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e Utilizing pooled data from 2 similar preliminary studies, we found that neither BMI nor
waist-to-hip ratio were correlated with changes in flavor liking in our flavor-nutrient
learning paradigm, but markers of metabolic health were negatively correlated with
flavor-nutrient learning.

¢ Our findings highlight a variability in individual responses to flavor-nutrient learning
paradigms.

e Taken in the context of existing evidence, our data emphasize the importance of
investigating contributions of phenotypic factors in future research in the context of food
preference and eating behaviors.
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Abstract (250 words)

The modern food landscape, marked by a rising prevalence of highly refined, ultra-processed,
and highly palatable foods, combined with genetic and environmental susceptibilities, is widely
considered a key factor driving obesity at the population level. Gaining insight into the
physiological and behavioral mechanisms that shape food preferences and choices is crucial for
understanding obesity's development and informing prevention strategies. One factor
influencing habitual eating patterns, which may impact body weight, is flavor-nutrient learning.
Research suggests that post-oral signaling is diminished in both animals and humans with
obesity, potentially affecting flavor-nutrient learning. By analyzing pooled data from two similar
preliminary studies, we found that markers of glycemic control—specifically fasting glucose and
HbA1C—rather than BMI, were negatively correlated with changes in flavor liking in our flavor-
nutrient learning task. These findings contribute to the expanding body of research on flavor-
nutrient learning and underscore the variability in individual responses to these paradigms.
Obesity is increasingly recognized as a complex and heterogeneous condition with diverse
underlying mechanisms. Together, our findings and existing evidence emphasize the
importance of further investigating how phenotypic factors interact to shape food preferences
and eating behaviors.



Introduction

Obesity and its associated cardiometabolic conditions, including type 2 diabetes, are increasing
in prevalence across the globe [1,2]. The modern food environment, characterized by increasing
levels of highly refined, palatable, energy-dense foods is commonly cited as a primary driver of
obesity at the population level [3]. Understanding the physiological and behavioral determinants
of food preference and selection are likely important keys to understanding the pathogenesis of
obesity to support population-level prevention efforts. Furthermore, understanding the
mechanisms of these influences are also likely important in identifying potential targets for both

behavioral and pharmacological treatments at an individual level.

While hedonic and orosensory properties of food play a role in eating behaviors, post-ingestive
signals originating from the gut have also been identified as key physiological drivers of food
choice [4]. One physiological driver of food choice, which likely plays a role in body weight, is
flavor-nutrient learning (FNL). As a classical conditioning model, an initially arbitrary stimulus,
such as the taste and olfactory sensation of a novel flavor, becomes a conditioned stimulus
(CS) when it is associated with a biologically significant event (an unconditioned stimulus, US),
such as the nutritional consequences of its ingestion. Used extensively in rodent models
exploring drivers of appetite and eating behaviors [5,6], FNL has established post-ingestive
signals related to nutrient availability for metabolism as an important mechanism linking neural

substrates of reward with food preference and consumption behaviors [7,8].

The mesocorticolimbic dopamine system is central to eating behavior, motivation, and reward
learning, including FNL [9-11]. Studies in mouse models have demonstrated that intragastric
infusion of nutrients increases firing of ventral tegmental area dopamine neurons [12] and

stimulates dopamine efflux in the striatum [13]. This dopamine signaling is required for the



acquisition of preferences through FNL [14—16]. There is some indication that these
dopaminergic signals may be disrupted in obesity. For example, findings from positron-emission
tomography studies suggest a negative quadratic relationship between striatal dopamine 2
receptor binding potential and body mass index (BMI) [17], indicating individuals with more
severe obesity have lower dopamine receptor availability and possibly higher dopamine
tone[18]leading to a reduction in dopamine-mediated reward sensitivity. Additionally, some
evidence in animal models and humans suggests that post-oral signals of nutrient availability,
which contribute to FNL, may be blunted in states of obesity [19,20]. Taken together, these data
suggest FNL may be attenuated in states of established obesity; however, studies in both
rodents and humans assessing the relationship between body weight status and FNL have

yielded mixed findings [21-24].

Obesity is associated with varying degrees of altered glucose metabolism and insulin action;
and though obesity is a primary risk factor, not all individuals with obesity will develop insulin
resistance or type 2 diabetes[25,26]. Similarly, the development of insulin resistance may exist
in the absence of obesity or precede excess weight gain in some individuals [27,28]. Because
mechanisms of glucose sensing and metabolism in the periphery have been implicated as key
to FNL[13,29-33], characterizing the relationships among weight status, glycemic control, and
FNL is an important step in understanding how gut-brain interactions facilitate eating behaviors
and influence long-term energy balance. Interestingly, central insulin, which is thought to
primarily originate from the periphery [34], plays a key role in modulating dopamine activity in
corticolimbic brain regions involved in food reward and motivated behaviors [35-37]. Reduced
peripheral insulin sensitivity has been associated with reductions in insulin-mediated functional

connectivity among these corticolimbic regions [36] and reductions in associative learning rate



[38]. Thus, peripherally circulating insulin levels could provide explanatory insight into observed

differences in FNL outcomes.

Using data collected in 2 different preliminary studies with similar approaches, our overall
objective was to assess the relationship between body weight status and behavioral food liking
outcomes of FNL. We hypothesized that higher BMI would be associated with reduced FNL.
Furthermore, given that obesity and insulin resistance are tightly linked [39] and glucose and
insulin metabolism are likely important for FNL [22,29,31,32,40], we hypothesized that
biomarkers of glycemic control may further characterize reward learning for carbohydrate-paired

flavors in individuals across the BMI spectrum.

Materials and Methods

Overview of Study Designs

Data presented here are from 2 preliminaryt studies with similar study designs. Data collection
for each study occurred from February 2022-May 2023 and May 2023-November 2023,
respectively. The protocols for both studies were approved by the Virginia Tech Review Board
(#21-964 and #19-927). Both studies were randomized cross-over designs, in which all
participants completed all exposures for the conditions utilized in the respective study. Figure 1
illustrates the general study design followed by both studies. The study designs and stimuli

utilized were adapted from previous reported studies [29,31].

Participants

For both studies, individuals aged 18-45 years were recruited to participate. Participants with
BMI 18.5-30 kg/m?were recruited for Study 1, and participants with BMI 18.5-40 kg/m? were
recruited for Study 2. All participants reported not taking medications known to influence study

measures, including antiglycemic agents, thyroid medications, antidepressants, and



antipsychotics. They also reported not using tobacco or nicotine products and no history of
cardiometabolic disease diagnosis. All participants provided verbal and written informed consent

prior to participation in the studies.

Pre-Test

Stimuli

Stimuli used during the pre-test were 10 differently flavored, sweetened, non-caloric drinks
containing demineralized water combined with sucralose (0.00862% w/v; Sigma-Aldrich MO,
USA), citric acid (0.1% w/v; Sigma-Aldrich MO, USA), and one of the following flavors: 0. 1% v/v
acerola, 0. 5% v/v bilberry, 0. 1% v/v horchata, 0. 1% v/v lulo, 0. 2% v/v yuzu, 0. 1% v/v papaya,
0. 1% v/v chamomile, 0. 1% v/v aloe vera, 0. 1% v/v mamey, or 0. 2% v/v maqui berry (Bell
Labs Flavors and Fragrances, IL, USA). All drinks were sweetened to be equivalent to the

sweetness of 75 kilocalories of sucrose as previously experimentally determined [31,41].

Procedure

Internal State Measures

Hunger has been shown to affect preference ratings and FNL outcomes [42,43]. Therefore,
participants were instructed to arrive at the laboratory feeling neither hungry nor full, and time
since last food or drink consumption was recorded. At the start of the session, participants rated
their current hunger, fullness, and thirst using visual analog scales (VAS) with ranges from 0
(e.g., “Not hungry at all’) to 100 (e.g., “Very hungry”). For each participant, all lab-based drink
exposure sessions and the post-test session were scheduled at approximately the same time of

day to minimize potential within-subject differences in hunger ratings across sessions.

Anthropometrics



During a screening and informed consent session, participants’ height (wall-mounted
stadiometer) and weight (Health O Meter ProPlus digital scale) were measured for calculation of
BMI. In addition, waist and hip circumference were measured using Gulick tape measure
following World Health Organization protocols [44] for the calculation of waist-to-hip ratio.
Perceptual Scale Training

After providing informed consent, participants were first trained in using the general labeled
magnitude scale (gLMS) [45] and labeled hedonic scale (LHS) [46] for intensity and liking

ratings, respectively.

Flavor Ratings

Participants were then presented with cups containing ~10 mL of each sweetened, flavored
solution. Each of the 10 flavors was presented in 3 presentation blocks for a total of 30
presentations. The order of the 10 flavors was randomized within each presentation block, but
order of the 30 presentations remained the same across all participants. Participants were
instructed to take the entire solution into the mouth, swish it around, and expectorate into a sink.
Next, participants rated the solution for intensity using the gLMS, liking using the LHS, and
familiarity using a VAS anchored with “Not at all” and “Extremely”. After tasting each solution,
participants performed the same swish-and-spit procedure with deionized water and waited 30
seconds before tasting the next solution presentation. Flavors chosen to be paired with
exposure session drink stimuli were individualized for each participant and were required to be
similarly low in rated liking (i.e., below “Like Moderately” but greater than “Neutral”’) averaged
across the 3 presentations for each participant. If flavors matching this criterion could not be

identified, participants were excluded from further participation.

Drink Exposure Sessions




Participants completed drink exposure sessions in a randomized, cross-over order, in which all

participants were subject to all conditions.

Experimental Drink Stimuli

Flavors identified during the flavor ratings procedure based on rated liking unique to each
participant were paired with 355 ml caloric (CS+) and non-caloric (CS-) drinks to be used as
experimental stimuli during blood draw and indirect calorimetry lab session and at-home
consumption. Drinks used a base of deionized water mixed with citric acid (0.1% w/v; Sigma-
Aldrich, MO, USA). The caloric (CS+) drink contained 5.4% w/v sucrose (3.94 kcal/g; Domino
Foods, Inc., NY, USA). The non-caloric (CS-) drink contained 0.00862% w/v sucralose (Sigma-
Aldrich, MO, USA). Sweetness was matched between the drinks using previously published
dose-response sweetness curves [41]. Drinks were colored with blue, red, or green food
coloring (McCormick & Company, Inc., MD, USA), and drink color assignment was randomized

for each drink condition for each participant.

Procedure

Participants consumed the CS+ and CS- drinks 6 times each. For each drink condition,
participants reported to the lab for 1 blood draw and 1 indirect calorimetry session. For the
remaining 4 drinks, participants were instructed to consume 1 drink at home one hour before
dinner the same day as the lab session and 1 drink one hour before lunch the following day
(Figure 1). Drink compliance surveys were emailed to participants as reminders for drinks

consumed outside of lab sessions.

Blood Draw Session
Participants were asked to report to the blood draw session after fasting > 4 hours, and time of

last food or drink consumption was recorded. After IV catheter placement and a baseline blood



draw, participants were provided an experimental condition drink (i.e., CS+ or CS-) to consume
within 5 minutes. Blood samples were then collected at 10, 15, 20, 30, 40, and 60 minutes after
drink consumption. Participants rated hunger, fullness, and thirst on VAS at the start of the

session, immediately after drink consumption, and 30 minutes after drink consumption.

Assessment of Blood Metabolites and Hemoglobin A1c

Blood glucose was measured in duplicate immediately after collection from whole blood using a
point-of-care system (Hemocue Glucose 201 System, HemoCue, CA, USA). Blood was
centrifuged and serum was stored at -80°C for later insulin measurement using an enzyme-
linked immunosorbent assay (ELISA; ALPCO, NH, USA). Hemoglobin A1c was assessed using
an EDTA anticoagulated blood sample and a point-of-care analyzer (Afinion HbA1c, Abbott

Laboratories, IL, USA).

Indirect Calorimetry Session

Participants were asked to fast for > 4 hours (including caffeine) and refrain from exercise for
24 hours prior to the indirect calorimetry session. Upon arrival, participants reported the time of
their last food or drink consumption. Indirect calorimetry was performed with a metabolic cart
and canopy (TrueOne2400, Parvo Medics, Salt Lake City, UT) following best practices [47].
Prior to a 30-minute baseline measurement, participants rested quietly in a chair at a 30 degree
recline for approximately 30 minutes. After the 30-minute baseline measurement, participants
were provided a study drink to consume within 5 minutes. Gas exchange measurements were
collected for 60 minutes following consumption of the drink. Metabolic rate was calculated using
the modified Weir equation [48], and carbohydrate oxidation was calculated using tables based

on the non-protein respiratory quotient proposed by Peronnet and Massicotte [49]. Participants



rated hunger, fullness, and thirst on VAS at the start of the session, immediately after drink

consumption, and approximately 60 minutes after drink consumption.

Post-Test

Participants were asked to fast for > 4 hours prior to the session and rated hunger, fullness, and
thirst levels using VAS upon arrival to the lab. Then, following the same swish-and-spit
procedure used during the pre-test session, they tasted and rated intensity (gLMS), liking (LHS),
and wanting (VAS) for each flavor consumed during their drink exposure sessions. These flavor
solutions were prepared in the same manner as for the pre-test session (i.e., sweetened but
containing no calories). As in the pre-test session, flavors were presented 3 times each, and

ratings were averaged across the 3 presentations for statistical analyses.

Statistical Analyses

Summary statistics for participant characteristics were calculated as means and standard
deviations, and counts and percentages for continuous and categorical variables, respectively.
Comparisons of pre-test perceptual ratings of liking, familiarity, and intensity for flavors paired
with CS+ and CS- conditions were assessed with paired t-tests. Comparisons of change in
rated liking and differences in post-test wanting ratings between CS+ and CS- conditions were
assessed with paired t-tests. Changes in metabolic rate and respiratory quotient were
determined following guidelines suggested by Fullmer et al. [47]. Resting metabolic rate and
respiratory quotient were calculated as 5-minute means for which the coefficient of variation of
VO, was <5%, after discarding the first 5 minutes of data collection. Data collected during the
first 5 minutes after drink consumption were additionally discarded for postprandial
assessments. Slopes and areas under the curve for metabolic rate,RQ, were calculated as the

rate of change from baseline to peak value and using the trapezoidal rule, respectively. Blood



insulin and glucose values from the session with the longer fasting period for each individual
were used as baseline measures. To eliminate potential effects of flavor-flavor learning,
eliminate mere exposure effects, and isolate the effects of learning for calorie-paired flavors
specifically, perceptual ratings and metabolic responses for the CS- condition were subtracted
from CS+ condition values for each individual, and then associations between perceptual
ratings and metabolic health and adiposity variables were assessed using Pearson correlations.
Linear mixed effects models testing interactions between drink condition and weight status or
metabolic response variables on perceptual rating were also conducted and did not differ in
outcome compared with Pearson correlations. Additionally, in separate models, fasting time was
included as a covariate to adjust for potential effects of hunger or metabolic state, which did not
influence the observed outcomes. Therefore, for parsimony and interpretability, results from

correlation tests are presented here. For all statistical tests, the significance level was set to .05.

Results

Participants demographics

Participant characteristics at baseline for the overall sample and each study are shown in Table
1. Overall mean age for participants across the two studies was 29 +7 years, and overall mean
BMI was 25.7+ 4.8 kg/m2. Baseline blood glucose and serum insulin were 81.5 + 7.99.0 + 4.7,
respectively, and hemoglobin A1c was 5.0 + 0.3% in the overall sample. Participants in Study 2
had significantly higher body weights and waist-to-hip ratios compared with participants in Study
1. This was expected, as Study 2 aimed to intentionally recruit individuals with BMI 18-40 kg/m?

but Study 1 limited BMI to < 30 kg/m? for participation.

Metabolic Measures




Confirming our experimental stimuli produced the expected metabolic responses, we observed
that metabolic rate, respiratory quotient, blood glucose, and serum insulin were all elevated
following consumption of the CS+ compared with the CS- experimental drink (Supplemental
Figure 2A & 2B). Furthermore, the CS- experimental drink induced minimal changes from

baseline in each metabolic measure.

Internal State and Compliance Measures

Subjectively rated hunger, fullness, and thirst at baseline were similar across all lab sessions
(Supplemental Figure 1). Though participants were instructed to fast > 4h, there was a
nonstatistically significant interaction between drink condition and session on fasting time (t =
1.80, p = 0.08), where participants reported fasting prior to indirect calorimetry sessions
approximately 1 hour longer (t(74) = 1.31, p = 0.20) before consumption of the CS+ compared
with CS- drink but 1 hour shorter (1(74.2) = -1.24, p = 0.22) prior to blood draw sessions
(Supplemental Figure 1A).

Compliance in consuming the drinks 1 hour before lunch and dinner at home was 96%. In the 8
cases of non-compliance, only 1 participant consumed less than the entire drink on 1 occasion;
in all other cases of non-compliance, participants consumed the drink outside of the specified

time of 1 hour before a meal, up to 2 hours before or after the specified time.

Perceptual Ratings

During the pre-test, there were no statistically significant differences between flavors paired with
CS+ and CS- drink conditions in rated liking (t(25) = 1.479, p = 0.15), familiarity (1(25) = -0.281,

p = 0.78), or intensity (t(25) = 0.979, p = 0.33; Figure 1), as expected. At post-test we observed
no overall significant differences in change in liking (1(25) = 0.179, p = 0.86) or post-test wanting

(t(25) = 0.971, p = 0.34) ratings between CS+ and CS- drink conditions (Figure 2).



Perceptual Ratings Associated with Characteristics of Weight Status & Glycemic Control

Although we did not observe overall effects of conditioning, there was substantial variation in
responses to the conditioning paradigm (Figure 2). We sought to determine if this variation
could be explained by characteristics of adiposity and metabolic health. Among those tested,
only baseline blood glucose (r =-0.39, p =0.05) and hemoglobin A1c (r=-0.43, p = 0.03) were
correlated with change in rated liking (Figure 3), such that greater baseline blood glucose and
HA1c were associated with smaller changes in liking of the CS+ after conditioning. These
observed relationships remained when tested in a linear mixed effects model controlling for
fasting time and including study as a random intercept. In contrast, no measures of adiposity or
metabolic health were correlated with post-test rated wanting. No measures of dynamic
metabolic responses, including areas under the curve for blood insulin and glucose, to
consumption of condition drinks were correlated with changes in rated liking or post-test wanting

ratings (Supplemental Tables 1 & 2).

Discussion

Pooling data from 2 preliminary studies, we assessed the relationship between body weight
status, as measured by BMI and WHR, and glycemic control, as measured by blood glucose,
blood insulin, and hemoglobin A1c with behavioral outcomes using a FNL paradigm. We
specifically recruited participants across a range of BMIs to examine if body weight status
altered flavor nutrient learning as is suggested by findings that people with obesity have a
blunted response to nutrients. We found that markers of glycemic control, namely baseline
blood glucose and hemoglobin A1c, rather than BMI or WHR, predicted behavioral outcomes in

our FNL paradigm.



Obesity has been associated with blunted response to post-ingestive nutrients. Specifically, in
response to a fat stimulus delivered directly to the gut, inhibition of hypothalamic AgRP neurons
was reduced after onset of high fat diet-induced obesity in mice [19]. In humans, van Galen et
al. [20] observed attenuations in functional magnetic resonance imaging (fMRI)-assessed blood
oxygen level-dependent (BOLD) signal after the onset of intragastric infusions of carbohydrate
and fat and in single photon emission computed tomography (SPECT) imaging radiotracer
binding after intragastric fat infusion in healthy weight participants, but not participants with
obesity. Furthermore, Perszyk et al. [50] noted a supra-additive effect of foods containing fat
and carbohydrate in combination on willingness-to-pay, thought to be dopamine mediated, in
individuals with healthy weight but not those with obesity. Together, these observations have
led to the postulation that FNL may be impaired in individuals with obesity. However, we did not
observe a relationship between body weight status, assessed using BMI and WHR, and ratings
of wanting or change in liking for calorie-paired flavor cues. In contrast, Ribeiro et al. reported
similar increases in preference for calorie-paired flavors between individuals with obesity and
healthy weight [23]. Of note, the group with obesity had substantially higher BMI (X = 50.5 + 9.5
kg/m?) than our data presented here. Interestingly, however, the increase in preference was
observed only when ad libitum intake was considered as the behavioral measure; like our own
data, Ribeiro et al. noted no change in pleasantness (i.e., liking) ratings for the CS+ flavor in the

overall sample.

Historically, FNL paradigms in healthy weight humans have produced variable results in terms
of post-ingestive preference learning [51], but FNL studies in rodent models without diet-
induced obesity spanning several decades have reliably found that postingestive signals guide
behavioral preferences [3,6,52]. Interestingly, FNL studies in rodent models of obesity have

produced mixed findings in terms of acquisition of behavioral preference. Woods et al. [22]



observed that rats maintained on either a food restricted or ad libitum diet acquired a preference
for a CS+ over CS- flavor after conditioning, yet diet-induced obese rats did not. On the other
hand, Wald and Myers [21] observed that among outbred obesity-prone, obesity-resistant, and
chow-fed control rats, obesity-prone rats who had gained the most weight during a high-fat,
high-carbohydrate diet period acquired greater preference for the CS+ over the CS- flavor in a
2-bottle choice test compared with obesity-resistant and chow-fed animals. Interestingly, the
obesity-prone rats acquired this learning at a much faster rate (i.e., within 1 training session)
compared with the obesity-resistant and chow-fed groups These differences in learning rates
and conditioning responses suggest there may be underlying genetic- or trait-based differences
that contribute to individual variability in food reward learning. Further supporting this notion is
data linking expression of a Taq1A allele genetic variant with differences in striatal dopamine 2
receptor expression and dopamine signaling, the key signal driving reward and motivated
behaviors [53]. The Taq1A polymorphism has also been shown to interact with the obesity

promoting FTO gene allele to alter peripheral and central insulin insensitivity [54].

This is perhaps not surprising, as obesity and insulin resistance are clearly linked, and a
majority of individuals with type 2 diabetes also have obesity [55]. Insulin, produced in the
periphery by the pancreas, is a key neuroendocrine hormone in modulating dopamine action in
striatal and prefrontal brain regions involved in reward learning and motivated behaviors [56].
Insulin receptors are highly expressed on dopaminergic neurons in the striatum [57], and
available evidence suggests that peripheral insulin crossing the blood brain barrier is the
primary source of central insulin action [34,37]. Among healthy weight individuals, elevations in
peripherally circulating insulin after food consumption have been associated with attenuations in
food cue reactivity in brain reward regions [35] as well as enhanced functional connectivity

within mesocorticolimbic circuitry [36], presumably to regulate within-meal eating behaviors.



Insulin resistance has been associated with reduced food value encoding in brain reward
regions [58] and increased activity in the prefrontal cortex [59]. Furthermore, learning rate during
an associative learning task has been shown to be reduced in individuals with obesity and
reduced insulin sensitivity [38]. In line with this evidence of insulin action on reward processing,
we observed a negative association between markers of peripheral glucose and insulin
metabolism, specifically baseline blood glucose levels and hemoglobin A1c, and conditioned
preference, even within ranges considered clinically normal. In contrast, in cohorts of middle
aged and older adults Epstein et al. observed that higher homeostatic model assessment for
insulin resistance (HOMA-IR), hemoglobin A1c, fasting blood insulin, and fasting blood glucose
were associated with increases in consumption of sugar-containing yogurt compared with non-
nutritively sweetened yogurt [60,61]. The direction of our observed relationship is opposite of
what was found in studies by Epstein et al.; however, participants in those studies had much
higher insulin resistance than our sample here. It’'s therefore possible a non-linear relationship
exists between nutrient responses driving flavor nutrient learning and markers of glycemic
control. Furthermore, whether differences in ages between our sample and those of Epstein et
al. contributed to differences in observed relationships between glucose metabolism and FNL

outcomes is unclear.

Here, we chose to focus on subjective ratings of liking and wanting as behavioral outcomes as
prior work in FNL in humans has linked markers of glucose metabolism specifically with
changes in rated liking [31]. In this context, though correlative, our observations of the
relationship between markers of glycemic control and changes in rated liking point toward these
metabolic processes as important players in the increase of flavor liking through FNL. However,
whether an increase in rated liking or pleasantness is the primary behavioral indicator of the

acquisition of FNL is unclear, as with all learning paradigms measuring acquisition through



behavioral expression is imprecise. Choosing the right behavioral measurement is essential,
and it might be possible that physiological measures correlate with some but not all behavioral
ones. Some work in animal models suggests that motivation is a better measure of FNL and
that liking, as assessed by oral taste reactivity, is not always associated with learned preference
[6,62]. The findings from Riberio et al.[23] and Epstein et al.[60,61] discussed above are in line
with this idea; both studies observed no difference in rated liking between CS+ and CS-
conditions, yet intake of the CS+ condition was greater after the FNL paradigm. Future studies
in humans incorporating assessments of motivation or incentive salience, brain response, and
hedonic shifts will be important for disentangling the influence of body weight status and

glycemia on FNL.

Strengths and Limitations

Strengths of this study include the use of the CS- condition as a flavor and somatosensory
control in our statistical analyses. Parsing out flavor-flavor learning, in which a flavor becomes
preferred due to its association with an already preferred taste (e.g., sweetness), from FNL, in
which the nutritional consequences of consumption drive the associative learning, can be a
potential challenge for many studies with similar designs. Flavor novelty is a critical component
of FNL paradigm design that commonly is not objectively assessed [51]. Rated familiarity was
similar between CS+ and CS- flavors at baseline in our sample. Therefore, subtracting
perceptual values of CS- flavors allowed us to control for taste and other somatosensory
properties of our drinks to isolate the behavioral effects of the post-ingestive consequences of
our CS+ condition. In addition, this methodological approach allowed us to rule out the mere
exposure effect, in which liking or preference is increased simply because of repeated

exposures.



There are several limitations to this study. First, as mentioned above, recent studies in FNL in
humans have reported finding differences in behavioral task outcomes, specifically ad libitum
intake, without concurrent differences in rated liking. In the present analysis, behavioral task
outcomes, such as ad libitum intake, were not assessed. As these tasks could better reflect the
constructs of motivation or incentive salience, they should be included in addition to measures
of liking or hedonic changes in future studies. In addition, while hunger and fullness ratings were
not different across sessions, it is possible that macronutrient composition of meals consumed
on the day of lab sessions could have influenced preference outcomes. Second, our study
samples were metabolically healthy overall; indeed, for one study included in this analysis,
hemoglobin A1c levels greater than 5.7% were exclusionary from study participation, and in
both studies, diagnoses of metabolic disorders were exclusionary criteria. Similarly, as
participants were only instructed to fast > 4 hours prior to blood draws sessions, we were
unable to calculate proxies of insulin resistance, such as HOMA-IR or quantitative insulin
sensitivity check index, which rely on blood insulin and glucose measures collected after > 8-
hour fast. In addition, measures of body weight status were limited to only BMI and WHR for this
analysis. As adipose tissue deposition site is strongly linked with insulin sensitivity and glycemic
control [63,64], it will be important for future studies to assess body fat distribution using more
precise measures. Lastly, while our measure of hemoglobin A1c as an assessment of glycemic
control is useful for application in the clinic, future studies should consider more comprehensive

assessment of blood glucose and insulin dynamics, such as glucose tolerance tests or clamps.

Summary and future directions

Altered post-ingestive response to nutrients had been suggested as both a potential cause and
consequence of obesity. Here, we found glycemic parameters within values considered clinically

normal predicted changes in subjective experience in a FNL study. While these findings cannot



resolve the issue of cause or consequence, they provide support for blunted nutrient learning as
fasting blood glucose and hemoglobin A1c increase. Future studies should consider
incorporating more intrinsic behavioral measures of motivation or incentive salience as well as
measured brain response to provide a more complete picture of the relationships among body
weight status, clinical indicators of metabolic health, and FNL. Obesity is increasingly being
recognized as a heterogeneous condition with diverse pathophysiology [65]. Together, the data
presented here along with available evidence in the literature highlight a need to further
characterize interactions between individual phenotypic traits on developing food preferences

and eating behaviors.
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Table 1. Participant characteristics at baseline for the overall sample and separated by study.
Data are presented as mean (standard deviation) or frequency (%).

Whole Sample Study 1 Study 2 p-
(n=26) (n=11) (n=15) value
Sex 0.19
Male, n 7 (27%) 1(9%) 6 (40%)
Race, n 0.27
Asian 2 (8%) 2 (18%) 0 (0%)
Black or African American 2 (8%) 1(9%) 1(7%)
White 18 (69%) 6 (55%) 12 (80%)
More than one race 2 (8%) 1(9%) 1 (7%)
Other 1 (4%) 0 (0%) 1 (7%)
c?nknown/Preferred not to 1(4%) 1(9%) 0 (0%)
isclose
Ethnicity, n 0.47
Not Hispanic or Latino 23 (89%) 9 (82%) 14 (93%)
Hispanic or Latino 2 (8%) 1(9%) 1 (7%)
Prefer not to disclose 1 (4%) 1(9%) 0 (0%)
Age, yrs 29 (7) 27 (7) 30 (6) 0.34
Body Weight, kg 72.3 (17.3) 64.30 (12.1) 78.2 (18.4) 0.04
BMI, kg/m2 25.7 (4.8) 23.6 (2.9) 27.2 (5.4) 0.06
Waist-to-Hip Ratio 0.79 (0.08) 0.74 (0.04) 0.84 (0.08) 0.001
Hemoglobin A1c, % 5.0 (0.3) 5.1 (0.3) 5.0 (0.3) 0.66
Baseline Blood Glucose, mg/dL 81.5(7.9) 78.2 (6.4) 84.0 (8.3) 0.07
Baseline Serum Insulin, ulU/mL 9.0 (4.7) 10.0(5.7 8.54.2) 0.50







Figure 1. Study design for both randomized, crossover pilot studies (A). In a pre-test, participants rated flavors for liking, familiarity,
and intensity and completed measurements of height, weight, waist circumference, and hip circumference. Participants whose flavor
ratings passed inclusion criteria were randomized to each experimental drink 6 times within 1 week in counterbalanced order. During
one drink exposure session, blood was drawn at baseline and at 7 time points after drink consumption. In another session, indirect
calorimetry with a metabolic cart was performed at baseline and for 1 hour after drink consumption. In a post-test, participants rated
liking and wanting for flavors previously paired with experimental drinks. Pre-test mean rated liking (B), familiarity (C), and intensity
(D) were similar between flavors selected for pairing with experimental drinks across Study 1 (dashed lines) and Study 2 (solid lines).
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Figure 2. Change in rated liking from pre-test to post-test (A) and post-test rated wanting (B)
were similar for flavors previously paired with 0-kcal (CS-) and 75-kcal (CS+) experimental drink
conditions. Data presented as mean and standard error. Dashed lines represent individual
participant ratings from Study 1 and solid lines represent individual participant ratings from
Study 2.
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Figure 3. Correlations between body mass index (A), waist-to-hip ratio (B), waist circumference (C), hemoglobin A1c (D), baseline
blood glucose (E), and baseline serum insulin (F) and change in liking ratings for the flavor previously paired with the 75-calorie CS+
experimental drink, after controlling for taste and somatosensory sensation by subtracting change in liking ratings for the 0-calorie
CS- experimental drink flavor.
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Supplemental Table 1. Dynamic metabolic response correlations with change in liking for the
CS+ flavor after accounting for changes liking ratings for the CS- flavor.

Variable (CS+ - CS-) Correlation p-value
Plasma Glucose AUC 0.12 0.56
Plasma Glucose Slope 0.16 0.45
Serum Insulin AUC 0.15 0.51
Serum Insulin Slope 0.06 0.79
Metabolic Rate AUC -0.03 0.89
Metabolic Rate Slope 0.18 0.37
RQ AUC -0.17 0.43
RQ Slope -0.06 0.77

AUC, area under the curve; RQ, respiratory quotient



Supplemental Table 2. Dynamic metabolic response correlations with post-test wanting ratings
for the CS+ flavor after accounting for post-test wanting ratings for the CS- flavor.

Variable (CS+ - CS-) Correlation p-value
Plasma Glucose AUC 0.15 0.47
Plasma Glucose Slope 0.12 0.57
Serum Insulin AUC 0.17 0.45
Serum Insulin Slope 0.12 0.60
Metabolic Rate AUC -0.14 0.52
Metabolic Rate Slope 0.02 0.94
RQ AUC -0.04 0.86
RQ Slope -0.11 0.57

AUC, area under the curve; RQ, respiratory quotient
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