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Abstract: Taste is influenced by several factors. However, whether habitual exercise level is associated
with differences in taste perception has received little investigation. The aim of this study was to
determine if habitual exercise is associated with differences in taste perception in men. Active
(n = 16) and inactive (n = 14) males, between ages 18–55, underwent two days of sensory testing,
using prototypical taste stimuli of high and low concentrations for sweet, salt, bitter, sour, umami,
and carbohydrate (maltodextrin). Mean perceived intensity and hedonic ratings were recorded.
Eating behaviour was assessed by the three factor eating questionnaire and food intake by EPIC food
frequency questionnaire (FFQ). There were moderate to large differences between the two groups in
perceived intensity for sweet taste at the high concentration and umami taste at both high and low
concentrations, with active males recording a higher perceived intensity (p < 0.05 for all). The active
group also recorded a greater dislike for umami low and carbohydrate low concentration (p < 0.01).
Salt, bitter and sour perception did not significantly differ between the two groups. FFQ analysis
showed no difference in % energy from macronutrients between the groups. Eating behaviour traits
correlated with sweet taste intensity and umami taste liking, independent of activity status. Results
indicated that sweet and umami taste perception differ in active compared to inactive males. Habitual
exercise level should be considered in taste perception research and in product development. Whether
differences in taste perception could be one factor influencing food intake and thus energy balance
with habitual exercise warrants further investigation.

Keywords: taste perception; umami; carbohydrate; sweet; salt; bitter; physical activity; intensity;
liking

1. Introduction

The sense of taste allows us to identify and distinguish between sweet, sour, salty, bitter,
and umami qualities [1], perceived on the tongue in the absence of odour. In addition, carbohydrate
has recently been described as a taste [2] exemplified by maltodextrin. Taste sensitivity differs between
individuals for different taste qualities [3,4]. There is considerable variation in the degree of taste
perception, and a wide range of factors, including genetics [3,5], age [6], sleep [7] body mass index [8],
anxiety level and neurotransmitters [9], hormonal factors [10], and habitual diet [11], among others,
have been associated with differences in taste perception between individuals. Physical activity could
potentially influence several of the modifiable factors associated with differences in taste perception.
Although the outcomes are variable, some studies have reported alterations in taste perception during
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and after a single bout of exercise (see References [12,13] for reviews). There is also some limited
evidence that habitual exercise may be associated with differences in taste perception [14]. In a
study of female swimmers and inactive females, swimmers were found to perceive high-sucrose
stimuli as sweeter [14]. However, little other research to date has investigated taste perception and
habitual exercise.

Characterising factors influencing food intake in active and inactive individuals is important to
gain a greater understanding of the role of physical activity in energy balance [13,15,16]. Sedentary
individuals have been proposed to be at a greater risk of overeating due to a lack of physiological
regulation of appetite [17] and several aspects of appetite and food intake regulation have been shown
to vary depending on habitual physical activity level [18–20]. Evidence from both cross-sectional
and longitudinal studies suggests physical activity is associated with improved short-term appetite
control [19]. Moreover, hedonic responses for high- or low-fat and sweet or savoury foods have been
shown to differ between habitual exercisers and inactive individuals [20]. The underlying factors and
mechanisms associated with differences in appetite control and food intake with physical activity,
however, remain to be fully elucidated.

Understanding whether taste perception differs depending on physical activity level is important,
as differences in taste perception could influence food choice or eating behaviour [3,4,21] and may be
related to weight status [22,23]. Alterations in taste perception have been linked to weight gain, with a
recent longitudinal study demonstrating attenuated sweet and salty taste perception was associated
with weight gain in college-aged males [24]. Moreover, taste perception has been proposed as a factor
that may influence athletes’ food choices [25]. Determining whether taste perception differs in active
and inactive individuals could, therefore, provide greater insight into factors influencing food choice
and energy balance. For example, a reduced sensation of sweet or salty taste could potentially render
inactive individuals more susceptible to weight gain.

The present study aimed to compare taste perception (taste intensity and liking) between active
and inactive males for the five ‘basic’ taste qualities of sweet, sour, salty, bitter, and umami tastes,
as well as the more recently proposed carbohydrate taste.

2. Materials and Methods

2.1. Study Design

Participants in this between-groups cross-sectional design study undertook two separate test
mornings one week apart. Ethical approval for the study was provided by the University College
Dublin School of Public Health, Physiotherapy and Sports Science undergraduate research ethics
committee. The primary outcome measure was taste perception (intensity) and secondary outcomes
were liking and identification of taste, anthropometry and body composition, eating behaviour,
and habitual dietary intake.

2.2. Participants

Thirty men were studied (n = 14 inactive and n = 16 active) between the ages of 19 and
51 years. Inclusion criteria were: Male, aged 18–55 years, nondiabetic, no medical conditions
and not taking medication known to influence taste perception, willing to consume study taste
solutions, and nonsmokers. Participants were classified through a screening questionnaire based on
their self-reported physical activity patterns over the last 6 months as either inactive (undertaking
≤1 structured exercise session per week and not engaged in strenuous work) or active (undertaking
≥4 structured exercise sessions per week). Individuals who did not fit either category were excluded.
One exercise session was defined as at least 40 min of moderate to high intensity activity. Participants
were also asked to record the typical intensity, frequency, and duration of each activity per week.
These criteria were used as identical to previous studies showing differences in appetite control in
active versus inactive individuals [18,26]. We have previously shown these categories to differ in
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objectively measured physical activity [27]. Sample size calculations were conducted in G*Power [28]
using data from a recent study assessing sweet intensity in adults [29], as taste intensity was the
primary outcome measure, differences with physical activity in females were previously shown in
relation to sweet taste [14], and the most similar literature that provided quantitative data to allow
sample size calculation related to sweet taste. To detect a 10-point difference in sweet taste intensity
ratings between the two groups in the present study with a power of 80% and a significance level of
5%, 14 individuals were required per group.

2.3. Recruitment and Setting

Recruitment was conducted through the distribution of recruitment flyers and emails throughout
the university campus. Participants who were eligible to participate based on information provided in
the screening questionnaire were invited to participate in the testing sessions. The testing sessions
took place in the sensory evaluation suite at UCD’s Institute of Food and Health. Participants were
recruited from the 1 January 2018 until the 15 March 2018.

2.4. Body Composition Measurement and Taste Perception Assessment Day Protocol

On arrival, all participants provided written informed consent. On both test days, participants
attended the laboratory in the morning, having avoided strong-flavoured foods/drinks, such as spicy
foods and coffee, for 12 h and strenuous exercise for 24 h, and were instructed to wear light clothing
for body composition measurements. Participants’ height measurements were first taken using a
stadiometer, followed by weight and body composition using a Tanita body composition analyser
(BC-420MA, Tanita Ltd., Yiewsley, UK), which uses bioelectrical impedance (BIA) to assess body
composition. Participants were then familiarised with the generalised labelled magnitude scale to
assess perceived intensity (gLMS) [30]. The gLMS is a validated scale for assessing taste intensity,
according to the standard protocol outlined previously by Green, Schaffer, and Gilmore [31] and
Green et al. [32]. A generalised degree of liking scale (gDOL) with labels of ‘neutral’ and ‘strongest
liking/disliking of any kind’ was used to assess liking of the stimuli.

2.4.1. Taste Stimuli

Food-grade, prototypical taste stimuli in water were prepared as follows: Sucrose (sweet)
(27 mmol/L and 243 mmol/L), citric acid (sour) (1 mmol/L and 9 mmol/L), sodium chloride (salt)
(33 mmol/L and 300 mmol/L), quinine (bitter) (0.056 mmol/L and 0.498 mmol/L), monosodium
glutamate; MSG (umami) (0.51 g/L and 4.566 g/L) [24], and maltodextrin (carbohydrate) (dextrose
equivalent 4.0–7.0, Sigma Aldrich, Arklow, Ireland) (35.5 g/L and 112.4 g/L) [2]. These concentrations
were selected to provide ‘low’ and ‘high’ concentrations to allow comparison to recent research [2,24].

2.4.2. Taste Perception Rating

Participants undertook two identical taste sessions spaced one week apart. Previous work
has indicated that at least two taste intensity ratings are necessary to achieve reliable estimates of
individual taste responsiveness when using the gLMS [33]. Both sessions took place in the mornings,
and participants followed identical instructions prior to each visit. The taste stimuli were the same
in each session and mean results from the two ratings for each concentration of each taste were the
primary outcome used in analyses. Results from the individual test days were also explored to examine
the reliability of results at the individual test session. At each session, participants tasted 12 samples
(high and low concentrations of the six tastes), served at room temperature in 20 mL medicine cups in a
sip-and-spit manner in a randomised block design, presented blinded, using 3-digit randomised codes.
The tests were administered on computers located in each sensory booth, using RedJade software
(RedJade Software Solutions, LLC, Boulder, CO, USA). Participants were requested to identify the taste
from a specified list (‘sweet’, ‘salt’, ‘sour’, ‘bitter’, ‘umami’, ‘carbohydrate’ or ‘unsure’) and then to rate
the perceived intensity and then liking of the stimuli on a gLMS and gDOL respectively presented on
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screen. A 30 s break was enforced with the software between each solution, with a 2-min break after
every 4 samples, with water for rinsing provided between each sample.

2.4.3. Eating Behaviour and Habitual Diet

At the end of the taste protocol on the second test day, participants completed a paper-based
version of the three factor eating questionnaire (TFEQ) [34] and European Prospective Investigation
into Cancer and Nutrition (EPIC) food frequency questionnaire (FFQ) [35].

2.5. Statistical Analysis

Statistical analysis was performed using PASW Statistics 24.0 (SPSS Inc., Chicago, IL, USA) and
GraphPad Prism version 7.0 for Mac (GraphPad Software, San Diego, CA, USA). To determine if
the data of the two groups was normally distributed, the Shapiro–Wilk test was used. For normally
distributed data, a parametric independent t-test was used; otherwise, the Mann–Whitney U test
was used. Pearson’s correlation or Spearman’s rank correlation coefficient were used to determine
relationships between variables where appropriate. Effect size (ES: Cohen’s d or r where appropriate)
was also assessed. Multiple regression analysis was undertaken to identify the effects of confounding
variables such as age and body composition on taste perception. There were no missing data for any
outcomes, except for the TFEQ and FFQ for two participants in the active group. Only complete data
for the TFEQ was used in analyses (n = 14 in both groups). Statistical significance was considered at
p < 0.05 and data are reported as mean (SD) unless otherwise stated.

3. Results

3.1. Subject Characteristics

Descriptive data for the active compared to inactive groups are shown in Table 1. Age, height,
weight and body mass index (BMI) did not significantly differ between the two groups; however,
the active group had a lower body fat percentage.

Table 1. Subject characteristics of active (n = 16) and inactive (n = 14) groups.

Active Inactive p-Value Effect Size (d)

Age (years)
Median (IQR) 21 (21.0–22.5) 21 (20.5–25.5) 0.79 r = 0.05 1

Height (cm)
Mean (SD) 179.83 (4.91) 181.09 (5.12) 0.50 0.25

Weight (kg)
Mean (SD) 79.03 (8.02) 81.49 (10.96) 0.49 0.26

BMI (kg/m2)
Mean (SD) 24.41 (1.93) 24.80 (3.14) 0.68 0.15

Body Fat (%)
Mean (SD) 12.33 (4.30) 18.87 (6.45) <0.01 1.19

1 As data were not normally distributed, r is used for effect size.
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3.2. Taste Identification

Although the study was not designed to assess identification of tastes, we explored whether it
differed between the two visits and two groups, as it could potentially influence the results. Overall,
taste identification did not differ significantly for any taste and concentration between the first and
second session, suggesting no learning effect for taste identification occurred. Mean percentage of
tastes correctly identified was greater at the high concentrations than at the lower concentrations for
both groups (p < 0.05) but did not differ between the two groups (p > 0.05). When the individual
tastes were compared at the two visits, a greater percentage of the active group correctly identified the
umami taste compared to the inactive group (p = 0.03). However, there were no significant differences
in the identification of all tastes between the two groups for all other tastes and concentrations at the
two visits.

3.3. Taste Intensity

Perceived intensity in the active compared to inactive groups for the six tastes studied are
shown in Figure 1. There was a large difference (ES: d = 1.63, p < 0.05) in perceived intensity for the
high-concentration sweet (sucrose) taste between the two groups, with the active group recording a
significantly higher intensity rating compared to the inactive group (Figure 1A). Significantly higher
intensity ratings were also observed in the active group for the umami (MSG) taste (Figure 1C),
with a large difference between the two groups for the low concentration (ES: d = 1.18, p < 0.01) and
moderate difference at the high concentration (ES: r = 0.38, p < 0.05). Perceived intensity did not
significantly differ between the two groups for the low concentration of sucrose, nor for either high or
low concentrations of citric acid, quinine, sodium chloride, and maltodextrin (p > 0.05 for all; Figure 1).
For the latter comparisons, effect sizes were small for all (d < 0.30), except for the low concentration of
quinine (d = 0.60) and low concentration of maltodextrin (d = 0.66).
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Figure 1. Differences (mean (SE)) in perceived intensity responses on a generalised labelled magnitude
scale (gLMS) for high and low concentrations of: (A) Sweet, (B) sour, (C) umami, (D) bitter,
(E) salt, and (F) carbohydrate (maltodextrin) taste intensity ratings with physical activity. Solid
dark line indicates active group, dashed line indicates inactive group. * p < 0.05, ** p < 0.01. MSG,
monosodium glutamate.

3.4. Hedonic Response

Hedonic ratings in the active compared to inactive group for the six tastes studied are shown in
Table 2. Apart from the sweet taste, the majority of tastes had negative ratings, indicating varying
levels of dislike on the gDOL. There was a large difference between the two groups in liking of the
umami low concentration with the active group recording a dislike of the taste, compared to a mean
response of a weak liking in the inactive group. Similarly, the active group recorded a dislike for the
low-concentration carbohydrate taste, compared to a mean response of a weak liking in the inactive
group (Table 2). Although there were no statistically significant differences in hedonic ratings between
the two groups for the other solutions, moderate effect sizes were observed for the bitter taste, with a
trend towards a greater dislike of the bitter taste in active individuals.

266



Nutrients 2019, 11, 155

Table 2. Hedonic ratings of tastes assessed using a generalised degree of liking scale (gDOL) 1 in active
(n = 16) compared to inactive (n = 14) males.

Active
Mean (SD)

Inactive
Mean (SD)

p-Value Effect Size (d)

Sucrose
High 38.91 (27.68) 34.75 (28.66) 0.69 0.15
Low 1.44 (10.98) 5.18 (21.85) 0.42 0.22

MSG 2

High −17.06 (31.66) −16.79 (29.36) 0.98 <0.01
Low −13.09 (20.31) 2.82 (11.50) <0.01 0.96

Citric acid
High −3.72 (34.10) 0.36 (33.31) 0.74 0.12
Low −5.34 (18.19) 2.07 (22.59) 0.33 0.36

Quinine
High −57.50 (20.97) −38.79 (28.06) 0.05 0.76
Low −34.00 (22.86) −17.89 (29.02) 0.08 0.62

Sodium chloride
High −33.16 (43.22) −29.57 (35.17) 0.50 0.09
Low −18.72 (16.21) −11.96 (23.87) 0.73 0.33

Maltodextrin
High −7.16 (25.5) −3.32 (22.31) 0.67 0.16
Low −12.28 (12.76) 0.21 (14.29) <0.01 0.93

1 The labels of the scale were ‘neutral’ and ‘strongest liking/disliking of any kind’. 2 MSG, monosodium glutamate.

3.5. Reproducibility of Taste Intensity Comparisons between Groups at Individual Test Days

Interestingly, carbohydrate perceived intensity was higher at the first visit in the active group
(p < 0.05) but did not differ at the second visit and therefore was not significantly different when
mean ratings were compared. By contrast, umami high concentration intensity ratings did not
significantly differ statistically between groups at the individual test days but differed when mean
ratings were compared. However, most differences that were observed in mean ratings were also
evident at both individual test days, with significant differences or similar trends observed (p < 0.1) for
high-concentration sweet and low-concentration umami. Moreover, similar to mean ratings, perceived
intensity for low-concentration sweet, and both concentrations of sour, bitter, and salty were not
different between the two groups at the separate test visits.

3.6. Habitual Dietary Intake

There was no difference observed in the percentage of energy from macronutrients,
or carbohydrate between the active and inactive group (Table 3), except for fructose, which was
higher in the inactive group (p = 0.04), and fibre, which trended towards being higher in the inactive
group (p = 0.05).
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Table 3. Mean energy intake and percentage of energy from macronutrients for active and inactive
men (FFQ data).

Active (n = 13) 1

Mean (SD)
Inactive (n = 13) 1

Mean (SD)
p-Value

(2-Tailed)

Energy Intake
kcal/day 2290.7 (841.6) 2018.7 (826.7) 0.41

Macronutrient Intake, % of energy

Fat 36.4 (3.7) 37.7 (6.6) 0.53
Protein 21.5 (3.6) 19.9 (2.8) 0.22

Carbohydrate 43.8 (4.6) 42.0 (8.8) 0.50
Sugar 18.1 (3.5) 18.7 (4.6) 0.73

Sucrose 6.5 (2.3) 6.7 (1.9) 0.78
Fructose 2.5 (1.0) 3.4 (1.2) 0.04

Galactose 0.1 (0.1) 0.1 (0.1) 0.59
Maltose 0.5 (0.1) 0.5 (0.3) 0.77
Lactose 5.6 (2.0) 4.1 (2.7) 0.11
Starch 25.0 (3.8) 22.5 (6.9) 0.25
Fibre 2.9 (0.8) 3.6 (1.0) 0.05

1 FFQ (food frequency questionnaire) data were available for n = 26 individuals (n = 13 per group). Data were
missing for two participants and data for two individuals were removed due to energy misreporting (energy intake
>2 SD above or below the mean energy intake were removed as per Low et al. [2].

3.7. Regression Analysis Including Age, BMI, and Body Composition

3.7.1. Taste Intensity

For the sweet taste, physical activity status was the only variable associated with perceived
intensity at the high concentration (model adjusted R2: 0.13; ß = −0.39, p = 0.03). Age, BMI or
percentage of body fat were not independently associated with sweet taste intensity or when included
in models for either concentration (p > 0.1 for all).

For the umami taste at both concentrations, physical activity status showed the strongest
association with perceived intensity. BMI, body fat or age were not associated with differences
in umami perceived intensity (p > 0.1).

For the sour taste, at the low concentration, both age and body composition were significantly
associated with perceived intensity (p < 0.01) but not independently in the same model. Moreover,
there were no associations between sour taste at the high concentration and age, BMI, percentage of
body fat or physical activity status. Bitter and salty tastes also showed no significant associations with
these variables at either the high or low concentrations (p > 0.1 for all). For the carbohydrate taste,
BMI and activity status together in the same model significantly predicted perceived intensity at the
low concentration (model adjusted R2: 0.14; p < 0.05; activity status ß = −0.30, p = 0.099; BMI ß = −0.31,
p = 0.08).

3.7.2. Liking

Sweet and sour taste liking were not associated with physical activity status, age or body
composition (p > 0.1). However, activity status was associated with liking of the low-concentration
umami (ß = 0.44, p = 0.02), high-concentration bitter (ß = 0.37, p < 0.05), and low-concentration
carbohydrate (ß = 0.43, p = 0.02) tastes. Liking of the low-concentration salty taste (ß = 0.45, p = 0.01)
and of the high-concentration umami taste (ß = 0.45, p = 0.01) were both associated with age. Liking of
the low-concentration carbohydrate solution was the only variable associated with percentage of body
fat (ß = 0.45, p = 0.01) and, together with activity status in the same model, was associated with 20%
of the variance in liking for carbohydrate at the low concentration (model adjusted R2: 0.20; p < 0.05;
activity status ß = 0.27, p = 0.18; body fat ß = 0.31, p = 0.13).
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3.8. Regression Analysis with Eating Behaviour

3.8.1. Hunger

Sweet taste perceived intensity for the high concentration was positively associated with the trait
hunger (ß = 0.39, p = 0.04), (i.e., a higher hunger score was associated with greater perceived intensity).
This remained significant when included in the same model as activity status. Together, activity status
and hunger were associated with 27% of the variance in perceived intensity for sweet taste at the high
concentration (model adjusted R2: 0.27; p < 0.01). In addition, hunger was associated with perceived
intensity for the high-concentration bitter taste (ß = 0.44, p = 0.02) and liking for the high-concentration
salt taste (ß = 0.43, p = 0.02).

3.8.2. Disinhibition

Disinhibition was also associated with liking of the high-concentration salt taste (ß = 0.49, p < 0.01),
but not with any other variables.

3.8.3. Restraint

Perceived intensity for the high-concentration bitter taste (ß = −0.41, p = 0.03), and liking of the
low- (ß = −0.46, p = 0.02) and high- (ß = −0.43, p = 0.02) concentration umami taste were associated
with dietary restraint. As activity status (active or inactive) was also significantly associated with liking
for umami low concentration (model adjusted R2 = 0.19, ß = 0.439, p < 0.015), they were included in the
same model. Together, activity status and restraint accounted for 38% of the variance in umami low
concentration liking (model adjusted R2 0·38, p < 0·001; activity: ß = 0·46, p < 0·01; restraint: ß = −0.47,
p < 0·001). Dietary restraint was also inversely associated with liking of the high-concentration
carbohydrate taste (ß = −0.41, p = 0.03).

4. Discussion

The present findings demonstrate that taste perception intensity differed between active and
inactive males. In this cohort, active males reported a greater perceived intensity for both sweet
and umami tastes. Given previous evidence of associations between taste perception and food
choice [3,4,21], and weight gain [24], these findings may have implications for understanding factors
influencing the control of food intake and energy balance with habitual exercise.

Although limited research has investigated associations of habitual exercise with taste perception,
our finding of a greater perceived intensity of sweet taste in active males is comparable to a
previous study in females. Crystal, Frye, and Kanarek [14] found female swimmers perceived a
high-concentration sucrose solution as sweeter compared to inactive females’ using visual analogue
scales (VAS). In response to acute exercise, increases, no change, and decreases in acuity of taste
and rated preference for tastes have been previously reported, with results appearing to depend on
differences in length and intensity of the exercise session and the taste [13]. Regarding sweet taste
specifically, Westerterp-Plantenga et al. [36] observed an increase in perceived intensity of taste using
VAS for a low-concentration sucrose solution (but not high-concentration) following 2 h of moderate
intensity cycling. By contrast, others have reported no change in sweet taste intensity for a sucrose
solution, but an increase in intensity of sour taste following 10 minutes of cycling to generate a ‘light
sweat’ [37]. However, assessing differences with longer-term interventions and with habitual exercise
is also essential, as the repeated effects of regular exercise on physiological and psychological processes
of appetite control do not always mimic the acute effects of exercise. Participants in the present study
were instructed to avoid strenuous exercise for 24 h before the test sessions to avoid influence of acute
exercise on results.

Perceived intensity of umami taste also differed between the active and inactive groups. Perceived
intensity of both low and high concentrations of MSG was rated as significantly higher in active males.
In a previous study, along with the other ‘basic’ tastes, Horio and Kawamura [38] assessed umami
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threshold and liking using six different concentration solutions of MSG after moderate-intensity cycling
and found no difference compared to pre-exercise in healthy university students. Generally, the effects
of both acute and chronic exercise on umami taste perception, however, have not been extensively
studied previously.

Several factors could contribute to the differences in sweet and umami taste perception we
observed with habitual exercise. Some previous studies have shown habitual diet to be associated
with taste perception. For example, sweet taste intensity has been shown to negatively correlate
with total energy and carbohydrate and sweet food intake [11], although this was not demonstrated
elsewhere [39]. By contrast, higher carbohydrate taste intensity has been positively associated with
greater energy and starch intakes, assessed by either FFQ or food diary [2]. In the present study,
however, we did not observe differences in the percentage of energy consumed from starch, sugar or
other carbohydrate forms, apart from fructose, which was higher in the inactive group, although the
limitations of FFQ are recognised.

Eating behaviour traits could also contribute to differences in taste perception between individuals.
Dietary restraint and disinhibition have been identified as factors that may influence relationships
between adiposity and taste sensitivities to 6-n-propylthiouracil [40]. Therefore, we investigated
whether eating behaviours could influence associations between habitual exercise and taste perception.
The trait hunger and physical activity were both independently associated with sweet taste intensity
perception at the high concentration in the same model. Hunger and restraint were both also associated
with perceived intensity of the high-concentration bitter taste (quinine); however, eating behaviours
were not related to other perceived intensity ratings. These findings suggest eating behaviour traits
may be linked to taste perception of some tastes; however, the traits hunger, restraint or disinhibition
do not explain the differences in taste perception observed with habitual exercise.

Although we did not assess hormonal status, hormonal differences could be another mechanism
contributing to the differences in taste perception we observed in active compared to inactive males.
It is interesting that perception of sweet and umami were the two tastes that differed between the
active and inactive groups, indicating the differences in perception were specific mainly to these
tastes and not an overall effect on taste function. Both sweet and umami share the same class of taste
receptor in the mouth, which initiate a G protein-coupled signalling cascade [10,41,42]. There is now
strong evidence that in addition to intestinal signalling, glucagon-like peptide-1 (GLP-1) signalling
also occurs within the taste bud [43], and evidence from animal studies indicates GLP-1 signalling
has an important role in the modulation of both sweet and umami taste [42]. In the present study,
a sip-and-spit technique was used for the tasting of solutions, suggesting any differences in the taste
responses observed are influenced by orososensory mechanisms and not a post-oral response to
nutrients. Other hormones modified by regular exercise or body composition could also potentially
contribute to the differences we observed (see Reference [10] for a review). For example, leptin can
inhibit the response to sweet taste [10,44]. An increased circulating leptin (due to a greater body fat
percentage) in less active individuals could be one potential mechanism contributing to a reduced
intensity of sweet taste. However, BMI or percentage body fat did not moderate the relationship
between activity status and sweet taste perception in the present study. Endocannabinoids [45] and
glucose levels [46] also influence sweet taste responses and are altered with physical activity [47].
Characterising multiple hormonal factors is warranted in future studies, as it may provide mechanistic
insight into differences in taste perception with habitual exercise.

Regarding liking, sweet was the only taste to be positively rated by both groups, adding support
that sweet tastes are liked by most individuals [48]. We also observed that in addition to a greater
perceived intensity in the active group, active males also had a lower (negative) hedonic rating for
the low-concentration umami taste, suggesting the greater perceived intensity could have contributed
to a dislike for the taste. In contrast, liking of the sweet and umami high concentration tastes
did not differ between the active and inactive groups, despite differences in perceived intensity.
Others have also observed no difference in hedonic rating, despite changes in taste perception of
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simple solutions, including sucrose and quinine sulphate, with acute exercise [36]. One explanation
could be the form in which the taste stimuli are provided. For standardisation, all samples here were
provided to participants in solutions made up with water. However, when compared to more complex
food and beverage matrices, possible differences are likely [49]. The implications of differences in
perceived taste intensity with habitual exercise for liking of different foods and food choice warrant
further investigation.

Various methodological aspects of the present study should be considered. Participants included
males only to eliminate the possible interference of the menstrual cycle on taste perception, and to add
to previous research in females [14]. Further research in females is warranted. As body composition
has a role in some hedonic aspects of appetite control [15,20], body composition (fat and fat free
mass) should also be further considered. Links between taste and body weight or BMI have been
previously studied [8,22,23]; however, fewer studies [50] have examined fat or fat free mass. In the
present study, BMI did not differ between active and inactive groups, while percent body fat differed
significantly. These and other potential modifying variables were included in regression models but did
not modify the relationship between physical activity status and taste perception. For logistical reasons,
body composition was assessed using BIA. Relationships between taste and body composition have
previously been reported using BIA [51]. However, studies have shown variable findings regarding the
accuracy of BIA [52,53]. Future studies should explore relationships between taste perception and body
composition (fat and free mass) on an individual level using more accurate measures. Measurement of
waist circumference would also be relevant. In addition, objective measurement of physical activity
should be considered in future studies, to further elucidate relationships with aspects such as energy
expenditure and sedentary behaviour. Finally, a significant strength of the study is the use of six tastes,
low and high concentrations and two taste sessions, allowing a comprehensive assessment of potential
differences in taste perception with habitual exercise. Therefore, the findings can be considered to
provide reliable estimates of individual taste responsiveness in active versus inactive males.

In conclusion, these data show sweet and umami taste perception differ in habitual exercisers
compared to inactive individuals. There is evidence elsewhere that habitually active individuals
have improved energy compensation for energy density of foods [19]. Alterations in taste perception
could be one potential mechanism contributing to the regulation of energy balance with exercise.
While causal inferences cannot be drawn due to the cross-sectional nature of this study, the findings
have implications for researchers and for product development—indicating habitual exercise level
should be considered in studies examining taste perception and for consumer selection for product
development. Further studies are needed to examine longitudinal responses to exercise intervention
and to further explore the underlying mechanisms and implications for food intake.
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Abstract: Chronic smokers have a greater risk for altered chemosensation, unhealthy dietary patterns,
and excessive adiposity. In an observational study of chronic smokers, we modeled relationships
between chemosensation, fat/carbohydrate liking, smoking-associated dietary behaviors, and body
mass index (BMI). Also tested in the model was liking for sweet electronic cigarette juice
(e-juice). Smokers (n = 135, 37 ± 11 years) were measured for: Taste genetics (intensity of
6-n-propylthiouracil—PROP); taste (NaCl and quinine intensities) and olfactory (odor identification)
function; liking for cherry e-juice; and weight/height to calculate BMI. Smokers survey-reported their
food liking and use of smoking for appetite/weight control. Structural equation models tested direct
and indirect relationships between chemosensation, fat/carbohydrate liking, dietary behaviors, and
BMI. In good-fitting models, taste intensity was linked to BMI variation through fat/carbohydrate
liking (greater PROP intensity→greater NaCl intensity→greater food liking→higher BMI). Olfactory
function tended to predict sweet e-juice liking, which, in turn, partially mediated the food liking and
BMI association. The path between smoking-associated dietary behaviors and BMI was direct and
independent of chemosensation or liking. These findings indicate that taste associates with BMI in
chronic smokers through liking of fats/carbohydrates. Future research should determine if vaping
sweet e-juice could improve diet quality and adiposity for smokers.

Keywords: sweet liking; fat liking; e-cigarettes; body mass index; dietary behaviors; smell; taste;
tobacco; cigarettes; chronic smoking

1. Introduction

Cigarette smoking and obesity increase disease susceptibility and all-cause mortality risk.
Although U.S. cigarette smoking rates have declined, 37.8 million adults (15.5%) were current
smokers in 2016 [1]. Conversely, U.S. rates of obesity have increased, with 39.8% of adults affected in
2015–2016 [2]. Chronic smoking with obesity is a complex interplay between unhealthy behaviors and
biological factors that fuel both conditions and require unique attention for health promotion efforts [3].
The smoking-adiposity relationship, however, is not linear. Nicotine, a parasympa-thomimetic alkaloid
in tobacco, produces an anorectic effect [4] and elevates metabolic rate [5], elucidating findings of
lower body weight among smokers [6,7]. Yet two population-based studies showed that long-term
smokers had a greater risk of overweight [8] and obesity [9], which may result from unhealthy
dietary patterns [10–12]. A population-based survey showed that heavy smokers consumed a more
pro-inflammatory diet (energy-dense, rich in saturated fats, added sugars, and refined carbohydrates)
than did nonsmokers [10], fueling greater adiposity [13]. There also are parallels in brain reward
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circuitry in response to nicotine addiction and highly palatable fats and sweets, which support weight
gain [14]. Of interest in the present study are associations between dietary behaviors and adiposity in
chronic smokers, and whether these associations are influenced by chemosensory function, which may
be altered by routine exposure to cigarette smoking.

There have been inconsistent associations between smoking and taste function in the literature,
with most studies reporting effects on taste thresholds. Suprathreshold function, however, may have
more applicability in efforts to understand links between taste and dietary behaviors. For example,
a small trial showed that obese smokers reported less sweetness and creaminess from sugar/fat
mixtures than did non-smokers and normal weight smokers [15]. Relative to non-smokers, chronic
smokers from our laboratory-based study reported higher taste intensity from concentrated NaCl [16].
Variation in ability to taste the bitterness of phenylthiocarbamide (PTC) and propylthiouracil (PROP),
phenotypes of genetic variation in taste, also has been studied in smokers. Cigarette smokers have
been hypothesized as more likely to be PTC/PROP nontasters [17]. Smokers who are phenotypically
nontasters show less aversion to the bitter taste of nicotine [18,19], may have greater nicotine
dependence [20], and may be more likely to smoke based on sensory cues than smokers who are
PTC/PROP tasters [21]. However, our laboratory-based study [16] and a crowdsourced cohort
study [22] did not find greater frequencies of PROP nontasters among chronic smokers. Importantly,
there is racial/ethnic variability in PTC/PROP tasting [23] and in cigarette smoking [1], convoluting
the ability to study their intersection and effects on dietary behaviors. The olfactory function also may
be influenced by cigarette smoking. A meta-analysis revealed significantly higher odds of olfactory
dysfunction among current smokers [24]. Similarly, our laboratory-based study showed higher rates
of hyposmia among chronic smokers from the nationally-representative 2012–2014 NHANES [16].

Of interest is how alterations in taste and smell function in chronic smokers might influence dietary
behaviors and risk of excessive adiposity. Both senses play unique roles in dietary behaviors [25].
Taste function has been most commonly studied through the effects of PTC/PROP on taste and
oral sensations [26], food preference [27], dietary patterns, and body weight [28]. Variation in taste
function beyond PROP also has been linked to food preferences and ingestive behaviors, including
salty taste [29]. Smell function plays a priming role in dietary behavior [25], cueing appetite and
cephalic phase responses [30]. As reviewed, an individual’s dietary and weight response to smell
impairment varies partially by self-awareness and response to the impairment [31]. Some studies have
reported that smell impairment has been linked to differences in food preferences [32], while other
studies have reported no substantial differences in food preferences [33] or dietary choices [34].

Obese smokers [3], especially women [35], have reported using cigarette smoking for weight
control. Electronic cigarettes (e-cigarettes) are also marketed [36] and perceived as safer for
weight/appetite control than tobacco cigarettes [37,38]. E-cigarettes allow the inhalation of vaporized
vegetable glycerol- or propylene glycol-containing fluids (e-liquids/e-juices) that vary in nicotine
concentrations and flavorings. Sweet e-juice flavors are the most popular [39], increasing the liking [40],
reward and reinforcement values of e-cigarettes [41], and ability to enjoy vaping flavors that mimic
sweets without ingesting calories [38]. These factors may have contributed to the substantial increase
in e-cigarette usage, with global sales totaling $3.5 billion USD in 2015 [42] and may surpass $20 billion
USD by 2025 [43].

Because of growing interest in overlaps between cigarette smoking, sensory cues, and dietary
behaviors [14], as well as interest in e-cigarettes for appetite/weight control, we aimed to describe
associations between taste and olfactory functions, food liking, smoking-associated dietary behaviors,
e-juice flavor liking, and body mass index (BMI) in chronic smokers exposed to e-cigarettes.
We hypothesized that chemosensory function would influence food liking, which, in turn, would
influence food/beverage liking and smoking-associated dietary behaviors, which, in turn, would be
associated with BMI. We used structural equation modeling to describe simultaneous associations
between taste and smell function, food and sweet e-juice liking, smoking-associated dietary behaviors,
and BMI among chronic smokers.
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2. Materials and Methods

2.1. Participants

Purposive convenience sampling was used to recruit chronic smokers, ages 18 to 55 years,
who resided in Hartford County, Connecticut. Potential participants answered newspaper and radio
advertisements from May 2014 to December 2016. A telephone screening ensured that all initial
exclusion and inclusion criteria were satisfied. The criteria for exclusion were: (1) Unstable medical
or psychiatric disorders, including uncontrolled hypertension (blood pressure ≥160/100 mm Hg);
(2) pregnancy; (3) awareness of hypersensitivity to nicotine or propylene glycol; (4) medical history of
myocardial infarction(s) or cerebrovascular accident(s). The criterion for inclusion was the current use
of a minimum of ten cigarettes daily. The study was approved by the Institutional Review Board (IRB)
at the University of Connecticut Health Center. Participants provided informed and written consent
and were compensated $20 upon completion of baseline assessments in the initial visit. Data described
in the present paper were obtained from 135 participants (65 males) who completed the baseline visit.

2.2. Study Procedures and Measures

Eligible participants were invited for baseline laboratory testing, conducted between 10:00AM
and 2:00PM. All subjects were requested to refrain from cigarette smoking for at least three hours prior
to testing. After completion of the consenting process, all subjects underwent a physical examination.
Current smoking status was confirmed by a breath carbon monoxide (CO) test using a Bedfont Micro+
TM Smokerlyzer handheld CO monitor (Bedfont Scientific Ltd, Harrietsham, Kent, UK). Potential
participants were instructed to first inhale, hold their breath for 15 s, and then exhale slowly into
the mouthpiece, aiming to empty lungs completely. CO levels are heightened in current smokers;
cut-off values of ≤12 ppm can identify smokers who have refrained from smoking for at least 8 h [44].
In addition, because alcohol consumption has been linked to cigarette smoking behaviors, smokers
were briefly assessed for patterns of heavy and binge alcohol consumption via a timeline follow-back
method (TLFB) [45]. Heavy drinking was defined as the consumption of ≥8 drinks per week over
the preceding three months while binge drinking was considered to be the consumption of ≥4 drinks
during a single occasion for females or ≥6 drinks for males.

After providing consent and completion of a physical examination, participants completed the
following procedures in a single visit to a hospital-based clinical research center:

2.2.1. Taste and Smell Function

For the taste testing, participants were oriented, with a specific script, to the general Labeled
Magnitude Scale (gLMS) and verbalized intensity ratings. The gLMS generalizes the LMS [46] to all
sensations [47]. Shown in the vertical orientation on a 100-point scale, it ranges from “no sensation”
(0) to “strongest sensation of any kind” (100) and includes intermediate labels at “barely detectable”
(1.4), “weak” (6), “moderate” (17), “strong” (35), and “very strong” (53) [47]. Participants practiced
rating the intensity of brightness of three remembered stimuli (well-lit room, dimly lit restaurant,
brightest light ever seen) and then reported the intensity of 1000 Hz tone series presented in 12 dB
steps from 50–98 dB. Then, participants rinsed their mouth with bottled water and then sampled
tastants, served at room temperature and in plastic medicine cups. Participants reported the intensity
of each tastant (1 mM quinine hydrochloride (QHCl; Sigma-Aldrich, St. Louis, MO, USA) and 1 M
sodium chloride (NaCl; Morton Salt, Chicago, IL, USA), which were first drawn across the tongue
apex with a medical cotton swab and then, in addition to 0.32 M NaCl, were sampled with the whole
mouth per protocol via the National Health and Nutrition Examination Survey (NHANES) 2012–2014
guidelines [48]. Following this, 1 mM and 3.2 mM propylthiouracil (PROP; Tokyo Chemical Industry
Co., Ltd., Portland, OR, USA) were sampled with the whole mouth. The 1 mM and 3.2 mM PROP
intensities were averaged for use in the analyses. Because chronic smokers reported higher intensities
from 1 M NaCl than did nonsmokers [16], only 0.32 M NaCl and averaged PROP intensities were tested
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in the analyses that follow. Using an algorithm previously reported [16], categorized PROP taster
statuses (supertasters, medium tasters, non-tasters) were explored via chi-square to assess differences
by demographics.

Smell function was measured using a 16-item odor identification task, with odors generated by an
olfactometer (Osmic Enterprises, Inc., Cincinnati, OH, USA). These odor items included food (cherry,
strawberry, lemon, onion, coffee, cinnamon, chocolate, grape, vanilla), warning (gasoline, smoke,
menthol); and household (soap, leather, baby powder, rose) odors. Participants were instructed to lean
toward the olfactometer nozzle, sniff the generated odor, and, in a forced-choice procedure, refer to
four choices (one correct option and three distractors shown as pictures and word-labels), and pick the
best choice. Possible scores on the odor identification task ranged from 0 to 16 correct responses for
classification of: Anosmia/severe hyposmia (0–7 correct), hyposmia (8–12 correct), and normosmia
(≥13 correct).

2.2.2. Liking for Saturated Fats/Carbohydrates

The intensities of liking/disliking of 40 foods and beverages and 11 non-foods (physical
activities, smoking products, pleasurable/unpleasurable items) were measured on a validated liking
survey [49,50]. The liking survey included a bidirectional, 100-point horizontal scale labeled with
five faces and verbal descriptors, which ranged from “neither like nor dislike” (0) to “strongest
disliking/liking of any kind” (±100), with survey items shown as a picture and verbal descriptor.
Before starting the survey, the participants were oriented to the scale (verbally and in print) with
examples that represented the intensity of disliking (running out of money, paper cut), liking
(winning the lottery, succeeding) and neutral (doing a routine chore). The scores on 19 of the 40
individual foods/beverage items that contribute to excessive adiposity [51] were averaged together to
comprise a reliable saturated fat/carbohydrate liking index (Cronbach’s α = 0.8): Sweets and sugary
beverages (doughnuts, cookies/cake/pie, chocolate, soda/sweet drinks, coffee drinks/Frappuccino®/
Coolatta®, sports drinks); high fat foods (breakfast sausage/bacon, butter/margarine, beef steak, fried
chicken, whole milk, ham/pork, mayonnaise); and carbohydrates (french fries, whole wheat bread,
high-fiber bar, bagel/rolls, spaghetti/pasta, high-fiber cereal). This conceptual food group was used in
the analysis.

2.2.3. Liking for E-juice Flavors

The e-cigarettes (Joyetech eGo-C, Shenzhen Joyetech Co., Ltd., Shajing Town, Baoan District,
ShenZhen, China) were filled with e-juices (Americanliquidscore.com) comprised of a base (50%
vegetable glycerin-50% propylene glycol) and 18mg/mL of nicotine alone (flavorless) or with a
flavoring (tobacco, chocolate, cherry, or menthol). Participants rinsed the mouth with bottled water
then blindly vaped each e-juice for one minute, presented in random order. Subjects rated the
flavor-nicotine combinations for sweetness, bitterness/sourness, irritation, and level of liking/disliking
on the hedonic gLMS [47]. Of the flavors tested cherry e-juice was rated highest in sweetness [52].
In the models explored here, all e-liquid flavors were tested, but only the cherry flavor showed a
significant association with the variables of interest.

2.2.4. Smoking-Associated Dietary Behaviors

Five items from the 68-item Wisconsin Inventory of Smoking Dependence Motives (WISDM) [53]
asked participants to report tendencies to use smoking for appetite and weight control on a seven-point
Likert scale (1 = “not true of me at all” to 7 = “extremely true of me”). The index of the five summed
items (range 5 to 35) had a Cronbach’s α = 0.85.

2.2.5. Body Mass Index

A registered nurse obtained the weight and height from each participant at baseline visit.
Body mass index (BMI) was calculated as: (weight (kg) /height (meters)2). BMI was classified as:
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Underweight (>18.5), normal weight (18.5–24.99), overweight (25.0–29.99), and obese (>30). In order to
create more even distributions in BMI categories, underweight participants (n = 3) were included in
the normal weight category.

2.3. Statistical Analysis

Statistical analyses were conducted using Statistical Package for the Social Sciences (SPSS) version
25.0 (IBM, Armonk, New York, NY, USA), R version 3.5.0 (R Foundation for Statistical Programming,
Vienna, Austria), and AMOS version 25.0 (IBM, Armonk, New York, NY, USA) with statistical
significance criterion set at p ≤ 0.05. Demographic descriptors that have been previously linked with
food liking or sweet preference [54], smoking-associated dietary behaviors [55], and BMI [56], were
tested for differences in variables of interest (taste and smell function, food liking, sweet e-juice liking,
smoking-associated dietary behaviors, and BMI). In these analyses, race/ethnicity was treated as two
groups (non-Hispanic/Latino Caucasians vs. African Americans/Hispanics/Latinos/ multi-racial),
which is consistent with previous research practices [57].

Independent sample t-tests were used to assess differences in BMI by age (younger/older than
38 years, by median split), heavy/binge drinking (yes/no), race/ethnicity (non-Hispanic/Latino
Caucasian vs. African American/Hispanic/Latino/multiracial), income (≤$40,000 vs. >$40,000 annual
household income), educational attainment (≤high school education/equivalent vs. some college),
and marital status (single/divorced/widowed vs. married/cohabitating). One-way analysis of
covariance (ANCOVA) was used to test differences in BMI by PROP taster status (non-taster, medium
taster, supertaster), controlling for demographic and dietary behaviors.

The frequency distributions of BMI, the smoking-associated dietary behaviors index, and the
sweet e-juice liking variable were evaluated and square root transformed. Pearson correlation analysis
was used to test relationships between chemosensory function, fat/carbohydrate liking, sweet e-juice
liking, smoking-associated dietary behaviors, and BMI.

Structural equation modeling (SEM) was used to test the idea that chemosensory function would
influence food liking (controlling for race/ethnicity and age), which, in turn, would influence sweet
e-juice liking and smoking-associated dietary behaviors (controlling for sex), which, in turn, would
be associated with BMI [29,58]. A multiple imputation procedure was performed using the MICE
package in R, based on restricted maximum likelihood estimation [59], to fill in missing data (<5%).

Univariate and multivariate outliers among the model variables were identified by the
standardized residual (≥2.5) and by the Mahalanobis distance criteria [60]. Sensitivity analyses
were conducted on original and transformed variables to assess differences in model statistics and
significance [61]. Potential confounders were also included in the theoretical model, including age,
breath CO readings (ppm), income, sex, race/ethnicity, and binge/heavy alcohol consumption.
Confounders that were found to be non-significant were excluded from the final models. Tested
associations were not found to differ significantly between the conceptual and final models, with or
without the non-significant confounding variables. Measures of global fit, including χ2, Tucker-Lewis
Index (TLI), Comparative Fit Index (CFI), and the Root Mean Square Error of Approximation (RMSEA),
were chosen a priori. The criteria for adequate model fit included a non-significant χ2 (p > 0.05),
TLI > 0.87, CFI > 0.92. and RMSEA < 0.05 [60]. Non-significant paths (p > 0.1) were trimmed from
the model and the re-specified model tested, with fit parameters evaluated before being provisionally
accepted [62].

3. Results

The sample has been described previously [16]. In brief, most were non-Hispanic/Latino
Caucasians (68.1%) and 51.9% were female; this sex distribution was similar to the general distribution
of the nationwide population of females (51.3%) in 2017 [63]. By race/ethnicity, our sample had fewer
non-Hispanic/Latino Caucasians (68.1% vs. 74%) and Hispanics/Latinos (7.4% vs. 8.2%) and more
non-Hispanic/Latino African Americans (23% vs. 7.1%) and multi-racial participants (1.5% vs. 1.3%)
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than the U.S. racial/ethnic distributions [63]. By BMI, our sample had significantly heavier African
American/Hispanic/Latino/multiracial participants compared to non-Hispanic/Latino Caucasians
(30.9 ± 6.8 vs. 27.8 ± 6.5, respectively, p = 0.01). Females and males did not vary by age or BMI.
Compared to the general U.S. population in 2017 the smokers in our sample were less educated (42%
vs. 40% with a high school diploma/GED or less), more were unemployed or retired (39% vs. 30.5%
unemployed/retired), and fewer were married/cohabitating (36% vs. 56.1%) [63].

3.1. Body Mass Index (BMI)

Mean BMI was 28.8 ± 6.74. More of our smokers were obese when compared with the 2017
U.S. Behavioral Risk Factor Surveillance System nationally-representative sample [63] (36% vs. 31.3%,
respectively) while fewer were normal weight/underweight (31% vs. 33.8%, respectively). Table 1
shows bivariate correlations between age, chemosensory function, fat/carbohydrate liking, sweet
e-juice liking, smoking-associated dietary behaviors, and BMI.

Table 1. Bivariate correlations among variables used in structural equation models in chronic smokers
(n = 135) 1.

Variable Number Variable 1 2 3 4 5 6 7 8

1 Age 1
2 PROP intensity 0.05 1
3 0.32 NaCl intensity 0.09 0.32 c 1
4 Fat/carb liking 0.29 c 0.18 a 0.22 a 1
5 SDBI 0.11 0.08 0.01 −0.11 1
6 Olfaction −0.12 0.06 −0.06 −0.18 a 0.03 1
7 Sweet E-J liking 0.12 −0.01 0.03 0.26 c −0.02 −0.19 a 1
8 BMI 0.17 0.07 −0.07 0.24 b 0.22 a −0.02 0.27 c 1

1 The bolded correlation coefficients were statistically significant, where PROP intensity = perceived taste intensity
of 6-n-propylthiouracil, a probe for genetic variation in taste, SDBI = Smoking Dietary Behavior Index [53], Sweet
E-J Liking = Sweet E-juice Liking, and BMI = Body Mass Index. a correlations were significant at p ≤ 0.05; b p ≤ 0.01;
and c p ≤ 0.005.

3.2. Taste Function

The intensities of whole mouth PROP, NaCl, and quinine have been reported previously [16].
The mean intensity for the averaged 1 mM and 3.2 mM PROP solutions was 40.6±26.5 (between
“strong” and “very strong” intensity), which tended to be higher in females (t = 1.75, p = 0.08). Those
with heightened taste intensity of PROP were significantly more likely to be non-Caucasian (51.4 ± 28.6
vs. 35.5 ± 23.9, t = 3.38, p = 0.001) and report lower annual household income (44.5 ± 27.1 vs. 34.6 ± 25,
t = 2.13, p = 0.04), but no significant differences were observed by binge/heavy alcohol consumption,
age, or BMI category. The mean 0.32 M NaCl intensity was 38.3 ± 23 (“strong” intensity), which did
not differ significantly by sex, age, race, income category, binge/heavy drinking, nor BMI category.

PROP taster statuses were observed to be 21% nontasters, 58% medium tasters, and 21%
supertasters. Hispanic/Latino/African American/multiracial participants were significantly more
likely to be supertasters (32.6%) compared to non-Hispanic/Latino Caucasians (15.6%), while
significantly fewer, respectively, were PROP nontasters (11.6% vs. 25.6%; χ2(2)=6.72, p = 0.04).

3.3. Olfactory Function

The mean number of correctly identified odors was 12.8 ± 1.9. As reported previously, 40.7%
were classified with hyposmia or anosmia/severe hyposmia [16]. Smell function was significantly
poorer in those who reported a history of binge or heavy alcohol consumption (12.5 ± 1.9 vs. 13.4 ± 2,
respectively, t = 2.69, p = 0.008), consistent with previous literature [64]. Smell function did not vary
significantly by age, race/ethnicity, across males and females, or by BMI category.
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3.4. Liking for Saturated Fats/Carbohydrates

Liking for saturated fat/carbohydrate foods and beverages was variable, ranging from −39.6
to +90.9, and averaging 31.4 ± 22. Older smokers reported greater liking of these foods than did
younger counterparts when assessed by categorized median age of the sample (37.3 ± 21.6 vs.
24.9 ± 20.7, t = 3.38, p = 0.001). Food liking also varied by race, with greater liking ratings reported
by Hispanic/Latino/African American/multiracial participants compared to non-Hispanic/Latino
whites (40.7 ± 22.6 vs. 27 ± 20.4, respectively, t = 3.52, p = 0.001). Food liking also varied by BMI
category (F(2, 129) = 4.95, p = 0.008), with obese smokers reporting the greatest overall liking ratings
(38.80 ± 3.23 SEM) than normal weight/underweight (29.0 ± 3.37) or overweight (25.21 ± 3.0) smokers.
There were non-significant differences in food liking between men and women or between binge/heavy
alcohol consumption versus not (p’s > 0.05).

3.5. Liking for E-juice Flavors

Cherry e-liquid liking averaged 16.8 ± 32.6 and was highest in obese smokers (27.9 ± 32.7 vs.
16.5 ± 27.9 vs. 4.6 ± 33.2 reported in obese, overweight, and normal weight/underweight participants,
respectively, (F(2, 127) = 6.58, p = 0.002). Non-whites reported a significantly higher liking for cherry
e-juice than did non-Hispanic/Latino white counterparts (24.8 ± 35.74.5 vs. 13.1 ± 30.6, respectively,
t = 2.31, p = 0.02). There were no significant differences in cherry e-juice liking by income, sex, age,
or binge/heavy alcohol consumption.

3.6. Smoking-Associated Dietary Behaviors

The mean score of the smoking-associated dietary behaviors was 15.2 ± 8.4. Consistent
with existing literature, female chronic smokers reported a greater tendency to use cigarettes for
appetite/weight management than did males (18.1 ± 8.9 vs. 12 ± 6.5, t = 4.59, p < 0.001). Self-reported
tendencies to use smoking for appetite/weight control did not differ by race/ethnicity, age, income, or
binge/heavy alcohol consumption (p’s > 0.05). Because associations between PROP bitter phenotype
and BMI may be influenced by dietary behaviors [65], we tested this association in a one-way analysis
of covariance with smoking associated dietary behaviors and sex as covariates. BMI did not vary
significantly by PROP taster groups (F(2, 131) = 0.093, p = 0.91).

3.7. Structural Equation Modeling of Chemosensation, Liking, Behaviors, and BMI

The SEM simultaneously tested the direct and indirect associations between chemosensation,
liking for saturated fats/carbohydrates, liking for sweet e-juice, smoking-associated dietary behaviors,
and BMI of the hypothesized conceptual model (Figure 1). The model had excellent global fit
parameters (χ2 = 25.6, df = 27, p = 0.54; CFI = 1.00; TLI = 1.03; RMSEA = 0.000, 90% C.I. 0.000–0.063),
but was over-fit (TLI >1). In the model, PROP intensity and olfactory function were not directly
associated with fat/carbohydrate liking (p’s > 0.1). Instead, NaCl taste intensity was associated
with food liking (β = 0.16, p = 0.053), which, in turn, tended to associate with BMI (β = 0.16,
p = 0.069). Additionally, fat/carbohydrate liking did not significantly predict smoking-associated
dietary behaviors (p’s > 0.1). Olfactory function demonstrated tended to inversely associate with sweet
e-juice liking (β = −0.14, p = 0.093). Finally, sex, race/ethnicity, and age did not associate significantly
with BMI (p’s > 0.1) and were removed as covariates from the conceptual model.

281



Nutrients 2019, 11, 271

 

Figure 1. Conceptual hypothesis-based model of associations between chemosensation, liking,
smoking-associated dietary behaviors, and BMI in chronic adult smokers. The numerical values
labeled on the arrow lines represent standardized beta coefficients. Errors (represented by the encircled
letter “e“) are required computationally, but are not of theoretical interest. The coefficient in parenthesis
represents the associations before cherry e-juice liking was added to the model. indicating that cherry
e-juice mediated the dietary preference-BMI relationship (indirect effect coefficient = 0.05, p < 0.05).
Dashed lines with “X” coefficients indicate non-significant associations. The model was adequately
fit (CFI = 1.00, TLI = 1.03, Chi-square = 25.6, df = 27, p = 0.54, RMSEA = 0.00, 90% C.I. 0.000–0.063).
*** indicates that p ≤ 0.005; ** p ≤ 0.01; *p ≤ 0.05; † p ≤ 0.1. (PROP= 6-n-propylthiouracil).

Based on findings from the tested conceptual model and supporting bivariate analyses,
a re-specified model with all non-significant pathways (p > 0.1) trimmed was tested in SEM (Figure 2).
The global fit remained excellent and showed an improvement in the TLI, which showed a good
fitting model (χ2 = 34, df = 34, p = 0.47; CFI = 1.00; TLI = 1.00; RMSEA = 0.000, 90% C.I. 0.000–0.063).
In the final model, PROP intensity was related to 0.32 NaCl taste intensity, which was linked to food
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liking. Furthermore, food liking predicted liking for sweet e-juice and BMI, but not smoking-associated
dietary behaviors. In the final model, olfactory function tended to inversely associate with sweet
e-juice liking (β=−0.14, p = 0.089), which, in turn, partially mediated the association between food
liking and BMI. Smoking-associated dietary behaviors were also found to predict BMI, but separately
from chemosensory or liking variables.

Figure 2. Structural equation model testing direct and indirect associations between taste, liking,
smoking-associated dietary behaviors, and BMI in chronic adult smokers. Errors (represented by the
encircled letter “e”) are required computationally, but are not of theoretical interest. The coefficient in
parenthesis represents the associations before cherry e-juice liking was added to the model indicating
cherry e-juice partially mediated the dietary preference-BMI relationship (indirect effect coefficient
= 0.05, p < 0.05). With all non-significant pathways removed, the model remained an adequate fit
(CFI = 1.00, TLI = 1.00, Chi-square = 34, df = 34, p = 0.47, RMSEA = 0.00, 90% C.I. 0.000–0.063).
*** indicates that p ≤ 0.005; ** p ≤ 0.01; * p ≤ 0.05; † p ≤ 0.1. (PROP = 6-n-propylthiouracil).
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4. Discussion

In this observational study we sought to model associations between chemosensory function,
food and beverage liking, smoking-associated dietary behaviors, and body mass index (BMI) among
a sample of chronic smokers. Furthermore, we modeled the interplay between liking for a vaped
sweet e-cigarette juice flavor, liking for foods and beverages, and BMI. The best fitting model had
measures of taste intensity that were associated with variability in fat and carbohydrate liking, which,
in turn, was associated with variability in BMI. Ability to taste PROP bitterness did not show a direct
association with fat and carbohydrate liking, and instead was associated through the intensity of NaCl.
Greater fat/carbohydrate liking was associated with greater BMI, an association partially mediated by
greater liking of the vaped sweet e-juice, suggesting that liking for sweetness, even in an e-juice, was a
primary determinant of BMI in this sample. Olfactory function, measured by an odor identification
task, failed to associate significantly with the liking variables. Finally, reported use of smoking to
control appetite and weight showed a separate pathway of association from either chemosensory or
liking variables.

The sample of chronic smokers showed sufficient variability to test these models of association,
including demographic, chemosensory, food liking, dietary behavior, and BMI characteristics.
The study sample was gender-balanced and diverse in race/ethnicity, education, household income,
and employment consistent with characteristics of smokers in the U.S. [1]; these demographic variables
have associated with chemosensory function [66] and dietary behaviors [67,68]. In addition, our sample
of chronic smokers captured a range of BMI from underweight to obese, with a higher frequency of
obesity than that reported for adults in the U.S. [63], but consistent with greater odds of obesity in
chronic smokers [9].

The observed variation in perceived PROP bitterness across the sample was similar to what
we have seen previously (e.g. [69]) and that reported by other laboratory-based studies (e.g. [70]).
The frequency of PROP nontasters, medium, and supertasters in our sample [16] was comparable to
theoretical rates (i.e., 25% nontasters, 50% medium tasters, 25% supertasters). Greater PROP bitterness
is linked with heightened ability to perceive oral sensations and tastes from fat, which may be explained
in part by a higher density of fungiform papillae found on the tongue of PROP tasters compared to
nontasters [71]. Among nonsmokers, this has furthermore been associated with a lower liking for
fats/sweets among PROP tasters compared to nontasters [72–74]. Although we observed a positive
bivariate association between PROP bitterness and fat/carbohydrate liking, as previously observed in
young adults with poor dietary behaviors [75], perceived PROP bitterness did not contribute directly
to fat/carbohydrate liking in the full structural equation model.

Instead, we observed that PROP taste intensity was indirectly associated with the liking of
fats/carbohydrates through the intensity of NaCl. The PROP-NaCl association is consistent with
the previous reports [29], but the ability of 0.32 M NaCl to associate with food liking among chronic
smokers is a new finding. Chronic smoking likely diminishes the ability of PROP to serve as a
marker for differences in oral sensation to associate with dietary behaviors and health outcomes [26].
Most studies of taste phenotype, diet, and health are conducted with non-smokers and study groups
who are homogenous in race/ethnicity. As expected among chronic smokers, our study sample
was diverse in race/ethnicity, which also could have contributed to a lack of direct association
between PROP bitterness perception and food liking. We found more PROP supertasters among the
Hispanic/Latino/African American/multiracial smokers and more nontasters among non-Hispanic/
Latino Caucasians. This is consistent with the global distribution of TAS2R38 receptors gene mediating
the ability to taste PROP and PTC bitterness [76]. Thus, there likely was a race/ethnic interaction
between PROP tasting and food liking as reported previously [77].

We also tested the ability of smell function to influence liking variables and BMI. In the bivariate
association, greater functioning associated with a lower liking of fat/carbohydrate foods and beverages,
as well as a lower liking of sweet e-juice. However, in the final model, we could not detect variability
in reported food liking based on performance on an odor identification task. However, our sample
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showed an overrepresentation of hyposmia and lower frequency of less severe dysfunction (severe
hyposmia, anosmia) compared to the distributions reported in the nationally-representative U.S.
NHANES sample [66]. This may have resulted in insufficient variability in olfactory function to
associate with differences in food liking and dietary behaviors. In addition, although chronic smoking
increases the risk of olfactory dysfunction [24], our study sample was younger than the age associated
with declines in olfactory function [66].

The smokers in the current study varied in liking for less healthy foods (fat/carbohydrates) and
greater liking was associated with greater BMI, which remained significant after controlling for age and
race/ethnicity. These findings suggest that not all chronic smokers have unhealthy eating behaviors.
A positive association between a liking for fat/carbohydrate foods and BMI is consistent with findings
from our laboratory [78–80] and others [81,82]. This relationship may be pronounced in heavy smokers;
nicotine, as the predominant addictive constituent and reinforcing property in tobacco products, is
the primary driver of repeated cigarette smoking secondary to the neurological rewarding effects [83],
especially with chronic nicotine exposure [84].

In our model, we found that some of the association between food liking and BMI was partially
mediated by liking for the sweetest (cherry) nicotine-containing e-juice flavor. As expected, food
liking was found to influence the liking for the sweet e-juice flavor, which, in turn, associated with
BMI. The physiological effects of nicotine on appetite and weight [4,5], delivered through e-cigarettes
(which are considered safer than tobacco cigarettes [85]), could provide a tool for chronic smokers
with greater BMI to achieve and maintain a healthy weight. Although e-juice flavors are perceived
retronasally [86], one with a greater preference for sweets may be more drawn to e-juice flavors that
simulate sweet flavors [87], which may explain why the other vaped nicotine-containing e-juice flavors
(chocolate, unflavored, menthol, tobacco) was unable to mediate the relationship between food liking
and BMI. Such an association was only found in cherry, which was reported as the sweetest e-juice
flavor choice amongst participants. Sweet flavors appear to elicit a stronger response in the nucleus
accumbens (the predominant reward center) than non-sweet flavors [88]. With nicotine-containing
e-cigarette sweet flavors, a supra-addictive response in the reward center of the brain was observed via
fMRI. Thus, sweet e-juice flavors may be the predominant driver of the reinforcing effects of nicotine
in e-cigarettes as a result of heightened neurological responses in the reward center [88]. There also
may be a genetic susceptibility to the reward of sweets among smokers [89]. Furthermore, artificial
sweeteners are commonly included in the ingredients of e-juice flavors [87]. Consumption of these
sweeteners is high in the U.S., especially among individuals with obesity [90]. A greater level of
scientific evidence is needed [91] to address the active debate on whether or not these sweeteners
support weight management [92] or fuel the risk of obesity and associated chronic disease [93]. Finally,
our model also demonstrated an inverse tendency between olfactory function and sweet e-juice
preference. With the insufficient representation of olfactory impairment among our smokers, we were
unable to fully test the olfactory function, sweet liking, and sweet e-juice relationships.

Smoking-associated dietary behaviors were associated with BMI in our statistical model without
interacting with any of the liking variables. These findings are consistent with prior reports that suggest
a separation of pathways between liking and wanting in the brain and that these circumstances for a
stimulus, consequently, do not co-depend [94]. Of note, variability of self-reported smoking-associated
dietary behaviors in our sample showed variability similarly to what has been previously reported [95].
The greater obesity and overweight amongst our sample may explain the elevated levels of using
smoking to control appetite and weight in our sample, as overweight and obese individuals are more
likely to use smoking for appetite/weight control [3]. Our findings were consistent with differences
observed in smoking-associated dietary behaviors between males and females, with females reporting
higher mean tendencies to smoke for appetite and weight control [95].

This current study is not without limitations. The observational cross-sectional nature of this study
cannot be used to draw cause-and-effect relationships. In addition, the range of e-cigarette flavors
tested was rather narrow. Furthermore, because our study sought to assess associations between
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chemosensation, diet behavior and BMI in smokers, we did not compare our findings to non-smokers,
which limits the generalization of our findings. An additional limitation is that we did not attempt to
measure dietary intake directly (e.g., food frequency questionnaire, biomarker). However, measuring
usual dietary behaviors by asking what is liked/disliked is a novel and feasible alternative to intake
reporting which is often biased [96]. Reported food liking correlates with reported intake [69,97]
and biomarkers of dietary intake and/or adiposity young adults [69,78], and adults [50,79]. Liking
survey responses can be formed into an index of diet quality (similar to the Healthy Eating Index)
that explains the variability in adiposity or cardiovascular disease risk factors [49,69,78]. Additionally,
body composition was not analyzed beyond the calculation of BMI, which may have resulted in an
overestimation of obese and overweight classifications among the sample [98]. However, chronic
smokers have been reported to have a less healthy lifestyle than nonsmokers and lighter smokers [12].
Because BMI has been found to correlate highly among more sedentary individuals [98], however,
the risk for overestimating overweight and obesity in our sample is not likely to be significant. Finally,
a laboratory procedure may not faithfully reflect true preferences and behaviors with respect to vaping,
eating, and BMI.

5. Conclusions

This observational study supports the idea that variation in taste perception associates with
variation in fat/carbohydrate liking. Food liking, in turn, was associated with some of the variations
in BMI amongst chronic smokers. Moreover, liking for sweet e-juice flavors partially mediated the
association between food liking and BMI. The associations between taste, food liking, and BMI were
separate from the associations between reported use of smoking to control appetite/weight and BMI.
Dual chronic smoking with obesity presents a greater risk of further chronic conditions and diseases
than either health risk alone. Chronic smokers can lose weight comparable to nonsmokers in a weight
loss intervention [99]. The present study provides observational findings that sweet e-cigarettes may
attenuate some of the association between greater liking of sweets and high-fat foods/beverages and
greater BMI. Prospective studies are needed to test whether chronic smokers with obesity would
benefit from the availability of sweet e-cigarette e-juice flavors in order to satisfy their liking for less
healthy foods and assist in weight control.
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Abstract: Color, aroma, sweet, and bitter tastes contribute to the sensory perception of
grapefruit juice. Consumers differ about liking grapefruit. A reason is the bitter taste that
characterize the fruit. The objective was to determine the effect of varying the color (red or yellow),
aroma (two levels), bitterness (three levels), and sweetness (three levels) of a grapefruit-like model
beverage, on consumers’ liking and perception of its sensory properties. The sensory profiles of
thirty-six grapefruit-like beverages, created on the basis of a factorial design, has been described.
Consumers rated their liking of color, aroma, and flavor of the twelve most diverse beverages.
Bitter and sweet levels of the beverages had a significant effect on the flavor and aftertaste attributes.
Aroma concentration had a significant effect on the majority of the sensory attributes. Color had
a significant effect on perception of some of the aroma attributes, as well as the grapefruit’s
flavor intensity. Consumers liked the red beverages more than the yellow ones, and those with
low aroma over the high aroma intensity. Consumers preferred the low bitter/high sweet beverages.
Pungent and grapefruit aroma were found to be negative drivers for liking of the aroma. Sweet and
citrus flavors were found to be positive drivers and sour and bitter flavors were found to be negative
drivers of flavor-preferences (or liking) of the tested beverages.

Keywords: grapefruit; sensory; consumer; bitter; naringin; sweet; aroma; color; hedonic

1. Introduction

The sensory properties of grapefruit (Citrus X paradisi) are distinctive characterizing components
and play a key role in reasons why consumers choose or not choose to consume the fruit and its
products, e.g., juice. Grapefruit is a rich source of vitamin C, and health-promoting citrus flavonoids
and limonoids and has beneficial antioxidant and anti-inflammatory properties [1,2]. Its appearance,
aroma, flavor, and mouthfeel properties contribute to the sensory perception of the fruit.

Consumers differ widely in opinions on liking or disliking grapefruit and part of this
individual preference is attributed to liking or disliking of the bitter taste that characterizes the fruit.
Excessive bitterness of the juice was considered to be an important problem in commercial grapefruit
juice production [3]. Naringin and limonin are mainly responsible for the bitter taste commonly
associated with grapefruit [4]. The consumption of fresh grapefruit, and grapefruit products has been
declining [5] and plant breeders are working on ways to select for desirable sensory traits. A better
understanding of the impact of the different sensory modalities contributing to the sensory perception
of grapefruit products (e.g., juice) might assist product developers to optimize formulations and
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improve uptake of the products among consumers, thereby, maintaining or enhancing profitability for
the role-players, along the grapefruit value chain.

Flavor perception is complex, due to the simultaneous stimulation of a number of senses. It is the
result of processes that respond to sensory signals, from the activation of multiple sensory modalities,
including smell (retronasal olfaction), mouthfeel (somatosensation), as well as taste (gustation),
and to some extent also sight. When different senses are stimulated, concurrently, and perceptually
interact with each other, the perceived flavor is the result of the cross-modal sensory interaction [6].
Cross-modal interactions can change the intensity and perceived character of individual tastes and
aromas, and even the overall flavor [7].

The present study aimed broadly, to determine the relations between the stimulus components
of a model beverage (formulated to be similar to grapefruit juice) and their effects on the perceived
sensory properties and hedonic responses. We factorially combined, in the same acidified neutral base,
each of three possible levels of bitter naringin (low, medium, and high) with each of three levels of
sweet sucrose (low, medium, and high), two levels of grapefruit aroma (low and high) and two color
variants (red and yellow). We hypothesized that perceived bitterness of the model grapefruit-like
beverage will drive consumers dislike for the beverage but that bitterness perception will be a function
of cross-modal color–taste, aroma–taste, and sweet–bitter taste interactions.

The color of the natural juice extracted from the grapefruit depends on the variety used and
ranges from greenish-yellow to pale yellow, pink, and light red [8]. We hypothesized that a rose red
grapefruit-like beverage would be perceived as sweeter than a pale yellow option. Previously, it was
reported [9] that a red color decreased the perception of bitter taste intensity of a caffeine + water
solution, with the yellow and green color having had no effect. The color of food and drinks impacts
subsequent perception of taste, flavor, and overall sensory perception. It has been reported in several
studies that the color of a solution greatly impacts the ability to identify its flavor and also affects the
liking responses [7].

We hypothesized that a beverage with high, compared to a low grapefruit aroma, would suppress
the bitter taste perception and enhance the taste of sweetness [10]. A new study [10] reported that
lemon extract, sucrose, and citric acid, when presented separately and also together, affected the
perception of sweet, sour, and citrus flavors. The aroma of the products can influence the perception of
basic tastes and vice versa [11–15].

It is well-known that sucrose and other sweet tasting compounds can suppress bitterness. This is
practically applied when bitter tasting coffee or tea is sweetened with sugar. Here the expectation
was that sweetness would suppress bitterness but an enhancement effect on volatile aroma and flavor
compounds was also expected. When sucrose was added to the fruit juices, not only were the perceived
level of bitterness and sourness reduced and the sweet taste intensity increased, but the sweet aroma
intensity rating also changed [16].

2. Materials and Methods

2.1. Preparation of the Grapefruit-Like Beverages

Thirty-six grapefruit-like beverages (Table 1) were manufactured, following a factorial design
with deflavored, clarified, deionized, and acidified apple juice, as base, with an addition of naringin
(three bitter levels), sucrose (three sweet levels), a grapefruit aroma compound mixture (two intensity levels)
consisting of caryophyllene, citral, nootkatone, aldehyde C8 (octanal), aldehyde C9 (nonanal, aldehyde C10
(decanal), and two colorants (red or yellow). The addition of naringin was intended to reflect a low-level,
in-between, and a high-level, based on the typical content in the grapefruit juice (218–340 mg/kg) [17].
The low level of sweetness was based on the industry minimum requirement for export purposes, with
incrementally higher levels added to reflect medium and high sweetness. These aroma compound mixture
and levels used were selected in consultation with a flavorant supplier. The typical grapefruit juice color
was copied using artificial colorants. The red color was a 0.001% solution blend of 30% sunset yellow
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and 70% ponceau red. The yellow color consisted of 0.0125% quinoline yellow. Standard preparation and
mixing procedures were used for all added stimuli to ensure uniformity. The grapefruit-like beverages
were filled in 250 mL plastic bottles, with lids, for easy handling and uniformity, and were kept frozen at
−18 ◦C, until use. The beverages were defrosted overnight at an ambient temperature and kept at 14 ◦C,
until served. A summary of the physico-chemical characterization of the 36 grapefruit-like beverages is
presented in the Supplementary Material (Table S1).

Table 1. Factorial design for the 36 grapefruit-like beverages.

Number Code 1 Bitter Level Naringin mg/kg Sweet Level Sucrose Brix Aroma2 Level mg/kg Color3

1 LMHR 158 low 10 medium 10 high. Red
2 MMHR 315 medium 10 medium 10 high Red
3 HMHR 473 high 10 medium 10 high. Red
4 LHHR 158 low 12 high 10 high Red
5 MHHR 315 medium 12 high 10 high. Red
6 HHHR 473 high 12 high 10 high. Red
7 LLHR 158 low 8 low 10 high. Red
8 MLHR 315 medium 8 low 10 high. Red
9 HLHR 473 high 8 low 10 high Red

10 LMLR 158 low 10 medium 2.5 low Red
11 MMLR 315 medium 10 medium 2.5 low Red
12 HMLR 473 high 10 medium 2.5 low Red
13 LHLR 158 low 12 high 2.5 low Red
14 MHLR 315 medium 12 high 2.5 low Red
15 HHLR 473 high 12 high 2.5 low Red
16 LLLR 158 low 8 low 2.5 low Red
17 MLLR 315 medium 8 low 2.5 low Red
18 HLLR 473 high 8 low 2.5 low Red
19 LMHY 158 low 10 medium 10 high. Yellow
20 MMHY 315 medium 10 medium 10 high. Yellow
21 HMHY 473 high 10 medium 10 high. Yellow
22 LHHY 158 low 12 high 10 high. Yellow
23 MHHY 315 medium 12 high 10 high. Yellow
24 HHHY 473 high 12 high 10 high. Yellow
25 LLHY 158 low 8 low 10 high. Yellow
26 MLHY 315 medium 8 low 10 high. Yellow
27 HLHY 473 high 8 low 10 high. Yellow
28 LMLY 158 low 10 medium 2.5 low Yellow
29 MMLY 315 medium 10 medium 2.5 low Yellow
30 HMLY 473 high 10 medium 2.5 low Yellow
31 LHLY 158 low 12 high 2.5 low Yellow
32 MHLY 315 medium 12 high 2.5 low Yellow
33 HHLY 473 high 12 high 2.5 low Yellow
34 LLLY 158 low 8 low 2.5 low Yellow
35 MLLY 315 medium 8 low 2.5 low Yellow
36 HLLY 473 high 8 low 2.5 low Yellow

1 Code: 1st letter = bitter level (High, Medium, or Low); 2nd letter = sweet level (High, Medium, or Low);
3rd letter = aroma level (High or Low); 4th letter = color (Red or Yellow). Samples in bold italics were used for
consumer evaluation. 2 Aroma blend = Caryophyllene, citral, nootkatone, aldehyde C8 (octanal), aldehyde C9
(nonanal), aldehyde C10 (decanal). 3 Red color = 0.001% solution (30% Sunset yellow and 70% Ponceau red);
Yellow color = 0.0125% Quinoline yellow.

2.2. Descriptive Sensory Analysis

The sensory profiles of the beverages were described by a sixteen-member trained sensory
panel with one to two years of descriptive sensory analysis experience. The specific training for
attribute and methodology development for the evaluation of the beverages consisted of two sessions
of 2 h each, using the generic descriptive analysis method [18]. A total of 21 attributes were
generated to characterize the aroma, flavor, and aftertaste of the grapefruit-like beverages (Table 2).
Beverage samples (±30 mL) were served at ±14 ◦C, in 125 ml polystyrene cups with plastic lids,
and marked with randomly selected three-digit numbers. Samples were evaluated in duplicates,
12 beverages per 2 h session per day and a total of six sessions. The presentation order of samples
per day for the different panelists followed a Williams Latin square design. Reference standards were
available during training and evaluation sessions.

295



Nutrients 2019, 11, 464

Table 2. Definitions of attributes used for describing the aroma, flavor, and aftertaste of the
grapefruit-like beverages.

Attribute Definition (References Indicated Where Applicable)

Aroma
Overall aroma intensity The aroma of the beverage upon taking the first few sniffs

Citrus aroma The aroma associated with the general impression of citrus fruits
Grapefruit aroma The aroma of fresh grapefruit
Chemical aroma A very general term associated with many different types of compounds, such as solvents and cleaning compounds

Deteriorated/rotten aroma Aroma associated with rotten, deteriorated, and decayed fruit/material
Muddy/moldy aroma Aromatic characteristic of damp soil, wet foliage, or slightly undercooked boiled potato

Fruity aroma Aroma associated with a mixture of non-specific fruits (apples, pears, melons, and guava)
Green/grassy aroma Aromatic characteristic of freshly cut leaves, grass, or green vegetables (green beans)
Peely/peel oil aroma Aroma associated with grapefruit peel or skin; Ref: Grapefruit oil extracted from grapefruit

Soapy aroma Aroma associated with unscented soap
Pungent aroma Aroma causing a sharp sensation of the nasal mucous membranes; Ref: vinegar

Woody/spicy aroma Aroma associated with dry, fresh-cut wood; balsamic or bark-like; Ref: 10 ppm alpha-humulone in water
Sweet aroma Aroma associated with high sugar content vegetables;Ref: Freshly boiled sweet corn

Flavor
Overall flavor The intensity of the flavor that is released from the beverage upon taking the first sip

Sour taste Basic taste on tongue stimulated by acids; Ref: citric acid in water
Sweet taste Taste on the tongue stimulated by sugars;Ref: 5% sugar (sucrose) in water
Bitter taste Taste on tongue stimulated by bitter solutions;Ref: 473 mg/kg naringin in water

Astringent flavor The chemical feeling factor on the tongue or surface of the oral cavity described as puckering/dry and associated with
tannins;Ref: Strong black tea

Citrus flavor Flavor associated with the general impression of citrus fruits;Ref: Cut lemon fruit and lime cordial
Grapefruit flavor The flavor of fresh grapefruit; Ref: Cut red and white grapefruit flesh
Bitter aftertaste Bitter taste remaining in the mouth after swallowing the beverage

Panel performance was monitored to test reproducibility and consistency of the panel ratings
using PanelCheck 1.3.2 (www.panelcheck.com; Nofima, Ås, Norway).

The attributes were evaluated on a structured horizontal line scale (10 cm) with descriptors at the
scale ends ranging from ‘not intense’ (at the left end of the scale, 0 cm) to ‘very intense’ (at the right end
of the scale, 10 cm). Data was captured using Compusense® five release 4.6 software (Compusense Inc.,
Guelph, ON, Canada).

2.3. Consumer Evaluation

Ninety six young South African female consumers aged 18–24 years were recruited by trained
fieldworkers. Each consumer completed an online screening survey and were invited to participate if
in a self-reported good state of health, and if not limited by any food intolerance(s) and/or allergies.
Participants were briefed and gave written consent before evaluating the beverages. Participants were
requested not to eat, drink (except for water) or smoke for at least 1 h prior to the session.

The consumers (n = 90) evaluated liking of the color, aroma and flavor of the 12 most diverse
beverages (selected on the basis of composition) (Table 1) using the Simplified Labeled Affective
Magnitude (SLAM) scale [19], a 10 cm line scale labelled with descriptors ‘greatest imaginable dislike’
(at 0 cm), and ‘greatest imaginable like’ (at 10 cm). Sample preparation and presentation was the same
as for the trained panel. The 12 samples were evaluated in one session and the order of presentation to
different consumers followed a Williams design.

Data was captured using Compusense® five release 4.6 software (Compusense Inc.,
Guelph, ON, Canada).

Ethical approval for this study was obtained from the Faculty of Natural and Agricultural Sciences
Ethics Committee at the University of Pretoria (EC 130827-088).

2.4. Statistical Analysis

An analysis of variance (ANOVA) model fitted using PROC GLM in SAS v9.4 (SAS Institute Inc.,
Cary, NC, USA) was used to determine the main effects of the panelists, the bitter level, the sweet
level, the aroma level, and the color type, together with the respective two-way interactions on the
sensory attributes of the beverages. Tukey’s HSD test (p = 0.05) was used to compare beverages
that differed in an attribute. Principal component analysis (PCA) using XLSTAT 2014 (Addinsoft,
Paris, France) was applied to the correlation matrix of the sensory panel mean ratings, for all attributes
of all grapefruit-like beverages.
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Consumer liking of the color, aroma, and flavor of the 12 most diverse beverages was analyzed
by a three-way ANOVA model, including the effects of color, aroma level, and tastants (bitter and
sweet levels in three combination). Means were compared using Fisher’s least significant difference
test at p < 0.05. Data were analyzed using GenStat® (VSN International Ltd., Hertfordshire, UK).
Consumer liking ratings (y) for color, aroma, and flavor of beverages were modeled as a function of the
descriptive sensory attributes (x), using three separate partial least squares (PLS) regression models.
Preliminary models were run with all sensory attributes and their squared terms. Variable importance
(VIP), which measures how important a variable is in terms of modeling the liking attributes, was
used to select a smaller number of linear and squared terms for the final model. The VIP values
summarize the overall contribution of each X-variable to the PLS model, summed over all components,
and weighted according to the Y variation, accounted for by each component. Only those linear terms
with a VIP greater than 0.8, as well as the five squared terms with the highest contribution, were
retained. The PLS models were used to determine the positive and negative drivers of color, aroma,
and flavor liking, and also to predict consumer liking of the 24 samples that were profiled by the
descriptive sensory panel, but not evaluated by the consumers. The SIMCA-P package (Umetrics,
Umea, Sweden) was used for the PLS modeling.

3. Results

3.1. Descriptive Sensory Profiles of the Grapefruit-Like Beverages

Table 3 presents a summary of the main effects (color, aroma, bitter, and sweet) and two-way
interaction ANOVA effects (provided in Supplementary Tables S2, S3 and S4) on sensory attributes of
grapefruit-like beverages, as evaluated by the trained sensory panel. Means for each of the samples
represent the average of duplicate ratings by 16 panelists. Color of the grapefruit-like beverages had a
significant effect on perception of some aroma and flavor properties. The overall aroma and grapefruit,
deteriorated/rotten, muddy/mouldy, fruity and sweet aroma, and grapefruit flavor of the red colored
beverages were perceived as significantly (p < 0.05) more intense than the yellow colored beverages.

The level of aroma added had a significant effect on the majority of the sensory attributes,
namely, overall aroma intensity and citrus, grapefruit, chemical, muddy/moldy, fruity, green/grassy,
peely/peel oil, soapy, pungent, woody/spicy, and sweet aroma, with the lowest intensities perceived
in the beverages with the low aroma level added. Aroma level had a significant effect on the bitter,
astringent, and citrus flavor, and the bitter aftertaste perception, with the highest bitter and astringent
flavor and bitter aftertaste being perceived in the beverages with a low aroma level and the highest
citrus flavor being perceived in the beverages with a high aroma level.

Varying the naringin content (bitter level) of the beverages did not have any significant effect
on any of the aroma attributes. It did, however, have a significant effect on the intensities of overall
flavor and the astringent flavor, with the highest values observed for beverages with medium
and high naringin concentrations. The naringin level had a significant effect on the intensities of
sweet, sour, bitter, and grapefruit flavor, and the bitter aftertaste perception. The highest sweetness,
but lowest sourness and grapefruit flavors were perceived in the beverages with low and medium
naringin concentrations. Intensity of bitter flavor and bitter aftertaste followed the level of bitter
compound addition.

Sweetness level contributed by sucrose had a significant effect on the perception of the many
sensory properties of the grapefruit-like beverages. Significantly higher soapy aroma was perceived
in the beverages with low and medium levels of sucrose, compared to a high sucrose addition.
Sucrose level in the beverages had a significant effect on sour, sweet, bitter, astringent, and grapefruit
flavor, and the bitter aftertaste intensities. Sour, bitter, astringent, and bitter aftertaste intensities
decreased as the sweet level increased, while sweetness increased. A less intense grapefruit flavor was
perceived in the high sweet level beverages, compared to the low and medium sweet levels.
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Very few two-way interactions were significant. The detailed tables for the significant interaction
effects are presented in the Supplementary Material (Tables S2–S4). The bitter level x aroma level
interaction effect (Table S2) was significant for the perception of the intensity of chemical aroma
and overall flavor intensity, the bitter flavor, and the bitter aftertaste. A trend was observed in that
the chemical aroma was more intensely perceived in the beverages with high aroma, although only
significantly so in the low and high bitter samples and not in the medium bitter samples. The overall
flavor intensity was significantly but slightly lower in the high aroma/medium bitter, compared to
the low aroma/medium bitter sample. Aroma level did not affect the overall flavor perception at the
low or high bitter levels. Bitter flavor and bitter aftertaste were notably less intense in the high aroma
samples, compared to the low aroma samples, but only significantly so for the medium and high bitter
level beverages.

The bitter level x color type interaction effect (Table S2) was significant for the bitter aftertaste
intensity. However, bitter aftertaste was essentially driven more by the bitter level than the color type.
The bitter level x sweet level interaction effect (Table S3) was significant only for the pungent aroma.
A significantly lower pungent aroma was noted between the medium sweet and low sweet beverages,
at the medium bitter level.

The aroma level x color interaction effect (Table S3) was significant only for bitter flavor intensity.
At a low aroma level, no difference in bitter flavor intensity was found between the two colors.
However, at the high aroma level, the yellow beverage was perceived as being significantly bitterer.

The sweet level x aroma level interaction effect (Table S4) was not significant for any of the sensory
aroma attributes. A sweet level x color interaction effect (Table S4) was significant for the astringent
and citrus flavor perception. While no significant differences were found between the red and yellow
beverages at the medium sweet level, the red beverage was perceived as significantly more astringent
at low sweet and high sweet levels. A similar effect was found for the citrus flavor, although the red
beverages were found to have a more intense citrus flavor, only at the low sweet level.

The multivariate differentiation of the beverages is presented in Figure 1 as a PCA map over a
two-dimensional space. The first and second principal components (F1 and F2) explained 37% and
35%, respectively, of the variance across the samples. F1 clearly separated beverages based on intensity
of overall aroma, peely/peel oil aroma, citrus aroma, sweet aroma, and pungent aroma. Beverages that
were more intense in terms of the mentioned attributes are located on the right of the plot. Note that all
of these beverages have an H as third letter, therefore, they have a high aroma level. The beverages with
lower intensities are located on the left of the plot and notably has L as the third letter, therefore, with
a low level aroma. F2 separated the beverages based on ‘taste’ perception, i.e., naringin (bitter)-sucrose
(sweet) levels. Beverages with high and medium bitter levels and low sweet are positioned at the top,
and beverages with low bitter level and medium and high sweet levels, are at the bottom. Beverages at
the top, namely HLLY and HLLR with a high level of naringin and MLHY with a medium level, were
characterized by more intense astringency, sour, and bitter tastes, and with grapefruit and overall
flavor intensities. Beverages (e.g., LHHR) with a low naringin level (at the bottom), were characterized
by a more intense sweet taste. The attributes citrus flavor, chemical aroma, and muddy/moldy aroma
in the middle of the plot, did not discriminate beverages on the first two PCs.
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Figure 1. Principal Component Analysis (PCA) of the sensory profiles of the 36 grapefruit-like
beverages. The vectors indicate the loadings for sensory attributes while the position of the sample
codes indicate the score values. The four-letter codes indicate levels of naringin (1st letter: L = Low,
M = Medium, or H = High), sucrose (2nd letter: L = Low, M = Medium, or H = High), aroma (3rd letter:
L = Low, or H = High) and color (4th letter: R = red or Y = yellow). Sensory attributes 1AT = Aftertaste,
2Fl = Flavor, 3Ar = Aroma. Beverages in green font were selected for the consumer tests.

3.2. Consumer Evaluation of the Grapefruit-Like Beverages

The effects of color, aroma level, and bitter/sweet levels of the grapefruit-like beverages on mean
liking ratings for the color, aroma, and flavor, as evaluated by the consumers, are presented in Table 4.
Two-way interaction effects were not significant.
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The standardized PLS regression coefficients for attributes as part of the prediction models are
presented in Table 5. PLS regression (PLSR) models were used to predict liking of the color, aroma,
and flavor of the 36 beverages, including the beverages that were not evaluated by consumers (Table 6).
Expected errors of prediction for the models were low, lying between ±1.288 for the aroma model to
±2.458 for the color model, and ±2.678 for the flavor model, with a 95% confidence interval, indicating
reliable prediction estimations of the liking variables.

Table 5. Standardized partial least squares (PLS) regression coefficients for factors to summarize the
relationship between predictors (X, consumer liking variables) and Y, sensory response variables. Only
selected important variables (main effects and squared effects, noted as ‘2’) from the refined models
are shown.

Liking of the Color R2 = 0.871 Liking of the Aroma R2 = 0.970 Liking of the Flavor R2 = 0.982

Overall aroma intensity 2 0.23 Fruity aroma 2 0.08 Sweet aroma 0.16
Citrus aroma 2 0.16 Citrus flavor 0.03 Chemical aroma 2 0.15
Sweet aroma 0.16 Sweet flavor 0.03 Citrus flavor 0.12

Astringent flavor 2 0.15 Astringent flavor 0.02 Deteriorated/rotten
aroma 0.03

Green/grassy aroma 2 0.10 Grapefruit flavor 0.02 Green/grassy aroma 2 −0.01
Fruity aroma 0.00 Bitter aftertaste −0.01 Greed/grassy aroma −0.01

Overall aroma intensity 0.00 Bitter flavor −0.01 Chemical aroma −0.01
Grapefruit aroma 0.00 Sour flavor −0.02 Woody/spicy aroma 2 −0.04

Green/grassy aroma −0.01 Overall flavor intensity −0.04 Overall flavor intensity −0.04

Astringent flavor −0.04 Deteriorated/rotten
aroma −0.05 Bitter flavor −0.07

Peely/peel oil aroma −0.04 Soapy aroma −0.05 Grapefruit flavor −0.07
Pungent aroma −0.05 Chemical aroma −0.06 Woody/spicy aroma −0.08
Citrus aroma −0.06 Woody/spicy aroma −0.06 Fruity aroma −0.08
Citrus flavor −0.07 Sweet aroma −0.07 Muddy/moldy aroma −0.10

Muddy/moldy aroma −0.08 Fruity aroma −0.07 Bitter flavor −0.11
Woody/spicy aroma −0.09 Peely/peel oil aroma −0.08 Astringent flavor −0.11

Soapy aroma −0.13 Pungent aroma 2 −0.08 Sour flavor −0.12
Chemical aroma 2 −0.18 Citrus aroma −0.09 Bitter aftertaste −0.12
Chemical aroma −0.19 Grapefruit aroma −0.09 Soapy aroma −0.19

Overall aroma intensity −0.10
Green/grassy aroma −0.11

Muddy/moldy aroma −0.12
Bitter flavor −0.14

Pungent aroma −0.14
Sweet flavor 2 −0.16
Sweet aroma 2 −0.17

Table 6. Partial least square regression (PLSR) model predicted liking ratings for color, aroma, and flavor
of the grapefruit-like beverages.

Color Liking Aroma Liking Flavor Liking

Number 1 Code 2 Observed 3 Predicted Observed Predicted Observed Predicted

2 MMHR 61ab (31) 61 51ab (30) 51 44abc (31) 45
4 LHHR 64ab (29) 64 45b (30) 45 54a (32) 52
9 HLHR 63ab (33) 64 47ab (30) 47 35bc (33) 36
11 MMLR 66a (29) 64 57a (29) 56 48a (33) 48
13 LHLR 67a (30) 68 55ab (29) 55 55a (34) 55
18 HLLR 62ab (30) 61 51ab (29) 50 32c (29) 32
20 MMHY 62ab (32) 61 52ab (29) 52 48a (35) 48
22 LHHY 55b (32) 56 48ab (33) 48 54a (34) 54
27 HLHY 59ab (30) 60 49ab (31) 49 35bc (34) 34
29 MMLY 60ab (32) 60 54ab (31) 54 46ab (34) 47
31 LHLY 61ab (29) 62 52ab (29) 53 55a (33) 56
36 HLLY 61ab (28) 62 50ab (28) 51 35bc (32) 34
1 LMHR 59 44 41
3 HMHR 62 49 41
5 MHHR 63 47 47
6 HHHR 60 46 45
7 LLHR 62 46 41
8 MLHR 60 47 38
10 LMLR 61 53 47
12 HMLR 64 54 45
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Table 6. Cont.

Color Liking Aroma Liking Flavor Liking

14 MHLR 61 52 50
15 HHLR 63 52 48
16 LLLR 62 53 43
17 MLLR 59 48 32
19 LMHY 59 49 44
21 HMHY 62 41 38
23 MHHY 62 52 57
24 HHHY 62 52 51
25 LLHY 60 48 36
26 MLHY 61 45 40
28 LMLY 63 55 56
30 HMLY 62 54 40
32 MHLY 66 55 56
33 HHLY 63 52 46
34 LLLY 68 57 53
35 MLLY 60 52 39

1 Refer to Table 1 for number. 2 Code: 1st letter = bitter level (High, Medium, or Low); 2nd letter = sweet level
(High, Medium, or Low); 3rd letter = aroma level (High or Low); 4th letter = color (Red or Yellow). Samples in bold
italic were used for consumer evaluation. 3 Values are means (± standard deviation); Observed means in a column
with different letters are significantly different (p < 0.05).

Liking of the color of the red grapefruit-like beverages were rated, on average, slightly higher than
the yellow ones (p < 0.05) (Table 4). Whether the beverage was colored yellow or red, it did not affect
the liking of the aroma or the flavor. Predicted mean liking of the color for the highest and lowest liked
of the 36 beverages differed, however, only by a maximum of 12.2 scale units (Table 6). Notably the
research found no significant sensory attribute drivers for liking of the color of the grapefruit-like
beverages (Table 5).

Liking of the aroma of beverages with a low added-aroma level, was higher (p < 0.05) than for
those with a high added-aroma level (Table 4). Aroma level did not have an effect on the liking of
the color of the beverage. Aroma level also did not affect the liking of the flavor of the beverage.
The predicted mean liking of the aroma for the highest and the lowest liked beverages, differed by
16.5 scale units (Table 6). Main effects and squared effects are indicated as ‘2’. Positive attribute
drivers for liking of the aroma of the grapefruit-like beverages were the square term of fruity aroma
(noted fruity aroma2), citrus flavor, and sweet flavor, while negative drivers were sweet aroma 2, sweet
flavor2, and pungent aroma (Table 5).

As expected, the level of the gustatory flavorants, the naringin, and the sucrose, did not affect
the liking of the color of the beverages (Table 4). Surprisingly the non-volatile taste level did have
a significant effect (p < 0.05) on the liking of the aroma of the beverages. The aroma of the most
bitter/least sweet beverages was liked significantly less than the other two taste combination levels.
Not surprisingly, liking of the flavor of the beverages decreased significantly (p < 001) as the bitter level
increased and the sweet level decreased. Predicted mean ratings for liking of the flavor, the highest
liked and the lowest liked of the 36 beverages, differed by 27.5 scale units. Positive drivers for liking of
the flavor of the grapefruit-like beverages were sweet taste, squared term for chemical aroma (noted as
‘chemical aroma2), and citrus flavor intensities, while the negative drivers were intensity of soapy
aroma, bitter aftertaste, and sour taste (Table 6).

4. Discussion

The research studied the effect of varying the bitterness, sweetness, color, and aroma intensity
of grapefruit-like beverages on the cross-modal perception of sensory properties and its effects on
consumer liking. A model grapefruit-like beverage standard formulation was created and a sensory
lexicon with a total of 21 attributes and definitions were generated to characterize the aroma, the flavor,
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and the aftertaste of the grapefruit-like model beverage with variations in color, aroma, and gustatory
flavorant levels.

Color hue of the grapefruit-like beverage affected the perception and description of the aroma
and flavor sensory properties, as evaluated by the trained human panelists. Color of the beverages,
and, in particular, the sample with the rose-red hue had a significant enhancing effect on perception of
overall aroma intensity and grapefruit, deteriorated/rotten, muddy/moldy, fruity, and sweet aroma
intensities. It also corresponded to the consumer liking—the red beverages were liked more than
the yellow ones. The cross modal effect of the beverage color on aroma and flavor of the beverages,
however, did not lead to significant differences in the liking of aroma or a liking of the flavor of the
red and yellow beverages. The difference in methodology followed and the cognitive tasks employed
by the two groups of panels might be the reason. When the group of consumers evaluated the liking
of the color of the beverages, solely based on appearance, a slight but significant preference for the
red-colored beverages was noted. This preference was solely driven by visual cues, since the consumers
did not yet smell or taste the beverages. After smelling and tasting the beverages, it is likely that the
opinion and preference might have changed, based on the cross-modal, color-aroma/flavor sensory
interaction, as demonstrated by the results for the trained panel in this study. Considering that the
consumers first evaluated the liking of the color, then the aroma (retronasally), and lastly the flavor
(after consumption) of each sample, sequentially, it cannot be excluded that some form of learning,
anticipation, and association might have occurred over the evaluation of the sequence of twelve
samples, of which 50% were red and 50% were yellow.

A study [20] reported that the red color decreased the perception of the bitter taste sensitivity
of a water solution. Coloring a clear bitter solution red, decreased the perception of the bitter taste,
while the addition of yellow and green coloring had no such effect [9]. Other researchers [21] suggested
that color-induced olfactory enhancement observed when odorous solutions are smelled orthonasally,
might be the result of a conditioned olfactory percept caused by the color. Conditioned expectations
predict that certain colors would be strongly associated with particular flavors, e.g., red with cherry,
orange with orange, and green with lime [22]; yellow with lemon, blue with spearmint, and red with
strawberry, raspberry, and cherry [23]. In South Africa, the location for the study, both yellow and
red/pink grapefruit are marketed. The Star Ruby variety with a red color is the most planted (84%)
grapefruit variety in South Africa, followed by the white variety Marsh (16%) (the juice of this type of
grapes is pale yellow) [24]. In another study [25] it was found that the relationship of green and yellow
colors in the lemon and lime-flavored sucrose solutions was altered; such color changes were found to
have an impact on the perceived sweetness ratings. In another study, results showed that color–odor
solution pairings were rated as having more intense odors with color cues than without, regardless
of the color–odor pairing appropriateness [21]. This cross-modal effect presumably results from the
color-cue setting up an expectation concerning the likely identity and intensity of a food or drink’s
taste or flavor [20]. No significant sensory attribute drivers for liking of the color of the grapefruit-like
beverages was identified, since the trained sensory panel did not evaluate the appearance attributes.

Aroma level added to the model beverage had a significant enhancing effect, on the majority of
the aroma and flavor sensory attributes. The enhancement of overall aroma and characteristic aroma
qualities, including citrus flavor, as a function of the level of aroma added, was expected and confirmed.
When consumers evaluated liking of the aroma of the beverages, solely based on orthonasal inspection,
surprisingly the beverages with low aroma were slightly preferred over those with high aroma. It is
possible that the higher aroma level was more distinctive and clearly reminiscent of grapefruit and
possibly evoked a stronger cue for those disliking grapefruit. An interesting and unexpected finding
was the apparent suppression of bitter and astringent gustatory sensations, due to a higher load of
olfactory stimuli (high aroma level). Previous studies have found that aroma–taste interactions can
result in complicated changes in the perceived flavor. The addition of an aroma can, e.g., elevate
the bitter-detection threshold [26,27]. The perceived intensity of tastes in solutions was increased by
volatile compounds, especially when there was a logical association between them, such as between
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sweetness and fruitiness [28]. Apple and strawberry aromas evoked both sweetness and sourness.
A study found that tasteless aromas, namely green tea and coffee, predominantly evoked bitterness,
while the vanilla aroma predominantly evoked sweetness [29]. The grapefruit aroma consisted of
a blend of caryophyllene, citral, nootkatone, and various aldehydes; octanal, nonanal, and decanal.
No study could be found that specifically indicated that any of these compounds evoked bitterness.
Nootkatone at the above threshold concentrations was reported as tasting bitter [30]. Consumption of
a beverage results in the simultaneous perception of aroma and taste, coupled with tactile sensations,
all of which contribute to an overall impression of flavor. Compounds that stimulate taste perception
(e.g., naringin contributing a bitter taste) can increase the apparent intensity of aromas. In this study,
the grapefruit flavor was enhanced by the naringin addition. The aroma compound (containing a
citral component) of the grapefruit-like beverages had an enhancing effect on the citrus aroma intensity.
An additive effect of the sweet components with citral or limonene volatiles having a ‘citrus’-like
aroma was reported by [31] but was not observed in this study. The suppression of bitterness in the
high aroma beverages, however, did not affect the liking of the flavor, since there was no difference
found in the liking of the flavor of beverages with low or high aroma levels. Positive drivers for liking
of the aroma of the grapefruit-like beverages were fruity aroma2, citrus flavor, and sweet flavor, while
negative drivers were sweet aroma2, sweet flavor2, and pungent aroma.

The low bitter/high sweet beverages were preferred over the high bitter/low sweet samples.
A study [32] reported that with an increase in the ratio of ◦Brix/acidity of reconstituted grapefruit
juice, the consumer perception of sweetness increased and bitterness and aroma intensity decreased.
Some bitterness in processed grapefruit products is acceptable for consumers, but excessive bitterness
is one of the major consumer objections to such products [28,31]; this was confirmed in this study.
The variation in sensitivity of the individual consumers to bitter compounds in grapefruit beverages
could be explored further to identify whether subgroups might have different preferences. As expected,
the contribution of varying concentrations of naringin affecting the bitterness of the grapefruit-like
beverages did not have a significant effect on any of the aroma attributes. Similarly, [32] reported
that consumers did not find any difference in aroma with increased levels of naringin in processed
grapefruit juice. However, the concentration of bitterness of the grapefruit-like beverages had a
significant effect on the flavor attributes (astringent, sweet, sour, bitter and grapefruit flavor, and the
bitter aftertaste). A study [32] has also reported that an increase of limonin (also a bitter compound)
in processed grapefruit juice, increased the perceived bitterness and tartness, while decreasing
the sweetness.

In a previous study, an increase in the ◦Brix with sucrose, enhanced the taste of sweetness, and had
a decreasing effect on the sour, bitter, astringent, and grapefruit flavors, and the bitter aftertaste.
When sucrose was added to fruit juices, not only were the perceived levels of bitterness and sourness
reduced (as was also found in this research) but the sweet aroma intensity rating also changed [16]
(although this was not found here). Sucrose was also reported to mask the bitter taste of sinigrin,
goitrin, and quinine [33]. In the complex beverage model, increasing sucrose did not have the often
reported enhanced effect on the perceived fruity aroma. Increasing the sugar concentration of blueberry
and cranberry fruit juices, increased their fruitiness (evaluated by sipping), even though no difference
in aroma was perceived by sniffing alone [16]. Sucrose in the mouth significantly enhanced the “citrus”
ratings, compared to when citral was inhaled alone [12]. Similarly, increases in the intensity of different
‘fruity’ aromas were perceived in a multichannel flavor delivery system [34], model dairy desserts [35],
and custard desserts [36], when increasing the sweetness with sucrose. Sweet level also affected the
soapy aroma of the grapefruit-like beverages. The reason for the effect on soapy aroma is unclear. It is
possible that the aroma blend contributed a slight soapy aroma.

The effect of aroma level and color on the perceived sensory attributes, as observed in this study,
are evidence of cross-modal sensory interactions. It was anticipated that the intensity and character of
the aroma level of a grapefruit juice would increase the perception of the citrus flavor, a positive driver
of grapefruit flavor liking and reduce the negative attributes, the bitter and astringent flavor, as well as
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the bitter aftertaste. Positive drivers for liking of the flavor of grapefruit-like beverages were the sweet
taste, the chemical aroma, and the citrus flavor intensities, while negative drivers were intensity of
soapy aroma, bitter aftertaste, and sour taste.

5. Conclusions

This study indicated that aroma, bitterness, and sweetness levels, and also product color (hue)
influences the perception of grapefruit-like beverages, as well as their hedonic value. A grapefruit-like
beverage model was created and a lexicon to describe the sensory properties of the cross-modal
interaction of stimulus components of the model beverage was developed. From the descriptive
sensory profiles, prediction models for liking of the color, aroma, and flavor of grapefruit-like beverages
were developed. In the next phase, the models should be applied to a wide range of grapefruit juice
samples to determine validity and reliability in real juices. The models can then be optimized for
application in grapefruit quality control and product development programs.

Supplementary Materials: The following are available online at www.mdpi.com/xxx/s1. Table S1:
Physico-chemical characterization (means ± standard deviation) of the 36 grapefruit-like beverages. Table
S2: Summary of sensory attribute mean values1 [± standard error of means (SEM)] and significance of bitter
x aroma and bitter x color two-way ANOVA interactions of the model grapefruit-like beverages as evaluated
by a trained sensory panel (n = 16). Table S3: Summary of sensory attribute mean values1 [± standard error of
means (SEM)] and significance of bitter x sweet and aroma x color two-way ANOVA interactions of the model
grapefruit-like beverages as evaluated by a trained sensory panel (n = 16). Table S4: Summary of sensory attribute
mean values1 [± standard error of means (SEM)] and significance of sweet x aroma and sweet x color two-way
ANOVA interactions of the model grapefruit-like beverages as evaluated by a trained sensory panel (n = 16).
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Abstract: Tea is made from the processed leaves of the Camellia sinensis plant, which is a tropical and
subtropical evergreen plant native to Asia. Behind water, tea is the most consumed beverage in the
world. Factors that affect tea brewing include brewing temperature, vessel, and time, water-to-leaf
ratio, and, in some reports, the composition of the water used. In this project, we tested if the water
used to brew tea was sufficient to influence perceived flavor to the everyday tea drinker. Black and
green tea were brewed with bottled, tap, and deionized water, with brewing temperature, vessel, time,
and the water-to-leaf ratio matched. The samples were analyzed with a human consumer sensory
panel, as well as instrumentally for color, turbidity, and Epigallocatechin Gallate (EGCG) content.
Results showed that the type of water used to brew tea drastically affected sensory properties of green
tea (and mildly also for black tea), which was likely driven by a much greater degree of extraction of
bitter catechins in teas brewed with more purified bottled or deionized water. For the everyday tea
drinker who drinks green tea for health, the capability to double the EGCG content in tea by simply
brewing with bottled or deionized water represents a clear advantage. Conversely, those drinking tea
for flavor may benefit from instead brewing tea with tap water.

Keywords: taste; sensory evaluation; tea; EGCG; hedonics

1. Introduction

1.1. Tea and Tea Processing

Tea is a beverage steeped in culture and history. Valued for its taste and caffeine content as well
as its numerous health properties [1], tea has been consumed for centuries [2]. Behind water, tea is the
most consumed beverage in the world [3]. The botanical name for the plant producing tea is Camellia
sinensis (L.) Kuntze. There are many other plants used for extraction such as rooibos and chamomile,
however these are not strictly teas. Instead, they are classified under the category of tisanes or herbal
infusions. The main difference between various styles of tea is the level of oxidation of the leaf during
processing. Green and white teas are unoxidized, oolongs vary in the levels of oxidation, and black tea
leaves are fully oxidized. A cup of tea is made from processed fresh tea leaves. Biochemical changes
that occur during processing help reduce the bitter taste of fresh tea leaves. Processing the tea leaves
lowers water content to aid in shelf stability, deactivates enzymes, and adds sweetness and a myriad
of colors to the cup. Physically the leaf transforms from a sturdy crisp leaf to limp and pliable during
withering. Chemically, caffeine content increases, hydrolysis of hydrophobic carbohydrates begins,
non-gallated catechins and aroma compounds form, and the levels of chlorophyll and various enzymes
increase [4]. For black teas, after withering, the leaves are purposefully crushed to speed oxidation.
This step is what gives black tea its defining quality, whereby enzymatic oxidation converts catechins
into theaflavins and thearubigins. Polyphenols give black tea its reddish-brown coloration [5].
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1.2. Tea Flavanols

The main polyphenols found in tea are flavonoids. Flavonoids are a group of bioactive compounds
synthesized during plant metabolism. Flavonoids are found in fruits and vegetables, prominently in
spinach, apples, and blueberries, as well as in beverages like tea and wine. Previous health-related
research on tea has largely focused on the flavonoid group. Flavonoids contain two six-carbon rings
linked by a three-carbon unit, which is also known as a chalcone structure [6]. Catechins (also referred
to as flavanols) are bioactive compounds that are a subclass of flavonoids, and, in tea, are the main
secondary metabolites. The main catechins in tea are: catechin, epicatechin, epicatechin gallate,
epigallocatechin, epigallocatechin-3-gallate, and gallocatechin. Catechin content in tea differs by tea
type or style. Catechins in green tea are relatively stable since they do not go through oxidation during
processing, and are what gives green tea its characteristic bitterness and astringency. In black tea,
the catechins are largely oxidized to theaflavins and thearubigins [6], which reduces catechin content
by around 85% compared to green tea [7], leaving the tea darker and less bitter.

1.3. Tea and Water

After tea leaves are harvested and processed, the final product is ready to consume. However,
unlike many other beverages, the final processing step is left to the consumer. A high-quality tea
that has gone through many labor-intensive steps can be ruined in an instant by improper brewing.
Factors that alter the taste of the brewed cup are brewing temperature, time, vessel, the water-to-leaf
ratio, and the water composition [8,9]. This study focuses on the water used to brew tea, specifically
how water quality influences the sensory and chemical qualities of black and green tea. Taste is a key
factor in consumer acceptance of water [10], however water is often not a top priory when making tea,
despite its critical role as the vehicle for the infusion. References to the importance of water content in
brewing tea can be found as early as 758AD, in The Classic of Tea by Lu Yu [11]. Lu Yu was an orphan
during the Tang Dynasty, raised by an abbot in the Dragon Cloud Monastery. He authored an efficient
7000-character book detailing how to harvest, process, and brew tea, including what types of water
are suitable for tea, as well as the proper tools and utensils. Lu Yu felt that tea made from mountains
streams was ideal, river water was sufficient, and well water was inferior [3]. In a more recent book
from Kuroda & Hara [12], tap water is recommended as the most suitable water for making tea,
although specific recommendations are that water should be clear of odors and deficient in magnesium
and calcium.

Previous work suggests that tap water can influence the amount of tea flavanols extracted in green
tea compared to brewing green tea with purified water [13]. Tap water has a differing (inconsistent
between regions, and over time) mineral balance. “Hard” water is high in minerals such as calcium
and magnesium. Tea infusions are particularly affected by calcium, with previous studies showing that
levels of theaflavins and caffeine extracted decrease with high levels of calcium [14]. Magnesium and
calcium can also promote two undesirable outcomes of tea brewing: tea cream and scum formation.
Tea cream is the precipitate matter that forms as the tea cools and is caused by the reaction between
caffeine and tea flavanols, while tea scum is a surface film that forms on the tea infusion surface,
which is composed of calcium, hydrogen carbonates, and other organic material. This film occurs due
to calcium carbonate triggering oxidation of organic compounds [9]. It has also been demonstrated
that catechin extraction can be increased in white tea by brewing with purified water [15].

1.4. Tea Flavor

Between 25% to 35% of the fresh tea leaf is composed of phenolic compounds with 80% of these
being flavanols [16]. Both phenolic compounds and alkaloids such as caffeine contribute to the bitter
taste in tea, though the catechins are thought to be the main contributors to bitterness [17]. Glucose,
fructose, sucrose, and arabinose in tea account for its sweet taste. Free amino acids make up about 1%
to 3% of the dry leaf, and, in green tea, may yield an umami characteristic [16]. Astringency, albeit
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not a taste, is a common oral sensation in tea, thought to arise from its catechin content [18]. Despite
tea being consumed for several thousand years, there are few consumer sensory studies of tea flavor,
with researchers more often favoring evaluation by trained or expert panels. The goal of this project
was to test if the water source used to brew tea (tap, bottled, or deionized) influenced flavor or liking
from the everyday tea drinker, using both black and green tea. Tea samples were analyzed with
a human consumer sensory panel as well as with a number of instrumental methods.

2. Materials and Methods

2.1. Mineral Analysis of Water Samples

Ithaca city tap water, Poland SpringTM bottled water (Nestle Waters, Paris, France), and deionized
water used for the study were tested by the Community Science Institute, Inc (Ithaca, NY, USA),
assaying calcium, iron, magnesium, sodium, and copper content. Methods followed those
recommended by the Environmental Protection Agency (EPA). Briefly, Iron, Magnesium, and Sodium
were measured spectrochemically (EPA protocol 200.2, Rv. 2.8) and with inductively coupled
plasma-atomic emission spectrometry (EPA 200.7, Rv 4.4), while copper was measured using
Inductively Coupled Plasma Mass Spectrometry (EPA 200.8/EPA200.8, Rv 5.4). Calcium and residual
chlorine were measured colorimetrically, using an EDTA titration for calcium (SM 3500-Ca B),
and a Lamotte test kit for chlorine (LaMotte DPD-1R, LaMotte Co., Maryland, USA).

2.2. Preparation of Tea Infusions

Two high-quality loose leaf teas known as Zhejiang green and Mao Feng black teas were purchased
from In Pursuit of Tea (New York, NY, USA). Both teas are from the Zhejiang Province in China, which
is a highly regarded tea region, with both produced on the same farm. Green teas were brewed in
tap (GT) water, bottled (GB) water, and deionized (GD) water, with black similarly denoted as black
tea in tap (BT), bottled (BB), and deionized (BD) water. For the green tea samples, 2.5 g of tea was
weighed out into pre-warmed Gaiwan tea brewing vessels (Figure S1), with 125 mL of water at 80 ◦C
added to the vessel. The green tea infusion was brewed for three minutes and then strained through
a fine mesh strainer. Black tea samples were brewed at 100 ◦C for 5 min (more typical for black tea
preparation), and strained. Samples were then either cooled to room temperature for instrumental
analysis or served fresh in pre-heated cups for sensory analysis (see 2.6 below).

2.3. Colorimetry

Analysis of tea color was performed with a Hunter Lab UltraScan VIS colorimeter
(Reston, VA, USA). L (light vs dark), a (red vs green), and b (yellow vs blue) values were recorded for
each sample with each of the samples measured in triplicate.

2.4. Turbidity

The turbidity of each sample was measured in triplicate with use of a HACH 2100P portable
Turbidity meter (Loveland, CO, USA), with measurements recorded in Nephelometric Turbidity Units
(NTU). The samples were held at a 90◦ angle to the incident beam using single detection. Turbidity
standards used were 0.1 NTU, 20 NTU, and 100 NTU.

2.5. Analysis of EGCG

Epigallocatechin Gallate (EGCG) in the tea infusions was measured using high performance liquid
chromatography (HPLC), following the methods of Wang and Helliwell [13]. Samples were run using
an Agilent 1100 HPLC system (Santa Clara, CA, USA) with a DAD detector. Separations were carried
out using a Waters Cortecs (Milford, MA, USA) C18 (4.6 mm × 100 mm) column using an isocratic
solvent system consisting of 90% 0.01% phosphoric acid in Millipore water (v/v) and 10% methanol
with a flow rate of 0.6 mL/min. The column was held at a constant temperature of 30 ◦C. The DAD
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detector was set to 210 nm. Sample injection volume was 10 μL. The total run time was 20 min.
All samples were filtered just before being loaded onto the HPLC using a 0.22 μm Polyvinylidene
Fluoride (PVDF) filter from Celltreat (Pepperell, MA, USA). Quantification was performed by the
use of an external standard curve using purified EGCG purchased from Sigma Aldrich (St Louis,
MO, USA). Identification of EGCG in tea samples was performed using retention time of the pure
standards (10.26 min).

2.6. Sensory Evaluation

All human study procedures were approved by the Cornell University Institutional Review Board
for Human Participants, with all methods performed in accordance with relevant guidelines and
regulations. A total of 103 panelists were recruited from the local community, pre-screened for their
tea drinking behavior, and all gave informed consent. All the participants in the study drank tea
three to five times a week or more, and were both green and black tea drinkers. The panelist either
habitually consumed tea with no milk or sugar added to it or stated no dislike of tea in this manner.
Participants knew that the study involved tea but were unaware of the true objective of the research.
The session took approximately 45 min, with panelists compensated for their time. The panelists
answered questions about samples in individual booths, using Red Jade sensory evaluation software
(Curion, Deerfield, IL, USA). The samples were delivered monadically, in a counterbalanced full-block
design, but panelists either received 3 green tea samples or 3 black tea samples first. Each tea sample
was evaluated for overall liking, appearance liking, and flavor liking with 9-point scales, and then used
the generalized Labeled Magnitude Scale (gLMS) to test sweetness, bitterness, sourness, astringency,
vegetal quality (for green tea only), and earthiness (for black tea only). All panelists were briefly
trained on how to use the gLMS before beginning the tasting [19]. The color of the tea was also
evaluated by panelists with a color matching sheet (Figure S2) from which they chose the closest match
for each tea sample. Teas were freshly brewed every 30 min. A total of 10 g of tea was brewed with
500 mL of water, at 80 ◦C for green tea, and 100 ◦C for black tea. All infusions were kept warm in
pre-heated, insulated carafes until the panelist was ready for the sample. Samples were served in
pre-heated (80 ◦C) white ceramic Gung Fu cha teacups (see Figure 1 below) labeled with random
3-digit codes. After each sample, panelists were instructed to cleanse their palette with water and
non-salted crackers to avoid fatigue as well as deter any lingering bitterness or astringency. At the end
of the questionnaire, panelists were asked a series of demographic questions and for information on
their tea drinking habits.

2.7. Statistical Analysis

Data were analyzed with repeated measure analyses of variance (ANOVA) and post-hoc Tukey’s
tests using Graphpad Prism 5.0 (Graphpad Software, La Jolla, CA, USA). Separate ANOVAs were used
for green and black tea samples since such large differences in taste and chemical properties have been
shown previously. Statistical significance was inferred at p < 0.05. Multivariate analysis was performed
using XLSTAT (Addinsoft, Paris, France) whereby two separate Principal Components Analyses
were run on sensory and instrumental data as well as these two datasets combined in a Multiple
Factor Analysis.
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Figure 1. (A) Image of black and green tea samples brewed in tap, bottled, or deionized water. For both
green and black tea, infusions appear darker and cloudier from tap wate compared to the teas brewed
in DI or bottled water. (B)Turbidity measurements (NTU) for each tea infusion showing average of
three replicates with SEM. (C–E) Colorimeter readings from tea infusions, L, a and b values displayed
with individual readings as dots, lines denoting average, and SEM. Samples denoted as green tea
brewed in tap (GT), bottled (GB), and deionized (GD) water, black tea brewed in tap (BT), bottled (BB),
and deionized (BD) water. Green tea samples represented in green, black tea in dark red.

3. Results and Discussion

3.1. Water Analysis

Deionized, tap, and bottled water samples were tested for calcium, magnesium, copper, iron,
residual chlorine, and sodium (Table 1). The amount of calcium, magnesium, and sodium in tap water
was far greater than that in bottled or deionized water.

Table 1. Mineral analysis of the different water types in mg/L.

Bottled Tap Deionized

Calcium 8.000 53.600 3.000
Iron 0.050 0.050 0.050

Magnesium 1.370 9.460 0.100
Sodium 10.600 20.900 0.100
Copper 0.002 0.176 0.002

Residual Chlorine 0.200 0.200 0.200

3.2. Turbidity and Color

Figure 1A shows the appearance of tea samples when brewed with three different water types.
Teas brewed in tap water appear more cloudy and darker in color than teas brewed in bottled water
or deionized (DI) water for both green and black teas. Turbidity measurements (Figure 1B) in green
(p < 0.001) showed GT was more turbid than both GB (95% CI = 133.3 to 156.7) and GD (95% CI = 135.7
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to 159.1), with no difference between GB and GD. In black tea, the turbidity of BT was also higher
(p < 0.001) than both BB (95% CI = 57.66 to 103.9) and BD (95% CI = 58.81 to 105.1), with no difference
between BB and BD. Adding high concentrations of calcium or magnesium in water can cause
cloudiness and tea scum in tea infusion as well as possibly influencing tea’s sensory properties [9,18]
since both calcium and magnesium were higher in tap water used in this project. This was likely the
cause of the observed turbidity increase.

Both green (p = 0.016) and black (p = 0.023) tea infusions significantly differ in lightness. Green
tea brewed in tap water exhibited lower L values compared to the same tea brewed in bottled
(95% CI = −9.992 to −1.288) or DI (95% CI = −8.952 to −0.2476) water, with BT similarly lower than
BB (95% CI = −15.14 to −0.7051) or BD (95% CI = −15.13 to −0.6918). The a values for green (p < 0.001)
but not black (p = 0.425) tea significantly differed between samples, with all pairs differing between
green teas (95% CI for GT vs GB = 2.042 to 2.458; GT vs GD = 1.269 to 1.685; GB vs GD = −0.9814
to −0.5652). The b values for both green (p < 0.001) and black (p = 0.001) teas significantly varied
between treatments, with tap water against the different sample. GT was higher compared to GB
(95% CI = 5.661 to 12.80) and GD (95% CI = 8.401 to 15.540), with BT higher than BB (95% CI = −14.94
to −4.711) or BD (95% CI = −15.33 to −5.105).

3.3. EGCG Content

The amount of EGCG in black tea is customarily lower than that found in green tea, since the
majority of the catechins in black tea are converted to theaflavins and thearubigins [5]. The small
amount of EGCG in the black tea infusions did not vary with water type (p = 0.250, Figure 2C,D).
Conversely, with green tea (natively much higher in EGCG), there was a significant difference between
green tea infusions (p < 0.001) and with green tea brewed in bottled water (95% CI = −6350 to −3984)
and in deionized water (95% CI = −5890 to −3524) having around double the amount of EGCG
compared to green tea brewed in tap water (Figure 2A,B), despite being brewed from the same leaves,
at the same strength, time and temperature, in identical vessels. Green teas brewed from bottled
or deionized water achieved around the same level of EGCG extraction (95% CI = −723.0 to 1643).
Such dramatically inferior EGCG extraction in tap water is important to green tea consumers, many of
whom are consuming green tea due to a perceived consequence of health promotion [20]. EGCG is the
most abundant catechin in green tea [21] as well as one of the most bitter tasting [22]. That green tea
acceptance has been linked to bitter taste genes [23], and that bitterness in tea is largely a product of
EGCG content [24], implies that extraction of bitter catechins in bottled or deionized water may lead to
more healthy and yet less palatable tea infusions.

3.4. Sensory Testing of Tea Samples

There was no significant difference between panelists’ overall (p = 0.646), or flavor (p = 0.553)
liking of black tea samples (Figure 3A,C). Panelists did find significant differences in appearance liking
between the samples (Figure 3B, p = 0.0345), which is likely a reflection of the color differences between
the black tea infusions evident in Figure 1A. However, this trend was not strong enough to reflect
differences between sample pairs in post-hoc Tukey’s tests. Panelists also evaluated various flavor
attributes of the black tea infusions. No differences were evident with water type between black tea
infusion for astringency, bitterness, sourness, or sweetness (Figure 3D–F,H, all p > 0.05). However,
panelists did find a difference in earthy flavor (Figure 3G, p = 0.025), specifically between that brewed
in bottled water compared to black tap water (95% CI = −7.339 to −0.5252). While the panel perceived
black tea brewed in tap water to be earthier, it had little effect on liking, which suggests that water
may not be a critical factor in determining liking in black tea.

314



Nutrients 2019, 11, 80

Figure 2. (A) Chromatogram illustrative of HPLC spectrum from green tea. EGCG peak at arrow.
Y axis in milli-Absorbance Units. (B) Total EGCG content for green tea in ppm, brewed in tap
(GT), bottled (GB), and deionized (GD water. Display shows mean of three readings plus SEM.
(C) Chromatogram illustrative of HPLC spectrum from black tea. EGCG peak at arrow. (D) Total
EGCG content for black tea in ppm. Samples denoted as black tea brewed in tap (BT), bottled (BB),
and deionized (BD) water.

 

Figure 3. Consumer perception of black tea brewed in tap (BT), bottled (BB), and deionized (BD) water.
(A) Overall liking of samples, from dislike extremely (1) to like extremely (9). (B) Appearance liking
of samples, from dislike extremely (1) to like extremely (9). (C) Flavor liking of samples, from dislike
extremely (1) to like extremely (9). (D) Perceived sweetness of samples, rated on gLMS, scale descriptors
no sensation (0.0), barely detectable (1.4), weak (6.0), moderate (17.0), strong (34.7), very strong (52.5),
and strongest imaginable sensation of any kind (100.0). (E) Bitterness, scale as in D. (F) Sourness,
scale as in D. (G) Earthy flavor, scale as in D. (H) Astringency, scale as in D. Bars display mean rating
of panel (n = 103) plus SEM. * indicates p < 0.05.
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For green tea samples, the effects of water were clearer. Panelists rated their overall liking
(Figure 4A, p < 0.001) of green tea samples as differing across water treatments, with the tap clearly
higher than bottled water (95% CI = −1.138 to −0.2993), with tap vs. deionized water approaching
significance (95% CI = −0.04054 to 0.7978). Interestingly, this reduction in liking seemed to be driven
by the panel’s liking of the sample’s flavor (Figure 4C, p = 0.001), and not its appearance (Figure 4B,
p = 0.099). In investigating changes to the green tea’s flavor properties, panelist found no significant
difference in astringency, sourness, or vegetal flavor (Figure 4F–H, all p > 0.05). However, the panel
judged the green tea samples brewed with tap water to be far less bitter (Figure 4E, p < 0.001) than both
the sample brewed with bottled (95% CI = 0.6244 to 6.502) or with deionized water (95% CI = −9.162
to −3.285). Since only around half the amount of EGCG was extracted in green tea brewed from tap
water compared to the other samples, and EGCG is experienced as highly bitter, this would result in
less bitter tea infusion when brewing with tap water. Since bitterness is closely linked to liking tea
regardless of ethnicity or tea drinking habits [25,26], this likely drove the increase in liking of green
tea brewed in tap water. The GT sample was also experienced as sweeter by the panel (Figure 4D,
p = 0.012), which was likely due to mixture suppression [27,28] of sweetness in samples with more
bitter catechins. EGCG has been noted to extract more efficiently from green tea with purer water [29]
and with higher conductivity (thus higher impurity) water producing poorer catechin extraction [30].
Rossetti and colleagues [31] measured the detection threshold of EGCG (perceived to be bitter and
astringent) to be 183 mg/L (at 37 ◦C). Despite the fact that bitterness may be somewhat depressed by
temperature [32], the bitterness of green tea in our study would be clear in the samples’ flavor profile.
Thus, doubling the EGCG content of tea in bottled or deionized water (compared to tap) was likely the
driving factor behind reduced liking of these samples in consumer testing. Since black tea has fewer
catechins than green tea due to the oxidation process in manufacturing, the type of water used seems
less important to the everyday tea drinker.

As well as instrumental measurement of color changes in tea samples, and assessment of
appearance liking of samples, we were also interested in whether variation in color between samples
was visible to the human eye. Panelists used a color matching chart for both black and green tea
samples (see Figure S2), divided into eight color segments for green teas, and eight more for black teas.
The panelists could clearly discern differences between samples of both black (p < 0.001, chi-square
39.91), and green tea samples (p < 0.001, chi-square 43.87), although this did not influence their liking
of the samples overall, nor their liking of the appearance of the samples, which suggests flavor is more
critical in determining liking of tea infusions than their appearance. It is clear, however, that consumer
perception of beverages can be altered by their color and appearance [33], and, thus, some of the effects
observed may have been due to the cross modal influence of the different colored tea samples.

Some work exists concerning the influence of various brewing conditions on the sensory properties
of tea. Liu et al. [34] found optimal conditions for acceptance, at least in a small expert panel,
were brewing for 5.7 min at 82 ◦C, with tea of around 1100 μm in particle size, in a 70 mL/g ratio
of water to tea. From instant green tea preparations, increasing the calcium concentration in the
brewing solution was found to weaken bitter taste in the mixture purportedly provided by EGCG [18],
which is in good agreement with our observations. However, influences on the sweetness of infusions
(attributed in part to theanine) were not seen in our work, possibly due to the around 4 mg/100 mg
sucrose found in the group’s instant tea preparations. A study of hot and cold-brewed tea infusions of
varying strength by Lin et al. [2] proposed a linkage between higher EGCG and EGC (epigallocatechin)
levels and lower sensory appeal, which was attributed to lower bitterness and astringency in these
samples. In a small group of trained panelists, sensory differences were reported in green tea brewed
with various water types [30], with mineral water found to produce tea with lower EGCG levels than
tap water, purified water, or mountain spring water, as well as perceived bitterness mapping onto
EGCG levels. However, samples from this report were liked more with higher bitterness (and EGCG)
unlike our own results. A similar result was reported by Zhang et al. [15], whereby EGCG levels from
green tea extractions varied with water quality. Sensory reports of taste quality were higher for the
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high EGCG samples, though no report was made of panel size or makeup. Such differences are likely
attributed to the difference in palate of a small group of experts from China versus a large panel of
tea consumers in the US. Alternatively, those regularly consuming diets high in salty [35], sweet [36],
or umami [37] stimuli have shown some reduced ability to perceive these stimuli possibly due to
receptor regulation in taste [38]. Thus, it is possible that regular consumers of very bitter tea experience
how they taste in a fundamentally different manner.

Figure 4. Consumer perception of green tea brewed in tap (GT), bottled (GB), and deionized (GD) water.
(A) Overall liking of samples, from dislike extremely (1) to like extremely (9). (B) Appearance liking
of samples, from dislike extremely (1) to like extremely (9). (C) Flavor liking of samples, from dislike
extremely (1) to like extremely (9). (D) Perceived sweetness of samples, rated on gLMS, scale descriptors
no sensation (0.0), barely detectable (1.4), weak (6.0), moderate (17.0), strong (34.7), very strong (52.5),
and strongest imaginable sensation of any kind (100.0). (E) Bitterness, scale as in D. (F) Sourness,
scale as in D. (G) Earthy flavor, scale as in D. (H) Astringency, scale as in D. Bars display mean rating
of panel (n = 103) plus SEM. * indicates p < 0.05. ** indicates p < 0.01. *** indicates p < 0.001.

Following sensory testing, panelists participated in a survey of their attitudes toward tea.
When asked their primary motivation for drinking black tea, only 7% of panelists responded due to
healthful properties and, instead, favoring taste or flavor (84%), with a small number of respondents
citing other reasons. However, when asked their primary motivation for drinking green tea, 26% cited
its health benefits, with 67% for taste or flavor, and again a small number citing other reasons.
This suggests the ability to almost double the EGCG content of green tea would be of great interest to
many green tea consumers.

3.5. Multivariate Analysis

Further analysis of the data with Principal Components Analysis (PCA) and Multiple Factor
Analysis (MFA) was performed. Scree plots revealed that data could be plotted well on two axes both
in the case of sensory and instrumental data, with 88.5% and 98% of the variance accounted for by
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the first two factors in the analysis, respectively. The sample of green tea brewed with tap water was
located close to both dimensions of overall and flavor liking, which, in turn, were negatively correlated
with bitterness (Figure 5A). In plots of instrumental results, samples pairs GD and GB as well as BD
and BB plotted almost exactly on top of one another (Figure 5B). In the case of both black and green tea,
the tap-brewed sample was the clear outlier. Samples GD and GB plotted closely to the axes represent
phenolics, EGCG, and colorimetric L-value. MFA plots combining both sensory and instrumental
data showed similar patterns (Figure 5C), with sample GT lying in the directions of overall and flavor
liking, and anti-parallel to that of bitterness.

 
(A) 

(B) 

(C) 

Figure 5. Multivariate analysis of tea samples. (A) Principal components analysis of sensory data.
Samples shown in black, original axes in red, variance from new factors in parentheses. (B) Principal
components analysis of instrumental data. Samples shown in black, original axes in blue, variance from
new factors in parentheses. (C) Multiple factor analysis of sensory and instrumental data. Samples
shown in black, sensory axes in red, instrumental axes in blue, variance from new factors in parentheses.
Samples denoted as green tea brewed in tap (GT), bottled (GB), and deionized (GD) water, black tea
brewed in tap (BT), bottled (BB), and deionized (BD) water.
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4. Conclusions

Tea is the most consumed beverage besides water in the world. This project sought to get a better
understanding of whether the type of water used to brew tea is of importance to the everyday tea
drinker. Through the instrumental analysis of green and black tea brewed in tap, bottled, and deionized
water, we demonstrated a difference in color, turbidity, and the amount of EGCG extracted from tea
leaves depending on the water type. The high mineral content of the tap water used in this study led to
inferior extraction of catechins in green tea, and thus, produced an infusion that was less bitter, and also
perceived as sweeter than the same tea brewed in bottled or deionized water, with an accompanying
higher degree of liking for green tea when brewed in this manner. For tea drinkers consuming green
tea for either flavor or its health benefits, our results highlight that the type of water used to brew tea
is clearly important, and suggests that those seeking greater health benefits should use a more purified
water source to brew green tea, while those more concerned with flavor may prefer to use water from
the tap.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-6643/11/1/80/
s1, Figure S1: Traditional Gaiwan brewing vessel, Figure S2: 8-option color matching diagram provided to
consumer panel.
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Abstract: The ability to smell is crucial for most species as it enables the detection of environmental
threats like smoke, fosters social interactions, and contributes to the sensory evaluation of food
and eating behavior. The high prevalence of smell disturbances throughout the life span calls
for a continuous effort to improve tools for quick and reliable assessment of olfactory function.
Odor-dispensing pens, called Sniffin’ Sticks, are an established method to deliver olfactory stimuli
during diagnostic evaluation. We tested the suitability of a Bayesian adaptive algorithm (QUEST) to
estimate olfactory sensitivity using Sniffin’ Sticks by comparing QUEST sensitivity thresholds with
those obtained using a procedure based on an established standard staircase protocol. Thresholds
were measured twice with both procedures in two sessions (Test and Retest). Overall, both procedures
exhibited considerable overlap, with QUEST displaying slightly higher test-retest correlations, less
variability between measurements, and reduced testing duration. Notably, participants were more
frequently presented with the highest concentration during QUEST, which may foster adaptation and
habituation effects. We conclude that further research is required to better understand and optimize
the procedure for assessment of olfactory performance.

Keywords: smell sensitivity; olfaction; threshold; staircase; QUEST

1. Introduction

The appreciation of food involves all senses: sight, smell, taste, touch, and also hearing. While
the sight of a cup of coffee may indicate its availability, it is typically its smell that makes it appealing
and that triggers an appetite for most people. During consumption, the smell or aroma is perceived
again retronasally and supported by its pleasant temperature and a bitter taste. These largely parallel
sensations occur automatically and only raise awareness when one or more senses are disturbed.
That said, the sense of smell has been shown to influence food choice and eating behavior [1], and its
impairment has even been associated with a higher risk for diet-related diseases like diabetes [2]. Even
more, olfactory stimuli can invoke emotional states, are linked to memory storage and retrieval, and as
such also serve as important cues to rapid detection of potentially dangerous situations and threats
(see e.g., [3,4]. Given that the estimated prevalence of smell impairment is 3.5% in the United States [5],
continuous efforts are made toward an efficient and precise assessment of olfactory function.

The Sniffin’ Sticks test suite (Burghart, Wedel, Germany; [6]), is an established tool in the
assessment of olfactory function. It consists of three tests involving sets of impregnated felt-tip pens:
odor detection threshold (T), odor discrimination (D), and odor identification (I). Each test produces
numbers in the range from 1 to 16 (T) or from 0 to 16 (D and I) as a performance measure. Overall
olfactory function is assessed by summing all three test results, resulting in the TDI score. Comparison
of individual TDI scores to the comprehensive set of available normative data (e.g., [7,8]) facilitates the
interpretation of test scores and allows to reliably diagnose olfactory impairment. Notably, threshold,
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discrimination, and identification measure different facets of olfactory function [9]. The threshold,
however, has been found to explain a larger portion of variability in TDI scores than the two other
measures [10]. Moreover, the discrimination and identification tests follow relatively simple test
protocols in which all stimuli are presented only once and in a predefined order. The threshold, in
comparison, is of a more complex nature, and the method, therefore provides the largest potential
for possible improvements. It follows a so-called adaptive method, specifically, a “transformed”
one-up/two-down staircase procedure [11]. The procedure first assesses a starting concentration and
then moves on to the “actual” threshold estimation, during which fixed step widths are used: for each
incorrect answer, the stimulus concentration is increased by one step; and for two consecutive correct
answers, the stimulus concentration is decreased by one step [6].

Since the one-up/two-down staircase was first conceived, several new approaches to threshold
estimation, including Bayesian methods, have been published. Bayesian methods estimate parameters
of the psychometric function (e.g., threshold or slope) using Bayesian inference: based on prior
assumptions about the true parameter value, the stimulus concentration to be presented next is
selected such that the expected information gain (about the parameter) is maximized. The first
published Bayesian adaptive psychometric method is the QUEST procedure [12], which is still popular
today. QUEST has two distinct properties that set it apart from the staircase described above. Firstly,
it always considers the entire response history and is not solely based on the past one or two trials to
select the optimal stimulus concentration to be presented next. Secondly, QUEST is not tied to a fixed
step width, allowing it to traverse through a large range of concentrations more quickly.

In a clinical setting, at the otorhinolaryngologist’s (ear-nose-throat, ENT) practice or at the bedside
in the hospital, shorter testing times are always beneficial, as they reduce strain on patients and free up
time for other parts of diagnostics and treatment. But also when working with healthy participants,
e.g., in a psychophysical lab or in large cohort studies, reduced testing time spares resources and
allows for a larger number of measurements in a given time.

QUEST has been shown to converge reliably and quickly in gustatory threshold estimations [13,14].
Inspired by these results we set out to design and test a QUEST-based procedure for olfactory threshold
estimation and to compare its performance with that of the established staircase method.

2. Materials and Methods

2.1. Participants

36 participants (32 women; median age: 29.5 years, age range: 19–61 years) completed the
study. The influence of gender on olfactory performance has been investigated in previous studies.
The results typically showed no (e.g., [15], several hundred participants; [7], >3000 participants, no
main effect) or only rather small gender differences with negligible diagnostic and real-world relevance
(e.g., [8], >9000 participants). We therefore did not enforce a gender balance in our sample. Due to
a technical error, the identification test data was not recorded for one participant (female, 26 years
old). All participants were non-smokers and reported being healthy and not having suffered from an
infectious rhinitis for at least two weeks before testing. The study conformed to the revised Declaration
of Helsinki and was approved by the ethical board of the German Society of Psychology (DGPs).

2.2. Stimuli

Stimuli were so-called Sniffin’ Sticks (Burghart, Wedel, Germany; [6]), felt-tip pens filled with
an odorant. The Sniffin’ Sticks test battery consists of three subtests: an odor threshold test, an odor
detection test, and an odor identification test. The threshold test comprises 48 pens. There were
16 pens filled with different concentrations of 2-phenylethanol (rose-like smell) ranging from 4% to
approx. 1.22 × 10−4% (a geometric sequence with the common ratio of 2, so the first pen contained a
4% dilution, the second 2%, the third 1%, and so on), dissolved in 4% propylene glycol, an odorless
solvent. Note that in this test, the 1st pen contained the highest, the 16th pen the lowest odorant
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concentration. The remaining 32 pens contained 4% propylene glycol and served as blanks. The
pens were arranged in triplets such that each triplet contained one pen with odorant and two blanks.
The detection test comprised 48 pens that were filled with 16 different odorants at supra-threshold
concentrations. The pens were arranged in triplets such that two pens contained the same and one
pen a different odorant. The identification test comprised 16 pens filled with different odorants at
supra-threshold concentrations.

2.3. Procedure

2.3.1. Experimental Sessions

Participants were invited for two experimental sessions – the Test and Retest session for the odor
threshold. To ensure similar testing conditions across sessions, participants were instructed to refrain
from eating and drinking anything but water 30 min before visiting the laboratory. Further, both
sessions were scheduled at approximately the same time of day, and took place with a median
inter-session interval of 3.0 days (SD = 2.6, range: 0.9–8.9 days); only four participants had an
inter-session interval of more than 7.0 days. In each session, olfactory detection thresholds were
determined using two distinct algorithms, staircase and QUEST, described below. The order of
algorithms was balanced across participants and kept constant for Test and Retest within each
participant. Additionally, odor discrimination and odor identification ability were measured at
the end of one session following the standard Sniffin’ Sticks protocol (Burghart, Wedel, Germany).

2.3.2. Stimulus Presentation

Testing took place in a well-ventilated testing room and was performed by the same experimenter,
who refrained from using any fragrant products (e.g., soap, lotion, perfume, etc.) and wore odorless
cotton gloves when presenting the stimuli. At the beginning of each test session, participants were
blindfolded. To present a stimulus, the experimenter removed the cap from the pen, held the tip of
the pen in front of the participant’s nose, approx. 2 cm from the nostrils, and asked the participant to
take a sniff. For the threshold test, participants were blindfolded and informed that the odorant may
be presented in very low concentrations, and that only one of the three pens presented in each trial
contained the odorant, while the others contained the solvent exclusively. The task was to “indicate
which of the three pens smells different from the others”, and participants had to provide a response
even when unsure. Participants were familiarized with the odorant by presenting pen no. 1 (highest
concentration) before testing commenced.

A similar procedure was used for the discrimination test: participants were blindfolded and
presented with a triplet of pens containing clearly perceivable odorants. Each triplet consisted of two
pens with the same and one pen with a different odorant. Again, participants were to indicate the pen
that smelled different from the others. During threshold and discrimination testing, stimulus triplets
were presented during each trial, which lasted approx. 30 s and included the presentation of three
pens (approx. 3 s each) and a pause of 20 s. These tests yield a probability of 1⁄3 of guessing correctly.

For the identification task, the blindfold was removed and participants smelled one pen at a time.
They were to identify the odor by pointing to the matching word on a response sheet with four written
response options. The interval between pens was approx. 30 s. The probability of guessing correctly in
this task was 1⁄4.

2.3.3. Staircase

Following the standard protocol as detailed in the test manual; see also [16]), the order of
presentation within the triplets varied from trial to trial. In the first trial, the odor pen was presented
first, in the second trial, it was presented between two blanks, and in the third, after two blanks. After
the third trial, this sequence was repeated.
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We first determined the starting concentration. Beginning with the presentation of triplet no. 16
or 15 (balanced across participants), participants had to indicate which of the pens smelled different.
Concentration was increased in steps of two (e.g., from pen 16 to 14) for each incorrect response. Once
participants provided a correct response, the same triplet was presented again. If the response was
incorrect, the concentration was increased again by two steps as before. However, if the triplet was
correctly identified a second time, that dilution step served as the starting concentration.

Contrary to the standard protocol, where testing would then continue without interruption,
our participants were granted a short break of approx. 1 min before the actual threshold estimation
started with the presentation of the triplet containing the starting concentration. The threshold was
determined in a one-up/two-down staircase procedure: odor concentration was increased by one
step after each incorrect response (one-up), and decreased by one step after two consecutive correct
responses at the same concentration (two-down). This kind of staircase targets a threshold of 70.71%
correct responses ([11]; but cf. [17], who found small deviations from this value). That is, if presented
repeatedly with a stimulus at threshold intensity, participants would be able to correctly identify it
in about 71 out of 100 cases. The probability of providing two consecutive correct responses purely by
guessing is 1⁄3 × 1⁄3 = 1⁄9. The procedure finished after seven reversal points were reached. The final
threshold estimate was the mean of the last four reversal concentrations. This procedure is referred to
simply as staircase throughout the this manuscript.

2.3.4. QUEST

QUEST requires to set parameters that describe the assumed psychometric function linking
stimulus intensity and expected response behavior. We assumed a sigmoid psychometric function of
the Weibull family, as proposed by [12] (albeit in a slightly different parametrization) and used for
gustatory testing [13], with a slope β = 3.5, a lower asymptote γ = 1/3 (chance of a correct response
just by guessing), and a parameter λ = 0.01 to account for lapses (response errors due to momentary
fluctuation of attention):

Ψ(x) = λγ + (1 − λ)[1 − (1 − γ) exp(−10β(x+T))]

Here, the presented concentration is denoted as x, and the assumed threshold as T. This yielded a
function extending from 0.33 to 0.99 in units of “proportion of correct responses”. The granularity of
the concentration grid was set to 0.01. All parameters of this function were constant, except for the
threshold, which was the parameter of interest that was going to be estimated in the course of the
procedure. The prior estimate of the threshold was a normal distribution with a standard deviation of
20, which was centered on the concentration of pen no. 7, which was used as the starting concentration.
The algorithm was set to target the threshold at 80% correct responses, which is slightly higher than
the threshold target in the staircase procedure, but had proven to produce good results both in pilot
testing as well as in gustatory threshold estimation [13,14]. Unlike in the staircase procedure, where
the order of pen presentation varied systematically from triplet to triplet, triplets were presented in
random order during the QUEST procedure.

Notably, QUEST updates its knowledge on the expected threshold after each response and
proposes the concentration to present in the next trial such that it maximizes the expected information
gain about the “true” threshold. As the set of concentrations was discrete and limited to 16, QUEST
might propose concentrations other than those contained in the test set. In this case, the software
selects the triplet with the concentration closest to the one proposed. In contrast to the staircase, where
the concentration was always decreased or increased by a single step after the starting concentration
had been determined, the step width was not fixed in QUEST. For example, QUEST might step up
three concentrations in one trial, step down two in the next, and present the exact same concentration
again in the following trial. Whenever the same concentration had been presented on two consecutive
trials, the concentration for the next trial was decreased if both responses were correct, and increased if
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both responses were incorrect. QUEST might suggest to present concentrations outside of the range of
available dilution steps. Therefore we set up the algorithm such that, whenever the presentation of
a pen below 1 or above 16 was suggested, we would instead present pen no. 1 and 16, respectively.
QUEST would be informed about the actually presented pen, and incorporate this information into
the threshold estimate. Note, however, that final threshold estimates outside the concentration range
could still occur occasionally, and needed to be dealt with accordingly; see the data cleaning paragraph
in the next section for details.

The procedure ended after 20 trials. The final threshold estimate is the mean of the posterior
probability density function of the threshold parameter. We will refer to this procedure as “QUEST”.

2.3.5. Analysis

Odor Discrimination and Identification

The discrimination and identification tests comprised 16 trials each. For each test, the number of
correct responses was summed up, resulting in a test score which can range from 0 to 16. Together
with the staircase threshold, which yielded values from 1 to 16, the sum of all three test results formed
a cumulative score: the TDI score.

Data Cleaning

When a participant reached one of the most extreme concentrations (i.e., pens no. 1 or 16) and
provided a response that would, theoretically, require us to present a concentration outside the stimulus
of set, the staircase procedure cannot be safely assumed to yield a reliable threshold estimate anymore.
For example, if a participant fails to identify the highest concentration (pen no. 1), the staircase
procedure would accordingly demand to present a hypothetical pen no. 0, which obviously does not
exist. Since our sole termination criterion was “seven reversals”, we would repeatedly present pen
no. 1 until a correct identification allowed the procedure to move up to pen no. 2 again. The resulting
threshold estimate, then, would systematically overestimate this participant’s sensitivity. Therefore
we set the threshold values of staircase runs where participants could not identify pen no. 1 at least
once to T = 1 after the run was completed, following [7] (but cf. [16], who suggest to set the value to
T = 0 instead). This was the case in five out of the 72 staircase threshold measurements (two during
test, three during retest; five participants affected). Conversely, when a participant were to correctly
identify the lowest concentration (pen no. 16), the staircase procedure would require the presentation
of a hypothetical pen no. 17, in which case we would have assigned a threshold value of T = 16;
however, this situation did not occur in the present study after the starting concentration had been
determined.

For QUEST, pen no. 1 was not correctly identified at least once in 12 of the 72 measurements,
concerning 11 participants; no participant reached and correctly identified pen no. 16. QUEST yielded
final threshold estimates T < 1 in 11 measurements (8 during Test, 3 during Retest; 10 participants
affected). Similarly to the data cleaning procedure for the staircase, we assigned threshold T = 1 in
these cases. Notably, this again concerned 3 of the 5 participants for whom we had assigned T = 1 in a
staircase experiment.

Test–Restest Reliability

To establish test–retest reliability, we first compared the means of Test and Retest thresholds
for each procedure. Q–Q plots and Shapiro–Wilk tests revealed that thresholds were not normally
distributed for the QUEST test session (W = 0.90, p < 0.01); we, therefore, compared the means using
non-parametric Wilcoxon signed-rank tests. We then correlated Test and Retest threshold estimates
via Spearman’s rank correlation (Spearman’s rho, denoted as ρ) to estimate the degree of monotonic
relationship between measurements. Ordinary least squares (OLS) models were used to fit regression
lines to provide a better understanding of the nature of the relationship between the threshold estimates
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(i.e., whether test thresholds could predict retest thresholds). Q–Q plots and Shapiro–Wilk tests showed
that the regression residuals were normally distributed (all p > 0.05) and thus satisfied an important
requirement for OLS regression.

Although correlation and regression analyses are widely used to assess test–retest reliability and to
compare methods, it has been argued that these measures may in fact be inappropriate (see e.g., [18–20]).
Instead, analyses that focus on the differences between, not agreement of, measurements should be
preferred. A possible approach is to calculate the mean difference d̄ and standard deviation of the
differences between two measurements to derive limits of agreement, d̄ ± 1.96 × SD [18]. These limits
correspond to the 95% confidence interval. This means that in 95 out of 100 comparisons, the difference
between two measurements can be expected to fall into this range. Narrower limits of agreement
indicate a better agreement between two measurements. The related repeatability coefficient (RC)
was simply 1.96 × SD, and its interpretation was very similar to the limits of agreement: only 5% of
absolute measurement differences will exceed this value, and a smaller RC indicates better agreement.
(It should be noted that an alternative method for calculating the repeatability coefficient has been
suggested, based on the within-participant standard deviation, sw [20]. The results we obtained from
these calculations were similar to those based on the standard deviation of the measurement differences.
Because the latter are directly visualized in the Bland–Altman plot by the limits of agreement, i.e.,
mean difference ± 1.96 × SD, we opted to only report these values.)

If the differences between two measurements are plotted over the mean of the measurements, and
d̄ and the limits of agreement are added as horizontal lines, the resulting plot is called a Bland–Altman
plot (sometimes also referred to as Tukey mean difference plot). It can be used to quickly visually
inspect how well measurements can be reproduced, specifically which systematic bias (d̄ 	= 0) and
which variability or “spread” of measurement differences to expect. Accordingly, we assessed the RC,
limits of agreement, and produced Bland–Altman plots for both methods, staircase and QUEST, to gain
more insight into the repeatability (or lack thereof) of measurements for each method. The use of
these analyses requires the measurement differences to be normally distributed, which we confirmed
using Q–Q plots, and Shapiro–Wilk tests failed to reject the null hypothesis of normal distributions (all
p > 0.05). Confidence intervals for the limits of agreement were calculated using the “exact paired”
method [21].

Lastly, to test whether the duration of the inter-session interval might be a confounding factor in
the threshold estimates, we also calculated the Spearman correlation between inter-session intervals
and differences between Test and Retest thresholds.

Comparison between Procedures

To compare the threshold estimates across procedures, we averaged Test and Retest thresholds
for each participant within a procedure, and, similarly to the analysis of reliability, compared the
means with a Wilcoxon signed-rank test, followed by the calculation of Spearman’s ρ and the fit of a
regression line using an OLS model. The regression residuals were normally distributed, according to
a Q–Q plot and a Shapiro-Wilk test (W = 0.96, p = 0.26), satisfying the normality assumption of errors
on which OLS regression crtitically relies.

Additionally, we estimated the 95% limits of agreement from the differences between the
within-participant session means for the two procedures, and generated Bland-Altman plots. The
measurement differences were normally distributed, according to a Q-Q plot and a Shapiro-Wilk test
(W = 0.96, p = 0.30). Like in the investigation of test-retest reliability, we assessed confidence intervals
of the limits of agreement via the “exact paired” method [21].

Because the limits of agreement derived from session means might actually be too narrow,
as within-participant variability is removed by averaging measurements across sessions [20],
we calculated adjusted limits of agreement from the variance of the between-subject differences, σ2

d ,
which in turn can be calculated as σ2

d = s2
d̄ + 0.5 s2

xw + 0.5 s2
yw. Here, s2

d̄ is the variance of the differences
between the session means; and s2

xw and s2
yw are the within-participant variances of methods x and
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y, respectively (staircase and QUEST in our case). The limits of agreement can then be calculated
as d̄ ± 1.96 × σd, with d̄ being the mean difference between the session means of both procedures.
Again, the interpretation of these limits is straightforward: 95% of the differences between staircase
and QUEST measurements can be expected to fall into this interval, and narrower limits indicate a
better agreement across the measurement results produced by both procedures. Finally, we derived
95% confidence intervals for these limits ([20], Section 5.1, Equation (5.10)).

Software

The experiments were run via PsychoPy 1.85.4 [22,23] running on Python 2.7.14 (https://www.
python.org) installed via the Miniconda distribution (https://conda.io/miniconda.html) on Windows 7
(Microsoft Corp., Redmond, WA, USA). All analyses were carried out with Python 3.7.1, running on
macOS 10.14.2 (Apple Inc., Cupertino, CA, USA). We used the following Python packages: correlation
coefficients, Bland-Altman and Q-Q plots were derived via pingouin 0.2.2 [24]; confidence intervals
for the Bland–Altman plots were calculated with pyCompare 1.2.3 (https://github.com/jaketmp/
pyCompare); Shapiro–Wilk statistics were calculated with SciPy 1.2.1 [25,26]; linear regression models
were estimated using statsmodels 0.9.0 [27]; and box plots and correlation plots were created with
seaborn 0.9.0 (https://seaborn.pydata.org) and matplotlib 3.0.2 [28].

3. Results

3.1. Odor Discrimination and Identification

The average test score was 13.3 (SD = 1.5, range: 11–16; N = 35) for odor discrimination, and 13.0
(SD = 1.6, range: 11–16; N = 36) for odor identification. When summed with the staircase threshold
estimates from the Test and Retest sessions, we observed TDI scores of 33.34 (SD = 3.8; range: 26.5–43)
and 33.64 (SD = 3.8; range: 26.75–41.75), respectively. Individual as well as cumulative scores indicate
a below-average ability to smell (roughly around the 25th percentile) in our sample compared to recent
normative data from over 9000 subjects [8].

3.2. Starting Concentrations

The average starting concentration was pen no. 9.9 (SD = 4.2, range: 1–16) for the Test and
9.6 (SD = 4.1, range: 1–16) for the Retest session of the staircase. The average difference in starting
concentrations between sessions was 4.9 (SD = 4.0, range: 0–15). In comparison, we used a slightly
higher, fixed starting concentration of pen no. 7 for QUEST.

3.3. Test Duration

The average number of trials needed to complete the staircase measurements was 23.6 (SD = 4.8,
range: 13–41), which translates to approx. 11.5 min and is 2 minutes longer than for QUEST, which per
our parameters always lasted 9.5 minutes (20 trials). Test duration varied slightly between staircase
sessions and was 24.4 trials (SD = 4.2, range: 16–34) for the test and 22.9 trials (SD = 5.4, range: 13–41)
for the retest session. Please note that the number of trials and the testing duration for the staircase are
based on the time required to reach seven reversal points after the starting concentration had been
determined, thereby deviating from the “standard” procedure, which treats the starting concentration
as the first reversal.

3.4. Test-Retest Reliability

The mean Test thresholds did not differ from the mean Retest thresholds for the staircase
(MTest = 6.9, SDTest = 3.1; MRetest = 7.2, SDRetest = 3.2; W = 268.0, p = 0.19). For QUEST, on
the other hand, mean test and retest thresholds differed significantly, with slightly higher sensitivity
(higher T unit) in the Retest (MTest = 5.2, SDTest = 3.8; MRetest = 6.2, SDRetest = 3.4; W = 201.5,
p < 0.01; see Figure 1).
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Figure 1. Threshold estimates for the staircase and QUEST procedures during Test and Retest sessions.
Each dot represents one participant. Horizontal lines show the median values, and whisker lengths
represent 1.5× inter-quartile range.

The test and retest thresholds correlated significantly for both procedures, with QUEST
demonstrating a stronger relationship between measurements than the staircase (staircase: ρ34 = 0.49,
p < 0.01; QUEST: ρ34 = 0.66, p < 0.001; Figure 2A).

As already pointed out, correlation gives an indication of the strength of the monotonic
relationship between values, but only provides limited information on their agreement. We therefore
calculated the repeatability coefficient RC and created Bland–Altman plots to generate a better
understanding of the measurement differences. The prediction of the RC is that two measurements (test
and retest) will differ by the value of RC or less for 95% of participants. We found that RC was about
16% smaller for QUEST than for the staircase (RCStaircase = 6.44, RCQUEST = 5.43), suggesting a slightly
better agreement between Test and Retest measurements for the QUEST procedure. Accordingly, the
Bland–Altman plot (Figure 2B) showed narrower limits of agreement for QUEST (staircase: −6.79
[−8.89,−5.63] and 6.09 [4.93, 8.18]; QUEST: −6.42 [−8.18,−5.44] and 4.44 [3.46, 6.29]; 95% CIs in
brackets). The mean of the differences between measurements was relatively small and deviated less
than 1 T unit from zero—the “ideal” difference—for both methods (MΔT,Staircase = −0.35 [−1.43, 0.72];
MΔT,QUEST = −0.99 [−1.89,−0.08]). This systematic negative shift indicates that participants, on
average, reached higher T units in the second session than in the first. The differences between Test
and Retest measurements for three (staircase) and two participants (QUEST), respectively, fell outside
their respective limits of agreement, which corresponds to the expected proportion of 5% of outliers
(3/36 = 8.3%; 2/36 = 5.6%), demonstrating the appropriateness of the estimated limits. Considering the
confidence intervals of the limits of agreement, an equal number of measurement differences (four) fell
outside the predicted range for both procedures.

To test whether the time between Test and Retest sessions might be linked to the observed
differences between Test and Retest threshold estimates, we computed correlations between those
measures. We found no relationship for either method (staircase: ρ34 = −0.12, p = 0.50; QUEST:
ρ34 = 0.03, p = 0.85).
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Figure 2. (A) Correlation between Test and Retest threshold estimates for the staircase and QUEST
procedures. (B) Bland–Altman plots showing mean differences between Test and Retest, and limits of
agreement corresponding to 95% confidence intervals (CIs) as mean ± 1.96 × SD. The shaded areas
represent the 95% CIs of the mean and the limits of agreement. Each dot represents one participant.

3.5. Comparison between Procedures

Although the threshold estimates, averaged across sessions, for the staircase were significantly
higher than those for QUEST (Mstaircase = 7.0, SDstaircase = 2.7; MQUEST = 5.7, SDQUEST = 3.3;
W = 101.0, p < 0.001; Figure 3A), we found a strong correlation between the procedures (ρ34 = 0.80,
p < 0.001; Figure 3B). The regression slope was close to 1, providing an indication of agreement across
procedures. The Bland-Altman plot based on the session means (Figure 3C) shows a systematic
difference between both procedures; specifically, QUEST thresholds were, on average, 1.38 [0.78, 1.97]
T units smaller than the staircase estimates (95% CIs in brackets). The limits of agreement reached
from −2.20 [−3.37,−1.56] to 4.95 [4.31, 6.12], meaning the difference between the two procedures will
fall into this range for 95% of measurements. Only for 1 participant the observed differences between
staircase and QUEST fell outside the limits of agreement (1/36 = 2.8%; when considering the CIs of the
limits, 3 participants fell outside the expected range (3/36 = 8.3%)

The corrected limits of agreement, taking into account individual measurements (as opposed to
session means only), were −4.20 [−23.6, 15.3] and 6.96 [−12.5, 26.4], which is substantially larger than
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the uncorrected limits. The large confidence intervals that expand even beyond the concentration range
reflect the relatively large within-participant variability across sessions in both threshold procedures.

Figure 3. (A) Mean threshold estimates, averaged across Test and Retest sessions for the staircase
and QUEST procedures. Horizontal lines show the median values, and whisker lengths represent
1.5× inter-quartile range. (B) Correlation between mean staircase and QUEST threshold estimates.
(C) Bland–Altman plot showing mean differences between session means in both procedures, and limits
of agreement corresponding to 95% confidence intervals (CIs) as mean ± 1.96 × SD. The shaded areas
represent the 95% CIs of the mean and the limits of agreement. Each dot represents one participant.

4. Discussion

In the presented study we used a QUEST-based algorithm to estimate olfactory detection
thresholds for 2-phenylethanol with the aim to provide a reliable test result as it had recently been
demonstrated for taste thresholds [13] with reduced testing time. The results were compared to a
slightly modified version of the widely-used testing protocol based on a one-up/two-down staircase
procedure [6,7,9,15,16].

Test–retest reliability was assessed using multiple approaches. Comparison of Test and Retest
thresholds revealed a small yet significant mean difference for QUEST: threshold estimates during
retest were higher than in the test, indicating an increase in participants’ sensitivity. A similar effect
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was reported in a previous study [6]. However, with a mean difference of approx. 1 T unit or pen
number, the practical relevance of this effect is debatable, even more so when considering the large
variability of measurement results within individual participants.

Following common practice of establishing test-retest reliability of olfactory thresholds (see
e.g., [6,9,29]), we calculated correlations between Test and retest sessions. The correlation coefficient
for QUEST (ρ = 0.66) indicated solid, but not exceptionally great test–retest reliability. Reliability of
the staircase procedure was only moderate (ρ = 0.49) and lower than reported in previous studies for
n-butanol (r = 0.61; [6]) and 2-phenylethanol (r = 0.92; [9]) thresholds.

To acknowledge previous criticism of correlation analysis – which focuses on the agreement, but
not on the differences between measurements [18–20] – we calculated repeatability coefficients and
generated Bland–Altman plots for the analysis of session differences. Repeatability was higher for
QUEST than for the staircase; however, measurement results of both procedures varied considerably
across sessions for many participants. This inter-session variability is further substantiated by the
differences in starting concentrations assessed for the staircase, which varied up 15 pen numbers in the
most extreme case. The effect was not universal: some participants performed better in the Test than
in the Retest session, whereas for others performance dropped across sessions, and remained almost
unchanged in others. Since both sessions had been scheduled within a relatively short time period and
all measurements have been performed by the same experimenter, measurement variability can be
mostly attributed to variability within participants themselves.

The comparison of the staircase and QUEST procedures via the session means of each participant
showed that the staircase yielded slightly higher pen numbers (i.e., lower thresholds) than QUEST. This
was expected as the procedures were assumed to converge at approx. 71% and 80% correct responses,
respectively. We found a strong correlation between the session means of the procedures (ρ = 0.80),
and regression analysis showed an almost perfect linear relationship, which some would interpret as
a good agreement between QUEST and staircase results. The 95% limits of agreement, taking into
account the within-participant variability, showed a large expected deviation between both procedures
(range: QUEST thresholds almost 7 T units smaller or more than 4 T units greater than staircase
results), with the corresponding CIs of those boundaries even exceeding the concentration range. This
result is indicative of the large variability we found within participants in both procedure. The limits
of agreement based on the within-participant session means were much narrower, as variability is
greatly reduced through averaging.

A potential source of variability might be guessing. In fact, the probability of responding correctly
merely by guessing is 1⁄3.

In a series of simulations, it could be shown that with an increasing number of trials the frequency
of correct guesses might get unacceptably high, potentially leading increased variability in the threshold
estimates [30]. The author determined that, for a staircase procedure like the one in our study, the
expected proportion of such false-positive responses exceeds 5% with the 23rd trial. For our staircase
experiments, the average number of trials was 23.6; and the procedure finished after 23 or more trials
for 24 of the 36 participants in the Test, and for 20 participants in the Retest session. Therefore, the
large variability between Test and Retest threshold estimates in the staircase could, at least partially, be
ascribed to correct guesses “contaminating” the procedure. However, QUEST—which always finished
after 20 trials—only had slightly better test-retest reliability according the the repeatability coefficient,
suggesting that the largest portion of test-retest variability in our investigations was probably not
caused by (too) long trial sequences and related false-positive responses alone.

Surprisingly, a number of participants were unable to correctly identify pen no. 1 at least on one
occasion, and this effect was more pronounced during QUEST compared to the staircase. It seems
plausible that the variable step size used by QUEST made it possible to approach even the extreme
concentration ranges quickly, whereas the staircase requires a longer sequence of incorrect responses
to reach pen no. 1.
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Despite careful selection of healthy participants who reported no smell impairment, olfactory
performance was lower than recently reported in a sample comprising over 9000 participants [8].
This coincidental finding highlights the need for a comprehensive smell screening before enrollment.
To what extend olfactory function contributed to the present results and limits their generalizability
remains to be explored.

All QUEST runs completed after 20 trials for all participants. The procedure could be further
optimized by introducing a dynamic stopping rule. For example, [13] set the algorithm to terminate
once the threshold estimate had reached a certain degree of confidence. Such a rule can reduce
testing time, as the run may finish in fewer than 20 trials, and should be considered in future studies.
Although the reduction or omission of a minimum trial number bears potential to reduce the testing
time further, it needs to be shown first that the algorithm performs well under these conditions
and, most importantly, large-scale studies need to show whether such a reduced or faster protocol is
appropriate to assess odor sensitivity in participants with odor abilities at the extremes (particularly
insensitive/sensitive).

Inspection of the data showed that some staircase runs had not fully converged although seven
reversal points were reached. In these cases, participants exhibited a somewhat “fluctuating” response
behavior (or threshold) that caused the procedure to move in the direction of higher concentrations
throughout the experiment (see Figure A1 in the appendix and supplementary data for an example).
QUEST proved to behave more consistently, at least in some cases, by either converging to a threshold
or by reaching pen no. 1, which would then sometimes not be identified correctly. These interesting
differences between procedures require further investigation to fully understand their cause and
influence on threshold estimates and, ultimately, diagnostics.

5. Conclusions

The present study compared the reliability of olfactory threshold estimates using two different
algorithms: a one-up/two-down staircase and a QUEST-based procedure. The measurement results of
both procedures showed considerable overlap. QUEST thresholds were more stable across sessions
than the staircase, as indicated by a smaller variability of test-retest differences and a higher correlation
between session estimates. QUEST offered a slightly reduced testing time, which may be further
minimized through a variable stopping criterion. Yet, QUEST also tended to present the highest
concentration, pen no. 1, more quickly than the staircase, which may induce more rapid adaptation
and habituation during the procedure and, eventually, produce biased results. Further research is
needed to better understand possible advantages and drawbacks of the QUEST procedure compared
to the staircase testing protocol.

6. Data and Software Availability

The data analyzed in this paper along with graphical representations of each individual threshold
run are available from https://doi.org/10.5281/zenodo.2548620. The authors provide a hosted service
for running the presented experiments online at https://sensory-testing.org; the sources of this online
implementation can be retrieved from https://github.com/hoechenberger/webtaste.
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Appendix A

Example threshold runs of the same participant: while the QUEST runs did converge, the staircase
runs obviously did not fully converge although seven reversal points were reached. Intriguingly,
the staircase provided more consistent results (more similar thresholds across runs) than QUEST.
We speculate that this participant exhibited a fluctuating response behavior during the staircase
procedure.

Figure A1. Comparison of threshold estimation runs of the same participant during test and retest
sessions for QUEST (A) and the staircase (B).
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