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Abstract

Objective—This work explored the potential use of a wearable sensor system for providing just-

in-time (JIT) feedback on the progression of a meal and tested its ability to reduce the total food 

mass intake.

Methods—Eighteen participants each consumed three meals in a lab while monitored by a 

wearable sensor system capable of accurately tracking chew counts. The baseline visit was used to 

establish the self-determined ingested mass and the associated chew counts. Real-time feedback 

on chew counts was provided in the next two visits during which the target chew counts was either 

the same as that at baseline or the baseline chew counts reduced by 25%, in randomized order. The 

target was concealed from the participant and from the experimenter. Nonparametric repeated-

measures ANOVA were performed to compare mass of intake, meal duration, and ratings of 

hunger, appetite, and thirst across 3 meals.

Results—JIT feedback targeting a 25% reduction in chew counts resulted in a reduction in mass 

and energy intake without affecting perceived hunger or fullness.

Conclusion—JIT feedback on chewing behavior may reduce intake within a meal. This system 

can be further used to help develop individualized strategies to provide just-in-time adaptive 

interventions for reducing energy intake.
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Introduction

Excess energy intake is considered to be one of the important contributors to the increase in 

obesity prevalence (1). Several studies have shown that certain dietary behaviors contribute 

to the increased risk of overeating (2). For example, controlled laboratory experiments (3,4) 

have demonstrated that for a given food, individuals consume more when the serving size is 
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increased. Similarly, increasing the number of unique food items (dietary variety) have 

shown to increase the energy intake even when controlled for macronutrient composition 

(5,6). Therefore, current treatments for controlling obesity rely on behavior modification to 

change dietary intake patterns (7).

Studies have shown a positive relationship between body mass index (BMI) and self-

reported eating rate (8), where faster-eating rates have been found to be related to weight 

gain (9). Reducing the eating rate can help in reducing the energy intake in a meal (12–14). 

Eating slow can also impact the satiety and satiation levels of individuals (15,16). The study 

of (17) showed that reducing the number of bites per minute by 50% compared to the 

baseline resulted in a 70kcal reduction in the energy intake within a meal. Other studies 

(18,19) determined that increasing the number of chews or consuming higher viscosity food 

increased perceived satiety of individuals. Most of these studies used manual observation for 

monitoring eating behavior. However, automatic and objective sensor-based methods can 

potentially improve the accuracy of such studies and eliminate the need for manual 

observation.

Several wearable sensor systems have been presented in the literature for automatic and 

objective detection of eating episodes by monitoring different stages of food intake, i.e. bites 

(20), swallows (21,22) and chewing (23–25) and for characterization of chewing behavior in 

terms of chew count estimation (26). Previously, a device called the Automatic Ingestion 

Monitor (AIM) (25) has been shown to detect chewing with an accuracy of 99.85% by 

monitoring temporalis muscle activity using a strain sensor (27). The same device estimated 

the chew counts with an accuracy of 96.2% (28).

Wearable sensors enable automatic monitoring of human behavior and tailored treatments/

interventions called just-in-time adaptive interventions (JITAIs). In JITAIs, real-time data 

about patients’ health is used to deliver real-time interventions adapted to the specific needs 

of patients, for example, adaptive interventions aiming to modify eating behavior have been 

proposed for eating disorders (29) and weight management (30). One such example is the 

feedback on the number of hand-to-mouth gestures while eating (BiteCounter, 30). However, 

the hand gestures may or may not correspond to the actual bites taken. Another possibility is 

to use the AIM which can automatically and accurately detect and measure chewing activity 

and thus supports behavioral modeling (32) and inform JITAIs for weight management (33).

Chewing rate and total chew counts per meal have been used for estimation of mass ingested 

during a meal (34) and mass per bite (35), respectively. Modification of eating rate and 

chewing rate has been explored for potential reduction of mass of intake (18,19), however, 

reducing the total chew count per meal for a possible reduction of mass of intake has not 

been studied. This paper presents a pilot study which explored the possibility of using 

automatically measured chew counts for reducing the mass of intake. The hypothesis in this 

study was that by reducing the total number of chews per meal, the mass ingested and 

energy intake can be reduced. A secondary hypothesis was that the reduced number of 

chews per meal at the 25% reduction target would not impact the satiety level. This work 

further explores the use of just-in-time feedback from the AIM toward a target and the 

potential use of the AIM in JITAIs for reducing the mass intake.
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Methods

Subjects and Study Design

Eighteen participants (15 male and 3 female) aged 27.7 ± 2.8 years (range 19–41 years) with 

a BMI of 23.3 ± 3.3 kg/m2 (range 18.5–31.2 kg/m2) (mean±SD) volunteered for this study. 

Exclusion criteria included medical conditions which would affect normal chewing or food 

intake and allergies to the selected food or any adhesive. The Institutional Review Board at 

the University of Alabama, Tuscaloosa approved the study, and each participant signed a 

consent form prior to participation. Individuals came to the research laboratory for three 

visits during lunchtime (between 11:30 am – 1:30 pm). The first visit was used to collect 

baseline measures (total chew counts and total mass ingested). In visit 2 and 3, the target 

number of chews was set to either 100% or 75% of the baseline (in randomized order), and 

JIT feedback was provided to the participants on their progress towards the target. The 

participants were not aware that the experiment attempted to modify the amount of ingested 

food. There was a washout period of 3 to 7 days between visits, depending on participants’ 

availability and preference. Participants were instructed to have the same breakfast on all 3 

days and not to eat 4–5 hours before the visit to ensure a similar level of satiety before each 

meal. Experiments were rescheduled if the participants did not comply with the above-

mentioned instructions on any given day.

Sensor System for Automatic Chew Counting

Before the start of the experiment, participants were instrumented with a wearable system 

(AIM device) (27). This device consists of a piezoelectric strain sensor (LDT0-028K, 

Measurement Specialties Inc., Hampton, VA, USA), placed on the temporalis muscle and a 

data acquisition board connected to the temple of the eyeglasses (Figure 1). The strain 

sensor captures the movements of the temporalis muscle caused by chewing and converts 

these movements into electric signals. Data from strain sensor were sampled at 1000Hz 

using a 12-bit ADC.

Five-second segments of the collected data from the sensor were sent in real time via 

Bluetooth to a laptop computer for online processing in MATLAB (Mathworks Inc.). A 

feature computation algorithm and classification models, developed in a previous study (27), 

were used to classify each segment as chewing or non-chewing. The chew count estimation 

algorithms (28) were used to estimate chew counts for segments classified as chewing. The 

software recorded the cumulative number chews for every meal along with the meal duration 

(from start to the end of the meal, including non-chewing segment) and the actual eating 

duration (only chewing segments) in seconds.

Baseline Conditions

The first visit was used to obtain baseline measurements of total mass ingested and 

associated total chew counts. Before and after each meal, participant’s ratings of palatability 

of the food, and perceived hunger, thirst, fullness, prospective consumption, and desire to eat 

were measured using a standard 9-point scale (36). Before the start of the meal, participants 

completed the questionnaire in a separate room to ensure their ratings were not influenced 

by the smell of the food. About 900g of fried rice from Panda Express (caloric density of 
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about 2 kcal/gram, 520 kcal for serving size of 264g) obtained from a cafeteria at the 

University of Alabama was prepared for serving in a separate room. The serving size was 

over three standard portion sizes of fried rice and was chosen so that the participants would 

be unlikely to run out of food during the experiment. A standard plate size and a plastic 

spoon were used during each visit. Participants were also provided with 500ml of water for 

drinking during the meal in a plastic cup and were instructed to consume as much as they 

wanted. Once the food was ready for serving, participants were taken to the food serving 

room and were instructed to eat naturally. After setting up the experiment, the investigators 

left the room so that the participant’s eating was not influenced by their presence. 

Participants were asked to stop eating when they felt comfortably full. After the completion 

of the meal, participants again filled out the questionnaire.

The amount of food consumed (in grams) was determined by weighing the plate before and 

after serving using a digital kitchen scale (Touch II from Ozeri, with 1g accuracy). 

Participants were not aware of this measurement. During baseline visit, the sensor system 

automatically measured chew counts for each chewing sequence and computed the total 

chew count at the end of the meal.

Just-in-time (JIT) Feedback

The JIT feedback experiment investigated three important questions: (i) is it feasible to use a 

wearable sensor system to provide feedback on the meal progression towards the desired 

target number of chew counts, (ii) can such feedback be used to reduce the mass of intake 

without affecting the satiety level, (iii) what is the impact of the presence of the feedback on 

meal duration?

To answer these questions, JIT feedback was provided at the second and third visits. During 

the 100% target visit, the goal was set to the total number of chews of the baseline meal. The 

objective of this target was to study the impact of sensor-based JIT feedback on the ingested 

mass and meal duration, even when the feedback was not attempting to modify the number 

of chews and ingested mass. Other than the presence of the audio feedback, the rest of the 

procedure was similar to the baseline conditions. During the 75% target visit, the target 

number of chews was reduced by 25% from the baseline visit. This target served two 

purposes, i.e. to evaluate the ability of the system to reduce the mass intake and to do so 

without affecting the satiety level at the 25% reduction in chew counts. In this pilot study, 

25% reduction was arbitrarily chosen with an assumption that it would not be easily 

perceived by the participants and could potentially result in a reduction in the intake which 

can be useful in daily living.

Progress toward the goal was monitored by the sensor system in real time, and real-time 

audio feedback from the sensor system was generated (via the laptop speaker) at four 

milestones, i.e. 25%, 50%, 75% and 100% of the goal by the developed software. Audio 

feedback was prerecorded in the form, ‘You reached X% of your goal’ and so on. No 

instructions were provided to the participants on how to act upon the feedback, except the 

system gave an audio indication to the participants to stop eating when they reached their 

desired goal. Participants were not aware of how the desired goal for these two visits was 

generated, that the number of chews has been reduced on one of the visits and the 
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experiment attempted to reduce the mass and energy of intake. They were told that the 

investigators were testing a sensor system that can accurately measure the amount consumed 

(mass ingested) and that the feedback was relative to the amount consumed in the baseline 

visit. The actual purpose was disclosed to the participants at the end of the study after all 

participants had completed the experiment. The order of the visits with feedback was 

randomly assigned by computer software, and both the participants and investigators were 

blinded to the assigned order.

Statistical Analyses

The data were analyzed using Matlab R2015a (Mathworks Inc. Natick, MA, USA). To study 

the impact of feedback from the sensor system on the outcome variables, a nonparametric 

version of the repeated-measures analysis of variance (Friedman ANOVA) was used in 

which the within-participant factor was visit type, i.e. baseline, 100% target or 75% target 

visit. This test was used because the ingested mass was not normally distributed 

(Kolmogorov-Smirnov test with 5% significance level) and some of the dependent variables 

(ratings on the questionnaire) were ordinal. The dependent variables examined were total 

mass ingested (in grams) and duration (seconds) of the meal across all three visits. Post hoc 

power analysis was performed using a mixed model (repeated ANOVA) to find out if the 

experimental design had enough power to detect the difference in mass intake across the 3 

visits. Statistical analysis was performed to compare liquid intake across three visits. 

Absolute changes (between the start and end of the meal) for ratings of hunger, fullness, 

desire to eat, prospective consumption, thirst, and palatability were also compared across the 

three visits. The null hypotheses for each dependent variable assumed that they were same 

across all three visits with the alternate hypotheses that they were different. For significantly 

different metrics, post-hoc Tukey Kramer’s test was used for multiple comparisons. A p-

value of 0.05 was accepted as significant. Descriptive statistics were expressed as median 

and inter-quartile range (IQR, q1: lower quartile and q3: upper quartile) unless otherwise 

noted.

Results

Median mass ingested for baseline visit, 100% target visit and 75% target visit was 493g 

(434g, 589g), 491g (419g, 576g), and 431g (314g, 548g), respectively and there were 

significant differences (P=0.0006). Figure 2 (left) shows the distribution of mass ingested for 

each type of visit. The post hoc Tukey-Kramer test showed that total mass ingested during 

the 75% target visit was lower than the other two visits at p<0.05, the mass ingested in the 

100% target visit was not significantly different from the baseline. Median changes for the 

100% target and 75% target visits relative to baseline were −2.37% (−5.5%, 1.9%) and 

−10.1% (−14.7, −6.9%), respectively, where negative values indicate a decrease (Figure 2, 

right). Post hoc power analysis showed that for power (1 - β) of 0.90 with α = 0.05, the 

required sample size was 13. Median values for liquid intake during baseline, 100% target 

and 75% target visits were 301m (271ml, 330ml), 305ml (275mlg, 350g), and 313ml 

(273ml, 355ml), respectively. The liquid intake had no statistically significant differences 

across visits (p=0.14). There was a significant difference in the meal duration of 75% target 

visit, which was significantly shorter compared to other two visits (p <0.05). The durations 

Farooq et al. Page 5

Obesity (Silver Spring). Author manuscript; available in PMC 2018 April 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



of the baseline and 100% target visits did not differ significantly. Figure 3 (left) shows the 

distribution of the meal duration for three types of visits. Figure 3 (right) shows the 

distribution of percent changes in meal duration for the 100% target and 75% target visits 

relative to the baseline visit. Median changes were −6.5% (−14.7%, 2.2%) and −21.4% 

(−29.6%, −17.9%) for the 100% target and 75% target visits, respectively.

The absolute changes in the ratings between the start and end of the meals for hunger, 

fullness, desire to eat, prospective consumption, thirst and palatability of the food did not 

differ significantly across visits with p-values of 0.66, 0.59, 0.17, 0.42, 0.52 and 0.54, 

respectively. Figure 4 and figure 5 shows the distribution of hunger and fullness rating for all 

visits, respectively. Median (q1, q3) palatability ratings were 6.5 (5, 7), 6.5 (5, 7) and 6.5 (6, 

7) for the baseline, 100%, and 75% visits, respectively, indicating that participants, in 

general, liked the food served in the experiment.

Discussion

This was the first pilot study to examine the potential use of a wearable sensor system, the 

AIM, for providing JIT feedback to users on their eating and to potentially reduce the total 

mass intake in a meal. While the ingested mass and meal duration were significantly lower 

in the 75% target visit than the other visits, hunger, appetite and thirst ratings did not differ 

by the visit type. A possible explanation is that participants were not aware of the reduction 

of target chew counts in 75% target visit and were under the impression that they were 

eating the same amount of food in all visits. These results suggest that the AIM can 

potentially be used in developing strategies for weight loss interventions where the goal can 

be tailored to the needs of users and feedback from the system will guide the user toward the 

goal.

The differences in the mass intake and the meal durations of the baseline and 100% target 

visits were not statistically significant, which showed that the presence of feedback alone did 

not modify the average mass intake and average chewing rate (chews per second). For the 

75% target visit, the reduction of total chew counts by 25% compared to the baseline visit 

resulted in the reduction of the median ingested mass by 62 grams (124 kcal) (about 10% 

relative change) compared to baseline and the reduction of median meal duration by 140 

seconds (about 21%). A reduction of 65 seconds (about 10%) was observed in the median 

meal duration of the 100% visit, however, the reduction in the median ingested mass was not 

significant (only 2 grams or 4 kcal). Thus, the 25% reduction in chew counts decreased the 

ingested mass and meal duration, but the decrease in mass was not proportional to the 

reduction of chew counts. Further research is needed to study the relationship between the 

chew count reduction and meal duration and total mass ingested. There is also a possibility 

that in order to compensate for reduced mass ingested, participants may increase their liquid 

intake, however, such compensation was not observed in this study.

Other devices such as the Mandometer (37) and the Bite-Counter (17) have been proposed 

for providing JIT feedback to participants for reducing energy intake in a meal. The 

Mandometer uses cumulative intake curves to normalize the eating behavior of individuals 

and has been shown to be effective in weight loss (37). However, it requires individuals to 
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keep their food on a portable scale at all times and hence restricts their movements. Another 

option is to use wearable devices such as the Bite-Counter or the AIM. By reducing the 

number of bites per minute by 50% (compared to a baseline) in a waffle meal, the Bite-

Counter, energy intake was reduced by 70 kcal (17). However, the Bite-Counter has a 

positive predictive value of about 81% for estimation of bites in laboratory conditions (20), 

which is not as accurate as the AIM which was used in the present study (F-measure of 

99.85% for detection of eating episodes (27). The AIM has been already tested for 

monitoring of food intake in unrestricted free living conditions for 24 hrs and has shown 

promising results (25).

The device used was based on eyeglasses which are prevalent in most of the societies. In the 

US alone, about 64% of the population use eyeglasses during daily living (38). However, the 

device may be potentially implemented as a Bluetooth earpiece for people who are not using 

eyeglasses. In future, we envision a more compact version of the system with detection, 

characterization and feedback generation algorithms running on a smartphone application. 

The JITAI feedback may be provided either through onscreen notifications or through in-ear 

audio. Future work will focus on designing such a system and its evaluation in free living.

Some of the strengths of the study include the randomization of 100% and 75% target visits, 

concealing the true purpose of the study from the participants, and controlling for food type. 

The experiments were conducted under controlled laboratory conditions and may not be 

applicable to unrestricted free-living conditions, however, the laboratory setting allowed for 

an accurate assessment of the eating behavior. Additionally, we did not control for variations 

in eating behavior such as bite size, eating rate, and liquid intake, which suggests that the 

feedback approach may potentially be used in the wider population in which these factors 

normally vary. Further studies are required to evaluate this approach for wider food variety 

and to investigate how the energy density of different foods may affect the effectiveness of 

the presented feedback system. Although the post-hoc analysis showed that to achieve a 

power level of 0.90, the required sample size is 13, we acknowledge that the sample size 

used in this study was relatively small and needs to be further extended. Another important 

limitation of this pilot study is that most of the participants recruited were normal weight 

individuals. Future work will include testing of the system in individuals with different 

levels of adiposity from a wider population with a focus on people with higher levels of 

adiposity. Further studies should also consider monitoring the compensatory eating to 

determine the effect of just-in-time feedback on chew counts beyond a single meal. Further 

research will also explore the use of feedback in more realistic, unrestricted and social 

environments to test for social acceptability and ability to reduce total energy consumption.

Conclusion

This work presented the use of a wearable sensor system to reduce the mass intake. The 

wearable sensor system was able to accurately and objectively track eating episodes in real 

time and accurately estimate chew counts. The results suggest that the JIT feedback from the 

sensor system with a goal can be used to reduce the total mass intake in a meal. This system 

may potentially be developed to provide just-in-time adaptive interventions for reduction of 
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mass and energy intake, and could potentially help with weight loss and prevention of 

weight regain with long-term use.
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Bulletpoints Questions Answered

1. What is already known about this subject?

• Current treatments for controlling obesity include relying on behavior 

modification to change dietary intake.

• Changing the eating rate has been shown to be able to potentially modify the 

energy intake in a meal.

• Wearable sensors have been proposed for automatic and accurate detection of 

eating episodes.

2. What does this study add?

• This work proposes the use of a wearable device to automatically detect and 

quantify chew counts in a meal in real time.

• This work shows that just in time feedback from the wearable sensor system 

can help in reducing total ingested mass and energy intake in a meal.

• This system may potentially be developed to provide just-in-time adaptive 

interventions for reduction of mass and energy intake, and could potentially 

help with weight loss and prevention of weight regain with long-term use.
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Figure 1. 
Subject wearing eyeglasses which houses the data acquisition system. The piezoelectric 

strain sensor is placed on the temporalis muscle.
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Figure 2. 
(Left) Distribution of mass ingested by the participants across all three visits. Mass ingested 

during the 75% target visit was lower compared to other two visits. (Right) Distribution of 

percent changes in mass compared to the baseline visit. Negative values indicate decrease in 

mass ingested compared to baseline. Red line on each plot indicate the corresponding 

median mass ingested (grams) whereas the lower and upper whiskers indicate the minimum 

and maximum mass ingested within 25th and 75th percentile, respectively. Lower and upper 

horizontal blue lines (on the box) indicate 1st and 3rd quartile i.e. q1 and q3. 50% of the 

cases are between 1st and 3rd quartile. (Left) The letter ‘a’ at the median line indicates that 

the medians values are not significantly different whereas the letter ‘b’ indicates the median 

value which is significantly different.
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Figure 3. 
(Left) Distribution of the meal duration for all three visits. The results show that the duration 

for 75% target was statistically lower compared to other two visits. (Right) Distribution of 

percent changes in meal duration compared to the baseline visit. Negative values indicate 

decrease in meal duration compared to baseline. Red lines on each plot indicate the 

corresponding median duration whereas the lower and upper whiskers indicate the minimum 

and maximum duration of the meals within 25th and 75th percentile, respectively. Lower and 

upper horizontal blue lines (on the box) indicate 1st and 3rd quartile i.e. q1 and q3. 50% of 

the cases are between 1st and 3rd quartile. (Left) The letter ‘a’ at the median line indicates 

that the medians values are not significantly different whereas the letter ‘b’ indicates the 

median value which is significantly different.
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Figure 4. 
Distribution of absolute changes in the hunger ratings between the start and end of the meal. 

Hunger before and after the meal was measured using standard 1–9 scale. No significant 

differences were observed for changes in hunger ratings for different visits. For each plot, 

the red line indicates the corresponding median change in rating. Upper and lower whiskers 

show the minimum and maximum changes within 25th and 75th percentile, respectively. 

Lower and upper horizontal blue lines (on the box) indicate 1st and 3rd quartile i.e. q1 and 

q3. 50% of the cases are between 1st and 3rd quartile. (Left) The letter ‘a’ at the median line 

indicates that the medians values are not significantly different.
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Figure 5. 
Distribution of absolute changes in the fullness rating between the start and end of the meal. 

Fullness before and after the meal was measured using standard 1–9 scale. No significant 

differences were observed for changes in fullness ratings for different visits. For each plot, 

the red line indicates the corresponding median change in rating. Upper and lower whiskers 

show the minimum and maximum changes within 25th and 75th percentile, respectively. 

Lower and upper horizontal blue lines (on the box) indicate 1st and 3rd quartile i.e. q1 and 

q3. 50% of the cases are between 1st and 3rd quartile. (Left) The letter ‘a’ at the median line 

indicates that the medians values are not significantly different.
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