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Abstract

Unhealthful foods are convenient, ubiquitous, and inexpensive. Overconsumption of unhealthful
foods can result in disease states such as obesity and Type 2 diabetes. In addition to the
physiological consequences of unhealthful foods, research in rats has shown that diets high in
processed fat and sugar induce impulsive choice behavior. Research in humans has demonstrated a
link between metabolic health and impulsive choice, but most investigations have not included
diet. We investigated how dietary fat intake interacts with body fat percentage, fasting glucose,
insulin response, and systemic inflammation levels to predict impulsive choices in humans.
Participants were split into either Control (<35% calories from fat) or High-Fat (=40% calories
from fat) groups based on self-reported dietary intake, completed an impulsive choice task, and
underwent testing to determine their body fat, glucose, insulin response, and inflammation levels.
High-fat diets were not predictive of impulsive choices, but added sugar was predictive. Body fat
percentage was associated with impulsive choices only in the group who reported consuming high-
fat diets. In addition, fasting glucose was associated with impulsive choices in the control group.
Therefore, metabolic health and dietary fat intake interacted to predict impulsive choices. These
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findings indicate that knowledge of dietary patterns coupled with metabolic health markers may
help us better understand impulsive choices, thereby improving our ability to target individuals
who could benefit from interventions to reduce impulsive choice behavior, with the goal of
promoting more self-controlled food choices.
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Every day we make choices about the foods that we eat, including what we eat, how much
we will eat, and when we will eat. The way that we eat is not just a matter of preference; it
has large implications for our health. Diets high in processed fat and sugar are associated
with obesity, a health condition marked by an abnormally excessive amount of body fat that
is typically diagnosed using body mass index (BMI; Adab, Pallan, & Whincup, 2018;
Swinburn et al., 2011; Swinburn, Sacks, & Ravussin, 2009). Diets that are high in
unhealthful dietary components can lead to disrupted insulin responses and increased
inflammation (Esposito & Giugliano, 2006), and these dietary components may contribute to
chronic disease states such as Diabetes Mellitus and inflammatory diseases (Cordain et al.,
2005; Esposito & Giugliano, 2006).

Diet also influences brain and behavioral processes, indicated by changes in cognitive
functions. Mice and rats eating diets high in refined sugar and processed fats show neural
inflammation as well as learning and memory deficits associated with increased
inflammation in the brain (Davidson et al., 2013; Pistell et al., 2010). Additionally,
consuming diets high in fat and sugar induced impulsive choice in rats (Steele, Pirkle, Davis,
& Kirkpatrick, 2019; Steele, Pirkle, & Kirkpatrick, 2017).

Impulsive choices are typically measured by offering a smaller-sooner reward versus a
larger-later reward. Selecting the smaller-sooner reward when the larger-later reward is a
“better deal” is a more impulsive choice. It is thought that this decision-making process
occurs through delay discounting. Delay discounting occurs when the subjective value of a
reward is reduced as the amount of time to reward increases. Delay discounting is measured
as V= A/ (1 + kD), where Vs the subjective value of the reward, A is the amount of the
reward, Dis the delay to obtain the reward, and ks an individual’s discounting rate (Mazur,
2007; Odum, 2011). The value kis a measure of delay sensitivity, and higher & values are
associated with greater impulsive choices. As kincreases, the same delay D has a lower
subjective reward value V.

Previous studies have explored the relationship between impulsive choices, body fat, insulin
signaling, and inflammation. Individuals with obesity make more impulsive choices
compared to individuals of normal weight, especially when considering food choices
(Barlow, Reeves, McKee, Galea, & Stuckler, 2016; Bickel et al., 2014; Hendrickson,
Rasmussen, & Lawyer, 2015; Rasmussen, Lawyer, & Reilly, 2010; Schiff et al., 2015).
Insulin response and impulsive choices are also related. One study found that people who
had a reduced sensitivity to insulin were more impulsive (Eisenstein et al., 2015). This could
be problematic for individuals with an impaired insulin response, as many convenience
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foods are also high in sugar. Inflammation may also be a factor affecting impulsive choice.
Measuring inflammation using Interleukin-6, an inflammatory cytokine, has revealed that
the level of inflammation may be used to predict impulsive choices (Gassen et al., 2019).
Overall, body fat, insulin signaling, and inflammation are all affected by diet (Esposito &
Giugliano, 2006) and are each associated with impulsive choice behavior (Barlow et al.,
2016; Bickel et al., 2014; Eisenstein et al., 2015; Gassen et al., 2019; Hendrickson et al.,
2015; Rasmussen et al., 2010; Schiff et al., 2015).

There are also associations between diet and impulsive choices. Specifically, unhealthful
foods and fast food consumption have been associated with increased amounts of impulsive
choices (Dassen, Houben, & Jansen, 2015; Garza, Ding, Owensby, & Zizza, 2016). Foods
that are convenient and typically available at fast food restaurants are often high in fat and
calories (Isganaitis & Lustig, 2005). This can create a vicious cycle because the same types
of foods that induce obesity are typically more convenient. Therefore, someone with a
propensity to make impulsive choices may choose unhealthful options that could further
influence impulsive choice and contribute to obesity. There is a gap in the literature,
however, regarding how dietary intake and metabolic health markers may interact to predict
impulsive choices. The present study sought to address the lack of research in this area by
gaining an understanding of how dietary fat intake interacted with body fat percentage,
insulin signaling, and inflammation to predict impulsive choice behavior in humans. We
hypothesized that people who reported consuming a diet high in fat would be more
impulsive than people who reported consuming fat within the dietary guideline
recommendations. Further, we hypothesized that body fat percentage, insulin signaling, and
inflammation would interact with dietary fat intake to predict impulsive choice such that
people who consume a diet high in fat and have higher body fat percentage, disrupted insulin
signaling, or higher inflammation would be more impulsive.

Method

Participants

Sixty participants (68% Caucasian) were recruited through flyers and news releases in Riley
County, Kansas. A power analysis was performed for sample size estimation in GPower 3.0
based on Eisenstein et al. (2015) comparing how insulin secretion was related to impulsive
choice for obese and non-obese individuals in a hierarchical multiple linear regression. With
effect size =.17, alpha = .05, and power = .80, the projected sample size needed was
approximately 49 participants. Sixty participants were enrolled to ensure adequate power
given the large amount of variance in dietary measures. One of the eligibility criteria for
participation was that they enjoyed chocolate. Participants were screened for study
participation based on habitual diet and physical activity as described in the procedure
section. The sex, age, and physical activity characteristics of the groups are displayed in
Table 1. Participants were compensated with a dual-energy X-ray Absorptiometry (DXA)
scan ($250 value) plus $20 at the completion of the study.
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The overall procedure is depicted in Figure 1. The study was approved by the Institutional
Review Board at Kansas State University (Protocol #9418). Participants completed an online
screening and participated in two in-person testing sessions. As part of the screening
process, participants completed the informed consent form and the International Physical
Activity Questionnaire-Short Form (IPAQ-SF) electronically (Craig et al., 2003). Following
this initial online survey, participants completed the Automated Self-Administered 24-Hour
(ASA24) Dietary Assessment Tool for three days (two weekdays and one weekend day).
Participants were categorized into groups — Control (C) or High-Fat (HF) — based on the
percentage of calories consumed from fat. After collecting 30 responses of screening data,
we created an extreme groups design based on distribution of percentage of calories
consumed from fat. The first quartile was used as the cut off for Group C and the third
quartile was used as the cut off for Group HF. Therefore, Group HF must have consumed
40% or more of their calories from fat. Group C must have consumed less than 35% of their
calorie from fat, which is the recommended amount (*2015-2020 Dietary Guidelines for
Americans," 2015). A breakdown of the dietary group’s macronutrient consumption is in
Table 2.

The IPAQ was used to control for physical activity across the two groups using a matched
groups design. People with high levels of physical activity have been shown to have lower
levels of inflammation (Teeman et al., 2016), and exercise decreases impulsive choices
(Sofis, Carrillo, & Jarmolowicz, 2017; Strickland, Feinstein, Lacy, & Smith, 2016), so the
matched groups assignment controlled for an extraneous effect of exercise in our diet
groups.

For both testing sessions, the participants reported the time of their last meal at the
beginning of the session to see if they followed the required fasting time and control for
subjective hunger. For the first testing session, participants were instructed not to eat
anything for 4 hr before the session. Upon arrival, participants completed the experiential
impulsive choice task for food followed by the hypothetical impulsive choice questionnaire.
For the second testing session, participants were instructed not to eat anything for 10 h
before the session. Upon arrival, an indwelling catheter was placed for the oral glucose
tolerance test (OGTT), which took approximately 2.5 hr. At the end of the second testing
session, the DXA scan was completed.

Dietary assessment.—Participants completed the Automated Self-Administered 24-
Hour (ASA24) Dietary Assessment Tool, online dietary 24 hr recall, for three days (2
weekdays and 1 weekend day). The participants were given a unique 1D and password, and
they logged in to the website to report the food and drink they consumed the prior day. The
average percentage of calories from protein, fat, carbohydrates, added sugar, and saturated
fat across the 3 days of recall were calculated. Percentage of calories from fat was used for
group assignment, added sugar was used for an exploratory analysis, and all factors were
used to describe the groups.
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International Physical Activity Questionnaire-Short Form (IPAQ-SF).—The
IPAQ-SF was administered as part of the screening processes. The IPAQ includes 4
questions about the kinds of physical activities completed in the last 7 days (Craig et al.,
2003). For example, participants were asked how many days they did vigorous activity and
how long they typically spent doing that type of activity on those days. In addition,
participants reported how much time they typically spent sitting during the week. Multiples
of the resting metabolic rate (METS: metabolic equivalents) were obtained and multiplied
by the minutes performed to obtain MET-minutes, a measure of physical activity energy
expenditure.

Impulsive choice tasks.—Impulsive choices were measured using 1) an experiential
choice task and 2) a hypothetical impulsive choice questionnaire. In both tasks, participants
chose between smaller, more immediate (smaller-sooner, SS) and larger, delayed (larger-
later, LL) rewards with SS choices characterized as impulsive. In the behavioral task,
participants were presented with 25 food choices. The SS option was 1-4 mini M&Ms after
a short delay or 4-5 mini M&Ms after a longer delay. The delays ranged from 5 to 30 s.
Participants were presented with the choice on the screen (e.g. 2 M&Ms in 10 s or 5 M&Ms
in 25 s). Participants made their choice by pressing the keyboard (F for left and J for right).
After the initial press, the delay began, and participants were required to press the same key
again after the delay elapsed. Following the second press, the M&Ms were dispensed into a
bowl! and a white screen was presented for 30 s to allow time for the participants to consume
the reward. A small candy was necessary so that the dispenser could deliver the reward after
the delay, consistent with impulsive choice tasks in rodent models. M&Ms were used in the
current study because they contain more fat than most candy of a similar size (e.g. Skittles).
In addition, mini M&Ms were used because pilot testing demonstrated that participants sated
on regular sized M&Ms quickly. Details about the task including choice options are
described further in Steele, Gwinner, Smith, Young, and Kirkpatrick (2019). The Kirby
questionnaire (Kirby, 2009), an impulsive choice questionnaire for monetary rewards, was
administered after the experiential impulsive choice task. As described in Steele, Gwinner, et
al. (2019), participants answered a series of 27 questions consisting of choices between SS
and LL rewards. For example, a choice could be $15 now versus $35 in 13 days. A single
question appeared on the screen and advanced to the next question after the response
occurred; the 27 questions were presented randomly intermixed. Instructions for the choice
task were: "/n the task that follows, you will have the opportunity to choose between
different amounts of money available after different delays. The test consists of about 30
questions, such as the following: Would you rather have $10 in 30 days or $2 now? You will
not receive any of the rewards that you choose, but you should make your decisions as
though you were really going to get the rewards you choose."

Oral glucose tolerance test (OGTT).—The test was performed after a minimum 10-hr
overnight fast (no food or beverages other than water). For example, if the participant came
in for testing at 7:00AM, then he/she needed to finish any eating by 9:00PM the evening
before. An indwelling intravenous (1) catheter was placed in a forearm vein to collect
blood at the start of the visit before consuming a 75 g glucose tolerance test beverage
(Fisherbrand, 40-102-5FB). The IV catheter was used for blood collection throughout the 2-
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hr test to minimize participant discomfort from multiple needle pokes. Blood was drawn
from the indwelling catheter before consumption and 15, 30, 45, 60, 90, and 120 min after
consumption of the test beverage. A 3 mL syringe was used to flush the line of saline before
drawing a whole blood sample with a 5 mL syringe that was transferred to a 6 mL K2 EDTA
BD Vacutainer (BD, Franklin Lakes, NJ, USA). Blood samples were centrifuged, and
plasma was aliquoted into microcentrifuge tubes, and then stored at -80° C. Glucose was
measured with a Bayer contour glucose meter from a drop of blood added to the test strip
from the venous sample before centrifuging. The oral glucose tolerance test allows for
insulin sensitivity and insulin secretion to be parsed apart using glucose, insulin, and C-
peptide to determine if there are disruptions in the insulin system (Cobelli et al., 2014).
Inflammation levels were determined using the fasting blood sample collected during the
oral glucose tolerance test by measuring IL-6. The samples were shipped to the
Radioimmunoassay and Biomarkers Core of the University of Pennsylvania Diabetes
Research Center to determine the amount of insulin (mg/ml), C-peptide (ng/ml), and IL-6
(pg/ml) in the plasma using radioimmunoassay kits (EMD Millipore, St Louis MO).

Body fat percentage.—Body fat percentage of the full body was measured by dual-
energy X-ray absorptiometry (GE prodigy, Lunar-General Electric, Madison, WI).
Participants were asked to remove any metal (jewelry, belts, etc) and shoes before lying
down in a supine position for approximately ten minutes while the DXA scanned the
individual. Participants were instructed to lay still for the duration of the scan.

Data analysis

All analyses were conducted in R version 3.5.3 (R Core Team, 2019). To confirm the effects
of dietary fat intake on each of the metabolic health markers and determine whether the
metabolic health markers were related, a series of regressions were performed (see
Metabolic health markers). Further, moderation analyses were conducted to determine if
each metabolic health variable interacted with dietary fat intake to predict impulsive choice
behavior (see Metabolic health markers and impulsive choice). For all analyses, dietary fat
intake was effect coded (C=1; HF=-1). Other scaling and analysis approaches are described
below.

Impulsive choices.—Impulsive choice behavior was modeled through separate analyses
to parse apart preference and sensitivity to delay or magnitude. Generalized mixed effects
logistic regressions were conducted using the Ime4 package in R. The SS delay was
converted to a delay ratio and the intercept was set at the largest difference between delays
(SS/LL-5/25), to measure preference for the shorter delay. The LL magnitude was converted
to a magnitude ratio so that the intercept was located at the largest difference between
magnitudes (SS/LL-1/5), to measure preference for the larger reward. In R, the delay or
magnitude ratios were calculated using the above equation and entered as predictors in the
model. Delay and magnitude ratio were included as continuous variables to test for delay
and magnitude sensitivity. Intercept and delay (or magnitude) ratio were tested as possible
random effects. While the model including slope as a random effect was better than the
intercept only model, the slope and intercept were highly correlated, so only intercept was
included as a random effect to avoid over-parameterization (Bates, Kliegl, Vasishth, &
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Baayen, 2015). We also tested to see whether sex and half (first vs. second half of the task)
were significant predictors of choice. Half was examined to assess whether consumption of
M&Ms during the real food choice task, which may have led to satiety effects, altered
choices in the second half of the task. Adding half and sex did not significantly improve the
model, so the intercept model without sex or half was used in subsequent analyses. Given
that the Akaike information criterion (AlIC) values are similar and these variables are not
theoretically meaningful, sex and half were not included in the analysis. There would need
to be a clear improvement in AIC value for these variables to be included in the model
(Symonds & Moussalli, 2011).

Metabolic health markers.—Body fat percentage as measured by the DXA scan was
used in the body fat analysis. Fasting glucose and glucose incremental area under the curve
(iIAUC) using the conventional trapezoidal method from the oral glucose tolerance test were
used in the glucose response analyses (Matthews, Altman, Campbell, & Royston, 1990).
Dietary fat intake was tested as a predictor of each of the metabolic health markers (body fat
percentage, fasting glucose, insulin sensitivity, insulin secretion, and inflammation) using a
linear regression. Correlations were also conducted to determine how the metabolic health
factors were related. Each of the key factors was entered into each model as a continuous
variable. Each of the metabolic health markers was mean-centered. Body fat was log-
transformed, insulin secretion was square root-transformed, and inflammation was log-
transformed to normalize the measures.

Metabolic health markers and impulsive choices.—Moderation analyses were
conducted to determine if any of the metabolic health markers (body fat percentage, fasting
glucose, insulin sensitivity, insulin secretion, and inflammation) altered the size or direction
of the effect of dietary fat intake on impulsive choice. In the moderation analyses, each
metabolic health variable was tested as a moderator using a theory-driven approach. The
fixed effects included the interaction between each metabolic health variable (body fat
percentage, fasting glucose, insulin sensitivity, insulin secretion, and inflammation), dietary
condition, and delay or magnitude ratio. The two-way interaction (e.g., Body Fat Percentage
x Diet) indicates whether body fat percentage moderated the effects of dietary fat intake on
preference for shorter delay/larger magnitude. The three-way interaction (e.g., Body Fat
Percentage x Diet x Delay or Magnitude Ratio) indicates whether body fat percentage
moderated the effects of dietary fat intake on sensitivity to delay or magnitude. Insulin
sensitivity was derived using the ogttMetrics package in R (Stubbs et al., 2017). Insulin
secretion was measured using the postprandial C-peptide-to-glucose ratio (PCGR) by
dividing incremental area under the curve (iIAUC) for C-peptide by the iIAUC for glucose
(Lee et al., 2014). Post-hoc comparisons were conducted for significant interactions using
the emmeans package in R. A p-value adjustment was included using the Tukey method for
comparing a family of 3 estimates. Given that the metabolic health variables were treated as
continuous measures in the analysis, the slopes of the delay and magnitude functions within
each group were compared at three values of each physiological variable. No comparisons
across groups were conducted to minimize multiple comparisons. The 15t quartile, mean,
and 3" quartile values were used to probe the slopes, which represent delay and magnitude
sensitivity, within each group using the emtrends() function within the emmeans package.
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Therefore, the estimates are provided to demonstrate the trend in how delay/magnitude
sensitivity changes as the metabolic health variable changes. However, the slope estimates
were not compared to reduce multiple comparisons. The figures depict the three
representative values used for each continuous measure to observe how delay/magnitude
sensitivity changes as the metabolic health variable changes.

Results and Discussion

Dietary effects

High fat effects on impulsive choices—For the experiential choice delay model
(Figure 2A), there was no effect of group, z=-0.67, p= .51, b=-0.11. There was a
significant effect of delay ratio, such that participants made more LL choices as the delays
became more similar, z=4.54, p<.001, 6= 1.30. There were no group differences in slope,
z=-0.54, p= .59, b=-0.15. For the magnitude model (Figure 2B), there was no effect of
group, z=-1.49, p= .14, b=-0.24. There was a significant effect of magnitude ratio, such
that participants made more SS choices as the magnitudes became more similar, z=-4.34, p
<.001, b=-1.24. There were no group differences in slope, z=0.99, p=.32, 6=0.32.
Therefore, dietary fat consumption as measured by a 24-hr recall did not predict impulsive
choice. Group, ¢=1.30, p= .2, did not predict performance on the Kirby monetary
questionnaire. Overall, dietary fat intake was not associated with impulsive choices. These
findings are in contrast to previous demonstrations in rats (Steele, Pirkle, et al., 2019; Steele
etal., 2017).

It is likely that the type and amount of fat are important for predicting impulsive choices. In
rodent studies, diets are typically high in processed, saturated fat, mainly from lard or
hydrogenated vegetable oil. In contrast, the high-fat group in the current study only
consumed 6.7% of their total calories from saturated fat. There is evidence in rodents that a
diet consisting of 60% of the calories from fat that include lard produced cognitive
impairments, while a diet consisting of 41% of the calories from fat did not disrupt cognition
(Pistell et al., 2010). The diets utilized in Pistell et al. (2010) also had different types of fat
(e.g. lard versus butter fat and corn oil), which may influence how dietary fat affects
behavior. It has been proposed that processed saturated fats (e.g., lard) result in
neuroinflammation, which is a key factor in producing cognitive deficits (Pistell et al.,
2010). The people in the high-fat group in the current study consumed 45% of their calories
from fat on average, but only a small proportion was from saturated fat. Based on the rodent
literature, this diet would not be expected to result in cognitive impairments. Future research
should investigate the complexities of a high-fat diet to better understand how the quality of
fat consumed may affect impulsive choices.

It is also important to note that the sample used in the current study may have more healthful
diets than the typical population because Riley County is fairly affluent and well educated,
with many of the participants being staff, students, and faculty at Kansas State University.
Indeed, more than 50% of the participants reported consuming between 1500 and 2500
calories, suggesting that most of the participants were consuming calories within the dietary
guidelines, and consistent with their metabolic rates. With a broader community sample, it
may be possible to obtain better differentiation of the high-fat and control groups. Further,
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the participants may have reported more healthful diets given that they knew dietary intake
was being assessed.

In addition, it is possible that the short-term nature of the dietary assessment did not fully
capture consumption of dietary fat. Research investigating the dietary effects on impulsive
choice and cognition in rodents typically examine the effects of long-term diet on behavior
(Pistell et al., 2010; Steele, Pirkle, et al., 2019; Steele et al., 2017). Investigating diet over
the past year may better approximate the results found in rats. However, research suggests
that people have stable dietary patterns over a two-year period (Borland, Robinson, Crozier,
& Inskip, 2008), so three days of the ASA-24 may be assessing habitual dietary intake.

Added sugar effects on impulsive choices—We conducted an exploratory analysis
on the percentage of calories from added sugar, based on our previous research in rats that
has shown that diets high in added sugar induced a greater preference for the shorter delay
(Steele, Pirkle, et al., 2019; Steele et al., 2017). There was a significant interaction between
percentage of calories from added sugar and delay ratio (Figure 3A), such that the slope of
the delay sensitivity function shifted from negative to positive for lower, b= -2.01, to
higher, 6= 4.68, amounts of added sugar, z=4.21, p<.001, b= 2.66. For magnitude ratio
(Figure 3B), there was a main effect of percentage of calories from added sugar, z=3.11, p
=.002, b=1.08. This indicates that people who consumed more added sugar had a greater
preference for the larger magnitude when the magnitudes were maximally different (ratio
=.2). There was a significant Added Sugar x Magnitude Ratio interaction such that the slope
of the magnitude sensitivity function shifted from positive to negative as percentage of
calories from added sugar increased from lower, 6 = 2.31, to higher, b= —4.86, amounts of
sugar , z=-4.49, p<.001, b= -2.86.

In summary, the percentage of calories from added sugar predicted greater delay and
magnitude sensitivity on the impulsive choice task for food. Individuals with higher added
sugar in their diets preferred to wait for the larger reward when the smaller-sooner
magnitude was 1 M&M (Magnitude ratio = .2) and they increasingly preferred the shorter
delays when those delays were associated with larger magnitudes (e.g., magnitude ratio = .8
and delay ratio = .2). Ultimately, these results suggest that people who consume more sugar
prefer not to wait for rewards, but also want larger rewards.

The type of food reward received during the task may explain why sugar intake predicted
impulsive choice while dietary fat intake did not. We may have seen more sensitivity in the
high-fat condition if we had used a reinforcer type that is typically thought of as “high fat.”
While M&Ms do have fat, we typically think of candy as sugar. It is also important to note
that people who consumed low amounts of sugar did not perform as would be expected on
the impulsive choice task as indicated by the negative slope for delay ratio. It is possible that
people who consumed lower amounts of sugar in their regular diet were not motivated by the
parameters of the task. Participants indicated that they enjoyed M&Ms to participate in the
study, but they may not have enjoyed consuming the rewards during the task. Or, these
individuals may have been controlling their diets using decision biases or heuristics such as
“avoid sugar” or “choose lower amounts of sugar” and this could have affected their
willingness to choose to consume more than the minimum number of M&Ms. Together,
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these results suggest that people who consume low amounts of sugar may not value the
reinforcers in this task. Future research should investigate how different types of reinforcers
alter the relationship between dietary intake and impulsive choice.

Metabolic health markers—There were no group differences in body fat percentage,
body mass index (BMI), fasting glucose, insulin sensitivity, insulin secretion, or
inflammation (Table 3). We predicted that there would be differences between the two
dietary groups, such that the high-fat group would have higher body fat percentages, higher
BMlIs, higher fasting glucose levels, lower insulin sensitivity, higher insulin secretion, and
higher inflammation given previous research connecting diet to these variables (Esposito &
Giugliano, 2006; Posey et al., 2009). The fact that we did not find group differences in the
metabolic health markers for humans may explain why we did not find the dietary effects on
impulsive choice and confirms the proposal that our participants were generally eating a
healthful diet, even in the higher-fat condition. Importantly, high-fat groups in the human
literature typically contain 60-80% of calories from fat. Therefore, the differences in the
groups in this study may not have been large enough to detect differences in metabolic
health or impulsive choice.

Individual differences

The correlation for all participants between pairs of metabolic health markers is shown in
Supplementary Figure 1. Body fat percentage and BMI (inverse transformed) were
negatively correlated, r=-0.57, p<.001 (Supplementary Figure 1, A), such that higher
body fat percentages were associated with higher BMIs. Note that the negative relationship
is a result of the inverse transformation of BMI for analysis purposes. This is consistent with
previous research showing that BMI is correlated with body fat percentage as measured by a
DXA scan (Adab et al., 2018).

Body fat percentage was positively correlated with inflammation levels, r= .54, p<.001
(Supplementary Figure 1, E), consistent with the hypothesis that body fat may be a source of
inflammation (Esposito & Giugliano, 2006). Fasting glucose levels were negatively
associated with insulin sensitivity indicating that those with higher fasting glucose had
worse insulin sensitivity, r=—0.32, p=.02 (Supplementary Figure 1, F). While fasting
glucose and low insulin sensitivity often co-occur, they are independent of each other,
consistent with the weak correlation (Nathan et al., 2007). No other metabolic health
markers were correlated, ps > .08. Given the Esposito and Giugliano (2006) model, we
would have expected to see a relationship between body fat percentage and insulin signaling
as well as a relationship between inflammation and insulin signaling. This relationship may
not have been present given that the participants in the current study were fairly young and
relatively healthy.

Impulsive choice as measured by the real food impulsive choice task and the Kirby
questionnaire were not related to any of the metabolic health markers, 5 < .22, ps > .11.
This is inconsistent with some previous research (Amlung, Petker, Jackson, Balodis, &
MacKillop, 2016; Barlow et al., 2016; Eisenstein et al., 2015; Gassen et al., 2019), and
highlights the need to investigate dietary intake in addition to metabolic health markers. In
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addition, performance on the real food impulsive choice task was not related to impulsive
choice as measured by the Kirby questionnaire, /s < .05, g5 > .69. This is consistent with
previous research (Reynolds, Richards, & De Wit, 2006; Reynolds & Schiffbauer, 2004;
Smits, Stein, Johnson, Odum, & Madden, 2013; Steele, Gwinner, et al., 2019). Altogether,
this suggests that the experiential impulsive choice task for food and the monetary
hypothetical impulsive choice questionnaire are not measuring the same construct, possibly
as a result of the reward durations, amounts, or type (food vs. money).

Metabolic health moderators

All metabolic health markers were analyzed in separate models to determine how they
interacted with dietary fat intake to predict impulsive choices within the real food
experiential impulsive choice task and the monetary hypothetical impulsive choice task. The
models included the fixed effects of Group (Control vs. High-Fat), Delay (or Magnitude)
Ratio, and Body Fat Percentage (or Fasting Glucose or Insulin Sensitivity or Insulin
Secretion or Inflammation). Intercept was included as a random effect. The full model
outputs for body fat percentage (Supplementary Table 1), fasting glucose (Supplementary
Table 2), insulin sensitivity (Supplementary Table 3), insulin secretion (Supplementary Table
4), and inflammation (Supplementary Table 5) are included in tables with SE values, and
significant findings are discussed below.

Group did not interact with any of the metabolic health markers to predict impulsive choice
as measured by the Kirby questionnaire, & < 1.80, ps > .08. This is consistent with previous
research indicating that the most robust relationship between impulsive choice, diet and
body fat percentage is seen on impulsive choice tasks for food (Amlung et al., 2016; Barlow
etal., 2016).

Body fat percentage—Body fat percentage interacted with dietary fat intake to predict
delay sensitivity (Figure 4A). Post-hoc comparisons for the three-way interaction reported in
Supplementary Table 1 indicated that sensitivity to delay increased from lower, 6= 0.43, to
higher body fat percentages, 6= 2.59, for the high-fat group, z=-3.33, p=.003 (Figure 4A,
right panel). This is consistent with previous literature demonstrating that obesity is
associated with steeper impulsive choice functions, or higher k-values (Barlow et al., 2016).
However, sensitivity to delay did not change significantly from lower, 6= 0.98, to higher
body fat percentages, 6 = 1.30, for the control group, 2= —-0.61, p= .82 (Figure 4A, left
panel). Therefore, body fat percentage interacted with dietary fat intake to affect delay
sensitivity.

Body fat percentage predicted preference for the larger magnitude such that people with
high body fat percentages had a higher preference for the larger reward, 4= 0.55, compared
to people with lower body fat percentages, 6= 0.05. Body fat percentage interacted with
dietary fat intake to predict magnitude sensitivity (Figure 4B). Post-hoc comparisons for the
three-way interaction reported in Supplementary Table 1 indicated that sensitivity to
magnitude increased from lower, 5= -0.32, to higher body fat percentages, 6= —2.90, for
the high-fat group, z= 3.89, p < .001 (Figure 4B, right panel). However, sensitivity to
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magnitude did not significantly change from lower, 6= -0.71, to higher body fat
percentages, b= -1.20, for the control group, z=0.94, p= .61 (Figure 4B, left panel).

These results indicate that body fat percentage is associated with increased delay and
magnitude sensitivity for people who consumed a high-fat diet, consistent with previous
research showing that long-term high-fat consumption in rats contributes to obesity and
impulsive choices (Steele, Pirkle, et al., 2019). This expands our current knowledge of body
fat percentage and impulsive choices. The current evidence in the field suggests that
sensitivity to delay is related to body fat percentage especially for food reward (Barlow et
al., 2016; Rasmussen et al., 2010). Our analysis technique further suggests that people
consuming a high-fat diet, who also have higher body fat percentages, have a greater
preference for the larger reward and greater magnitude sensitivity compared to those with
lower body fat percentages. The inconsistent findings regarding the relationship between
impulsive choice and obesity in the literature may stem from the dietary patterns of the
participants, where the relationships are more likely to be observed in studies where the
participants consume higher amounts of dietary fat (Amlung et al., 2016; Barlow et al.,
2016). Knowledge of both body fat percentage and dietary fat intake can better predict
impulsive choices than either alone.

Together the findings from the current study suggest that people who consume a high-fat
diet and who have higher body fat percentages are less willing to wait for rewards and prefer
larger rewards, similar to what was observed in the exploratory analysis with added sugar.
Within the context of the impulsive choice tasks, an individual with the combination of high
delay sensitivity and high magnitude sensitivity would not be characterized as impulsive
(Wileyto, Audrain-McGover, Epstein, & Lerman, 2004; Young, 2018). In part, this is
because it is usually not possible to have “more now” within the construction of these tasks.
However, when considering food choices people make every day, the fast food culture along
with highly processed foods make it possible to have large amounts of highly palatable,
energy dense foods immediately. It is important to determine how behavior on the real food
impulsive choice task predicts actual food choices, as preferences for more-now may be
important indicators of obesity that are not typically measured in impulsive choice tasks.
Adding choices that measure this preference, especially within experiential tasks, would be
an interesting extension that may be a more sensitive indicator of problematic food choice
patterns.

Fasting glucose—Fasting glucose predicted preference for the shorter delay such that
people with high fasting glucose levels had a higher preference for the shorter delay, 6=
-0.81, compared to people with lower fasting glucose levels, 6= —0.25. Fasting glucose
levels interacted with dietary fat intake to predict delay sensitivity (Figure 5A). Post-hoc
comparisons for the three-way interaction reported in Supplementary Table 2 indicated that
sensitivity to delay increased from lower, 6= 0.15, to higher fasting glucose levels, b= 2.22,
for the control group, z=-2.46, p= .04 (Figure 5A, left panel). However, sensitivity to
delay did not change significantly from lower, 6= 1.50, to higher fasting glucose levels, 6=
1.42, for the high-fat group, z=0.13, p=.99 (Figure 5A, right panel). Fasting glucose also
interacted with dietary fat intake to predict magnitude sensitivity (Figure 5B). Post-hoc
comparisons for the three-way interaction reported in Supplementary Table 2 indicated that
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sensitivity to magnitude increased from lower, 6= —0.27, to higher fasting glucose levels, b
= -2.13, for the control group, z= 2.68, p= .02 (Figure 5B, left panel). However, sensitivity
to magnitude did not change significantly from lower, 6= —1.75, to higher fasting glucose
levels, b= -1.40, for the high-fat group, z= —-0.64, p= .80 (Figure 5B, right panel).

Altogether, people in the control group with higher fasting glucose levels were more
sensitive to changes in delay and magnitude. This suggests that higher fasting glucose levels
are associated with an unwillingness to wait for a reward and a desire for larger amounts of
the reward in people who are consuming lower amounts of fat. These findings complement
and extend on previous research that has shown that higher glucose levels following a 2-h
fast are associated with greater delay sensitivity on a hypothetical, monetary impulsive
choice task (Hendrickson et al., 2015). The results indicate that high levels of fasting glucose
may predict impulsive food choices in people who consume dietary fat within the
recommended ranges. Importantly, the control group consumed significantly more added
sugar, which could contribute to higher glucose levels.

Insulin sensitivity and secretion—Insulin sensitivity refers to how well insulin reduces
blood glucose levels; those who are insulin sensitive would need less insulin to dispose of
glucose in the blood than someone who is less insulin sensitive. While we expected to see
that people who consumed a high-fat diet and who had poorer insulin sensitivity would be
more sensitive to delay, insulin sensitivity did not interact with dietary fat intake to predict
delay sensitivity (Figure 6A) or magnitude sensitivity (Figure 6B). Previous research has
found that, for people with obesity, lower levels of insulin sensitivity were associated with
higher delay sensitivity (Eisenstein et al., 2015). This discrepancy in results may be a result
of the population assessed. The population in the current study was relatively healthy
whereas the population in the previous study exhibited higher body fat percentages in the
obese (PBF = 49%) and non-obese (PBF = 33%) groups.

Insulin is secreted in response to blood glucose. If an individual is not insulin sensitive, the
body would need to secrete more insulin to deal with the glucose load. Insulin secretion
interacted with dietary fat intake to predict delay sensitivity (Figure 7A). However, post-hoc
comparisons for the three-way interaction reported in Supplementary Table 4 were unable to
localize the effect, ps > .25. Previous literature did not find a relationship between insulin
secretion and delay sensitivity (Eisenstein et al., 2015).

Inflammation—IL-6 levels measured in the plasma interacted with dietary group to predict
preference for the larger magnitude (Supplementary Table 5; Figure 8B). While there is a
trend for people with higher levels of inflammation to make fewer LL choices in Group C,
this effect was not significant, z=1.89, p=.14. Gassen et al. (2019) found that current
inflammation levels (IL-6 and TNF-a), as measured in plasma, were predictive of
impulsivity in a sub-clinical population. They tightly controlled for other sources of
inflammation by excluding participants who were sick recently and by asking participants to
avoid inflammation altering activities such as exercise and alcohol for 48 hrs prior to testing.
In addition, that study included 159 participants. Therefore, future research investigating the
relationship between inflammation and impulsive choice should consider a larger sample
size and methods to control for outside sources of inflammation, as well as other markers of

Appetite. Author manuscript; available in PMC 2022 October 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Steele et al.

Page 14

inflammation associated with adiposity. IL-6 is considered a proinflammatory cytokine that
is related to adiposity as demonstrated in this study, but it is also affected by other factors. It
is important to consider these other factors when trying to uncover how inflammation may
alter behavior.

Conclusions

The current study investigated how dietary fat intake and metabolic health markers (body fat
percentage, glucose, insulin sensitivity, insulin response, and inflammation) interacted to
predict impulsive choices in humans. Previous research indicates that a high-fat diet induced
impulsive choice in rats (Steele, Pirkle, et al., 2019; Steele et al., 2017), unhealthy diets and
fast food consumption are associated with impulsive choices in humans (Dassen et al., 2015;
Garza et al., 2016), and metabolic health is associated with impulsive choice in humans
(Amlung et al., 2016; Barlow et al., 2016; Eisenstein et al., 2015; Gassen et al., 2019). Given
the effects that diet can have on metabolic health (Esposito & Giugliano, 2006), it is
important to understand how diet and metabolic health markers might interact to affect
impulsive choices. However, to our knowledge, dietary fat and sugar intake, metabolic
health, and impulsive choice for food have not been investigated together in humans.

The current results demonstrated that self-reported dietary fat intake was not predictive of
impulsive choice on its own, inconsistent with the previous research in rats (Steele, Pirkle, et
al., 2019; Steele et al., 2017). Interestingly, an exploratory analysis of added sugar found that
people who consumed higher amounts of sugar had greater delay sensitivity, greater
preference for the larger magnitude, and increased magnitude sensitivity, consistent with
previous research in rats (Steele, Pirkle, et al., 2019; Steele et al., 2017).

While previous research has found that body fat percentage, insulin sensitivity, and
inflammation are associated with impulsive choice (Amlung et al., 2016; Barlow et al.,
2016; Eisenstein et al., 2015; Gassen et al., 2019), the current study expanded on the current
literature by investigating the moderating effects of dietary fat intake on these relationships.
Our results suggest that body fat percentage was associated with impulsive choice for people
that were consuming a diet high in fat. Therefore, the relationship between body fat
percentage and impulsive choice (Amlung et al., 2016; Barlow et al., 2016) may be affected
by the amount of fat contained in the diet. This suggests that diet should be included as a
factor when trying to predict impulsive choice, particularly the percentage of the diet that is
made up of fat. We also found that fasting glucose was predictive of a greater preference for
the shorter delay regardless of dietary fat intake, and fasting glucose was predictive of
greater sensitivity to delay and magnitude in the control group. The interaction between
dietary intake and metabolic health markers may highlight individuals who are currently
eating a high fat diet and have likely been eating that diet chronically. Chronic dietary intake
in rats affects metabolic health and impulsive choice (Steele, Pirkle, et al., 2019), so the
combination of the factors may be demonstrating how chronic dietary effects on health are a
predictor of impulsive choices.

Therefore, dietary fat intake and metabolic health (body fat percentage and fasting glucose)
interacted to predict impulsive choices, suggesting that the combination of metabolic health
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and high levels of dietary fat and added sugar could be risk factors for impulsive food
choices (Dassen et al., 2015; Garza et al., 2016; Garza, Harris, & Bolding, 2013; Guerrieri et
al., 2007). Dietary intake, body fat percentage, and fasting glucose are all feasible measures
to obtain, and these measures could be signs of early disease risk. Therefore, obtaining these
measures could give researchers or practitioners a quick assessment of risk of impulsive
choices that could ultimately lead to diet-induced obesity and related chronic diseases.
Dietary and metabolic health markers, in combination, could be used to identify individuals
most at risk for impulsive choice in clinical settings. Behavioral interventions that promote
self-control could then be used as a primary preventative measure or in conjunction with
traditional obesity treatment programs (Peterson, Hill, Marshall, Stuebing, & Kirkpatrick,
2015; Rung & Madden, 2018; Smith, Panfil, Bailey, & Kirkpatrick, 2019). Together, these
factors could inform treatment and possibly predict treatment success (Nederkoorn, Jansen,
Mulkens, & Jansen, 2006). Intervening to improve metabolic health markers and impulsive
choices at an early stage could reduce the risk of developing diet-related diseases such as
obesity and Type-2 diabetes.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Overview of the procedure and timeline. ASA24 = 24 h dietary recall; DXA = Dual-energy

X-ray Absorptiometry.
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Figure 2. Dietary effects in humans.
Mean proportion of larger-later (LL) choices for each group as a function of delay (A) and

magnitude (B) ratio in humans. The delay and magnitude ratios were the SS / LL delay or
magnitude, respectively. Smaller ratios indicate a larger difference in the delays or
magnitudes. HF = high-fat; C = control. Error bars (+/- SEM) were computed with respect
to the estimated marginal means of the fitted generalized linear mixed-effects model. There
were no group difference in intercept or slope for delay (A) or magnitude (B) ratio.
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Figure 3.
Mean proportion of larger-later (LL) choices as a function of percentage of calories

consumed from sugar and delay (A) and magnitude (B) ratio in humans. The delay and
magnitude ratios were the SS / LL delay or magnitude, respectively. Smaller ratios indicate a
larger difference in the delays or magnitudes. Error bars (+/- SEM) were computed with
respect to the estimated marginal means of the fitted generalized linear mixed-effects model.
There was a significant interaction between percentage of calories from added sugar and
delay ratio, such that delay sensitivity increased from lower to higher amounts of added
sugar. People who consume more added sugar had a greater preference for the larger
magnitude when the magnitudes were maximally different. Magnitude sensitivity increased
as percentage of calories from added sugar went from lower to higher amounts of sugar.
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Figure 4. Body fat percentage and choice in humans.

Mean proportion of larger-later (LL) choices for each group as a function of body fat
percentage and delay (A) and magnitude (B) ratio in humans. Sensitivity to delay or

magnitude did not change significantly from lower to higher body fat percentages for the
control group. However, sensitivity to delay and magnitude increased from lower to higher
body fat percentages for the high-fat group. The delay and magnitude ratios were the SS/
LL delay or magnitude, respectively. Smaller ratios indicate a larger difference in the delays
or magnitudes. HF = high-fat; C = control; PBF = percent body fat. Error bars (+/- SEM)
were computed with respect to the estimated marginal means of the fitted generalized linear
mixed-effects model.
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Figure 5. Fasting glucose and choice in humans.
Mean proportion of larger-later (LL) choices for each group as a function of fasting glucose

and delay (A) and magnitude (B) ratio in humans. Sensitivity to delay and magnitude
increased from lower to higher fasting glucose levels for the control group. However,
sensitivity to delay and magnitude did not change significantly from lower to higher fasting
glucose levels for the high-fat group. The delay and magnitude ratios were the SS/ LL delay
or magnitude, respectively. Smaller ratios indicate a larger difference in the delays or
magnitudes. HF = high-fat; C = control; FG = fasting glucose. Error bars (+/- SEM) were
computed with respect to the estimated marginal means of the fitted generalized linear
mixed-effects model.
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Figure 6. Insulin sensitivity and choice in humans.
Mean proportion of larger-later (LL) choices for each group as a function of insulin

sensitivity and delay (A) and magnitude (B) ratio in humans. Insulin sensitivity did not
interact with diet to predict delay sensitivity or magnitude sensitivity. The delay and
magnitude ratios were the SS / LL delay or magnitude, respectively. Smaller ratios indicate a
larger difference in the delays or magnitudes. HF = high-fat; C = control; SI = insulin
sensitivity. Error bars (+/— SEM) were computed with respect to the estimated marginal
means of the fitted generalized linear mixed-effects model.
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Figure 7. Insulin secretion and choice in humans.
Mean proportion of larger-later (LL) choices for each group as a function of insulin

secretion and delay (A) and magnitude (B) ratio in humans. Insulin secretion interacted with
diet to predict delay sensitivity. However, post-hoc comparisons were unable to localize the
source of the effect. Insulin secretion did not interact with diet to predict magnitude
sensitivity. The delay and magnitude ratios were the SS / LL delay or magnitude,
respectively. Smaller ratios indicate a larger difference in the delays or magnitudes. HF =
high-fat; C = control; invsqrtPCGR = insulin secretion-inverse square root transformed.
Error bars (+/- SEM) were computed with respect to the estimated marginal means of the
fitted generalized linear mixed-effects model.
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Figure 8. Inflammation and choice in humans.
Mean proportion of larger-later (LL) choices for each group as a function of inflammation

and delay (A) and magnitude (B) ratio in humans. Inflammation did not interact with diet to
predict delay or magnitude sensitivity. The delay and magnitude ratios were the SS/ LL
delay or magnitude, respectively. Smaller ratios indicate a larger difference in the delays or
magnitudes. HF = high-fat; C = control; IL6 = inflammation. Error bars (+/- SEM) were
computed with respect to the estimated marginal means of the fitted generalized linear
mixed-effects model.
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Table 1.
Demographic characteristics in humans.

Characteristics of dietary groups in humans.

Characteristic Control High-Fat p
(n=30) (n=30)

Sex, male/female 21/9 17/13 42

Age, yr 30.9 (#13.0)  345(x12.1) .18

Total MET minsiwk 5023 (+4184) 3580 (£3571) .12

Values are presented as mean (+standard deviation). Means and standard deviations are based on the raw values. A chi-square test was used to
compare frequencies of sex across groups. MET = multiples of the resting metabolic rate.

Appetite. Author manuscript; available in PMC 2022 October 01.



1duosnuey Joyiny

Steele et al. Page 28

Table 2.
Macronutrient composition in humans.

Macronutrient composition of the different dietary groups in humans.

Characteristic Control High-Fat p
(n=230) (n=230)

Calories (kcal) 1823 (+551) 2102 (+516) .03
Fat (g) 63 (+18) 105 (+31)

% of energy 31 (+4) 45 (£5) <.001
Protein () 80 (+42) 97 (£33)

% of energy 17 (¢5) 19 (x4) .26
Carbohydrates (g) 230 (x78) 196 (£57)

% of energy 51 (+8) 37 (x7) <.001
Added sugar (g) 13 (£8) 10 (+6)

% of energy 3(x2) 2 (1) .011
Saturated fat (g) 20 (+8) 36 (£16)

% of energy 5(%1) 7 (x2) <.001

Values are presented as mean (xstandard deviation). Means and standard deviations are based on the raw values.
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Table 3.
Dietary effects on metabolic health markers in humans.

Group differences in metabolic health markers for humans.

Characteristic Control High-Fat p
(n=30) (n=230)

PBF (%) 29 (+12) 28 (+10) 79
BMI (kg/m?) 25.8 (+4.5) 26.5 (£6.1) 77
FG (mg/dI) 82 (8) 86 (+11) .16
SI (min~Yuu-ml~1) 0.003 (+0.007) 0.001 (x0.001) .33
PCGR (c-peptide iAUC/glucose iAUC) 0.09 (+0.29) 0.09 (+0.21) 72
IL-6 (pg/ml) 1.25 (+0.79) 1.36 (£1.41) .77

Values are presented as mean (standard deviation). Means and standard deviations are based on the raw values. PBF = body fat percentage; BMI =
body mass index; FG = fasting glucose; SI = insulin sensitivity; PCGR = insulin secretion; I1L-6 = inflammation.
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