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A B S T R A C T

Time preferences are considered a leading cause of the energy efficiency gap. We test two
cognition-based mechanisms (concentration bias and underestimation bias) which are distinct
from time preferences but can produce identical behaviour when costs are paid upfront and
benefits are spread over time. We use an experiment that measures willingness-to-pay for an
improvement in fuel economy to test the explanatory power of these mechanisms. The sample
is large, nationally representative and comprised only of car buyers (n = 2368). The experiment
varies between-subjects (i) the payment schedule for the fuel economy improvement, and (ii) the
temporal framing of its monetary benefit. We combine the payment schedules and the benefit
frames so that the pattern of results predicted by time preferences differs from the pattern
predicted by cognitive mechanisms. Results support the preregistered hypotheses: willingness-
to-pay increases as the payment schedule becomes more dispersed across time and decreases
when the benefit is presented as more disaggregated (i.e. a monthly saving instead of annual
or multi-year saving). The findings are consistent with the predictions of the two cognitive
mechanisms, which may explain part of the energy-efficiency gap currently attributed to pure
time preference.

1. Introduction

Adoption of greener technologies is crucial to avert a climate crisis (IEA, 2018). But incentivizing adoption through Pigouvian
taxes, the method preferred by economists, is politically fraught. In circumstances where such taxes are deemed infeasible, there are
a number of instruments policy makers can deploy. Minimum efficiency standards, such as the Corporate Average Fuel Economy,
can effect improvements to some degree (Wang and Miao, 2021) but there are also numerous unintended – but by now, predictable
– consequences, such as the rebound effect, distortions to the resale price of old fuel-efficient vehicles, and the creation of loopholes
which car manufacturers exploit (Gillingham et al., 2016; Jacobsen and Van Benthem, 2015; Anderson and Sallee, 2011). Other
options include ‘‘cash-for-clunkers’’ programs to increase the average fuel economy of the vehicle fleet, and direct subsidies to the
most energy-efficient options. An alternative approach is nudging, namely changing the choice architecture of a decision without
changing the financial incentives. Labelling interventions which highlight the long-run monetary savings of purchasing an energy-
efficient product are a prime example of an informational nudge (Allcott and Knittel, 2019). However, in order to be effective,
informational nudges must be designed to counter the mechanism(s) that underlie why existing behaviours occur. There is currently
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no consensus on the primary determinants of the energy-efficiency gap. Leading explanations include imperfect information,
inattention, bounded-rationality, and short-sightedness or ‘myopia’- in other words a high subjective discount rate (Gerarden et al.,
2017). This last factor, a high discount rate, was the original explanation for the energy paradox (Hausman, 1979). However,
decisions that appear to be a manifestation of time preference can have their roots in alternative cognitive mechanisms. We describe
and test two such mechanisms, which are distinct from time preferences and also independent of simple inattention. Crucially, both
mechanisms can produce behaviour that appears identical to present-biased choices.

The first mechanism we test is concentration bias, which is a feature of the focusing model of economic choice (Kőszegi and
zeidl, 2013). Concentration bias describes how in a multi-attribute choice setting, greater utility weight is given to attributes that
iffer more between options, because larger differences are more salient. According to concentration bias, incremental savings on
uel costs are underweighted because the magnitude of fuel cost differences is much smaller than the magnitude of the upfront price
ifference. People focus on the larger difference and this distorts the expected utility calculation. The cornerstone of this model is
imited attention, which is distinct from simple inattention. Notably, there is no misperception of the actual fuel costs of each option
ver time. Allcott (2016) suggested testing concentration bias as a potential cause of the energy paradox in a review of the energy
fficiency literature.1 This paper, to the best of our knowledge, is the first to implement this suggestion.

The second alternative to time preference that we test is a systematic tendency to underestimate the sum of numerical
equences when people approximate the total intuitively. In other words, when people approximate a total in their heads, either by
ultiplication or addition, that estimated total tends to be less than the true sum on average. Intuitive summation generating an

nderestimation bias is a recent finding in psychology (Scheibehenne, 2019). A compressive internal scaling of numerical quantities is
he most likely cause of this bias (Dehaene et al., 2008), which is only beginning to receive attention from economists. Recent work
ndicates that underestimation bias becomes stronger as the sequence to be summed increases in length (McGowan et al., 2022).
his suggests that underestimation bias might be more pronounced for consumer durables like cars, where savings from investing

n greener technology accumulate over a long period of time.
To illustrate how genuine discounting and underestimation bias can cause the same economic behaviour, consider the following

xample: a car buyer is choosing between two cars that are identical in every way, except one is more fuel-efficient. The buyer’s
xpectations for annual mileage and fuel prices are accurate. Her accurate belief is that the more fuel-efficient car would save her
42 per month in fuel costs. She expects to own the car for exactly three years. What is her additional WTP for the better car?
uppose her annual discount rate is five per cent (so 𝛿 = 0.95). For simplicity she evaluates savings on the final day of each year.
er net present value is: 𝛿(42*12) + 𝛿2(42 ∗ 12)+𝛿3(42*12) = e1365. Now assume instead that 𝛿 = 1 i.e. she cares equally about the

uture and present. However, she exhibits underestimation bias, and hence her intuited savings undershoot the true total by 10%.
er WTP will be equal to the perceived sum of savings: (e42*36)*0.9 = e1360. Thus, the behavioural impact of the two mechanisms

would be indistinguishable. Similarly, a straightforward alternative explanation can be derived from concentration bias, if a price
difference of perhaps e1,000 is more salient and hence given greater weight in the utility function than the e42 difference in fuel
costs.

We employed a willingness-to-pay (WTP) experiment to test the explanatory power of concentration bias and underestimation
bias. The sample was large and nationally representative (𝑛 = 2368), and all participants had bought a car in the past five years.
The hypothetical scenario was very similar to the example directly above. Participants saw two cars, which were identical except
for fuel efficiency, and expressed how much extra they would pay for the more fuel efficient car (hereafter ‘better’ car for short).
The scenario was leasing a plug-in hybrid vehicle for three years. The payment schedule for the better car was varied between
subjects, and so too was the temporal framing of the fuel cost difference between the cars. This variation is at the core of the
design to separate valuations that result from application of time-preferences from those that derive from the cognitive limitations
of boundedly-rational individuals. In addition, in order to test predictions and posited causes of concentration bias, we varied how
information was presented on the label along two dimensions. These label manipulations were orthogonal to the primary cost–benefit
manipulation designed to tease apart time preferences from the cognitive mechanisms as drivers of low WTP. One label manipulation
varied the accessibility of fuel cost information (Kahneman, 2003). The other varied whether the fuel saving from the more efficient
car was bundled or dispersed across different types of journey. This manipulation tested the concentration bias prediction that the
bundled or more ‘concentrated’ saving should be valued more highly.

Results supported the primary hypotheses. We hypothesized that the more disaggregated payment schedules would increase
WTP. Point estimates indicate WTP being 35% higher in the monthly payment condition compared to scenarios where participants
make an additional once-off payment or additional annual payment for the better car. The significant difference is robust to model
specification. There was no significant difference in WTP between annual and once-off payment frames. Note that models of time
preference predict the opposite, namely that an increase in WTP should be largest between the once-off payment and the annual
payment conditions, with a smaller gap between annual and monthly payment conditions. As for the manipulation of temporal
framing of fuel cost differences, results supported the hypothesis that framing over a longer time period would increase WTP. The
point estimate on the main model indicated a 13% increase in WTP in the annual and three-year fuel cost frames relative to the
monthly frame. This suggests that when people only see the monthly fuel cost, they underestimate accumulated fuel savings. Note
that under a pure time-preference explanation, this framing manipulation should have no effect on WTP, because it does not affect
when savings are realized, only the time frame over which they are aggregated.

1 ‘‘Could bias towards concentration be relevant for some energy efficiency decisions? Because the benefits of energy efficiency come in small flows every
ime an electricity bill is paid or the gas tank is filled, this is a natural application of Koszegi & Szeidl’s (2013) model. Even a lab experiment framed in an
2

nergy use context would be interesting if it measured and distinguished bias towards concentration from other potential mistakes’’. (Allcott, 2016, p. 27).
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These findings have implications for policy. On a practical level, policymakers seek ways to make adoption of energy-efficient
echnologies as painless as possible, both in monetary and psychological terms. Creating opportunities for incremental repayment
ight be one way to achieve that. However, this issue requires further research, as payment schedules are a dimension of the
urchase decision that have received relatively less attention in energy-efficiency research. This may be because payment schedule
ifferences do not fit neatly within the ‘information gap’ paradigm.

The rest of the paper proceeds as follows. Section 2 reviews the most relevant literature. Section 3 describes the experiment
esign, hypotheses and procedure. Section 4 presents the results. Section 5 discusses the findings, proposes directions for future
esearch, and concludes.

. Related literature and decision framework

This section first provides background context on the range of factors that plausibly contribute to the energy-efficiency gap,
hen summarizes the most relevant literature on (i) the mechanisms we test and (ii) the effect of labels when people value
nergy-efficiency of consumer durables.

.1. Leading causes of the energy-efficiency gap

Numerous causes have been forwarded as contributors to the energy-efficiency gap. Apart from the aforementioned time
references and cognitive biases, other factors are: limited information, financial constraints, attention deficits, preferences for other
ppliance attributes, principal–agent problems,2 uncertainty over future energy prices (and hence likely savings), and regulations

that distort the prices people face. These causes have been categorized into market failures and ‘‘behavioural failures’’ (Gillingham
and Palmer, 2020; Allcott, 2016), where the latter involve departures from the rational agent model.

A leading framework for categorizing such departures is the DellaVigna (2009) taxonomy of non-standard preferences, non-
standard beliefs and non-standard decision-making. Regarding non-standard preferences, time-inconsistent preferences that arise
from a quasi-hyperbolic discount function (Laibson, 1997) are considered relevant to the energy-efficiency gap, because they capture
the self-control problem between wanting to reduce energy usage in the future but being unwilling to incur some sacrifice in the
present (Bradford et al., 2017). Another non-standard preference is loss aversion, which has been posited as a reason why positive
net-present-value investments might be willingly foregone: If consumers are loss averse, and future energy prices are uncertain, they
may weigh the potential negative payoffs heavily enough to be deterred from purchase, even though they know the investment
would probably have positive net benefits (Gillingham and Palmer, 2020). However, although theoretically plausible, the empirical
evidence for loss aversion as a key wedge in the energy efficiency gap is weak (Gerarden et al., 2017).

There is evidence that beliefs over energy usage may be systematically misaligned. Attari et al. (2010) showed that consumers
display a ‘central tendency’ in their perceptions of energy use, with severe underestimation of the energy usage from intensive
sources such as heating and cooling, and minor overestimation for low-intensity products like a light bulb. Larrick and Soll (2008)
documented the concept of the miles-per-gallon (MPG) illusion: people’s intuition is that fuel costs scale linearly in MPG, which is
not the case, as the relationship is strongly non-linear. The EU standard of ‘‘litres per 100 km’’ provides consumers with a linear
relationship, though people may still underestimate fuel cost differences between vehicles if they underestimate their mileage.

The category of non-standard decision making includes all quirks, mistakes, shortcuts, misconceptions and other idiosyncrasies
that an optimizing rational agent would not display, but may impact outcomes in markets populated by boundedly-rational
consumers. Two features of this category, namely inattention and salience effects, are of primary importance for the energy-efficiency
gap according to Gerarden et al. (2017). For instance, Turrentine and Kurani (2007) interviewed recent car buyers and found that
many were inattentive to fuel costs when buying a car; others considered it in a simple way that did not reflect calculation of
net-present value. Labelling interventions, reviewed below, attempt to increase the salience of fuel costs within the multiattribute
choice context of vehicle purchase.

2.2. Experimental evidence on labelling and energy valuation

Undervaluation of energy efficiency is inferred from heightened responsiveness by consumers to a change in upfront costs
relative to a change in future costs. This is often referred to as myopia, which in its usage covers several departures from the
standard model — imperfect information, inattention, deliberation costs, high discount rates, and so on (Silvi and Rosa (2021)
provide a comprehensive guide). There is a lack of consensus on the degree to which consumers are myopic (Greene, 2010).
Two recent labelling experiments illustrate how this issue remains contested. First, Gillingham et al. (2021) leveraged a change
in fuel labels, after the fuel economy of two popular small cars had been overestimated and subsequently corrected. The observed
change in demand in this natural experiment implied that consumers were indifferent between $1 in discounted fuel costs and
15–38 cents in the vehicle purchase price (assuming discounting at 4%), which is stronger undervaluation than typically found by
exploiting changes in fuel prices (Allcott and Wozny, 2014). In contrast, no undervaluation was recorded in a large-scale labelling
intervention experiment (in both the field and online) that drew buyers’ attention to fuel economy (Allcott and Knittel, 2019).

2 And other instances of misaligned incentives which are not classic principal–agent problems, for example when a landlord has no reason to improve the
3

nsulation of a property because the heating bill is paid by the tenant.
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The paper concluded that imperfect information and inattention do not have a significant systematic effect on vehicle markets after
finding precise null effects for treatments. The authors drew the implication that fuel economy receives a low decision weight rather
than being undervalued. However, Allcott and Knittel (2019) also entertained the possibility that the labels were not effective in
actually making consumers factor in fuel costs to their decision. The labels contextualized the lifetime monetary savings by giving
the equivalent quantity of clothes or airline tickets that could be purchased with the saving.3 This aspect of the label may have
distracted some participants from comparing the saving against the upfront price difference.

The null finding in a real-world decision stands in contrast to the wider literature on energy efficiency labelling interventions
for consumer durables. Generally, WTP is higher for energy-efficient appliances when savings are framed in monetary terms, rather
than in terms of energy output (Newell and Siikamäki, 2014; Min et al., 2014; Andor et al., 2020). WTP is also often higher when
lifetime energy costs are shown on the label (Heinzle, 2012) but the field evidence suggests the success of this intervention may
depend on the complementarity of staff training quality (Kallbekken et al., 2013; Carroll et al., 2016).

The unobserved nature of preferences makes it difficult to determine the role cognitive limitations play in valuations. One way
to cut through this complexity is to design tasks with no role for preferences. This approach was taken in an online experiment
that presented participants with similar appliances and asked them to choose the one that minimized lifetime cost (Blasch et al.,
2019). The experiment varied whether annual energy consumption was displayed in monetary terms or physical units. The correct
answer was chosen more often in the monetary label condition. However, this relative difference masked a wider trend — over
half of participants did not report trying to solve any optimization problem. This speaks to the central role for aspects of bounded
rationality.

2.3. Concentration bias and underestimation bias

At the core of concentration bias is the idea that larger differences attract more attention than smaller differences. Due to this
increased attention, attributes that have larger magnitude differences receive more decision weight. Concentration bias could explain
the disparity between the null effect for fuel economy labels in Allcott and Knittel (2019) and the positive effect sizes for other
consumer durables as a consequence of the much higher upfront price of vehicles relative to appliances. For a given proportional
difference, this higher upfront price translates to a larger absolute difference in price, thereby attracting more attention and greater
decision weight.

It is important to emphasize that while concentration bias and present-focused time preference may sometimes generate similar
predicted outcomes, they are distinct mechanisms. For example, the utility value of a large benefit in the future – such as a promotion
or sizable bonus – would be diminished by discounting, but attract focus-weighted utility under concentration bias. Many dispersed
costs on the road to that attention-grabbing prize would be underweighted under the focusing model. However, in the case of
pay-now, benefit-over-time investments which are typical of the energy paradox, concentration bias pushes choices in the same
direction as present-focused time preferences.

The empirical evidence for concentration bias is presently mixed. Concentration bias predicted labour supply decisions in a
real-effort task (Dertwinkel-Kalt et al., 2022). The effect was mediated by the ‘accessibility’ of the difference in workload between
the two options. However, no evidence for concentration bias was found in a field experiment in Kenya on purchasing an energy
efficient heat-stove (Berkouwer and Dean, 2022). More recently, in a consumer choice experiment, a model of relative thinking was
found to better fit the data than concentration bias (Somerville, 2022).

By contrast, the empirical evidence for the second cognitive bias we study here is more consistent. Underestimation when
intuitively summing multiple amounts has been recorded in a laboratory experiment and a field experiment in supermar-
kets (Scheibehenne, 2019). Others experiments have found that it partially explains undervaluation of lotteries relative to expected
payoffs, which is typically attributed only to risk aversion (Olschewski et al., 2021). Studies that investigate the related concept
of intuitive averaging also record a tendency towards underestimation, which is consistent with a compressive number line (Brezis
et al., 2015). In recent research, McGowan et al. (2022) found that underestimation bias is present when participants sum sequences
that are economically meaningful and familiar, such as utility bills. They also found the bias was present across elicitation methods
as it occurred in both a judgement task, where the best guess for the total is typed, and a forced-choice task, where no number is
generated.

3. The experiment

The introduction and literature review highlighted that not purchasing energy-efficient products, which is typically attributed
to discounting, could in theory be caused by cognitive mechanisms of concentration bias or underestimation bias. We designed an
experiment to test the predictive power of these mechanisms. The payment schedule for the energy efficient investment, and the
temporal framing of its monetary benefit, were varied across conditions so that the WTP pattern predicted by leading models of
time preference diverges from the prediction of the two cognitive mechanisms. As the two cognitive mechanisms are not mutually
exclusive, a test to measure their relative predictive power was also preregistered, but this proved inconclusive. The variation in
payment schedule and temporal framing was designed so that each mechanism made a different prediction regarding the relative
size of WTP gaps between pairs of conditions. The details of the separating test are described in Section 6.2 of the Appendix.

3 For example: ‘‘A Ford Fiesta FWD will save you $8,689 over its lifetime compared to a Ford Crown Victoria Ffv. That is the same as it would cost for:
4

7.4 iPads, 8.7 tickets to Hawaii, 174 pairs of Levi’s jeans’’. (Allcott and Knittel, 2019, Figure 1, p. 8)
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The experiment scenario involved leasing a plug-in hybrid car on a three-year contract. The lease contract took the form of an
pfront deposit and 36 monthly payments.4 The participant was shown two cars, labelled A and B, which were identical except Car

B had better fuel efficiency. After viewing the ‘personalized projected fuel cost’ label for the two cars, participants inputted their
additional willingness-to-pay for Car B. Participants did this twice, with two pairs of cars that had a similar difference in fuel costs:
the annualized saving was e252 in one choice set, and e324 in the other. The order of presentation was counterbalanced. This is
the basic overview - design and procedural details are described below.

3.1. Participants

The sample was recruited by a market research company to be representative of the population of car buyers in Ireland (𝑛 =
2368). All participants had either bought a new car in the previous five years (𝑛 = 2000) or were thinking about buying a new car
𝑛 = 368). The socio-demographic breakdown of the sample was as follows: Exactly half was female, 33% were in the 18–34 age
racket, 42% were aged 35–54, and 25% were aged 55+. In terms of educational attainment, 53% had at least a higher degree.
his is in line with the national average. The household income distribution was also nationally representative. Each participant was
andomly allocated to an experimental condition. There was no substantial imbalance across conditions on the above demographic
ariables.5

Power analysis (included in the preregistration) found that a minimum sample size of 65 was needed to detect a medium sized
ffect (𝑑 = 0.5) for a difference in mean willingness-to-pay between two groups. We initially planned for 2000 participants (83.33
er arm), which would have provided sufficient power. The final sample size of 2368 surpassed these minimum power requirements.
articipants were paid to take part in this experiment and a preceding survey.

.2. Design and hypotheses

The design, hypotheses and analysis plan were preregistered on the Open Science Framework website after ethical approval had
een granted by the ethics committee at the authors’ institution, and before data collection began.

.2.1. Payment schedule — fuel cost savings combinations
The following factors were varied between-subjects: (i) The payment schedule for making the additional payment for Car B -

igher monthly payment, additional payment annually, or once-off three-year payment (i.e. additional deposit payment) and (ii)
he temporal framing of fuel cost information — monthly, annual, or three-year (i.e. the duration of the lease contract). Balanced
ombinations (e.g. Monthly WTP - Monthly Fuel Costs) were excluded because in these circumstances the WTP elicitation could
e reduced to a simple matching task (i.e. after calculating the saving per month, offering the same as monthly WTP). In contrast,
mposing imbalance allows for different focus-weights (concentration bias) and bias in intuitive summation (underestimation bias)
o alter WTP. The six combinations are shown in Table 3.1 below.

ypotheses The primary hypotheses were as follows:
1: WTP will be decreasing in the temporal aggregation of the payment schedule.
2: WTP will be increasing in the temporal aggregation of the fuel cost frame.

H1 is predicted by both time discounting and the two cognitive mechanisms, underestimation bias and concentration bias. H2
s predicted only by the cognitive mechanisms because framing does not affect when savings are realized; time discounting as a
arsimonious model assumes descriptive invariance.

TP gap predictions
Concentration bias and underestimation bias make different predictions to exponential discounting regarding how WTP will

hange across the payment frames, controlling for how the savings are described.
Concentration bias and underestimation bias predict, that (controlling for how savings are framed):
𝑊 𝑇𝑃𝑚𝑜𝑛𝑡ℎ𝑙𝑦 - 𝑊 𝑇𝑃𝑎𝑛𝑛𝑢𝑎𝑙 > 𝑊 𝑇𝑃𝑎𝑛𝑛𝑢𝑎𝑙 - 𝑊 𝑇𝑃𝑑𝑒𝑝𝑜𝑠𝑖𝑡
because the difference in disaggregation is greater in the former (36 payments vs. 3 payments).
Exponential discounting makes the opposite prediction:
𝑊 𝑇𝑃𝑚𝑜𝑛𝑡ℎ𝑙𝑦 - 𝑊 𝑇𝑃𝑎𝑛𝑛𝑢𝑎𝑙 < 𝑊 𝑇𝑃𝑎𝑛𝑛𝑢𝑎𝑙 - 𝑊 𝑇𝑃𝑑𝑒𝑝𝑜𝑠𝑖𝑡
This prediction stems from the fact that the stream of payments is discounted in a linear fashion. When the entire payment has

o be paid immediately, the nominal value must equal the present-discounted value of the stream of savings. With a 5% annual
iscount rate, the nominal stream of savings of e972 over 3 years is worth e897 today, or e299 annualized. When the payments
re spread over time, they are subject to the same discounting applied to the stream of savings. If the annual payment is made on
he first day of the each year, so that initial payment is not discounted (like the deposit), then the formula for the annual payment
A) to match the present discounted value of the savings is: A + 𝛿A + 𝛿2A = e897. If the payment is made on the last day of the

4 The lease scenario was chosen over a purchase scenario so that different beliefs about how long respondents would own the car would not be a factor in
he WTP responses.

5 No significant difference between groups on gender or education. On age, the only significant difference was that Group B had a lower proportion of 18–34
5

ear olds (28%) than Group A (34%) (𝑝 = 0.027).
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Table 3.1
Combinations of payment schedule and saving frame and orthogonal label manipulations.

Group Payment
schedule

Saving frame Label type N

Monthly 3-Year LD (Low-Accessibility, Dispersed) 93
Monthly 3-Year HD (High-Accessibility, Dispersed) 91

A Monthly 3-Year LC (Low-Accessibility, Concentrated) 101
Monthly 3-Year HC (High-Accessibility, Concentrated) 102

Monthly Annual LD 97
Monthly Annual HD 98

B Monthly Annual LC 97
Monthly Annual HC 99

Annual 3-Year LD 108
Annual 3-Year HD 95

C Annual 3-Year LC 101
Annual 3-Year HC 102

Annual Monthly LD 103
Annual Monthly HD 95

D Annual Monthly LC 100
Annual Monthly HC 93

Deposit Annual LD 105
Deposit Annual HD 99

E Deposit Annual LC 98
Deposit Annual HC 96

Deposit Monthly LD 104
Deposit Monthly HD 97

F Deposit Monthly LC 98
Deposit Monthly HC 96

year, the formula is 𝛿A + 𝛿2A + 𝛿3A = e897. This gives a range for A of e314 to e331. For the monthly payment, the equivalent
annualized WTP is e322.

Note that applying quasi-hyperbolic preferences instead of exponential discounting will reduce all WTPs, but have a greatest
relative effect on the deposit payment6 and hence increase the expected size of the gap in the time preference prediction above.

3.3 Separating test between cognitive mechanisms

The separating test between concentration bias and underestimation bias is described below. First a common prediction is
described. The three WTP pairs, where each combination of payment schedule and savings frame are inverses of each other, are AF,
BD and CE. Within each pair, the first condition (A,B,C respectively) is expected to have the higher WTP than its inverse because
its payment schedule is more disaggregated and savings frame more aggregated. The size of the gap can be measured by taking the
WTP difference. Both concentration bias and underestimation bias predict that the AF gap should be largest, next the BD gap, and
finally the CE gap. Concentration bias makes this prediction because the focus-weight ratio is greatest for the AF pair, namely 36:1,
smaller for the BD pair (12:1), and smallest for the CE pair (3:1). Underestimation bias predicts this order because the strength of
the bias is expected to be increasing in the length of the sequence to be summed. The disaggregated component is most granular
(longest) in the AF pair and least granular (shortest) in the CE pair relative to the other component.

The test of relative predictive power relies on the fact that the strength of concentration bias depends on a ratio, whereas the
strength of underestimation bias depends on an arithmetic difference. Concentration bias predicts that the intermediate BD gap
should be closer in absolute size to the AF gap than the CE gap, because 36/12 < 12/3. In contrast, underestimation bias predicts
the BD gap should be closer in size to the CE gap, because 36-12 > 12-3. This test is shown graphically in Fig. 1 below.

3.3.1 Label manipulations
Testing between concentration bias and underestimation bias is difficult, because both mechanisms make essentially the same

predictions at an ordinal level. However, there are concrete predictions of concentration bias, and posited explanations for it,
that can be tested orthogonal to the primary experimental manipulation above. First, we varied the accessibility of the fuel cost
difference between the two cars. Accessibility is a term for the ease (or effort) with which particular mental contents come to mind:
‘‘Highly accessible features influence decisions, whereas features of low accessibility are largely ignored’’. (Kahneman 2003, pg 11).
Dertwinkel-Kalt et al. (2022) found that accessibility mediated concentration bias. To vary accessibility, on half of the labels the
fuel cost difference between the cars was implicit. On the other half, the precise difference was given; in other words, the arithmetic
was performed for participants.

6 For instance, a 𝛽 of 0.7 would lead to a WTP of approximately e630 instead of e897.
6
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Fig. 1. Graphical Illustration of opposing predictions of Concentration Bias and Underestimation Bias regarding size of intermediate WTP gap BD relative to
largest gap, AF, and smallest gap, CE.

Fig. 2. Dispersed vs. concentrated fuel cost savings in low accessibility condition. Both savings are e252 per year.

Fig. 3. Dispersed vs. concentrated savings in high accessibility condition where cost difference is explicit. Both savings are e252 per year.

The second manipulation was designed to test a prediction in Kőszegi and Szeidl (2013) that concentrated benefits (fuel savings
in this setting) should be preferred to dispersed ones (Kőszegi and Szeidl, 2013, p.65). To test this, we varied the dispersion of fuel
saving in the personalized fuel cost forecast. On half the labels the saving was dispersed across all journey types. In the other half
it was concentrated in a single journey category. The size of monetary saving was equal across all conditions. These manipulations
were tested in a 2x2 between-subjects design nested within the six combinations of payment schedule and temporal framing of fuel
cost.

Fig. 2 shows the dispersed saving (left) and concentrated saving (right) in the low accessibility condition, where arithmetic
must be performed to figure out the precise saving. Concentration bias predicts that WTP will be higher in the concentrated saving
condition. Underestimation bias makes no clear prediction, but note that less arithmetic is required in the concentrated saving
frame, which conceivably leaves more cognitive bandwidth for performing intuitive estimation. However, if the total difference
7
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Fig. 4. WTP figure inputted after looking at fuel forecast.

in the dispersed condition is estimated by looking at the difference in leading digits, then WTP may be higher in the dispersed
condition. Fig. 3 above shows the same labels except in the high accessibility treatment. If concentration bias is mediated by
accessibility (Dertwinkel-Kalt et al., 2022) concentration bias should be reduced in this treatment arm.

3.3.2 Procedure
The experiment was conducted online using the Qualtrics platform. On the introduction page, the hypothetical scenario was

explained; participants were told to imagine they were about to lease a plug-in hybrid car on a three-year contract. The contract
took the form of an upfront deposit and 36 monthly payments. They were then shown the two options, A and B, which were identical
except Car B had better fuel economy. Participants were told that they would be asked to input an additional willingness-to-pay for
Car B but first they would be shown fuel cost estimates for both cars.

On the second page, the contract for Car A and B was shown, with a question mark to indicate the additional payment. The
deposit was always e4000 and the base monthly payment was e300. Participants were told that after they viewed the fuel cost
forecast, they would be asked to input a figure for the question mark to indicate their additional WTP for Car B. They viewed the
fuel cost forecast and then inputted their WTP at the bottom of the same screen. These steps (apart from the introduction screen)
were then repeated at the second hypothetical car dealership. The order of car pairs was counterbalanced across participants. The
main response screen is shown in Fig. 4. Screenshots of other stages are shown in Figures 11–15 in section 6.4 of the Appendix.

4 Results

This section describes how WTP differed across the different conditions. First, descriptive results are presented in Section 4.1.
Then in Section 4.2 we present regression results, beginning with the preregistered method of analysis, namely mixed-effect linear
regression. The results of the label manipulations are also described in Section 4.2.

4.1 Descriptive results

Recall that across the different payment schedule conditions, participants inputted their additional WTP in (i) the once-off
deposit, (ii) in the annual payment, or (iii) in the monthly payment. In order to allow direct comparison between these conditions,
an annualized willingness-to-pay was calculated from every response: monthly payment responses were multiplied by twelve,
deposit-payment responses divided by three, and annual payment responses left unchanged.

The preregistration stated that implausibly high WTP figures would be excluded. Inputting a WTP that exceeds the monetary
saving can reflect additional valuation of the carbon emissions savings.7 However, this argument has a limit: at some point, a WTP
may be considered ‘unreasonably’ high. We applied a maximum cutoff at an annualized WTP of e650. This figure is double the
maximum annual monetary saving, and thus allows the monetary value of the utility gain from being more environmentally friendly
to equal the utility of the monetary savings (i.e. v = s in the decision framework terminology which is presented in Section 6.1 of
the Appendix).8

7 The annual monetary saving from the more fuel efficient car was e252 on one trial or e324. However four of the 48 labels had a typo which meant the
actual difference was e312 instead of e324. See Table 6.1 in the Appendix for all combinations and respective mean WTPs.

8 This is a simplifying assumption; the relative concavity of utility for money vs. carbon emissions savings is an interesting topic which is beyond the scope
of this paper.
8
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Fig. 5. Mean, Median and Interquartile Range of WTP for each of the six payment schedule-fuel cost frame combinations. Admissible WTP from e0 to e650
inclusive. Conditions A, C and E had more aggregated savings than their payment schedule counterpart.

Fig. 5 above shows the mean, median and interquartile range for annualized WTP for each of the six combinations of payment
schedule and savings frame (see Table 3.1 for definition of each group). To test H1 (that WTP would be decreasing in the temporal
aggregation of the payment schedule), we compare conditions that had different payment schedules but the same savings frame (A
vs. C, B vs. E, D vs. F). For A vs. C, the former had significantly higher average WTP with a difference between conditions of e87
(𝑡 = 6.53, df = 981, p < 0.001). Group B, which like A had a monthly payment schedule, recorded significantly higher WTP (by
e144) than Group E (𝑡 = 11.52, df = 913, p < 0.001). Lastly, the average WTP in Group D was e34 higher than in F (t = 3.77, df
= 1206, 𝑝 = 0.0001). Taken together, these results constitute strong support for H1.

To gauge empirical support for H2 (that WTP will be increasing in the temporal aggregation of the savings frame) we examine
the difference in WTP within each payment schedule. In the monthly payment condition, the difference between A and B is not
significant (two sample t-test, 𝑝 = 0.45) and the point estimate is higher for B, in which savings were less aggregated (annually vs.
over three years in A). In the annual payment pair, savings were framed over a three–year period (group C) or monthly (group D).
Group C recorded significantly higher WTP (two-sample t-test, 𝑡 = 4.42, p < 0.001). Lastly, in the deposit payment condition, group
E, where fuel savings were shown annually, recorded higher WTP than group F, where savings were framed monthly (𝑡 = 3.46, p <
0.001). In summary, H2 receives weaker empirical support compared to H1.

In terms of the respective predictions of concentration bias, underestimation bias and discounting for the size of the WTP gaps,
the descriptive evidence does not support the discounting prediction that:

𝑊 𝑇𝑃𝑎𝑛𝑛𝑢𝑎𝑙 - 𝑊 𝑇𝑃𝑑𝑒𝑝𝑜𝑠𝑖𝑡 < 𝑊 𝑇𝑃𝑚𝑜𝑛𝑡ℎ𝑙𝑦 - 𝑊 𝑇𝑃𝑎𝑛𝑛𝑢𝑎𝑙. Instead, the point estimate on the annual-deposit difference in WTP is e38,
compared to e114 for the monthly–annual difference. Wald tests of coefficient equality are conducted in the regression analysis
below.

4.2 Regression results

Regression analysis was conducted to test whether the significant differences recorded in Section 4.1 are robust to controlling
for label types and background characteristics. We also account for the repeated-measures nature of the data (each participant made
two responses). The primary analysis omits WTP above e650. We perform multiple sensitivity checks on this decision, the main
one being complementary logistic regression analysis, where the binary dependent variable takes a value of one when the inputted
response was at least as large as the annual fuel cost saving. As shorthand, these responses will be referred to as sufficient-WTP.
They could also be conceived of as responses that do not fall foul of the energy paradox. Transforming a continuous variable in this
way discards useful variation, but this method ensures results are not driven by a subset of the data near an arbitrary threshold.

The first specification in Table 4.1 is a random-intercept linear regression. This model specification was preregistered. The
dependent variable is the annualized WTP. This first specification includes only the categorical variable for payment schedule-fuel
savings frame combination. The reference category is A, the condition with the monthly payment schedule and three-year fuel
savings. A categorical variable for label type is also included, but these coefficients are omitted as the results of this manipulation
are analysed in Table 4.2 (as these manipulations were orthogonal it is highly unlikely their influence drives the main results).
The results in Column 1 align with the results illustrated in Fig. 5. There is no significant difference between condition A and B,
the two monthly payment conditions. All other combinations record significantly lower WTP than A. Tests of equality for linear
9
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Table 4.1
Columns 1 and 2 display mean annualized WTP by condition. WTP responses above e650 have been removed.
Columns 3 and 4 model the predictors of the WTP response equalling the annual fuel savings using a logistic-link
function.

Mixed OLS Mixed OLS Logit Logit

Payment-Savings
Combination (ref = A)

B 15.68 14.60 −0.06 −0.04
(26.44) (26.54) (0.18) (0.18)

C −96.34∗∗∗ −102.04∗∗∗ −1.53∗∗∗ −1.56∗∗∗

(23.63) (23.24) (0.15) (0.15)

D −138.91∗∗∗ −144.44∗∗∗ −2.06∗∗∗ −2.08∗∗∗

(23.76) (23.63) (0.15) (0.14)

E −142.11∗∗∗ −146.74∗∗∗ −1.25∗∗∗ −1.25∗∗∗

(23.39) (23.58) (0.15) (0.15)

F −168.90∗∗∗ −173.57∗∗∗ −1.33∗∗∗ −1.32∗∗∗

(22.84) (22.78) (0.13) (0.13)

Age 35–54 (ref. =
18–34)

−40.28∗∗∗ −0.38∗∗∗

(8.59) (0.14)

Age 55+ −42.77∗∗∗ −0.53∗∗∗

(11.43) (0.15)

Degree Holder −3.91 −0.05
(8.69) (0.08)

Female (ref = not
female)

−14.39∗ −0.20∗∗

(8.27) (0.10)

Constant 328.43∗∗∗ 371.58∗∗∗ 1.40∗∗∗ 1.84∗∗∗

(23.15) (24.69) (0.12) (0.13)

Observations 3106 3106 4736 4736

Groups 1645 1645

Robust standard errors in parentheses. ∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01.

ombinations of the coefficients can be used to test the opposing WTP gap predictions of the cognitive mechanisms vs. discounting.
he test rejects the null of: (𝛽𝐴+𝛽𝐵)/2 - (𝛽𝐶 +𝛽𝐷)∕2 = (𝛽𝐶 +𝛽𝐷)∕2−(𝛽𝐸 +𝛽𝐹 )∕2 in favour of the alternative that the monthly–annual
ifference is greater (𝛽𝑑𝑖𝑓𝑓 = e87, 𝑧 = 5.27, 95% C.I = e55,e120). Recall that if discounting was the primary explanation for the
ariation in WTP, the test of equality would have been rejected in the opposite direction.

The second column adds socio-demographic characteristics. The randomization process means one would not expect the addition
f these variables to change the pattern of results, but their inclusion allows more precise estimation of the experimental effects
f interest. The size of the WTP difference between A and B and the other conditions increases slightly. Notably, the reference age
ategory of 18–34 has a significantly higher WTP than the older age groups (p < 0.01). Female participants have marginally lower
TP (p<0.1).
A logistic link function was used to regress the binary sufficient-WTP variable on the experimental categorical variables and

emographic factors. The results are shown in Columns 3 and 4 of Table 4.1. Coefficients are shown in log-odds (as there are no
ontinuous variables in the specification, there is no benefit to reporting marginal effects). The pattern of results in Column 3 is
ualitatively similar to the mixed linear models. The log-odds of a sufficient-WTP response is significantly lower for all conditions
elative to the two monthly payment ones, A and B. However, the order of coefficients in terms of magnitude changes. The annual
ayment conditions (C and D) have the lowest probability of a sufficient-WTP response. Demographic factors are added in Column
but the pattern of results does not change. Again, older age groups are significantly less likely to record a sufficient-WTP response,

s are female participants (p < 0.05).
Table 6.2 in the Appendix reports results from a number of robustness tests using different inclusion criteria, the results of

hich we summarize here: First, excluding zero WTP responses and keeping the limit at e650 annualized-WTP produces minor
hanges to the results. The magnitude of the WTP difference between the two monthly payment conditions (A and B) and the other
ombinations becomes larger, with D, E and F having point estimates slightly over e200 below the reference category of A. The age
nd gender differences remain as in Table 4.1. Columns 2–5 of Table 6.2 use WTP thresholds of e500, e750, e1000 and e1250

respectively. Only when the limit is e500 is there a qualitative change in results. In this specification, only combination F (deposit
payment, monthly saving frame) has a significantly lower WTP than A (p < 0.01). The change in the pattern of coefficients is due
the fact that with a threshold of e500, the frequent response of e50 per month is excluded (13% of respondents in the monthly
payment condition gave this response). The pattern of coefficients in Columns 3–5 matches the main specification, although the
magnitudes of the coefficients generally increase. In all five specifications, the 35–54 and 55+ age groups record significantly lower
WTPs (p < 0.01).
10
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Table 4.2
Mixed linear models. Dependent variable is Annualized WTP. The six conditions (A–F) have been
pooled by savings frame in Column 1, and by payment schedule in Column 2.

(1) (2)

More Disaggregated Payment 88.47∗∗∗

(9.41)
More Aggregated Savings Frame 24.16∗∗∗

(8.56)
Annual Saving Frame (ref = monthly) 87.22∗∗∗

(10.70)
Three-Year Savings Frame 108.94∗∗∗

(10.75)
Annual Payment (ref = monthly) −126.33***

(13.42)
Deposit Payment −163.96***

(13.20)
Labels (ref = Low Accessibility Dispersed Saving)

High-Accessibility Dispersed Saving −5.45 −6.27
(12.24) (12.08)

Low-Accessibility Concentrated Saving −8.10 −9.94
(12.16) (12.06)

High-Accessibility Concentrated Saving −29.66∗∗ −32.85∗∗∗

(12.22) (12.19)
Constant 124.73∗∗∗ 325.23∗∗∗

(11.07) (14.79)

Observations 3106 3106
Groups 1645 1645

Robust Standard errors in parentheses.*𝑝 < 0.1, ** 𝑝 < 0.05, *** 𝑝 < 0.01.

Table 4.2 presents mixed-effects linear regressions to summarize the separate effect of the payment schedule and savings frame
anipulations. Two dummy variables were created: first, whether a condition had a more disaggregated payment structure, given its

avings frame (Combinations A,B,D = 1; C,E,F = 0); and second, whether its savings frame was more temporally aggregated, given
ts payment structure (Combinations A,C,E = 1; B,D,F = 0). The first column shows that on average, the increase in WTP from a more
isaggregated payment schedule is 88.47 (p < 0.001). This effect size is equivalent to a 0.48 standard deviation change in WTP.
his specification also includes a categorical variable for savings frame, with monthly savings as the reference category. The effect
f more aggregated savings is monotonic but concave, with point estimates of e87 and e108 for the Annual and Three Year frames
espectively. The difference between these frames is marginally significant (𝑝 = 0.062). This can be interpreted as robust support
or H1. In the second column, the savings dummy shows a coefficient of e24.16 (p < 0.001), which is equivalent a 0.13 standard
eviation change in WTP. In logistic regression models (not reported) using the same explanatory variables, the saving manipulation
s approximately three-fifths the effect size of the payment schedule manipulation. Taken together, these results indicate that both
1 and H2 are supported, with the former having a larger effect size. Figure 7 in the Appendix illustrates the sensitivity of the
mpirical support for H1 and H2 to the choice of WTP threshold. The effect size for H1 is larger but more volatile. The savings
rame effect size (H2) is stable across a wide range of thresholds. Figure 8 in the Appendix breaks down this effect by specific
ondition (coefficients on annual and three-year conditions relative to monthly reference category).

Table 4.2 also shows how WTP changed across the orthogonal label manipulations, which were described in Section 3.2.2.9 In
he reference case, the saving was dispersed across three categories of journey and the fuel cost difference was not calculated on
he label (low accessibility). The only label type that recorded a significantly different WTP was the high-accessibility concentrated
aving label, where the fuel saving was in one category of journey and the precise difference in fuel costs was calculated. The
ifference is significant at the five-percent level in Column 1 (𝛽 = −29.66, p = 0.015) and the one-percent level in Column 2 (𝛽 =
32.85, p = 0.007). This effect is consistent across a range of WTP thresholds (see Figure 8 in the Appendix). In unreported models,
hen labels are pooled by saving dispersion and accessibility, the concentrated savings manipulation is associated with significantly

ower WTP, but the effect size is small. This result does not support the supposition of Kőszegi and Szeidl (2013) about how to make
n option more attractive. That high accessibility is associated with a marginally significant decrease in WTP does not align with
he recent findings of Dertwinkel-Kalt et al. (2022), but could be explained by left-digit bias making the low-accessibility savings
eem more attractive (Busse et al., 2013).

Discussion and conclusion

This experiment tested the explanatory power of two novel cognitive mechanisms – concentration bias and underestimation bias
that plausibly contribute to the energy-efficiency gap. At an applied level, this is the first study to simultaneously explore the

ffect of payment schedules and the temporal framing of fuel savings on willingness-to-pay.

9 How WTP varied by label type for each of the six combinations of payment schedule and savings frame is shown in Figure 5 in the Appendix.
11
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The strongest finding to emerge is that a monthly payment schedule increases willingness-to-pay relative to making annual
ayments or a once-off deposit payment. The magnitude of the difference in WTP between the three payment schedules supports
he common prediction of the cognitive mechanisms, underestimation bias and concentration bias, that the WTP gap should be
reatest between the monthly and annual payment schedules. In contrast, discounting predicts the gap should be greatest between
he annual payment and deposit payment, because a larger proportion of the payment is shifted further to the future.10 This finding

suggests that people (i) underestimate how much they are paying in total when they pay per month (the underestimation bias
explanation) and/or (ii) find it less psychologically painful to pay in multiple small instalments (the focus-weight utility explanation
of concentration bias).

Framing fuel costs over a longer period of time also increases WTP for a fuel efficiency upgrade. When people only see the
monthly fuel cost, they may underestimate the accumulated savings from choosing the more efficient car. However, the effect size
of this manipulation was smaller than variation in payment schedule: less than one-third the size in the mixed linear models, and
three-fifths the size in the logistic regressions using the binary sufficient-WTP variable.

There were some limitations to this experiment. First, we did not directly measure time preferences. While random assignment
to conditions makes it highly unlikely that differences in discount rates were a factor in the results, controlling for this factor may
have resulted in more precise estimates of treatment effects. Moreover, we cannot speak to correlation between time preference and
biases arising from bounded rationality, though it seems reasonable that when undervaluation appears severe, the explanation may
be a combination of the two channels. The absence of a time preference measure means policy implications, which we mention
briefly below, ought to be considered tentative. Another limitation is the hypothetical nature of the willingness-to-pay elicitation.
Hypothetical bias can amplify effect sizes (Murphy et al., 2005). This is a relatively minor concern in the current context because
while people may appear more virtuous when it is free to do so, there is no reason to think hypothetical bias should be vary in
strength between experimental conditions. Another hypothetical element which may have introduced noise to WTP responses was
the ‘‘personalized fuel cost forecast’’. It was necessary to set savings exogenously, but participants who disagreed with the implied
driving behaviour (i.e. the ratio of short, medium and long drives) may have adjusted their WTP based on how they actually thought
they would drive. These caveats notwithstanding, hypothetical studies provide guidance on which interventions are most likely to
succeed in changing behaviour.

In light of the aforementioned limitations and need for future research, we must proceed with caution when drawing implications
or policy; however, some indicative directions are worth noting. Altering payment schedules would appear to have larger effects
han changing the temporal framing of savings. The energy paradox literature has mostly focused on role of fuel cost framing,
rom the perspective that given the right information, people will make the welfare-maximizing choice. In contrast, the marketing
iterature on how payment structures influence demand (e.g. Gourville (1998)) has received much less attention. A tentative
mplication of these findings is that offering disaggregated payment schedules may offer more traction for increasing the uptake of
nergy-efficient technologies. Future research should test whether this finding generalizes to non-hypothetical field settings. Second,
t may be fruitful to directly investigate the significant and consistent difference in WTP across age brackets, with small payments
pread over time apparently of greater appeal to the youngest cohort (aged 18–39). Plausible reasons include younger consumers
eing more accustomed to recurring payments across a range of consumption domains, and second, that members of this cohort are
ore likely to be liquidity constrained.

More research is also needed to determine the relative strength of underestimation bias and concentration bias in this setting. As
iscussed throughout, these cognitive mechanisms make very similar predictions, and the test of relative predictive power in this
xperiment was inconclusive. This may have been due to the realism constraint, namely the need to use a leasing scenario that was
amiliar to people. However, future experiments with less of an applied focus may succeed in comparing relative predictive power.
uch a design may utilize sequences of costs and benefits that are specifically designed to exploit the differences in functional forms
f underestimation bias and concentration bias. This research question has applied relevance because the mechanisms have different
mplications for policy. Underestimation bias is a clear mistake which drives a wedge between true preferences and choices. Policy
nterventions that shoulder some of the arithmetic burden for consumers would be valid to correct this ‘internality’. For instance,
roviding lifetime fuel costs instead of monthly fuel costs could be welfare-improving in correcting the bias that causes choices to
iverge from true preferences (Beshears et al., 2008). However, there is an ethical tension in leveraging this bias to enhance overall
TP by providing a monthly payment option. This tension must be tempered against the knowledge that the private sector choice

rchitects may operate by inducing the same mistake (e.g. through six-year finance plans). Concentration bias, on the other hand,
s not a mistake at the time the decision is made. Kőszegi and Szeidl (2013) explain that choices are made based on focus-weighted
onsumption utility, but these focus-weights do not reflect welfare from experienced utility. A policy maker would need to navigate
his nuance, for instance by assuring the vehicle seller and buyer that imposing a life time fuel cost label – which may well make
ny purchase seem less appealing – is justified by the buyer’s future interests, as judged by experienced utility. This is similar to the
rgument to restrict the temptations available to present-focused individuals. But preoccupation with policy difficulties is premature
efore future research is conducted on the role of these mechanisms in valuation of future energy savings.

To conclude, the ‘energy paradox’ is one of the most pernicious puzzles in the energy economics literature, and its unresolved
ature strongly hints at some pieces being overlooked. Behaviour that appears to be the expression of an individual time preference
arameter may have a cognitive antecedent. Allcott (2016) suggested testing concentration bias, which is founded on the concept of

10 Moreover, as shown in Section 3.2.1, depending on exactly when in the future the annual payment is made, pure discounting could actually predict the
12
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limited attention (Kőszegi and Szeidl, 2013). We additionally tested the predictive power of underestimation bias, which is caused by
a compressed internal number line (Scheibehenne, 2019). The experimental results show that in the current setting, both mechanisms
can explain patterns of WTP not rationalizable under standard discounting alone. To make progress on solving the energy paradox,
the set of behaviours broadly characterized as ‘myopia’ must be placed under the microscope. To that extent, these findings should
help calibrate the lens.
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