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This study investigates the process of risky choice using eye tracking. We

manipulate the complexity and presentation of lottery choices while measuring

eye movements. In particular, we measure the frequencies of information

collection procedures associated with established theories of risky choice,

namely, expected utility theory and component comparison theory. These

choice process patterns are sensitive to the di�culty of calculations and

the presentation format of lotteries. Participants appear to transition between

decision-making procedures depending on how lottery choices are presented

and their complexity. They also attend to payo�s as the primary feature

considered during component comparisons. Our findings emphasize the

influence of information presentation on decision-making processes and

decisions.
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1 Introduction

Risk is a central aspect of decisions ranging from whether to carry an umbrella to how

to allocate retirement investments. Lottery choice tasks are often used to study decisions

under risk in incentivized behavioral experiments. In the process of making such decisions,

people collect information about the options available to them. Eye tracking has emerged

as an essential tool for exploring this process. We use eye-tracking data acquired while

people choose between binary lotteries to study the effects of two contextual factors on

both the process of making risky decisions and the decisions themselves: (1) the difficulty

of aggregating information and (2) the way each options’ attributes are presented.

There are two broad categories of information collection procedures in risky choice: In

the first type, probabilities (or some function of the actual probabilities) are used as weights

for either values or utilities. This procedure is thought to be consistent with expected utility

maximization, and hence, we refer to it throughout as EU-type information collection.

In the second type of procedure, called component comparison or CC-type information

collection, people compare rewards and probabilities across gambles (Bettman, 1975;

Tversky et al., 1988).When expected payoffs aremore difficult to calculate, decision-makers

may change their information collection strategy from computing weighted averages

(the first category) to component comparison (Arieli et al., 2011). The resulting change

in process also results in changes to decisions (Aimone et al., 2016a). Furthermore,

manipulating the process by which participants view lotteries results in changes to both

behavior and decisions (Aimone et al., 2016b; Mittone and Papi, 2020).

Frontiers in Behavioral Economics 01 frontiersin.org

https://www.frontiersin.org/journals/behavioral-economics
https://www.frontiersin.org/journals/behavioral-economics#editorial-board
https://www.frontiersin.org/journals/behavioral-economics#editorial-board
https://www.frontiersin.org/journals/behavioral-economics#editorial-board
https://www.frontiersin.org/journals/behavioral-economics#editorial-board
https://doi.org/10.3389/frbhe.2024.1321301
http://crossmark.crossref.org/dialog/?doi=10.3389/frbhe.2024.1321301&domain=pdf&date_stamp=2024-03-15
mailto:alecsmith@vt.edu
https://doi.org/10.3389/frbhe.2024.1321301
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/articles/10.3389/frbhe.2024.1321301/full
https://www.frontiersin.org/journals/behavioral-economics
https://www.frontiersin.org


Zhang et al. 10.3389/frbhe.2024.1321301

Many factors affect the process by which people make

risky choices. Presentation format and task complexity affect

information processing in general (Payne, 1976; Orquin et al.,

2021) and specifically in risky choices (Glöckner et al., 2016; Zilker

et al., 2020; Oprea, 2022). Repetition matters, and eye-movement

patterns in a risk task repeated 100 times were more consistent with

deliberate calculations (weighting and adding process) than those

in a single-decision task (Su et al., 2013), so it is not surprising

that most people’s risk preferences became more consistent over

time (Charness and Chemaya, 2023). In addition, numeracy was

positively associated with consistency in risky choice, albeit with

evidence supporting a greater reliance on heuristics among the

more numerate group (Ashby, 2017).

This study contributes to the literature in several ways. We

study individuals’ risky decision-making processes by using an

incentivized risky-choice task where participants make many

choices (both Arieli et al., 2011 and Aimone et al., 2016a relied

upon a limited number of lotteries, and participants were paid

a flat fee) with eye tracking (missing from both Aimone et al.,

2016b and Mittone and Papi, 2020). We manipulate the difficulty

of making expected value calculations (as in Arieli et al., 2011

and Aimone et al., 2016a) while adding a new treatment variable:

task presentation. As participants consider their choices we track

their eye movements. We provide additional evidence that as

tasks become more challenging, people modify their information-

acquisition processes. In addition, we show that the presentation

of lotteries (either horizontally or vertically) also affects subjects’

information acquisition procedures.We find that participantsmore

frequently choose the gamble with higher expected monetary

value in difficult choices when the payoff information is presented

horizontally but not vertically. Furthermore, they choose the risky

gamble more frequently when expected payoffs are more difficult to

compute. Finally, when participants make relatively more EU-type

eye movements, they place less weight on payoff and probability

differences (and therefore more weight on expected monetary

values).

We add to a growing literature that studies the process by which

people make decisions under risk (Glickman et al., 2019; Stillman

et al., 2020; Sheng et al., 2023; Wu et al., 2023; Yang and Krajbich,

2023). Some previous work on risky decision-making has also

examined the role of visual attention. Fiedler and Glöckner (2012),

for example, studied the dynamics of fixations in risky choice,

highlighting the gaze-cascade effect (Shimojo et al., 2003). Stewart

et al. (2016) found that within-gamble eye movements are more

common than between-gamble transitions, with a tendency for

clockwise eye movements. Furthermore, Pachur et al. (2018) find

that attention to specific outcomes is linked to choice regularities

(as posited by cumulative prospect theory; Tversky and Kahneman,

1992) and that the manipulation of attention can cause changes

in preferences (and fitted choice model parameters). Hirmas et al.

(2023) also find a tight correlation between behavior and attention

by further decomposing fixations into an individual average

component and a trial-wise deviation (that varies more readily with

contextual factors). Other authors have employed cognitive process

modeling (e.g., drift diffusion or leaky accumulator models) of

risky choice to describe how individual attributes and differences in

attention influence evidence accumulation in a sequential sampling

paradigm (Glickman et al., 2019; Smith and Krajbich, 2019; Lee

et al., 2023).

In the most closely related previous work on this topic (Arieli

et al., 2011; Aimone et al., 2016a), lotteries were predominantly

presented vertically (as in Figure 1B). However, participants may

be accustomed to collecting information horizontally and from

left to right if they read in a language such as English or

Spanish. This convention is not universal, so participants who

primarily read, for example, Arabic or Hebrew may be accustomed

to horizontal right to left presentation, while those who read,

for example, Traditional Chinese may be most experienced

with vertical information collection. Vertical only presentation

conflates information acquisition with reading habits and may

affect participants’ ability to perform calculations.

Brain imaging studies reveal different cognitive strategies

during arithmetic tasks: Exact arithmetic uses language-based

representations, while approximate arithmetic focuses on quantity

(Dehaene et al., 1999). The choice of these strategies is closely tied to

presentation format (Campbell and Clark, 1992). Format variations

can influence speed and accuracy, emphasizing the connection

between format and working memory (DeStefano and LeFevre,

2004). Specifically, participants solved arithmetic problems more

quickly when they were are presented vertically (Trbovich and

LeFevre, 2003).

The remainder of this article is structured as follows: Section

2 details the experimental design, while Section 3 presents the

primary findings. Finally, Section 4 provides the conclusion and a

discussion.

2 Experimental design and procedure

Fifty participants with normal or corrected-to-normal vision

were recruited from the university community for this project.1

Each participant made 120 lottery choices while their eye

movements were recorded using an eye tracker (1,000 Hz

EyeLink 1000 Plus, SR Research). The eye-tracking portion of the

experiment averaged∼20 min. Participants each received $10 USD

in compensation, in addition to earnings based on the outcome

from a randomly chosen lottery, resulting in total average earnings

of $20.33.

Each trial of the experiment (Figure 1A) began with a 2-

s presentation of a fixation cross, followed by a 6-s evaluation

phase during which participants saw the available lotteries for that

trial. Following Aimone et al. (2016b), who assessed how long

participants needed to complete arithmetic tasks, the minimum

time for this initial evaluation was set to ensure that participants did

not make a decision either impulsively, too quickly to have a non-

rushed exploration of the available information about the decision

environment, or before meaningful data on eye movements could

be recorded. A possible trade-off of this approach is that a

participant might have believed that there was an implicit message

about the time needed to make a decision. The selection phase

followed during which participants took an average of 1.688 s to

1 For a summary of demographic information for the experiment

participants, see Supplementary Table S1.
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make an untimed choice between the two lotteries. Participants

were also asked to confirm their choice; however, they did not

receive feedback on the outcome of any choice until the end of the

experiment.

The main treatment in our within-subject design is whether

it was easy or difficult to compute the expected payoff of the

lottery. In any trial, the available lottery choices were either both

easy or both difficult. Easy lotteries typically featured two non-

zero digits, following the pattern $X with a Y0% probability or

$X0 with Y% probability, for example, $3 with 90% probability. To

maintain consistency, each difficult lottery was constructed from

a corresponding easy lottery by adding or subtracting a small,

random amount from the easy lottery prize and/or probability.

This resulted in lotteries with four non-zero digits, following the

format $WX with probability YZ% or $W with probability XYZ%,

for example, $3.7 with 89% probability.2

Lottery pairs were divided into four blocks of 30 lotteries

per block, where the lotteries within the block were either all

easy or all difficult. The first block was chosen at random, and

subsequent blocks alternated the treatment condition. Within each

block, lottery characteristics were varied to ensure that the riskier

lottery did not always offer the highest average payoff and that

there was substantial variation in probabilities across lotteries.

Each participant saw 100 unique gambles over the course of the

experiment. In 64 of these choices, the risky option had a higher

expected monetary value (EMV) while in the other 36, the safe

option had the higher EMV.We also included 20 check trials, five in

each block, where both the payoff and the probability were higher

for one lottery than the other, in order to verify task engagement.

In these check trials, participants chose the correct (dominant)

option 94.4% of the time. Had participants chosen randomly, they

would have selected the correct option 50% of the time, indicating

that participants do not appear to be making random choices

(p < 0.000).3 The large number of trials is important for statistical

analysis due to the number of coefficients we wish to estimate

in our models, and, as noted earlier, is one of the features that

distinguishes this work from other similar studies. One concern

is that participants might have been unwilling to perform 240

expected utility calculations. However, previous results show that

experience increases EU-type eye movements (Su et al., 2013),

suggesting that the number of trials in our task is not likely to

influence participants’ willingness to perform these calculations.

In earlier research (Arieli et al., 2011; Aimone et al., 2016a,b),

information for each lottery was displayed vertically so that there

2 There were minor variations, for example, one stimulus pair had one

lottery that paid $15 with 20% probability; another had a lottery that paid $30

with 15% probability, both of which we considered easy to calculate.

3 Out of 50 participants, 23 answered all 20 check questions correctly. The

breakdown of correct answers for the remaining participants is as follows: 18

participants answered 19 questions; two participants answered 18 questions;

one participant correctly answered 17, 16, and 14 questions, respectively; and

three participants answered 15 questions. We conducted separate statistical

analyses on the check decisions of both the di�cult and the easy blocks, with

the results detailed in Supplementary Figure S1. The accuracy rate of 96.8%

in the easy block significantly exceeds the 92.0% accuracy rate observed in

the di�cult block (p = 0.015).

was a lottery on both the right and left sides of the computer

monitor (Figure 1B, top). This raised concerns that eye-movement

patterns might, in part, result from participants’ viewing habits,

for example, viewing information horizontally from left to right

due to being an English reader. To explore this, our second

treatment varied presentation styles so that lotteries were presented

vertically in some rounds and horizontally in others (Figure 1C).

In addition, we varied whether payoffs or probabilities appeared in

the top left position, resulting in four presentation styles, each of

which appeared with equal likelihood in each of the four blocks.

Participants were aware that they would encounter four distinct

presentation styles, and the four presentation styles occurred in

random order within each block4. To summarize our design, in

each block gambles were either all easy or all difficult, while

presentation style varied from trial to trial.

To classify and analyze eye movements, we partitioned the

screen into four quadrants: top left, bottom left, top right, and

bottom right. We then recorded each participant’s eye movements

during a 4-s period in which they could view lottery information

but could not make a lottery choice (Arieli et al., 2011; Aimone

et al., 2016a,b). We define eye movements between the payoff and

probability of a single lottery as EU-type eyemovements because, to

calculate expected monetary value, expected utility, or any similar

model, one must multiply the probability and value. We expected

that the eye movements of participants following EU-type models

would involve more transitions within lottery attributes, that is, of

the form payoff1 ↔ probability1 and payoff2 ↔ probability2, where

subscripts indicate each lottery. The alternative is eye movements

between attributes of the two displayed lotteries, and we define

eye movements between the payoffs or between the probabilities as

CC-type eye movements, which are consistent with the component

comparison model. We expect that participants following the

component comparison model would have more eye movements

between lottery attributes, of the form payoff1 ↔ payoff2 and

probability1 ↔ probability2 (see Figure 2).

3 Results

We divide our results into three subsections. Section 3.1

explores the relationship between our calculation difficulty and

information presentation style treatments and our participants’

choice processes by analyzing eye-movement patterns. Section 3.2

analyzes how our treatments affect participants’ decisions. Finally,

Section 3.3 contains our results linking a participant’s choice

process and their decisions.

4 Another approach would have been to create four blocks in which

presentation style was held constant and gamble di�culty was randomized

within a block. We note that because we have the same type of task

uncertainty in all of our treatments, any initial eye movement needed to

“orient” a participant to information presentation should be unchanging

across the experiment, thus having no impact on our within-subject analysis.

Nonetheless, it would be interesting to compare results when participants

know the task di�culty and not the presentation style with those where they

know the presentation style but not the task di�culty.
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FIGURE 1

(A) Sequence of events during a single trial. (B) Each easy lottery in a gamble has at most three non-zero digits. For example, $3 with 90% probability

has 2. Each di�cult to calculate lottery has at least four non-zero digits. (C) The four lottery presentation styles that make up the horizontal and

vertical treatments.

FIGURE 2

Eye movements corresponding to each evaluation procedure.

3.1 E�ects of external manipulations on
the decision-making processes

We begin by classifying eye movements by whether they

were horizontal, vertical, or diagonal (Table 1, Panel A). Next, we

calculated the frequency of CC-type and EU-type eye movements

for each subject and difficulty condition (Table 1, Panel B). We find,

consistent with prior research results (Arieli et al., 2011; Aimone

et al., 2016a,b), that increased calculation difficulty is associated

with a decrease in the frequency of EU-type eye movements

(Wilcoxon, p = 0.00) and an increase in the frequency of CC-

type eye movements (p = 0.00). Because participants cannot

predict the presentation style before a trial starts, their first eye

movement in each trial is likely to be influenced by the written

format of their language. For example, for English speakers, one

might expect initial fixations at the top left and initial saccades from

left to right. For this reason, we also report the data for only the

first eye movement (Supplementary Table S4, Panel A) and those

excluding the first eye movement (Supplementary Table S4, Panel

B). The effect of task difficulty on eye movements is, qualitatively,

the same after excluding first eye movements.

Next, we examine the relationship between presentation style

and eye movements (Table 2, Panel A). There are more CC-type

eye movements when the lottery presentation is vertical (Wilcoxon,

p = 0.00) andmore EU-type eyemovements when the presentation

is horizontal (p = 0.00; Table 2, Panel B). Further distinguishing

between the four presentation formats did not change this result

(Supplementary Tables S2, S3). As before, we also report the data
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TABLE 1 Variations in eye movement patterns for the easy and hard treatments.

Panel A: summary of eye-movement patterns

Difficult 25.9%

(5.8%)

20.7%

(4.5%)

22.0%

(8.0%)

21.2%

(5.5%)

4.5%

(1.7%)

5.7%

(2.0%)

Easy 28.1%

(5.8%)

19.8%

(4.8%)

22.1%

(6.8%)

19.2%

(4.0%)

4.8%

(2.1%)

6.0%

(1.5%)

Observations 50 50 50 50 50 50

Panel B: decision-related classification of eye movements

CC type EU type p-value CC w/o 1st EU w/o 1st p-value

Difficult 42.4%

(5.6%)

47.5%

(5.9%)

0.003∗∗∗ 41.9%

(6.5%)

47.2%

(6.7%)

0.009∗∗∗

Easy 37.1%

(4.8%)

52.1%

(5.6%)

0.000∗∗∗ 36.3%

(5.3%)

52.3%

(6.1%)

0.000∗∗∗

p-value 0.000∗∗∗ 0.000∗∗∗ 0.000∗∗∗ 0.000∗∗∗

Observations 50 50 50 50

This table presents variations in eye movement patterns for individual subjects for the easy and hard treatments. Panel A provides a comprehensive summary of the primary eye-movement

direction. Panel B categorizes eye movements into EU-type and CC-type. The table includes p-values fromWilcoxon signed-rank tests comparing distinct eye movements. Standard deviations

are in parentheses. ∗∗∗ , ∗∗ , and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively. CC, component comparison; EU, expected utility.

TABLE 2 Variations in eye movement patterns by presentation format.

Panel A: summary of eye-movement patterns

Vertical

presentation

24.3%

(5.4%)

17.8%

(4.7%)

24.1%

(8.1%)

23.1%

(5.7%)

4.7%

(1.8%)

6.1%

Horizontal

presentation

29.6%

(6.7%)

22.7%

(5.8%)

20.1%

(7.1%)

17.4%

(4.4%)

4.6%

(2.0%)

5.7%

(2.0%)

Observations 50 50 50 50 50 50

Panel B: decision-related classification of eye movements

CC type EU type p-value CC w/o 1st EU w/o 1st p-value

Vertical

presentation

42.1%

(7.0%)

47.1%

(7.3%)

0.026∗∗ 39.1%

(7.5%)

49.5%

(7.8%)

0.000∗∗∗

Horizontal

presentation

37.4%

(6.8%)

52.3%

(7.6%)

0.000∗∗∗ 39.2%

(7.7%)

49.7%

(9.2%)

0.000∗∗∗

p-value 0.000∗∗∗ 0.000∗∗∗ 0.866 0.332

Observations 50 50 50 50

This table presents variations in eye movement patterns for individual subjects by task presentation treatment. Panel A provides a comprehensive summary of the primary eye-movement

direction. Panel B categorizes eye movements into EU type and CC type. The table includes the p-values from Wilcoxon signed-rank tests comparing distinct eye movements. Standard

deviations are in parentheses. ∗∗∗ , ∗∗ , and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively. CC, component comparison; EU, expected utility.
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TABLE 3 Variations in eye-movement patterns by treatment.

CC type EU type p-value

Vertical presentation

Difficult 44.3% 45.4% 0.851

(7.2%) (8.2%)

Easy 40.3% 48.4% 0.000∗∗∗

(7.4%) (7.3%)

Horizontal presentation

Difficult 40.8% 48.9% 0.000∗∗∗

(7.2%) (8.9%)

Easy 34.2% 55.4% 0.000∗∗∗

(7.0%) (7.8%)

Observations 50 50

This table presents variations in categorized eye movements by treatment, including the p-

values from Wilcoxon signed-rank tests. Standard deviations are in parentheses. ***, **, and

* denote statistical significance at the 1%, 5%, and 10% levels, respectively. CC, comparison

component; EU, expected utility.

without the first eye movement (Supplementary Table S5, Panel B).

While it is still the case that there are significantly more EU-type

eye movements for both the vertical and horizontal treatments,

there is no longer a significant effect of presentation on either

CC-type or EU-type eye movements. This is consistent with the

hypothesis that, because English has a “left to right” reading

format, participants’ first eye movements are biased toward being

horizontal. Results for only the first eye movement are found in

Supplementary Table S5, Panel A.

Excluding the first eye movement did not significantly change

the frequency of CC-type and EU-type eye movements—we still see

significantly more (Wilcoxon, p = 0.00) and a decrease in EU-type

eye movements (p = 0.00) in the more difficult blocks. However,

after excluding the first eye movement, the effect of presentation

style is no longer significant (Wilcoxon, p = 0.87 for CC-type eye

movement and p = 0.33 for EU-type eye movement). This suggests

that the variation in eyemovements for different presentation styles

is primarily driven by the participants’ initial eye movement, which

typically follows a pattern from the upper left to the upper right.

Consequently, when the presentation style is horizontal, there is an

initial tendency toward EU-type eye movements, whereas a vertical

presentation prompts an initial CC-type eye movement.

Next we consider whether task difficulty and presentation

format interact to affect eye-movement patterns (Table 3). While

a Wilcoxon signed-rank test shows no difference in the frequency

of CC-type versus EU-type eye movements when difficult lottery

choices were presented vertically (p = 0.851), EU-type eye

movements increase when easy lottery choices are presented

vertically (p = 0.000). Repeating this analysis for the horizontal

presentation cases, we find that participants have significantly more

CC-type eye movements when lotteries are difficult to calculate

(p = 0.000) and significantly more EU-type eye movements when

lotteries are easy to calculate (p = 0.000). These results are generally

consistent with the single treatment results reported earlier.

Because reaction times provide insight into a decision-maker’s

attention and processing speed, we next explore whether our

treatment variables had an affect on reaction times. As illustrated

in Figure 3, we find that calculation difficulty did not result in

an increase in reaction times (Kolmogorov–Smirnov test, p =

0.489). Horizontal presentation, by comparison, was associated

with decreased reaction times (Kolmogorov–Smirnov test p <

0.000). Because we designed our experiment to allow a sufficient

amount of time for participants to have a non-rushed exploration

of the information, we would not have predicted the difference in

reaction time by presentation style. However, because participants

knew the difficulty level but not the presentation style, the faster

reaction times in the horizontal treatment likely reflects lower

cognitive difficulty because the presentation matched the reading

style. If we had blocked our treatments differently, these results may

have been different.

In reviewing the results of this subsection, observe that

traditional models of decision-making such as expected utility

theory do not predict that either calculation difficulty or task

presentation affects decision-making. That these treatments do,

in fact, affect information collection patterns and reaction times

supports the importance of studying choice processes.

We summarize our results on the effects of calculation difficulty

and task presentation on the decision-making process as follows:

Result 1: horizontal task presentation is associated with

an increase in EU-type eye movements, while vertical task

presentation is associated with an increase in CC-type eye

movements.

Result 2: difficult-to-calculate gambles are associated with an

increase in CC-type eye movements and a decrease in EU-type

eye movements.

Result 3: horizontal task presentation is associated with faster

reaction times; however, there is no relationship between

calculation difficulty and reaction time.

3.2 E�ects of external manipulations on
decisions

In this section, we analyze the effect of our treatments on

participants’ decisions. We estimate the following mixed-effects

linear regression model:

Yi = β0 + β1 × Diffculti +β2 × Verticali +X′

iγ + ei,

where Yi is a variable indicating the choice (risky vs. safe lottery

or high EMV vs. low EMV lottery) for participant i. The indicator

variable Diffculti is equal to 1 when the choice occurs in the

difficult block and 0 otherwise, and the indicator Verticali is equal

to 1 (and 0 otherwise) when the lotteries are presented vertically.

X′

i is a vector of control variables that includes the difference in

EMV between that trial’s lotteries, whether the high-EMV option

is risky, and trial number. Finally, ei is a normally distributed

error term. Because our data involve repeated measurements from

participants, we use mixed-effects regressions that include both

fixed effects, capturing average relationships, and random effects,

which capture subject-level variation in the relationships between

the dependent and explanatory variables; errors are clustered at the

subject level (Harrison and List, 2004; Gelman and Hill, 2006).
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FIGURE 3

Smoothed Kernel Density of Reaction Time. The Kolmogorov–Smirnov test is used to detect whether the distribution functions are significantly

di�erent. ∗∗∗, ∗∗, and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively.

TABLE 4 E�ect of di�culty and vertical presentation on high-EMV choice.

(1) (2) (3) (4)

Variables High EMV High EMV High EMV High EMV

Difficult block 0.008 0.028 0.038

(0.015) (0.017) (0.016)

Vertical presentation −0.025∗ −0.005 0.015

(0.013) (0.019) (0.016)

Difficult× Vertical −0.038 −0.061∗∗∗

(0.023) (0.020)

EMV difference (High – Low) 0.077∗∗∗

(0.007)

High EMV is risky −0.180∗∗∗

(0.059)

Trial # 0.000∗∗

(0.000)

Constant 0.652∗∗∗ 0.668∗∗∗ 0.655∗∗∗ 0.654∗∗∗

(0.020) (0.017) (0.022) (0.036)

Observations 4,935 4,935 4,935 4,935

Number of subjects 50 50 50 50

This table reports mixed-effects regression estimation results for the effect of difficulty and vertical presentation on high-EMV choice. Columns (1) and (2) outline the effects of difficult

calculation and vertical presentation, respectively. Column (3) includes both variables and their interaction terms. In Column (4), we incorporate control variables, including the difference

between the high- and low-EMV options, whether the high EMV is the riskier choice, and the number of trials. Standard errors, clustered at the subject level, are reported in parentheses. ∗∗∗ ,
∗∗ , and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively. EMV, expected monetary value.

We begin by exploring whether calculation difficulty and task

presentation affect the frequency with which participants chose the

high-EMV gamble (Table 4). After including controls (Model 4),

the coefficient estimate for the interaction term Difficult× Vertical

is negative and significantly different from 0 (p < 0.05), indicating

that when calculations are difficult and the task presentation is

vertical participants chose the high-EMV option less frequently.

The probability of choosing the high-EMV lottery is increasing

in the difference between lottery EMVs (p < 0.01), suggesting

that the net effect of increasing (decreasing) the EMV of the high

(low)-EMV choice is that it is more (less) likely to be selected.

When the high-EMV gamble is also the risky gamble, it is less

likely to be chosen (p < 0.05). We also find a small but

significantly positive effect of trial number (p < 0.05), suggesting

Frontiers in Behavioral Economics 07 frontiersin.org

https://doi.org/10.3389/frbhe.2024.1321301
https://www.frontiersin.org/journals/behavioral-economics
https://www.frontiersin.org


Zhang et al. 10.3389/frbhe.2024.1321301

TABLE 5 E�ect of vertical presentation on high-EMV choice by calculation di�culty.

Di�cult Easy

(1) (2) (3) (4)

Variables High EMV High EMV High EMV High EMV

Vertical presentation −0.045∗∗∗ −0.045∗∗∗ −0.006 0.016

(0.016) (0.014) (0.019) (0.016)

EMV difference (High – Low) 0.097∗∗∗ 0.061∗∗∗

(0.010) (0.009)

High EMV is risky −0.151∗∗ −0.217∗∗∗

(0.060) (0.063)

Trial # 0.000 0.000∗

(0.000) (0.000)

Constant 0.683*** 0.667∗∗∗ 0.655∗∗∗ 0.694∗∗∗

(0.017) (0.038) (0.022) (0.038)

Observations 2,490 2,490 2,445 2,445

Number of subjects 50 50 50 50

This table reports the mixed-effect regression estimation results for the effect of vertical presentation on high-EMV choice by calculation difficulty. Columns (1) and (2) contain the effects

of vertical presentation in difficult blocks. Columns (3) and (4) contain the effects of vertical presentation in easy blocks. Standard errors clustered at the subject level are reported in the

parentheses. ∗∗∗ , ∗∗ , and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively. EMV, expected monetary value.

that participants became somewhat less risk averse during the

course of the experiment.

We also examined the effect of vertical presentation separately

in both the difficult and easy blocks (Table 5). In the difficult block,

vertical presentation makes it less likely that subjects will select

the high-EMV option (p < 0.01). In the easy block, however,

presentation has no significant effect.

The next group of results focus on whether participants chose

the riskier option (Table 6). There is a positive and significant effect

of calculation difficulty on choosing the risky option (p < 0.05). As

the EMV difference between gambles increases, the risky gamble is

more likely to be chosen (p < 0.01). In addition, if the high-EMV

gamble is the risky gamble, it is more likely to be chosen (p < 0.01),

and there is, again, a small but significant effect of trial number

(p < 0.05).

To evaluate the relationship between presentation format,

choice difficulty, the characteristics of each lottery choice pair,

and participant choices, we performed additional mixed-effects

regression analyses, again using “Risky Choice” and “High

EMV Choice” as dependent variables (Supplementary Tables S6,

S7). The explanatory variables are the difference in payoffs

between the risky and safe lotteries (1Payoff), the difference in

probabilities between the risky and safe lotteries (1Probability),

the EMVs of the lotteries (EMV of Risky and Safe option

when the dependent variable is “Risky Choice” and EMV of

High or Low option when the dependent variable is “High

EMV Choice”). We included indicators for the difficult and

vertical treatments, their interactions with each other and with

the lottery characteristics, and the trial number. The results of

the analysis are largely consistent with our previous results.

We find that participants are more likely to choose the risky

gamble (p < 0.05) in difficult blocks (Supplementary Table S6,

Models 1 and 3). Interestingly, this pattern seems to result

from participants placing increased weight on the EMVs of

the lotteries (Models 2 and 4). The results might indicate

that the evaluation of the information collected is different

in the difficult condition, in addition to our results that the

information collection process is different. Additionally, when the

dependent variable is whether participants chose the high-EMV

gamble (Supplementary Table S7), the coefficient on the Difficult

× Vertical indicator variable is negative and significant, which

suggests that within difficult blocks, vertical lottery presentations

decrease the frequency with which participants selected the high-

EMV gambles (p < 0.01).

In summary, we find that when calculations are more

difficult, participants are more likely to choose the high-EMV

and risky options. Furthermore, high-EMV choices are less

frequent in the difficult condition when the lottery presentation

is vertical. As demonstrated in the previous section, participants

also have more CC-type eye movements in the difficult and

vertical conditions. Our findings are consistent with previous

lottery choice studies that controlled whether participants could

view EU-type or CC-type information (Aimone et al., 2016b;

Mittone and Papi, 2020). These studies found that in the EU-

type information treatment, participants chose lotteries with

the highest payoff options, which also had higher risk. Our

results on computational difficulty are not consistent, however,

with other work finding that increasing computational difficulty

(Arieli et al., 2011; Aimone et al., 2016a) or cognitive load

(Deck and Jahedi, 2015; Deck et al., 2021) leads to a decreased

willingness to accept risk.5 The next subsection directly explores

the link between the decision-making process and participant

decisions.

The results in this subsection can be summarized as follows:

5 However, see Ball et al. (2023), who did not replicate the results of Deck

and Jahedi (2015).
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TABLE 6 E�ect of di�culty and vertical presentation on risky choice.

(1) (2) (3) (4)

Variables Risky Risky Risky Risky

Difficult block 0.037∗∗ 0.040∗∗ 0.036∗∗

(0.015) (0.020) (0.017)

Vertical presentation 0.017 0.019 0.011

(0.015) (0.021) (0.019)

Difficult× Vertical 0.007 0.010

(0.023) (0.019)

EMV difference (Risky – Safe) 0.076∗∗∗

(0.007)

High EMV is risky 0.210∗∗∗

(0.024)

Trial # 0.001∗∗

(0.000)

Constant 0.475∗∗∗ 0.485∗∗∗ 0.465∗∗∗ 0.242∗∗∗

(0.032) (0.032) (0.037) (0.038)

Observations 4,985 4,985 4,985 4,985

Number of subjects 50 50 50 50

This table reports the mixed-effect regression estimation results for the effect of difficulty and vertical presentation on risky choice. Columns (1) and (2) outline the effects of computational

difficulty and vertical presentation, respectively. Column (3) includes both factors and their interaction term in the regression model. In Column (4), we incorporate control variables, including

the difference between the risky- and safe-EMV options, whether the high EMV is the riskier choice, and the number of trials. Standard errors clustered at the subject level are reported in the

parentheses. ∗∗∗ , ∗∗ , and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively. EMV, expected monetary value.

Result 4: the high-EMV lottery is chosen less often when the task

is presented vertically and gambles are more difficult to evaluate.

Result 5: the risky lottery is chosen more often when gambles

are more difficult to evaluate.

3.3 Relationship between the
decision-making process and decisions

In the preceding sections, we evaluated the effect of our two

treatment variables on eye-movement patterns and choices. We

now test links between participants’ choices and their choice

processes. For our choice process measure, we rely on the Payne

Index (Payne, 1976; Payne et al., 1993). The Payne Index normalizes

the difference between EU-type and CC-type eye movements by

the total number of (nondiagonal) saccades. We calculate the mean

Payne Index for each participant i as Paynei =
∑T

t=1
EUit−CCit
EUit+CCit

,

where T = 100 is the number of choices per participant (after

dropping the check trials). The values EUit and CCit thus represent

the number of EU-type and CC-type eye movements for a given

participant in a given round. We then create the indicator variable

EU Type = 1(Paynei > mediani∈NPaynei), which is equal to

1 if Paynei is greater than the median Payne Index over the N

participants and 0 otherwise. A Payne Index closer to −1 indicates

that participants make more CC-type eye movements, while a

Payne Index that is closer to 1 indicates that participantsmakemore

EU-type eye movements.

In the analyses in Table 7, the dependent variables are

indicators for “Risky Choice” (1 if participants chose the risky

lottery, otherwise 0; Table 7, Panel A) and “High-EMV choice”

(1 if participants chose the lottery with greater EMV, otherwise

0; Table 7, Panel B). The explanatory variables are “EU type,”

defined as earlier, the difference in payoffs between the risky

and safe lotteries (1Payoff), the difference in probabilities

between the risky and safe lottery, the EMVs of the lotteries

(risky and safe for when the dependent variable is “Risky

Choice”; high or low when the dependent variable is “High-

EMV Choice.” We included interaction terms between the

indicator for EU-type behavior and the characteristics of

the choices. In addition, we also include indicators for the

difficult and vertical treatments, and their interaction, and the

trial number.

In our base model, Model 1, the task-specific variables are all

associated with the decision, but there is no direct effect of the EU

type choice process variable. Model 2 interacts “EU type” with the

trial-specific payoff and probability differences and the EMVs of

the gambles. High EU type participants had a significantly lower

influence of differences in payoff (p < 0.1) and probability (p <

0.01) on choosing the risky option. Model 3 introduces controls

for the difficult and horizontal display conditions, their interaction,

and the trial numbers. Importantly, the introduction of these

controls confirms the robustness of the results, as the coefficient

estimate for 1Probability × EU type is virtually unchanged from

Model 2.

The equivalent analyses in Models 4 through 6, where the

dependent variable is whether the participant chose the high-EMV

gamble, show similar main effects but only a marginally significant

interaction effect between the 1Payoff variable and the EU type

(indicator) variable.
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TABLE 7 E�ect of decision-making process on choice.

Panel A: risky choice Panel B: high-EMV choice

(1) (2) (3) (4) (5) (6)

EU type −0.016 −0.031 −0.031 −0.011 0.024 0.024

(0.061) (0.068) (0.068) (0.024) (0.033) (0.033)

1Payoff 0.008∗∗∗ 0.010∗∗∗ 0.010∗∗∗ 0.008∗∗∗ 0.011∗∗∗ 0.011∗∗∗

(0.001) (0.002) (0.002) (0.001) (0.002) (0.002)

1Probability 0.354∗∗∗ 0.531∗∗∗ 0.531∗∗∗ 0.436∗∗∗ 0.537∗∗∗ 0.538∗∗∗

(0.069) (0.096) (0.096) (0.079) (0.112) (0.111)

EMV (risky or high) 0.115∗∗∗ 0.114∗∗∗ 0.114∗∗∗ 0.057∗∗∗ 0.056∗∗∗ 0.056∗∗∗

(0.009) (0.013) (0.013) (0.009) (0.012) (0.013)

EMV (safe or low) −0.154∗∗∗ −0.147∗∗∗ −0.148∗∗∗ −0.078∗∗∗ −0.071∗∗∗ −0.072∗∗∗

(0.012) (0.014) (0.014) (0.011) (0.015) (0.016)

1Payoff× EU type −0.005∗ −0.005* −0.005∗ −0.005∗

(0.002) (0.002) (0.003) (0.003)

1Probability× EU type −0.354∗∗∗ −0.356∗∗∗ −0.204 −0.208

(0.128) (0.127) (0.154) (0.154)

EMV (risky or high)× EU type 0.002 0.003 0.002 0.003

(0.018) (0.018) (0.018) (0.018)

EMV (safe or low)× EU type −0.013 −0.014 −0.013 −0.014

(0.023) (0.023) (0.023) (0.023)

Difficult 0.044∗∗ 0.044∗∗

(0.018) (0.017)

Vertical 0.010 0.016

(0.018) (0.017)

Difficult× Vertical 0.013 −0.064∗∗∗

(0.018) (0.020)

Trial# 0.001∗∗ 0.000∗

(0.000) (0.000)

Constant 0.602∗∗∗ 0.610∗∗∗ 0.542∗∗∗ 0.671∗∗∗ 0.654∗∗∗ 0.633∗∗∗

(0.046) (0.048) (0.054) (0.021) (0.022) (0.028)

Observations 4,985 4,985 4,985 4,935 4,935 4,935

Number of subjects 50 50 50 50 50 50

This table reports the mixed-effects regression estimation results for the effect of the decision-making process on risky choice and high-EMV choice. Columns (1) and (4) contain the effects of

the subject-level EU type indicator and the lottery characteristics, respectively. Columns (2) and (5) include interaction terms. Columns (3) and (6) include treatment indicators, their interaction,

and trial numbers. Standard errors clustered at the subject level are reported in parentheses. ∗∗∗ , ∗∗ , and ∗ denote statistical significance at the 1%, 5%, and 10% levels, respectively.

EU, expected utility; EMV, expected monetary value.

In the Supplementary Table S8, we report the results of an

alternative regression specification that uses the mean Payne

Index for each participant rather than the EU type median split

indicator. The results are qualitatively similar: the interaction

between 1Payoff and the Payne Index is significant at the 5%

level when the dependent variable is choosing the risky option.

In addition, participants with greater Payne Indices appear to put

lower weight the EMVs of safe (low) gambles when the dependent

variable is “Risky Choice” or “High-EMV Choices.” These results

are consistent with the previous conclusion that participants with

greater Payne Indices (indicating more EU-type eye movements)

weigh EU-type information more relative to CC-type information.

Thus, our final results on the relationship between the decision-

making process and outcomes follow:

Result 6: participants with higher than median Payne Indices

place greater weight on EU-type information in making risky

choices.

4 Discussion

This study uses choice process data to provide insights into

the dynamics of the risky decision-making process. Our approach

combines methods from neuroscience, psychology, and economics,

which enables a more complete understanding of the decision-

making process. By examining a broader range of choice process

and decision-making data, this research advances the ability to

identify underlying mechanisms governing risky choice. This
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holistic approach contributes to the broader discourse on the

integration of interdisciplinary methodologies in decision-making

research (Fehr and Rangel, 2011).

A key finding of this work is the susceptibility of behavioral

patterns to the complexity of calculations and task presentation

formats. This implies that information collection and decision-

making procedures are not fixed but rather adaptive, with

individuals transitioning between expected utility and component

comparison information collection procedures as external

circumstances change. This finding challenges the assumption of a

rigid decision-making framework and underscores the importance

of factors beyond payoffs and probabilities when analyzing the

risky choice process. In recent work using a task where participants

could only view the payoff and probability for one of two lotteries

at a time, participants were relatively more likely to choose the

riskier lottery than when all information about both lotteries

was available (Aimone et al., 2016b; Mittone and Papi, 2020). In

other words, when a decision-maker’s process is constrained, their

decisions may be altered, a result that is consistent with the current

study.

The influence of information presentation styles on decision-

making processes, in particular, that horizontal presentation is

associated with an increase of EU-type eye movements as well as an

increased likelihood of selecting the high-EMV gamble is another

important finding of this research. The distinction between vertical

and horizontal lottery displays provides valuable insights into the

role of reading habits and visual processing in risk assessment. This

finding resonates with existing literature emphasizing the impact of

presentation format on cognitive processing and decision outcomes

(Dehaene et al., 1999; Trbovich and LeFevre, 2003). Recognizing

the significance of presentation format, particularly in contexts

where precise calculations are involved, can inform the design of

decision-support tools and interventions.
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