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Abstract

Background and Aims: Previous research has investigated the impact of diet on

cognition, but the focus has often been on general cognition. This paper reports on a

preregistered cross-sectional study aimed at testing for specific executive function

differences across individuals who self-reported one of four distinct dietary patterns:

No Diet, No Sugar, Vegetarian, or Mediterranean Diet pattern. Our hypotheses were

aimed at testing whether adherence to a specialty diet improved decision making rel-

ative to those who reported following No Diet.

Methods: We administered an incentivized Bayesian choice task to all participants. The

task involved multiple components of information—existing information (base rate odds)

as well as new information (sample draw evidence)—to allow a test of how these infor-

mation components were used in making probability assessments, and how this may dif-

fer by self-reported dietary pattern. Sample size, hypotheses, and analysis plans were all

determined ex ante and registered on the Open Science Framework. Multi-variate linear

and non-linear estimation methods were used to analyze the data.

Results: Our data failed to support our pre-registered hypotheses. In fact, we found

some evidence that self-reported adherence to a specialty No Sugar Diet was associated

with a reduced decision accuracy and was connected to an increased imbalance in how

the participant weighted the two available sources of information when making choices.

Conclusion: Our results suggest that decision making is nuanced among dietary

groups, but that short-term incentivized decisions in an ecologically valid field setting

are likely not improved solely by following promoted dietary patterns such as the

Mediterranean or Vegetarian diets.

K E YWORD S

Bayesian choice, decision making, dietary patterns, observational study

1 | INTRODUCTION

The ability to engage in high level cognitive thinking is beneficial for

decision making and adaptive reasoning, which can help one

incorporate multiple sources of information into a decision. Recent

studies between diet and cognition show that certain dietary patterns

not only improve physical health but affect brain function in a way

that results in higher-level thinking. This paper examines the impact of
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self-reported dietary patterns on decision making in a Bayesian choice

task that targets high-leveling reasoning skills useful in decision mak-

ing environments. We followed a pre-registered design, data collec-

tion, and analysis plan in our study, and we contribute additional

exploratory analysis as well.

The objective of using a validated Bayesian choice task in our

study was to test for specific executive function differences across

individuals following different dietary patterns. The health and disease

risk impact of certain dietary patterns have been consistently docu-

mented,1–3 but the evidence connecting diet and decision making is

scarce, since available research examines the general cognitive effects

of diet. There is a common perception that Western diets high in fat

and sugar may harm cognition,4 while vegetarian-based diets or Medi-

terranean dietary patterns may help improve cognitive functions.5,6 If

one looks more closely, however, the literature has been mixed regard-

ing evidence on dietary patterns and more general cognition.7–10 The

best evidence compiled from systematic reviews of the research sup-

ports the beneficial role that diets rich with plants, nuts, and berries

have on cognition. While a recent review of randomized controlled tri-

als found that the Mediterranean dietary pattern largely produced

insignificant cognitive effects,11 it was also reported that most robustly

designed studies reviewed suggested cognitive benefit associated with

the Mediterranean diet. Another comprehensive review concluded that

dietary patterns, specifically the Mediterranean diet, may improve cog-

nition due to the cumulative effects of several beneficial dietary ele-

ments.12 This paper aims to contribute to this literature by testing

outcomes for a specific type of decision making across samples of indi-

viduals who self-reported following no specific dietary pattern or self-

reported following a vegetarian, Mediterranean, or no-sugar dietary

pattern.

The Bayes task we study, which assesses how individuals incor-

porate two sources of information into a decision, has been shown

sensitive to the use of heuristics as a simple decision strategy,13 and

also shown sensitive to the effects of sleep deprivation or voluntary

sleep restriction.14,15 Sleep restriction has also been shown to harm

decision making predominantly in more complex decision environ-

ments.16,17 As such, the existing literature suggests we differentiate

between more vs less complex Bayesian stimuli in our analysis as well.

This study represents a merging of two previously separate literatures

by examining decision outcomes in a vetted and unique executive

function task across groups of participants who reported adherence

to different dietary patterns of interest.

1.1 | Hypotheses

Our hypotheses were pre-registered based on the existing literature

that has shown some possible cognitive benefits of more plant-based

or Mediterranean dietary patterns. While less evidence would suggest

similar cognitive benefits of sugar-free diets, we preregistered the

hypothesis that such a “no-sugar” diet would also improve perfor-

mance on the Bayesian task. We also anticipated any benefits would

be observed in a more difficult/complex Bayesian choice

environment, compared to more simple ones. Also, though response

times (RT) as a choice process measure must be examined with cau-

tion, we built upon the idea that deliberation (as opposed to more

automatic quick-thinking) is a longer response time decision pro-

cess.18 Finally, our fourth hypothesis involves estimation of a model

of decision making that assesses the decision weight one places on

the prior odds vs the evidence. A Bayesian decision maker is hypothe-

sized to place (equal) weight on both information sources, and our

analysis will model results across dietary patterns and compared to

previous results in the literature using this decision task.

Hypothesis 1. We hypothesize those who indicate

adherence to a Mediterranean, Vegetarian, or No Sugar

diet will make probability assessments (ie, Bayesian

probability estimates) that are significantly more accu-

rate than those indicating they do not follow any dietary

pattern. We hypothesize that the greatest effect of die-

tary pattern on Bayesian accuracy will be among those

following a Mediterranean dietary pattern.

Hypothesis 2. Improvements in Bayesian accuracy by

those following the Mediterranean, No Sugar, or Vege-

tarian dietary patterns will be primarily observed in

more difficult Bayesian choice environments (eg, such

as those where the two sources of information regard-

ing the likely state of the world in the decision task

point to opposite states).

Hypothesis 3. More Bayesian accurate decisions will

be associated with longer task response times. This

will be most apparent in the more difficult Bayesian

choice trials.

Hypothesis 4. Those following a Mediterranean, No

Sugar, or Vegetarian dietary pattern will show more

Bayesian decision tendencies (eg, weighting both

sources of information in making choice), with the

greatest Bayesian tendencies being for those following

a Mediterranean diet.

2 | METHODS

2.1 | Survey and sample screening details

The methods used were preregistered on the Open Science

Framework (https://osf.io/472bg)19 to establish hypotheses, sample

sizes, variable specification, and analysis plans. When not describing

pre-registered hypotheses or analysis, we will refer to our analysis as

exploratory. The basic methodology was to imbed a decision task

within an online survey that would be administered to participants

who self-reported following one of three dietary patterns of interest

or self-reported no specific dietary pattern. All methods for data
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collection were carried out in accordance with the US Federal Policy

for the Protection of Human Subjects, and our procedures were

approved by the human subjects review board at Appalachian State

University.

Our sample was recruited from the Prolific subject pool

(prolific.ac), which is a service tailored for researchers as an alternative

to Amazon's mTurk platform for online research studies.20 One of the

benefits of Prolific is the availability of a variety of sample screening

options that allow the researcher to recruit custom samples based on

one or more criteria captured by Prolific in each participant's profile

with the service. Our inclusion criteria were: young adults between

20 and 45 years of age who were registered to take part in research

studies on the Prolific platform; those self-reporting one of the fol-

lowing dietary pattern: No Diet, No Sugar Diet, Mediterranean, or Vege-

tarian Diets were examined. The recruitment platform integrates

seamlessly with popular survey software platforms to allow one to

conduct online studies, such as our cross-sectional behavioral study,

with relative ease.

Self-reported dietary patterns were given in response to the

question “Do you currently follow any of the following diets?” for all

but the No Sugar Diet, which was assessed in response to the ques-

tion “Do you have any dietary restrictions?”—No Sugar Diet was not

an option in the Prolific screening of diets, but was listed in the

screening question for dietary restrictions (see Appendix S2 for survey

details). Participants were not aware that dietary pattern was a neces-

sary inclusion criterion for the study, which helped guard against mis-

reporting of one's dietary pattern when re-assessed in our survey to

ensure we obtained the desired sample. By custom screening for each

separate dietary pattern, we then targeted to recruit an approximately

equal sample size of n = 100 for each group. Along with a self-

reported dietary pattern, we elicited each participant's self-reported

“strength of adherence” to their reported dietary preference. There-

fore, our cross-sectional data set is observational regarding dietary

patterns, although there was no incentive to misrepresent one's self-

reported dietary pattern in our methodology. Rather, the protocol

with Prolific's custom sample screening is that a research study is only

offered to participants who meet all criteria set up by the researcher

for sample eligibility, and participants had no way of knowing what

participant characteristics may disqualify them from some studies but

make them eligible for others. Subjects were compensated for partici-

pation using a flat fixed rate ($2.40 for a study with an estimated

18-minute completion time) that met the Prolific platform's “fair-pay”
conditions, and an additional $1.00 bonus payment was offered as an

incentive for accuracy on a randomly selected trial from the Bayes

task described below. Appendix S2 contains the survey administered

to participants.

Our preregistered sample size plans for n = 100 participants from

each of the dietary groups was established based on an ex ante power

analysis of a single regression coefficient in a linear multiple regres-

sion using G*Power 3.1.9.2. With an assumed α = .05, a total sample

size of n = 400 participants has sufficient power (power of .80 as rec-

ommended for the social sciences) to identify small-sized effects on a

single variable of interest, and the sample size of n = 100 for each

dietary pattern subgroup is sufficiently powered to identify medium-

sized single coefficient effects (our sample size also implies sufficient

power for identifying interaction or moderating effects in the pooled

sample). We additionally note that our decision task presents 20 trials

of the Bayes task to each subject, which generates a panel data set of

repeated measures per subject that add statistical power to the

hypotheses testing.

2.2 | The Bayesian decision task

The decision task is based on the design from Grether13 that has been

modified and adopted by others in the literature.14,15,21 Assume two

boxes are each populated with three balls. As shown in Figure 1, the

LEFT box has two black and one white ball. Either the LEFT or RIGHT

box will be selected in a trial. The participant is not told which box is

selected for the current trail, but she is presented with two sources of

information with which to form beliefs regarding which box was

selected: the base rate or “prior odds” of either box being selected,

and the results from drawing five balls with replacement from the

chosen (but hidden) box. The prior odds were represented as

the chances out of six that either box would be selected, ex ante, and

this can be considered the initial information for that stimulus (trial).

The results of the five-ball sample draw can be considered the new

evidence presented to the participant for that stimulus. As shown in

Figure 1, the stimulus image offered a visually concise way to present

the information to the participant, and the task varies the information

on one or both dimensions across a series of 20 trials. In the original

task, the response elicitation was dichotomous in the sense that, for a

given set of prior odds and evidence, the participant was asked to

indicate which box was thought to have been selected for that trial.

Bayes rule can be used to calculate the actual posterior probability

that the LEFT box was used, given the prior odds and the new sample

evidence.

The task we administered differed slightly from the original task13

in that we elicited the participant's subjective view of how likely it

was that the LEFT box had been selected in that trial (ie, the “chances
out of 100” that the LEFT box was used), which we call “Left Assess”
� [0, 100]. The incentive bonus was paid to a participant if Left Assess

was within five above or below the true Bayesian probability on a ran-

domly selected trial, and participants were fully aware of this. Table 1

F IGURE 1 Bayes task stimulus. Example shows trial with Prior
Odds of LEFT Box = 1/6 and sample evidence of four black balls
drawn out of a sample draw (with replacement) of five total balls
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shows the specific combinations of prior odds and evidence we used

across the 20 total trials administered to each participant. The combi-

nations of prior odds and evidence allowed us to identify 14 of these

trials as “Hard” trials, which we defined as trials where the prior odds

and evidence pointed towards different conclusions. For example, if

the prior odds of the LEFT box were 4/6 (indicating the LEFT box is

more likely to be used) but the number of black balls drawn in the

sample evidence was 1 out of 5 (ie, a draw more likely if the RIGHT

box rather than the LEFT box is used, given the LEFT box is populated

with more black balls), then that stimulus is considered a “Hard” trial

because the two sources of information each point towards a differ-

ent box as more likely. The remaining six trials we considered “Easy”
trials because the two information sources point toward the same box

as being more likely (or, in the cases where the prior odds are 3/6, the

prior odds are uninformative and the evidence should dictate which

box is considered more likely to have been used). The 14 Hard trial

stimuli are shaded, and the Easy trial stimuli are unshaded, in Table 1.

Each subject saw the same set of stimuli, but the survey software

presented the stimuli in randomized order to each participant.

2.3 | Variables

The key dependent variables generated from the Bayesian task

include accuracy (Accuracy—at the participant and trial level) and two

constructed variables, Bin Accuracy and Left Choice. Bin Accuracy mea-

sure accuracy dichotomously in a way that allows more direct compar-

ison to previous research,14,15 and Left Assess is transformed into a

dichotomous measure, Left Assess, to allow our preregistered plan to

estimate a decision model similar to previous research—early studies

elicited a dichotomous choice of what one thought was the more

likely box used, as opposed to our modification to elicit a continuous

probability estimate in each trial. Specifically, we defined Left

Choice = 1 if Left Assess > 50 (Left Choice = 0 if Left Assess < 50). This

assumes that, had the participant been restricted to a dichotomous

selection of the LEFT or RIGHT box, one's choice would be dictated

by a subjective assessment of which box was more likely given the

available information. Our plan to focus on this constructed variable,

Left Choice, for the decision model analysis does not imply that we

failed to exploit our continuous probability assessment measure in

other analysis. For each trial for each participant, accuracy is defined

continuously based on the absolute difference between Left Assess

and the true probability for that trial (defined in the 0,1½ � interval),
given the base rate odds and the evidence:

Accuracy¼1� Left Assess=100ð Þ�True Bayesian Probabilityj j � 0,1½ �:

This continuous measure, Accuracy, is also used to construct Avg

Accuracy measures that average across all trials, or across the subset

of Hard or Easy trials. Accuracy will also be used in analysis by consid-

ering the data as a panel of 20 trials per participant. We also

preregistered our plan to construct the binary measure of accuracy,

Bin Accuracy, which equals 1 if the individual correctly identified the

Bayesian more likely outcome. For example, if the true Bayesian prob-

ability of the LEFT box on a given trial was 0.64 and Left Assess for

that participant on that trial was between 51 and 100, then we set Bin

Accuracy = 1 (otherwise, Bin Accuracy = 0). While this constructed

variable wastes some information, it allows a direct comparison to

past research. The dichotomous dependent measures, Bin Accuracy

and Left Choice, were preregistered as our way to conduct analysis

replicating previous studies that have used this task, which helps

relate our results to a broader literature.

Regarding covariates measures collected in the study, we

obtained data on age, gender, cognitive measures, and dietary pattern

descriptors. In addition to Age and Female (=1) as controls, we cap-

tured measures intended to described the cognitive reflection style of

TABLE 1 Experimental design—Bayesian probability of box A (Bpr) given base rates and evidence (#stimuli per odds-evidence combination
shown in parenthesis)

Evidence in favor of LEFT Box (has 2 black balls 1 white ball)

Prior Odds of LEFT
Box Selection Black Balls = 0 Black Balls = 1 Black Balls = 2 Black Balls = 3 Black Balls = 4 Black Balls = 5 Total n

0/6 Bpr = 0.00 1

1/6 Bpr = .29 Bpr = .62 Bpr = .86 3

2/6 Bpr = .20 Bpr = .50 Bpr = .80 Bpr = .94 4

3/6 Bpr = .11 Bpr = .33 Bpr = .67 Bpr = .89 4

4/6 Bpr = .06 Bpr = .20 Bpr = .50 Bpr = .80 4

5/6 Bpr = .13 Bpr = .38 Bpr = .71 3

6/6 Bpr = 1.00 1

Total n 3 3 4 4 3 3 TOTAL STIMULI = 20

Note: Of the total possible combinations of prior odds and evidence, the indicates cells show the stimuli used and the Bayesian probability (Bpr) of that
particular “Evidence” and “Prior Odds” combination for the stimulus. We classified 14 Hard (shaded) and six Easy (dashed border) trials among the set of
20 stimuli presented to each participant. Two degenerate choices (the extreme probabilities of 1 and 0) should constitute an “easy” choice for one fully
understanding the task, but we employed the convention to label as “Hard Trials” those trials where the evidence and the prior odds point to opposing
boxes (eg, Evidence indicated a more likely LEFT box used, but the Prior Odds indicated a more likely RIGHT box used). This is a more defensible
categorization of Hard vs Easy trials given our modification of the task to elicit probabilities rather than a dichotomous response of Left or Right (in which
case Bayesian probabilities closer to .50 indicate more difficult dichotomous choices, as categorized in Reference 15).
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the individual (CRT score) and sleep measures that may help describe

one's cognitive state, Last Week Avg Sleep and Sleepiness. CRT score is

the individual's outcome � [0, 6] on a six-item version of the cognitive

reflection test22 that measures one's style of thinking (high scores

indicate more reflective and less impulsive thinking style). Sleepiness

has been formally examined in the context of sleep deprivation for its

impact on Bayesian decision making in this specific task,14 and so we

included the commonly used nine-item Karolinska sleepiness scale as

a measure of current subjective sleepiness.23 Additionally, we elicited

a self-report in the survey for one's average nightly sleep level over

the prior week, Last Week Avg Sleep. Dietary pattern was further

described with the variables Stick-to-Diet, which measured one's self-

reported strength of adherence to the dietary pattern indicated, and

Supplements (=1) if the individual self-reported taking dietary supple-

ments. Finally, we preregistered plan to collect response times (RT)

data on each decision trial, which allowed us to test our Hypothesis 3.

Participants were identified by the dietary pattern by use of indi-

cator variables. Specifically, we constructed four dichotomous vari-

ables whose values would equal l (otherwise, 0) to identify the dietary

pattern of the participant: No Diet, Mediterranean Diet, Vegetarian Diet,

and No-Sugar Diet. In the analysis that follows, we typically used the

No Diet group as the reference category for our analysis. Importantly,

the recruitment procedure was such that participants did know that

dietary pattern was the reason they were invited into the study. The

Prolific platform simply makes available studies for which the partici-

pant is eligible, and they choose to accept of decline participation.

This helps minimize selection bias in the sense that participants did

not report a particular dietary pattern just to gain eligibility to our

study.

2.4 | Statistical methods

Differences in covariate measures by dietary group were examined

in pairwise group comparisons using nonparametric proportions

tests or Mann-Whitney median tests. We conducted analysis using

both parametric and nonparametric methods to assess accuracy and

response times from the task. Mann-Whitney nonparametric tests

were used to compare Avg Accuracy, Bin Accuracy, and RT on Bayes

task stimuli by dietary group. Parametric analysis involved multivari-

ate analysis with different levels of covariate controls. In this analy-

sis, some models included a control for the participant's average

response time, Avg RT, as an independent measure predicting Avg

Accuracy. This parametric analysis was conducted at the participant

level, pooling outcomes across all trials for each participant, to

examine Avg Accuracy as a function of dietary group. Analysis was

conducted on all trials, as well as on subsets of Hard or Easy trials.

Analogous panel data estimations were conducted on the trial-level

data to model and test for determinants of Accuracy. In these

instances, errors were clustered at the level of the participant to

account for the panel nature of the data set (ie, 20 trials per partici-

pant: 14 Hard, six Easy trials).

Decision models were estimated using nonlinear probit analysis

to predict the likelihood a participant chose the LEFT box as the

more likely box, as a function of the base rate odds in favor of the

LEFT box and the sample evidence likelihood of coming from the

LEFT box. Here, we excluded trials for which Left Assess = 50 (this

excludes 627 observations, or approximately 7.6% of the data, from

the decision model analysis). Though we did not preregister our plan

to do exclude these observations, it is clear that Left Choice is not

uniquely defined when Left Assess = 50. All models were estimated

with differing sets of covariates. Dietary group indicators entered in

as independent variables in analysis of Accuracy and Left Choice.

However, because Hypothesis 4 implies a test of decision weights

by dietary group, we also estimated decision models predicting Left

Choice on each separate dietary group. In general, our sensitivity

analysis involved comparing accuracy both at the subject and trial

level, across Hard vs Easy vs Pooled trials, and using models with

and without additional covariates. Similarly, decision model sensitiv-

ity analysis involved the estimation of models with and without

additional covariates, and on pooled (all trials) data as well as sub-

sets of Hard and Easy trials data.

TABLE 2 Summary statistics

Variable No diet Mediterranean diet Vegetarian diet No sugar diet

Age Mean: 26.827
sd: 5.744

Mean: 28.077
sd: 6.601

Mean: 29.130
sd: 6.440

Mean: 32.505
sd: 6.574

Female (=1) Number (prop)
37 (33.636)

Number (prop)
43 (41.346)

Number (prop)
85 (78.704)

Number (prop)
53 (50.476)

CRT score Mean: 3.700
sd: 2.057

Mean: 3.250
sd: 2.075

Mean: 3.426
sd: 1.987

Mean: 3.229
sd: 2.075

Stick-to-Diet Mean: 5.891
sd: 1.941

Mean: 6.548
sd: 1.461

Mean: 8.065
sd: 1.536

Mean: 6.676
sd: 1.542

Supplements (=1) Number (prop)
23 (20.909)

Number (prop)
23 (22.115)

Number (prop)
51 (47.222)

Number (prop)
38 (36.190)

Last week avg sleep Mean: 7.355
sd: 1.163

Mean: 7.337
sd: 1.092

Mean: 7.456
sd: 1.200

Mean: 7.096
sd: 1.336

Sleepiness Mean: 4.036
sd: 1.781

Mean: 3.904
sd: 1.862

Mean: 3.907
sd: 1.748

Mean: 4.019
sd: 1.819

Total participants (passed attention check) 110 (106) 104 (100) 108 (105) 105 (101)

Note: Of these total 427 participants, analysis was conducted on the n = 412 who passed the attention check within the survey (as was preregistered).
Abbreviations: number, number of participants; prop, proportion; sd, standard deviation.
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3 | RESULTS

At the time of the study (April 1–3, 2020) the overall participant pool

in Prolific was reported as n = 148 043 individuals. Within the desired

age range, those eligible with the desired dietary patterns were: No Diet

(n = 48 757); No Sugar Diet (n = 671); Mediterranean Diet (n = 3938);

Vegetarian Diet (n = 3938). Our final sample size by dietary preference

was: No Diet (n = 110), Mediterranean or “Medit” Diet (n = 104), Vege-

tarian or “Veggie” Diet (n = 108), and No-Sugar Diet (n = 105). Table 2

shows the summary statistics on key individual-specific control mea-

sures that will be used as independent variables in our analysis. Differ-

ences across mean or median values in paired comparisons of dietary

pattern samples were tested using the two-sample proportions test for

dichotomous indicators Female and Supplements, or Mann-Whitney

tests for other variables. We report no significant differences in CRT

score, Last Week Avg Sleep, or Sleepiness in any of the six paired compar-

isons across dietary group samples (P > .05 in each instance). Some dif-

ferences across samples were found regarding Age, Female, Stick-to-

diet, and Supplements. Regarding Age, participants were younger in No

Diet compared to both Veggie Diet and No Sugar Diet participants

(P < .01 in both tests), and both Medit Diet and Veggie Diet participants

were younger than in No Sugar Diet (P < .01 in both tests). Proportions

of Female participants were different in all pairwise sample compari-

sons (P < .05 or better) except in comparisons of No Diet vs Medit Diet

and Medit Diet vs No Sugar Diet (P > .05). The most stark characteristic

difference is perhaps the significantly higher proportion of Female par-

ticipants in the Veggie Diet group compared to others.

Comparisons of differences in adherence to dietary preference

and the use of dietary supplements was also present across our sam-

ples. Specifically, all participant in the specialized dietary categories

(Medit, Veggie, and No Sugar) reported stronger adherence to their die-

tary choice than did the No Diet group (P < .01 in each test)—for the

No Diet group, non-adherence was presented to participants as a situ-

ation where one might try out different specific dietary patterns or

follow what friends are doing. Also, those in the Veggie Diet sample

reported a stronger adherence to the dietary pattern than did those

either in the Medit Diet or No Sugar Diet groups (P < .01 in each test).

Finally, regarding the use of dietary supplements, the proportion of

participants in No Sugar and Veggie Diet who reported taking supple-

ments was higher than with No Diet or Medit Diet participants (P < .01

for each test). However, there was no significant difference in Supple-

ments between participants in Medit vs No Diet or Veggie vs No Sugar

Diet (P > .05 in each instance).

3.1 | Hypotheses 1 to 3 tests

The key hypothesis tests were conducted using multivariate regres-

sion analysis. Hypotheses 1 to 3 can each be evaluated using

participant-level data (pooling outcomes across trials) as well as

using trial-level data. We present evidence using both approaches, as

well as sensitivity analysis using alternative specifications. For trial-

level analysis, the panel data set includes 20 trials per participant

(14 Hard, six Easy). For this analysis 15 participants (3.5% of the

TABLE 5 Trial-level analysis of Bayesian accuracy—All trials

Dep var: Accuracy� [0,1]
All trials (20 trials per subject)

Independent variable
(1)
Coef (SE) [P-value]

(2)
Coef (SE) [P-value]

(3)
Coef (SE) [P-value]

Constant 0.758 (.010) [.000] 0.720 (.042) [.000] 0.718 (.043) [.000]

No Sugar Diet (=1) �0.033 (.011) [.003] �0.023 (.011) [.049] �0.022 (.011) [.051]

Medit Diet (=1) �0.020 (.012) [.088] �0.014 (.012) [.226] �0.014 (.012) [.222]

Veggie Diet (=1) �0.013 (.011) [.261] �0.008 (.012) [.527] �0.008 (.012) [.529]

Trial 0.001 (.000) [.016] 0.001 (.000) [.016] 0.001 (.000) [.009]

Response time (sec) - - 0.00007 (.000) [.088]

Age - �0.001 (.001) [.172] �0.0009 (.001) [.170]

Female (=1) - �0.007 (.008) [.294] �0.008 (.008) [.294]

CRT score - 0.010 (.002) [.000] 0.010 (.002) [.000]

Stick to Diet - 0.001 (.002) [.571] 0.001 (.002) [.572]

Supplements (=1) - 0.007 (.008) [.401] 0.007 (.008) [.398]

Last Week Sleep level - �0.0003 (.004) [.940] �0.0003 (.000) [.925]

Sleepiness - 0.003 (.002) [.076] 0.003 (.002) [.074]

n 8240 8240 8240

Wald (Χ2) test 14.50 [.006] 56.17 [.000] 58.68 [.000]

R2 (overall) .0035 .0149 .0156

Note: Random effect generalized least squares estimates with error clustered at the subject level (412 clusters). P-values given are for two-tailed tests

(one-tailed tests appropriate for preregistered hypotheses).

Abbreviation: SE = standard errors.
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sample) who failed the poison pill question in the survey were omit-

ted, resulting in a sample of n = 412 participants included in the anal-

ysis. Our preregistration plan included nonparametric tests of Avg

Accuracy and Bin Accuracy across dietary groups, for measures aver-

aged across all trials as well as averaged just across the subsets Hard

vs Easy trials. The results of these unconditional nonparametric tests,

which are supported by multivariate estimation results we report in

the main text, are given in Table S1.

Tables 3 to 6 show estimation results used to evaluate Hypotheses

1 to 3 at the participant-level as well as trial-level. Participant-level

specifications are used in Tables 3 and 4 to examine whether dietary

patterns significantly impact one's average level of Bayesian accuracy,

which involves an evaluation of the coefficient estimates on the dietary

pattern indicator variables (No Diet is the omitted reference group).

Table 4 estimates similar models with the inclusion of a control variable

for the Avg RT across trials (depending on the model, all trials, Hard tri-

als, or Easy trials), which is used to test Hypothesis 3. Regressions both

with and without additional control measures were also estimated.

Positive and significant coefficient estimates on No Sugar Diet, Medit

Diet, and Veggie Diet would support Hypothesis 1 in the models (1) and

(2). Hypothesis 2 would involve a comparison of these coefficient esti-

mates in the Hard vs Easy trial models of Tables 3 and 4. Our results

are robust and fail to support either Hypothesis 1 or Hypothesis 2.

There is no evidence in the pooled data (subject level) that individuals

in any of the specialized dietary patterns had average Bayesian accu-

racy that was higher than for those in the No Diet group. If anything,

Table 3 shows modest evidence that those following a No Sugar diet

had average Bayesian Accuracy levels that were lower than those from

the No Diet group, although this evidence fades in Table 4 when the

additional control for Avg RT is included in models (2), (4), and (6) that

include the full set of control measures. The positive and significant

coefficient estimates on Avg RT in Table 4 support the initial premise of

Hypothesis 3—longer Avg RT predicts increase Avg Accuracy in all types

of trials. However, it does not appear that this effect differs across Easy

vs Hard trials, which does not support the second component of

Hypothesis 3. Thus, we report partial support for Hypothesis 3.

We next turn to an evaluation of Hypotheses 1 to 3 using the

panel data set of trial-level observations. Here, the estimation results

in Tables 5 and 6 are from specifications similar to the participant-

All Trials

Hard Trials

Easy Trials

All Trials

Hard Trials

Easy Trials

-.06 -.04 -.02 0 .02

-.06 -.04 -.02 0 .02

No Sugar Diet Mediterranean Diet

Vegetarian Diet

Basic Controls

Controls + Trial & RT

Impact of Dietary pattern (relative to "no specific diet")
F IGURE 2 Accuracy Impact of
dietary pattern on Bayesian accuracy.
Coefficient estimates of Dietary
pattern indicator variables describing
Bayesian accuracy relative to the
reference group of “no specific
dietary pattern.” Point estimates
shown with 95% (thin line) and 90%
(thick line) confidence intervals for

models with varied specifications of
control variables and sample of trial
difficulty. Coefficient estimates are
from Tables 5 and 6 estimation
results

RT (seconds)

0 .0001 .0002 .0003

Binary

Trial control

Full controls (ALL Trials)

Full controls (HARD Trials)

Full controls (EASY Trials)

Impact of RT on Bayesian accuracy

F IGURE 3 Response time impact on accuracy. Coefficient
estimates shown are of the Response Time binary indicator variable in
the trial-level models of Accuracy. Point estimates shown with 95%
(thin line) and 90% (thick line) confidence intervals for models with
varied specifications of control variables and sample of trial difficulty.
See model 5 in Table 5 and models 3 and 6 in Table 6 for the “Full
controls” estimation results (full estimation results for the “Binary”
and “Trial controls” models available on request)
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level analysis, with the addition of a Trial (=1-10) control to account

for learning across trials, and Response Time (in model 3 of Table 5 and

models 3 and 6 of Table 6) of the trial used to evaluate Hypothesis 3.

These estimations are random effects generalized least squares esti-

mations with error terms clustered at the subject level to account for

the non-independence of the error term across trials for a given

participant.

Results in Tables 5 and 6 largely mirror the results found in the

pooled data analysis, which increases our level of confidence that we

have identified the true effects in our data, some of which are null

effects. Again, the evidence does not support Hypotheses 1 or 2 in

Tables 5 and 6, and there is marginal evidence in the most complete

specifications (P < .10) that No Sugar diet is associated with less accu-

rate Bayesian assessments compared to a No Diet individual. The find-

ings here are summarized in Figure 2, which shows the coefficient

plots of the impact of dietary pattern on Accuracy at the trial level

reported across the various specifications of Tables 5 and 6. Regard-

ing Hypothesis 3, because it is difficult to identify differences in

Tables 5 and 6 estimates of the RT coefficient given our rounding con-

vention, Figure 3 presents these in the form of coefficient plots. Here,

we display the RT estimates from model (3) of Table 5, and models

(3) and (6) of Table 6, along with estimates from two other simple

specifications, to further highlight our view of the Hypothesis 3 evi-

dence. While it is clear that larger values of RT for a trial predicted an

increased Accuracy in that trial, this beneficial effect of RT was not

significantly different across types of trials (Easy vs Hard). Thus, we

conclude partial support for Hypothesis 3, but we fail to find support

for Hypotheses 1 and 2 in our data.

Tables 3 to 6 also highlight some exploratory findings that were

not identified as hypotheses in our preregistration plans. For example,

we found robust support across Tables 3 to 6 that participants with

higher CRT score have higher Bayesian accuracy. This supports the

exploratory hypothesis that more reflective thinkers do better in

Bayesian decision environments. Also, the coefficient estimates on

the Trial variable in Tables 5 and 6 showed some support for the

exploratory hypothesis that participants learn over time and improve

accuracy across trials. While results regarding Sleepiness are less clear,

the trial-level estimation results in Table 6 models (2) and (3) indicated

that sleepier participants had higher accuracy than less sleepy participants

on Hard trials. This result is counter-intuitive, but may give an indication

of additional (and effective) compensatory effort expended in difficult

Bayesian choice environments when aware of one's sleepiness.

3.2 | Hypothesis 4 test

To estimate the Bayesian decision model for comparison with previ-

ous research, we first constructed the binary indicator, Left Choice,

which equals one if the participant's probably assessment, Left Assess,

was greater than 50 chances out of 100. This allows estimation of a

model based on the dichotomous Left Choice measure where results

can be directly compared to those in previous studies. The Bayesian

decision model follows Grether,13T
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Y�
it ¼ αþβ1 lnLR Lð Þtþβ2ln

PL
1�PL

� �
t

þμiþϵit: ð1Þ

Here, Y�
it is the subjective log odds in favor of the LEFT box in trial

t for subject i, which is a function of both evidence and base rate

information in favor of the LEFT box for that trial. The key indepen-

dent measures represent the base rate odds and evidence information

of that trial, and the econometric specification is based on the founda-

tion that one's subjective assessment of the event's likelihood,

according to Bayes' rule, is a function of one's base rate assessment

(the prior odds in our environment) and the new information (the sam-

ple evidence in our environment). In this choice setting, lnLR(L)t is the

“evidence” measure, which is defined as the log of the statistical likeli-

hood ratio of the LEFT box—this likelihood ratio is likelihood of

observing the sample evidence if the balls were drawn from the LEFT

box divided by the likelihood of observing that sample if the balls

were drawn from the RIGHT box. To capture the base rate odds of a

given trial, ln PL
1�PL

� �
t
is the log of the base rate odds ratio for the LEFT

box (pL is the prior odds that the LEFT box will be used for that trial.

Together, we will refer to lnLR(L) and ln PL
1�PL

� �
t
as the “Evidence” and

“Base Rate” variables, respectively. As noted in Grether (198), Y�
it is

typically not observed, and so the model can be estimated using

probit techniques, where the observable dependent variable Yit equals

one when Y�
it ≥0. We use our constructed variable, Left Choice, as the

dependent variable in the model for a more direct comparison of our

results with previous research. A Bayesian subject should place equal

weight on both sources of information in forming one's belief, though

a less strict interpretation of a Bayesian decision maker would simply

assess whether or not significant weight is placed on both sources of

information.

Table 7 reports marginal effects from the estimation of the basic

decision model (1), along with the results from specifications that include

main effect indicators for dietary categories and addition control vari-

ables from our previous regression specifications. The models are esti-

mated for all trials as well as exclusively for the subset of Hard and Easy

trials. Note that in the specifications given in Table 7, the coefficient esti-

mates on the dietary indicators are not a test of Hypothesis 4, as there is

no reason any particular diet should lead one to more likely indicate LEFT

box in a given trial. Table 7 estimations serve to replicate previous find-

ings that individuals weigh both the base rate odds and new evidence in

making their assessment of a more likely LEFT or RIGHT box used for

that trial. Results are consistent across the various specifications, with

the key information variable coefficient weights summarized in the coef-

ficient plots of Figure 4 (these are not marginal effects, but rather coeffi-

cient estimate plots that reflect the same qualitative differences as found

in the marginal effects). While significant (positive) decision weight is

placed on both sources of information, the overall tendency in the full

sample is to weight evidence more than base rates odds.

Table 8 shows the estimated marginal effects from the nonlinear

probit decision models for the separate subsamples of each dietary group.

The findings are unaffectedwhen controlling for additional covariates (see

Table S3 for these results). An alternative estimation approach would be

to pool the data and evaluateHypothesis 4 using interaction terms of each

dietary group with both the base rate and evidence variables. The

approach we take is one where we test the linear restriction that the

weight on the base rate and evidence variables are equal for each model.

Rejection of this null hypothesis indicates a significantly higher weight

placed on one or the other source of information. We have already docu-

mented limited evidence to support the hypothesis that dietary patterns

studied improve Bayesian accuracy relative to a No Diet group, but the

decision weight model provides additional insights. The one finding from

the earlier Hypotheses 1 and 2 tests was contrary to our expectation and

indicated that theNo Sugar group hadmarginally reducedAccuracy relative

Evidence weight

Base Rate weight

Evidence weight

Base Rate weight

0 .05 .1 .15 .2 0 .02 .04 .06 .08 .1 .12

0 .2 .4 .6 .8

ALL Trials HARD Trials

EASY Trials

Simple includes diet controls Full set of control variables

Estimated Decision Weights (Bayesian model)
F IGURE 4 Estimated decision
weights on base rates and evidence
information in Bayesian decision
model. Robustness analysis. X-axis
are scaled differently in each panel.
See Table 7 for marginal effect of the
coefficient estimates. Plots above
show coefficient estimates (not
marginal effects) on the information

variables for the specifications in
Table 7. Point estimates shown with
95% (thin line) and 90% (thick line)
confidence
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to the No Diet group, and so we continue to compare against the No Diet

group aswe interpret the Table 8 findings.

To summarize the Hypothesis 4 tests, Table 8 highlights the gen-

eral tendency for all dietary groups to place significantly more deci-

sion weight on the sample evidence relative to the base rate

information—see results of the Χ2 coefficient tests in models (1) to

(4) of Table 8 (also see Table S3). For Hard trials, we find no significant

differences in the estimated decision weights on base rate vs evidence

except for the No Sugar group, where a marginally significant greater

decision weight is place on the evidence. For Easy trials, we estimate

a statistically insignificant base rate on Easy trial from No Diet and No

Sugar diet participants, but the linear test of the weights on both

information sources fail to find evidence for statistically significant dif-

ferences in decision weights for any of the dietary preference types

(see Χ2 test results row shown in Table 8). This did not, however,

translate to differences in accuracy (see Tables 5 and 6). The data thus

failed to support Hypothesis 4 because all dietary groups over-

weighted the information in the pooled data estimates, and all placed

statistically equal decision weight on both sources of information in

Easy trials. Only in Hard trials is there some evidence that one dietary

group stands apart from the others—No Sugar participants were esti-

mated to continue overweighting evidence in Hard trials while other

dietary group participants were more Bayesian. Figure 5 shows the

coefficient plots for the simple specifications from Table 8. Figure 5

highlights the significant “All Trials” lesser weight placed on base rates

compared to evidence across all dietary groups.

4 | DISCUSSION

All groups achieved 70% to 80% accuracy across different trial types

in the Bayesian task, but we found no evidence to support our

preregistered hypotheses regarding accuracy improvements for those

following several more common dietary patterns. If anything, our evi-

dence suggests that following a No Sugar dietary pattern may harm

accuracy in the task relative to not following any dietary pattern.

Though research has attempted to document cognitive benefits of

certain dietary patterns, our data would not support the claim that the

dietary pattern itself makes any significant difference in one's ability

to perform this particular cognitive task (ie, incorporating multiple

sources of information into a decision).

In naturally occurring settings, individuals who pursue a particular

dietary pattern likely pursue other lifestyle choices that may be impor-

tant determinants of decision-making capacity in cognitive tasks such

as the Bayesian environment. It should also be noted that an

individual in our data set who self-reports a No Diet pattern may never-

theless consume healthy nutrients and/or be aligned in manyways with

healthier dietary patterns that have shown some positive impact on

cognitive outcome.12 Much of the current research has defined cogni-

tive outcomes in the context of more general metrics with a focus on

limiting cognitive decline the often occurs in the elderly. Younger adults

may be more resilient with respect to cognitive outcomes and dietary

choice, with cumulative effects only being observed later in life.T
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To the extent that previous studies have shown beneficial cogni-

tive effects of certain nutrients or dietary patterns, these studies differ

from ours in important ways. We examined outcomes on a specific

executive function task that involves a stricter focus on one particular

component of decision making (ie, the ability to integrate multiple

sources of information into a decision). Others have based conclusions

of diet-related cognitive benefits on more general assessments or more

multi-modal instruments (eg, the Mini-Mental State Examination) to

examine cognition, dementia, or age-related cognitive decline.9,12 We

do not claim that information processing is the only component of

executive function worth studying, but our selection of the Bayesian

task was aimed at isolating the information-integration component of

decision making. Other commonly used executive function tasks, such

as theWisconsin Card Sorting Task (WCST) or the Iowa Gambling Task

(IGT), involve multiple components of decision making or present con-

foundswithin the task. For example, theWCST assesses cognitive flexi-

bility but also abstract reasoning and strategic planning. The IGT is

considered a test of risk attitude by many, but unknown odds of a

“good” or “bad” card in a deck implies that environment is one of uncer-

tainty, not pure risk. Also, one may gain or lose money in the IGT, which

confounds assessment of risk in the gains vs loss domains. Both the

WCST and IGT tasks, as well as other executive function measures,

havemerit and contribute greatly to the literature. Our intent, however,

was to focus on one specific component of decision making important

for many consequential real-world choices, and our task stimulus very

simply presented all information in a way that would not also require

working memory. Additionally, previous related research on diet and

cognition typically has not incentivized one's performance on the cog-

nitive instrument(s), and so our use of monetary incentives for quality

decisions may have helped engage decision makers. Finally, recent

research has documented the neural correlates of this specific Bayes

task we used to be the bilateral executive function network, with both

distinct and overlapping regions contributing to decision making in this

particular task.20 Future research may wish to examine the extent to

which overlapping regions of neural activation may contribute to our

null result regarding dietary patterns not having strong effects on deci-

sionmaking in this particular task domain.

4.1 | Strengths and limitations

It is worth noting that our participants were first screened for self-

reported dietary pattern through the survey participant (Prolific) plat-

form. They were then offered to participant in our study blind to the

dietary pattern screening criteria, and this dietary pattern was then

re-assessed in our survey to verify that they matched the dietary pat-

tern inclusion criterion. Because the initial screening was based on

Prolific profile data gathered at an (unspecified) earlier point in time

relative to our study, the fact that we required the participant to again

pass the screening question in our survey indicates that we captured

individuals who self-reported the same dietary pattern at two different

points in time. This should increase our confidence in the validity of

the self-reported dietary patterns in our data. Because participant

enrolled in our study blind to the dietary pattern inclusion criteria, this

means it was not possible to self-report a particular dietary pattern

just to become eligible for our study. This should limit concerns over

the possibility of biased dietary pattern self-reports in our data set.

While we felt it important in our study to restrict our focus to youn-

ger adults (eg, given our sample size per dietary group), a similar study

focused on those at risk of age-related cognitive decline would be useful.

Also, a study with sufficient numbers of participants across a wider range

of ages would allow for a more systematic examination of whether age

Evidence weight

Base Rate weight

Evidence weight

Base Rate weight

0 .05 .1 .15 .2 .25 0 .05 .1 .15 .2

0 .5 1 1.5

ALL Trials HARD Trials

EASY Trials

No Diet No Sugar Diet

Mediterranean Diet Vegetarian Diet

Estimated Decision Weights--by Dietary Group
F IGURE 5 Evidence and Base
Rate weights effects (by Dietary
Group). X-axis are scaled differently
in each panel. See Table 8 for
marginal effects of the coefficient
estimates. Plots above show
coefficient estimates (not marginal
effects) on the information variables
for simple specifications (no controls)

in Table 8. Point estimates shown
with 95% (thin line) and 90% (thick
line) confidence. Results are
qualitatively similar if estimating the
models with the full set of control
variables, as seen in Table 8
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moderates any link between dietary pattern and Bayesian choice

(or whether any such moderating effect is linear or nonlinear). Future

research should consider the importance of socioeconomic variables

such as education and income level, while also considering innate cogni-

tive abilities. Additionally, other lifestyle factors such as exercise and

smoking status, or health indicators such as diabetes or BMI, were not

assessed in our survey and such factors may be associated with execu-

tive functioning. Consideration of such covariates in future research

would help eliminate confounds to more precisely identify the impact of

dietary patterns on key decision-making outcomes. We included a con-

trol for cognitive reflection style (CRT score), but future research could

also evaluate whether innate cognitive ability moderates any potential

connection between dietary pattern and decision making. One's cogni-

tive ability or style may also contribute to one's choice of dietary pattern,

although the evidence in our sample shows that no significant associa-

tion between CRT score and one's dietary pattern (either in binary or

with-controls regressions of CRT score on dietary pattern indicators,

P > .10 in all instances). Also, though we considered our focus on a spe-

cific and vetted high-level cognitive task to be an asset, others may pre-

fer examination of more general cognitive function measures.

Nevertheless, we hope our study will be a useful contribution to the liter-

ature in ways that have not been previously presented.

As an observational study, this research is subject to the usual

criticism that dietary intake was not experimentally varied and partici-

pants perhaps tracked over longer time periods. We also relied on

self-reported dietary pattern and did not collect data from food recall

or diary reports. Participants self-reported a relatively high adherence

to their dietary pattern (mean value of 6.79 ± 1.81 on a 1 to 9 scale of

adherence to dietary pattern), but we have no direct evidence on

these reports. Additional research with alternative methodologies is

needed to address these concerns. For this reason, we caution the

reader to view our results in the context of our methodology. While

these limitations exist, a strength of our data is that we generated a

reasonably sized sample of data on a specific cognitive task that

mimics a basic foundation of decision making (information updating),

and we did so with parallel samples of individuals reporting specific

dietary patterns of interest. Obviously, an experimental study is

needed to generate data without confounding factors that may affect

results. We captured subject-specific information on certain charac-

teristics that were used as co-variates in our estimation equations, but

such an econometric fix does not negate the fact that our data were

generated in a largely uncontrolled environment. The generalizability

of our key null findings can only be ascertained with additional

research that addresses some of these methodological limitations.

5 | CONCLUSION

This paper reported results from a pre-registered study of self-

reported dietary patterns and decision making in an incentivized

Bayesian decision task. The task is useful because it represents a

building block environment for many more complicated decisions that

involve the use of multiple information sources to make judgments.

Consistent with previous research13–15 participants weighted both of

the available information sources in making judgments. However, we

found little support for our ex ante hypotheses regarding how self-

reported No Sugar, Medit, or Veggie dietary patterns would improve

accuracy or lead to increased decision emphasis on both information

sources over a singular source. If anything, relative to those who

reported not following any specific dietary pattern, our data showed

some evidence that those following a No Sugar diet may be somewhat

less accurate in make Bayesian assessments in our task. While specu-

lative, the decision model results indicated these No Sugar participants

may be those who continued to overweight one source of information

in the more complex decision trials. More research is needed to speak

to this exploratory result. The one hypothesis for which we found par-

tial support was not related to dietary preferences, but we did find

support for our hypothesis that increased response times led to

improved Bayesian accuracy (Hypothesis 3). This may be an indicator

that a more deliberative thought process is in use when accuracy is

higher.

Our results contribute to the literature on diet and cognitive per-

formance. While more controlled studies are clearly needed, our find-

ings are more aligned with the view that dietary patterns have

negligible impact on decision making in precise tasks where incentives

for good decisions are present. This is not to say that there are not

clear and identifiable benefits of diet and certain nutrients on cogni-

tion, brain function, or overall well-being, but in ecologically valid set-

tings other factors may be equally important in short-term decision

quality. Related research on decision performance in settings with

tight experimental controls, as well as random assignment and objec-

tive measurement of dietary intake, is worth pursuing. These and

other questions are, for now, left to future research.
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