. At the same time, we recognise there are several opportunities 
to improve upon our approach—as is bound to be the case when con
ducting research in areas without well-established experimental para
digms or procedures. We highlight below three key limitations in our 
study and provide suggestions for how they could be overcome in future 
research. 

7.4.1. Establishing expected or optimal saving behaviour 
First, the nature of the financial decision making task we have 

created does not allow for analyses of what behaviour should be ex
pected or considered optimal. Unlike other saving tasks used in previous 
research (e.g., Brown et al., 2009), there are too many uncertainties 
involved—the distribution of possible incomes, emergency costs, and 
emergency timings—that render the required calculations intractable. 
As noted earlier in the paper, this was by design; our focus was on un
derstanding how income volatility influenced saving decisions (not 
whether this was the ‘right’ or ‘wrong’ thing to do) and we wanted the 
task to resemble the uncertainties of real world financial decisions to the 
extent that was possible. However, because of our design choice, we are 
constrained in our ability to draw further conclusions about the 
behaviour we observed across our experiments. We cannot, for example, 
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try to account for participants’ saving decisions using existing models of 
behaviour, either normative (e.g., Expected Utility Theory) or behav
ioural (e.g., Prospect Theory). We likewise cannot make claims about 
whether participants are behaving rationally or in a systematically 
biased manner. 

Future studies could overcome this limitation by reducing the degree 
of uncertainty within the task slightly: enough so that it becomes 
possible to predict how participants should behave under different 
models, but not so much that it no longer can be considered represen
tative of the real-world decisions that consumers make. For example, 
before making any saving decisions within the task, participants could 
be shown a representative sample of incomes that corresponds to their 
experimental condition’s level of volatility. In doing so, participants 
would be able to make informed predictions about how much income 
they should receive throughout the task (as is the case in real life), even 
if the exact income on each round remains uncertain. Along the same 
lines, participants could be given more information about the timing of 
the financial emergency. For instance, participants could be told that 
there is a fixed probability of the emergency occurring on each round (e. 
g., 5 percent)—akin to the fact that in the real world, a financial 
emergency could emerge at any time. Another option would be to pro
vide participants with a simple distribution of possible emergency tim
ings (e.g., it being equally likely to occur between rounds 10 and 20)— 
which would be more analogous to saving for retirement, where con
sumers may know roughly, but not precisely, when they will retire. 

7.4.2. Explaining the income volatility effect 
A second limitation is our inability to identify the exact mechanism 

that drove the differences in saving behaviour between our experimental 
conditions. Evidently, participants were sensitive to the volatility of 
their income; they tended to save more when we manipulated their in
come to be more volatile. However, these saving decisions did not 
appear to be linked to participants’ self-reported ratings of how volatile 
they perceived their income to be (see Appendix C). We are therefore 
able to conclude that participants’ saving behaviour is influenced by 
their income’s volatility but are unable to conclude why this is the case. 

Future work could consider collecting additional information about 
participants’ subjective beliefs surrounding the task. For example, par
ticipants could be asked to make estimates about the minimum, average, 
or maximum income they expect to receive. They could also be asked to 
estimate the riskiness of their income (e.g., how likely their income 
would fall below or exceed a given amount). Similar predictions could 
be elicited around the financial emergency. These self-reported mea
sures could then be used to support or refute alternative explanations for 
what is driving the effect of income volatility on saving behaviour. 

7.4.3. Incentivisation and external validity 
A final limitation relates to the way we incentivised participants 

across the experiment. In hindsight, there were two potential issues with 
our approach that may impact the external validity of our findings. First, 
the points system we implemented could be considered unrealistic 
because of how severely participants were punished for failing to save 
adequately for the financial emergency. In our task, participants who 
had not saved enough lost all the points they had previously accrued. 
This is of course not reflective of real life, where even the extreme case of 
bankruptcy does not result in losing all the benefits of prior consump
tion. Consequently, participants’ saving decisions within our task may 
not be representative of the decisions they would make under normal 
circumstances; they may have felt pressured to save more to avoid our 
extreme penalty. While our intention behind this penalty was to provide 
a clear deterrent from spending all of one’s income, we recognise that 

this could have been achieved through a more realistic points system. 
For example, rather than losing all their points for failing to save 
adequately for the emergency, a future study might instead deduct a flat 
number of points (e.g., 5,000 points). This would more accurately 
represent the real world, in which the utility consumers gain from 
consumption is not retroactively affected by their ability to meet future 
saving obligations. 

The other potential issue is our use of tournament incentives, 
whereby we rewarded participants with a bonus payment (on top of 
their fixed payment) if they were within the top 10 percent of scores. 
Our primary motivation for this incentive scheme was to have greater 
control over the payouts for the experiment. As this was a novel task and 
we did not have a reference point for how much participants would 
score; we were concerned that rewarding participants proportionally to 
their accumulated points might lead us to pay participants inadequately 
(if they scored less than anticipated) or lead us to exceed our available 
experiment budget (if scores were higher than anticipated). It is possible 
that this incentive scheme encouraged participants to engage in greater 
risk-taking behaviour than is typical (by spending more), as they may 
have assumed that it was the only way to end up in the top 10 percent of 
scores. Future work may seek to avoid this issue by reverting to a simple 
linear incentive scheme (e.g., £1.00 per 1,000 points earned). If doing 
so, it may be beneficial to start with a small-scale pilot study to gauge 
how much participants typically save and adjust the payment rate as 
necessary. 

8. Conclusion 

Recent economic trends, such as the rapid rise of the gig economy, 
have made it increasingly common for individuals to have incomes that 
are unstable and fluctuate within a year. Our study set out to investigate 
how experiencing this income volatility affects saving decisions—and to 
our knowledge, is one of the first to explore this experimentally. Using a 
novel financial decision making task, we provide (quasi-experimental) 
evidence that higher income volatility results in increased saving 
behaviour. The present research suggests many fruitful avenues for 
further work that will improve our understanding of the relationship 
between income volatility and saving and allow us to better tailor 
financial products and services to individuals who experience fluctua
tions in their income. 
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Appendix A. Demographic and financial characteristics of our samples  

Table A1 
Demographic characteristics of samples in Experiments 1–4.   

Exp 1 Exp 2 Exp 3 Exp 4 Overall Pop 

N  241  241  150  80  712 - 
Age (%)            
18–24 years old  11.6  10.8  9.3  17.5  11.5 13.5 
25–34 years old  27.4  27.4  34.7  25.0  28.7 21.8 
35–44 years old  26.1  28.2  24.0  31.2  27.0 21.4 
45–54 years old  20.3  20.3  20.0  17.5  19.9 20.9 
55–64 years old  13.7  12.4  12.0  6.3  12.1 20.7 
65 years or older  0.8  0.8  0.0  1.3  0.7 1.7 
Prefer not to say  0.0  0.0  0.0  1.3  0.1 - 
Gender (%)            
Male  59.8  44.8  50.0  42.5  50.7 45.4 
Female  39.4  53.9  49.3  57.5  48.5 48.5 
Non-binary/Gender fluid  0.4  0.8  0.7  0.0  0.6 0.1 
Different identity  0.4  0.0  0.0  0.0  0.1 0.0 
Prefer not to say  0.0  0.4  0.0  0.0  0.1 6.0 
Education level (%)            
Did not complete high school  0.8  1.2  1.3  2.5  1.3 18.6 
High school graduate  36.1  41.1  42.0  35.0  38.9 30.1 
Undergraduate degree (e.g., Bachelor’s degree)  45.2  37.8  40.7  31.2  40.2 35.5 
Postgraduate degree (e.g., Master’s or Doctoral degree)  17.4  19.1  16.0  30.0  19.1 15.8 
Prefer not to say  0.4  0.8  0.0  1.3  0.6 - 

Note. Pop = Population. Sources for population statistics: OECD (2023) and Office for National Statistics (2023b, 2023c).  

Table A2 
Financial characteristics of samples in Experiments 1–4.   

Exp 1 Exp 2 Exp 3 Exp 4 Overall Pop 

N  241  241  150  80  712 - 
Employment status (%)            
Full-time  61.0  52.7  55.3  48.8  55.6 50.8 
Part-time  16.2  20.3  16.0  21.2  18.1 20.1 
Contract/Temporary  2.5  1.7  0.0  1.3  1.5 - 
Student  4.2  6.2  3.3  10.0  5.3 10.1 
Unemployed  5.0  8.3  13.3  6.3  8.0 9.7 
Unable to work  5.0  2.5  4.7  6.3  4.2 5.3 
Other  5.0  7.8  7.3  5.0  6.3 4.0 
Prefer not to say  1.7  0.4  0.0  1.3  0.8 - 
Pay frequency (%)a            

Weekly  10.0  11.6  8.0  7.5  9.8 11.6 
Fortnightly  5.0  2.1  2.7  1.3  3.1 1.5 
Monthly  72.2  68.5  68.0  62.5  69.0 86.9 
Other  4.2  5.8  5.3  3.8  4.9 - 
Not Applicable  7.1  10.8  15.3  18.8  11.4 - 
Prefer not to say  1.7  1.2  0.7  6.3  1.8 - 
Annual personal income (%)b            

Negative or nil income  1.7  4.6  4.0  6.3  3.7 - 
£0-£9,999  16.6  15.8  18.0  17.5  16.7 - 
£10,000-£19,999  16.2  14.1  16.7  11.2  15.0 28.0 
£20,000-£29,999  20.3  25.7  25.3  20.0  23.2 29.0 
£30,000-£39,999  16.2  13.3  14.0  15.0  14.6 15.0 
£40,000-£49,999  8.7  5.8  7.3  10.0  7.6 9.0 
£50,000-£59,999  5.8  4.2  4.7  1.3  4.5 4.0 
£60,000-£69,999  3.3  4.2  2.7  5.0  3.7 2.0 
£70,000 or more  5.4  4.6  1.3  7.5  4.5 13.0 
Prefer not to say  5.8  7.9  6.0  6.3  6.6 - 

Note. Pop = Population. Sources for population statistics: HM Revenue & Customs (2023) and Office for National Statistics (2022, 2023a). 
aPopulation data for pay frequency combines Weekly and Other frequencies. Four-weekly pay frequency has been treated as Monthly in our calculations. b Population 
data for annual personal income exclude individuals with no income tax liability.  

Table A3 
Comparison of participant sample characteristics between Experiments 1–4.  

Characteristic Inverse Bayes factor (BF01) 

Exp 1 vs Exp 2 Exp 1 vs Exp 3 Exp 1 vs Exp 4 All Exps 

Age 1.71× 105 2.38× 105 291.76 7.95× 1011 

Gender 324.08 1.30× 105 812.89 5.75× 1011 

(continued on next page) 
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Table A3 (continued ) 

Characteristic Inverse Bayes factor (BF01) 

Exp 1 vs Exp 2 Exp 1 vs Exp 3 Exp 1 vs Exp 4 All Exps 

Education level 2,335.28 3,509.91 19.42 3.70× 108 

Employment status 1,589.83 129.49 1,425.54 9.77× 109 

Pay frequency 1,681.36 265.96 3.70 4.60× 107 

Annual personal income 6,847.00 4,777.58 369.42 2.93× 1011 

Note. For each characteristic (e.g., age), we performed a Bayesian test to compare the proportion of participants in each experiment who fell under each 
response category (e.g., 18–24 years old)—analogous to the chi-square test used in frequentist statistics. We report the inverse Bayes factor for each test, 
which indicates the relative likelihood of our observed data if there were no differences between our samples compared to if there were differences. 

Appendix B. Individual-level saving behaviour 

While our main results focus on the average saving behaviour of our experimental conditions, here we share exploratory analyses examining the 
saving behaviour of individual participants.15 We used a K-means clustering approach to investigate whether there were consistent patterns in how 
participants were choosing to approach the task. 

We started by determining the set of data features that would be used to cluster participants. While we did not have strong hypotheses about what 
clusters to expect, there were two saving strategies we considered plausible. First, participants might aim to save the same absolute amount per round 
where permitted by their income (e.g., £300). Second, participants might instead aim to save the same relative amount of their income each round (e. 
g., 20 percent). Thus, our set of features included the mean amount participants saved per three-round block in the task. We also included the relative 
amount saved per block—that is, what proportion of the income earned during that block did participants save. As added measures, we included the fit 
of participants’ savings trajectories to both linear and quadratic models. All features were normalised before clustering. 

We then examined the incremental variance in participants’ saving behaviour that was explained by increasing the number of clusters—starting 
from one and ending with ten. As shown in Figure B.1, there appeared to be diminishing returns beyond having four clusters. Thus, we proceeded with 
the remainder of our analysis on the assumption that participants’ behaviour could be grouped into four clusters.

Figure B1. Proportion of variance in features explained by number of clusters specified.  

Table B.1 shows the number of participants assigned to each cluster and the median feature values per cluster (also see Figure B.2 for example 
savings trajectories). Consistent with our predictions, the clusters appeared to reflect groups of participants who tended to save similar relative 
amounts (Cluster 1: ‘Proportion Savers’) and similar absolute amounts (Cluster 3: ‘Amount Savers’) of their income each round. Of the two remaining 
clusters, one group of participants appeared to save during the earlier rounds of the task, but then noticeably reduce their saving rate in the later 
rounds (Cluster 2: ‘Early Savers’). These were potentially the participants who were aiming towards saving a set amount to buffer against the task’s 
financial emergency and so began to feel comfortable once they reached or were close to this target. The final group appeared to save little overall 
(Cluster 4: ‘Low Savers’)—perhaps because they were either underestimating how much the emergency would require or were overestimating how 
much time they would have to save. 

15 As described at the start of Section 6.2, we combined our data across all four experiments for this analysis. 
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Table B1 
Median saving behaviour data features per cluster.   

Cluster 1:Proportion Savers Cluster 2:Early Savers Cluster 3: Amount Savers Cluster 4: Low Savers 

N  180 94  330  108 
Mean savings        
Block 1  800.00 767.33  465.00  407.00 
Block 2  782.17 677.17  388.83  140.67 
Block 3  803.83 441.00  400.00  0.00 
Block 4  799.33 333.33  365.33  0.00 
Block 5  816.33 178.33  450.83  39.67 
Relative savings        
Block 1  0.86 0.76  0.49  0.43 
Block 2  0.84 0.61  0.42  0.13 
Block 3  0.84 0.49  0.44  0.00 
Block 4  0.83 0.40  0.41  0.00 
Block 5  0.80 0.25  0.45  0.04 
Linear model fit        
Slope  808.81 479.46  419.35  82.32 
Intercept  8.59 1,125.34  114.59  955.86 
R2  0.99 0.92  0.97  0.53 
Quadratic model fit        
Slope (quadratic)  1.42 -27.15  -0.64  -7.28 
Slope (linear)  761.35 915.57  425.98  180.51 
Intercept  4.51 -80.05  131.61  491.45 
R2  0.99 0.98  0.98  0.68  

Figure B2. Example savings trajectories for each cluster. Solid line indicates actual savings across rounds. Dashed line indicates cumulative income received 
across rounds. 

Finally, we compared the proportion of participants assigned to each cluster as a function of the level of income volatility experienced (defined by 
CV, the coefficient of variation) (see Figure B.3). We note two potentially interesting observations that may be worth exploring further in future 
research. First, that participants appeared to be less likely to save consistent amounts (i.e., to be ‘Amount Savers’) as income volatility increased. This 
is somewhat to be expected, as large variations in income (whether increases or decreases) naturally make it difficult to stick to saving the same 
amount. Second, that as incomes became more volatile, participants appeared to be more likely to save consistent proportions of their income (i.e., to 
be ‘Proportion Savers’). This could be because participants were employing a rule of thumb (e.g., always save 20 percent of income) to reduce the 
difficulty of knowing how much to save in the face of income uncertainty. 
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Figure B3. Proportion of participants assigned to each cluster as a function of level of income volatility experienced.  

Appendix C. Subjective and objective income volatility as predictors of saving behaviour 

As described in Section 6.2.2, we conducted a Bayesian regression analysis to analyse the relationship between participants’ final savings (across 
all four experiments) and their objective level of income volatility (as defined by CV, the coefficient of variance). This yielded very strong evidence 
that a higher CV was associated with more savings (BF10 = 45.89). 

We estimate the size of this effect using the rstanarm package (v2.21.4; Goodrich et al., 2023) in R 4.2.0 (R Core Team, 2022). We apply the inbuilt 
Markov chain Monte Carlo (MCMC) sampling approach (four chains with 2,000 iterations each) using default priors to produce the posterior dis
tribution of our regression coefficients. Table C.1 presents the output of this analysis. It shows the median estimate for the CV coefficient (2,134.69), 
which implies that an increase of CV of 0.1 corresponded to an average increase in participants’ final savings of about £213 (95% HDI: [£92, £328]). 
Figure C.1 presents this information visually.  

Table C1 
Summary of posterior distributions of regression with savings and CV.   

Parameter Median 95% CI PD ROPE (%) R-hat ESS 

(Intercept) 6,360.17 [5,783.66, 6,902.41]  100%  0%  1.000 4,113 
CV 2,134.69 [920.05, 3,276.66]  100%  0%  1.000 4,170 

Note. PD = Probability of direction. ROPE = Region of Practical Equivalence (set by default at a range of ±0.1 standard deviations; Kruschke & Liddell, 2018). ESS =
Effective Sample Size. 
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Figure C1. Posterior distributions of CV and perceived volatility coefficients. Thick, dark grey lines indicate median estimates. Light grey shaded areas indicate 95% 
confidence intervals. 

We applied the same approach to examine the relationship between participants’ subjective ratings of their income’s volatility (‘perceived 
volatility’) and their final savings. However, contrary to our previous result, we observed anecdotal evidence of there being no relationship between 
the two variables (BF01 = 2.32). Table C.2 presents the output of this analysis, with the posterior distribution being plotted in Figure C.1.  

Table C2 
Summary of posterior distributions of regression with savings and perceived volatility.   

Parameter Median 95% CI PD ROPE (%) R-hat ESS 

(Intercept) 7,906.16 [7,114.11, 8,605.00]  100%  0%  1.001 3,952 
Perceived volatility -107.61 [-225.23, 8.91]  96.7%  0%  1.001 4,008 

Note. PD = Probability of direction. ROPE = Region of Practical Equivalence (set by default at a range of ±0.1 standard deviations; Kruschke & Liddell, 2018). ESS =
Effective Sample Size. 

Appendix D. Supporting information 

Supplementary data associated with this article can be found in the online version at doi:10.1016/j.jbef.2024.100941. 
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