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POPULAR SCIENCE SUMMARY OF THE THESIS

Background

It is of great importance to accurately measure food intake (what and how much we eat and
drink) and factors that can affect it since it is related to three great challenges facing
humanity: 1) overnutrition/obesity, 2) undernutrition and 3) climate change, as well as their
related negative consequences on human health.

Traditional measurements of food intake have mainly been conducted in either a self-report
format that relies on the accuracy of human memory, conscious and unconscious expectations
about what to answer and people’s ability to estimate portion sizes accurately, or
measurements with food scales, video cameras and other objective methods in laboratory-
bound setups. The self-reported methods have been shown to give inaccurate information
about people’s energy intake and the laboratory methods have been critiqued for generating
results that are not resembling “real life” eating. Therefore, there is a need for objective
methods that put less burden on the participants to self-report their food intake accurately,
while also being mobile and functional in “real life” situations. Our team, together with
collaborators from Greece, Spain, Netherlands, and Germany, made efforts to develop and
implement such methods in “real life” settings during three multinational EU-projects.

The purpose of this thesis was to measure and explain differences in food intake in school,
hospital and free-living settings by using these methods.

Research approach

Studies in three settings were conducted: 1) a school setting, 2) a hospital setting and 3) a
free-living setting. In the school setting, high school students were eating their lunch in their
everyday school cafeteria environment. Portable food scales were used to record the weight
of the food that was eaten while video cameras were recording the students. Eating behaviors
(how a person eats) such as the speed of eating and number of spoonfuls, were annotated in
computer software by use of the video recordings. Students were also self-reporting their
perceived speed of eating compared to their peers, their fullness before and after the meal, as
well as how tasty the food was. The portable food scales and video cameras were used in an
additional experiment in the same environment including a subset of the participants. The aim
was to compare the energy intake from snacks, during a one-hour work task in a classroom
setting, with snacks placed either close to the students (food proximity), or further away from
the students so that they needed to stand up and walk to refill with more snacks.

In the hospital setting, a standardized meal was served during normal lunch hours. The
purpose was to compare the lunch meal energy intake between groups of early Parkinson’s
disease patients, advanced Parkinson’s disease patients as well as healthy volunteers.

In the free-living setting, we asked school students in Sweden and Greece to download a
mobile application developed during one of the EU projects mentioned above. In the



application, students self-reported their weight, height and perceived speed of eating in
comparison to their peers.

Results

The results showed that eating behaviors (i.e., the speed of eating and number of spoonfuls of
food taken during the meal) were the most powerful variables to explain the weight of the
food that students consumed during the lunch meal. Self-reported food taste after the lunch
meal and the desire to eat before the snack experiment were also powerful explanatory
variables for how much students were eating. The self-reported eating rate could be used to
divide large groups into slow and fast eaters, but it could not be used to classify an
individual’s eating rate category accurately. Self-reported fast eating was also related to
higher body mass index compared to self-reported slow eating among the students. Putting
snack food closer to students resulted in increased energy intake from snacks compared to
when the snacks were placed further away from the students. Additionally, advanced
Parkinson’s disease patients in the hospital study had lower energy intake compared to early
Parkinson’s disease patients and healthy volunteers, a result that is opposite to what previous
self-report studies have shown.

Conclusions

Eating behavior and food proximity interventions might be used to modify the quantity of
food intake in both schools and hospitals. Since advanced Parkinson’s disease patients were
shown to eat less when compared to early Parkinson’s disease patients and healthy
volunteers, more focus should be given to facilitate balanced energy intake in this patient
group and reduce their risk of undernutrition and related health complications. Video cameras
and food scales used in this project could be used in larger scale studies that aim to determine
the eating behavior of large groups. Future technological innovations (i.e., algorithms based
on video and smartwatch data) will allow for automatic detection of eating behaviors, such as
the speed of eating and number of spoonfuls taken during a meal in real time. Our team,
together with collaborators from Greece, work on the development of such technological
tools. Those methodological improvements could be useful for those who need to modify
their eating behavior in situations that might be challenging, such as school lunches and other
buffet settings.



ABSTRACT

Introduction

The measurement of food intake (what and how much we eat and drink) is of great
importance due to its involvement in three great challenges facing humanity: 1)
obesity/overnutrition, 2) undernutrition and 3) climate change, as well as their related health
consequences. However, measuring food and energy intake in humans is complicated since
traditional self-reported methods have systematic bias while traditional objective laboratory
methods have generalizability and upscaling issues. Therefore, novel methods to measure
food and energy intake in humans have often been requested. A plethora of factors have been
associated with variation in food intake in humans. For example, internal behavioral factors
such as eating rate, internal disease conditions such as Parkinson’s disease (PD) as well as
external environmental factors such as food proximity are notable ones. These factors have
mainly been investigated by use of the traditional methods listed above.

Aims

The overarching aim with this thesis was to use novel technological tools (i.e., portable food
scales and video cameras) to measure and explain variance in food intake and body mass
index in school, hospital and free-living settings.

Aims in school setting: To explain variance in food mass intake during school lunch with
objectively measured eating behaviors (how a person eats), the proximity to food and
subjective appetite measures. To assess the test-retest reliability of objectively measured food
mass intake and eating rate during school lunch. To assess the concurrent validity of self-
reported eating rate. Aims in hospital setting: To compare energy intake among healthy
controls, early and advanced PD patients and to investigate the association between clinical
features of PD as well as objective eating behaviors with energy intake during a hospital
lunch. Aim in free-living setting: To distinguish differences in BMI z-scores (BMIz) among
self-reported eating rate categories in populations of Swedish and Greek high school students.

Methods
School studies

Settings: The data collection was conducted in the school lunch cafeteria environment at a
high school in central area of Stockholm, Sweden. Study design: A cross-sectional study
design was used to explain variance in food intake and to investigate the association between
objectively measured eating rate and food intake. An experimental study design was used to
investigate the effects of food proximity and a repeat-measures study design was used to
assess the test-retest reliability of objectively measured food mass intake and eating rate.
Participants: Six high school classes including 187 students were invited to participate in
monitored school lunches during 2015-2017. Out of these, 114 unique students provided
complete meal data and 103 with a mean (SD) age of 16.7 (0.6) and BMIz of -0.07 (1.05)



were included in the food intake variance analysis. All 114 participants (with a mean (SD)
age of 16.5 (0.8) and BMIz 0.04 (1.01)) were included in the association between eating rate
and BMIz. Out of the 114 unique participants, 50 students came for a repeated meal and
provided complete data for test-retest analyses. Study procedures: The lunch study was
conducted during normal school lunch hours (11.30-13.00). The students who participated in
the snack experiment came back at 15.30 for the one-hour experimental snack session with
snack foods, either a) close to the table where they were sitting (proximal condition) or
further away from them (distal condition). Served food: During school lunches, usual lunch
food at the included school (beef/vegetable patties, brown sauce, potatoes, fish, variety of
vegetables, water/milk) was served in a buffet-like setting. For the snack experiment,
chocolate lentils, crackers and grapes were served ad libitum.

Hospital study

Settings: The data collection was conducted in a dedicated room at the Department of
Neurology of the Technical University Dresden (TUD), Germany. Study design: A cross-
sectional study design was used. Participants: 64 participants (n = 23 healthy controls, n =
20 early and n = 21 advanced PD patients) with a mean (SD) age of 62.4 (7.8) and BMI 27.2
(4.3) were included. Study procedures: Study participants had a medical evaluation before
they ate their lunch meal during normal lunch hours (11.00-15.00). Served food: A
standardized meal (200g sausages, 400g potato salad, 200g apple mash and 500ml of water)
was served to all participants.

Free-living study

Settings: A smartphone application was developed to gather self-reported eating rate and
BMIz. Study design: A cross-sectional study design was used. Participants: Students from
multiple high schools in Sweden (n = 748) and Greece (n = 1084) were recruited through
school supported actions (n = 1832 in total, mean (SD) age of 15.8 (0.9), BMIz 0.47 (1.41))
that included self-reported measures of weight, height and eating rate. Study procedures:
Students who chose to participate downloaded the study mobile application and self-reported
their data.

Data sources and measurements

In the school and hospital setting, weight and height scales were used to measure participants
body weight and height, and food mass and energy intake were measured with portable food
scales. Video cameras were used to record the meals and eating behaviors were annotated
onto the videos in computer software. In the free-living setting, students self-reported their
age, weight, height, and their speed of eating in comparison to others at their own discretion.

Results

Reliability and validity: In the school setting, there was no significant systematic change in
mean food mass intake from lunch 1 to lunch 2 (-7.5g, 95% confidence interval: -43.1g to



+28.0g). The intraclass correlation between food mass intake during lunch 1 vs. lunch 2 was
0.74 (95% confidence interval 0.58 to 0.84). There was a significant systematic change in
eating rate (g/min) from lunch 1 to lunch 2 (+4.4 g/min, 95% confidence interval: +0.7 g/min
to +8.1 g/min). The intraclass correlation between eating rate during lunch 1 vs. lunch 2 was
0.73 (95% confidence interval 0.59 to 0.85).

When comparing the objective eating rate among the three categories of self-reported eating
rate (slow, intermediate, and fast), a significant difference between the groups was obtained
[F(2, 111)=7.104, P = 0.001, partial n?> = 0.113]. Bonferroni post hoc comparisons showed
that students who self-reported eating slower than others had significantly lower eating rate (-
13.7g/min, 95% confidence interval: -22.5g/min to -4.84g/min) compared to students who
self-reported eating faster than others. The weighted Kappa value for self-reported eating rate
categories versus objectively established eating rate categories was 0.31 (P < 0.001).

Main results

School: Eating rate, number of spoonfuls, sex, number of food additions and food taste
(explanatory power in that order) were all significant explanatory variables for variance in
food mass intake during school lunch, while BMI and change in fullness were not significant
(effect size: adjusted R squared = 0.766 for the total model). There was a significant “large”
(R = 0.667) correlation between objectively measured eating rate and food mass intake during
school lunch. When dividing students into tertiles of eating rate (slow, intermediate and fast
eaters), a significant difference in food mass intake between the three groups was found [F(2,
111) = 30.578, P < 0.001, partial n? = 0.355]. Bonferroni post hoc comparisons showed that
students in the “slow” objective eating rate tertile were eating 133 grams less food (95%
confidence intervals = -210g to -56g) than students in the “intermediate” objective eating rate
tertile, and 247 grams less (95% confidence intervals = -324g to -170g) than students in the
“fast” eating rate tertile. Students who were participating in the distal snack food condition
were eating significantly less energy from snacks than students in the proximal condition
(mean difference = -222.7 kcal 95% confidence intervals: -428.3 kcal to -17.2 kcal).

Hospital: Advanced PD patients consumed significantly less energy during lunch compared
to both early PD patients (b = -202.7 kcal, 95% confidence interval: -329.2 kcal to -76.2 kcal)
and healthy controls (b = -162.1 kcal, 95% confidence interval: -285.7 kcal to -38.4 kcal)
when controlling for sex.

Free-living: Self-reported eating rate was found to be a significant explanatory variable for
variation in self-reported BMI z-scores [F(2, 1829) = 9.724, P < 0.001, partial n> = 0.011].
Bonferroni post hoc test showed that students who self-reported eating slower than others had
0.23 units lower BMI z-scores (95% confidence intervals: -0.43 to, -0.03) than students who
self-reported intermediate eating rate, and 0.37 units lower (95% confidence intervals: -0.57
to -0.17) than students who self-reported eating faster than others.



Outcome synthesis: Overall, eating behaviors were the most powerful explanatory variables,
while desire to eat and food taste were the most powerful self-reported variables for food and
energy intake variance when controlling for sex in the included studies. Advanced PD status
(hospital study) as well as the food proximity (snack experiment) were also powerful
explanatory variables, while PD-related symptomatology as well as self-reported eating rate,
hunger, change in fullness and BMI had low or no explanatory power.

Conclusions

Objectively measured single-meal food mass intake and eating rate could be used to rank
individuals in comparison to their peers. Subjective eating rate could be used to distinguish
groups with slow and fast eating rates in large scale studies but should not be used on an
individual level. The outcomes of this thesis suggest that objectively measured eating
behaviors and subjective factors such as food taste and desire to eat, as well as the external
condition proximity to food, are all powerful explanatory factors for variance in food mass
and energy intake and might be potential targets in future interventions that aim to modify
food intake. Additionally, advanced PD condition was associated with lower energy intake.
Potential interventions mentioned above might be helpful in this patient group to normalize
their energy intake and reduce their risk of undernutrition. Furthermore, the results suggest
that novel methods that objectively measure eating behaviors could be utilized in larger-scale
nutrition research. Further technological developments of these methods could also give real-
time feedback on targeted eating behaviors that are related to food intake, thus ultimately
reducing the risk of diseases related to over- and undernutrition.
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1 INTRODUCTION

This thesis spans through three European Union (EU) collaborative, interdisciplinary,
health/technology research projects, namely: SPLENDID (1), iPrognosis (2) and BigO (3).
The SPLENDID project aimed at developing tools to guide school students towards healthier
eating and physical activity, with the ultimate aim to reduce their risk of developing obesity
and eating disorders such anorexia nervosa. The iPrognosis project aimed at building
detection tests for early Parkinson’s disease with the use of novel technological tools.
Additionally, the design of interventions to improve Parkinson’s disease patients’ quality of
life was the long-term aim of the project. The BigO project aimed at collecting environmental
and behavioral “big data” related to obesity development in children. The idea was to build
analytical tools that could inform public health authorities in real time about health behaviors
in the targeted populations. Together, these three EU projects have shaped the development
of this thesis and the papers that have been included.

2 BACKGROUND

2.1 MEASURING FOOD INTAKE

The measurement of food intake (what and how much we eat and drink) is a priority in
nutrition science. Today, three of the greatest health-related challenges facing humanity are
overnutrition, undernutrition and climate change (4) — all three tied to unbalanced human
food consumption (4,5). These challenges have collectively been called “the global
syndemic” due to their co-occurrence in time and place as well as their negative impact on
human health (4).

Currently, around 2 billion humans suffer from obesity, a multifactorial disease caused by
overnutrition, defined as eating more energy from food than the body needs to maintain
weight stability over time (6). Overnutrition is mainly driven by the modern food
environment, with readily available ultra-processed, highly-palatable and energy-dense fast
foods with poor nutritional quality, in combination with sedentary lifestyles (7—10). Obesity
is a key risk factor for non-communicable diseases such as cardiovascular disease (11), type 2
diabetes (12), cancer (13), depression (14) as well as early death (12). The related economic
costs have been estimated to equal that of smoking, or those of armed violence, war and
terrorism added together, or roughly 3% of the global gross domestic product (15). At the
same time, the current human behavioral footprint on planetary health has been associated
with increased risk of environmental disasters such as drought, wildfires and increased sea
levels (4). Interestingly, one of the most important human behavioral footprints on planetary
health is the overproduction and overconsumption of food, especially the low quality ultra-
processed foods mentioned above (16).

On the other hand, approximately 0.5 billion humans are underweight (5). Underweight is
mainly caused by undernutrition, here defined as eating less food, energy, and nutrients than
the body needs to be weight stable and function properly over time. These problems are most
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prevalent in low- and middle-income countries, where the distribution and production of
nutritious food can be scarce while a large proportion of people might have inadequate health
education and access to good sanitation (5). However, undernutrition also occurs (albeit less
frequently) in richer countries. For example, the risk of undernutrition has been estimated to
double among elderly and people living with chronic diseases (so called disease-related
malnutrition) (17,18). It is even higher among hospitalized patients (18,19) and elderly people
who receive municipal health care (20) or live in nursing homes (21). In fact, decreased food
intake among hospitalized patients is an important risk factor for early mortality (22) and
similar observations have been made in elderly people with BMI < 23 (23). Furthermore,
chronic diseases and their treatments can affect eating behaviors such as swallowing and
chewing, as well as appetite, digestion and energy expenditure, thus increasing the risk of
undernutrition (17). One such disease is the progressive neurodegenerative disorder
Parkinson’s disease (PD) that has been associated with unintentional weight loss,
underweight and in severe cases malnutrition (24,25). To better understand contributing
factors to both under- and overnutrition, accurate measurements of food intake are needed.

2.1.1 The gold standard

To be able to evaluate the concurrent validity of a method to measure food and energy intake
(i.e., how well it measures “true” intake), a “gold standard” method is needed to compare it
to. The most accurate way to do this, although not the most feasible, is to make available a
known quantity of food to subjects and then deduce food intake from the leftovers (26-30).
Since the common research focus is to estimate food intake over longer time periods, subjects
need to live in a controlled environment during the complete study period to reach the highest
level of accuracy with this method (26,31,32). This validation method has some important
limitations. To begin with, trained staff needs to be constantly vigilant and observe
participant’s behavior throughout the measurement period. Ideally, subjects should not be
aware that they are monitored (i.e., with hidden video surveillance to reduce the risk for
protocol deviations), since it might affect their food intake (27). Such approach comes with
obvious ethical concerns and this type of environment (i.e., controlled laboratory settings)
differs from participants’ “real life” environments. Due to this, controlled laboratory style
validation studies are scarce.

However, a less burdensome way to estimate energy intake indirectly have been developed
and used in validation studies. It is based on the energy balance equation and utilizes the
doubly labeled water (DLW) technique, an objective method to measure people’s energy
expenditure unobtrusively (33). DLW is accurate enough to be used for this purpose (34), as
it has been shown to have low systemic bias (35,36) compared to the “gold standard”
measurement of energy expenditure respiratory chamber (37). The idea is that if subjects are
weight stable (which means that they are in energy balance), then they need to have an
average energy intake from food that is very close to the measured energy expenditure
obtained from the DLW method. Otherwise, they would gain or lose weight over the study
period according to the energy balance equation. Therefore, energy intake can be deduced
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with high accuracy with this method since most people are expected to be in energy balance
during measurement periods of 1-3 weeks (30). Indeed, DLW energy expenditure have been
shown to have very low systemic bias vs. the directly observed food intake (kcal) method
mentioned above (27). However, it is important to note that some populations, such as the
elderly, might lose weight during such short period of time and can therefore result in biased
energy intake estimates if body weight changes are not accounted for (38).

Although the above-mentioned method has been used to validate other methods to assess
energy intake in humans, it has some important limitations. The main limitation is that DLW
is expensive (34). Usually, only small samples of subjects can be included in such studies
(39), although bigger scale meta studies do exist (40). Additionally, this indirect method to
estimate energy intake cannot show what specific foods a certain individual has been eating.
Therefore, other objective biomarker methods have been developed and used that can hint at
more specific food choices among participants (41,42). However, these methods are outside
the scope of this thesis and will not be further discussed.

2.1.2 Self-reported methods

Traditional methods to measure food, energy and nutrient intake patterns (also called “dietary
assessment”) in humans have mainly been of a self-reported nature (41). With these methods,
subjects are asked to report their consumption of food during a given time interval. These can
be retrospective (what was eaten in the past) or prospective (what will be eaten in the future).
This means that the accuracy of human memory, conscious and unconscious expectations
about what to answer, as well as estimation problems related to portion sizes are all important
factors to consider when using these types of methods. The self-reported methods have been
suggested as valuable tools to categorize large groups of individuals in crude dietary pattern
levels (i.e., low, intermediate and high intake levels) (43).

Food frequency questionnaire (FFQ) is the most common retrospective self-report method
used today (44,45). With FFQ, participants are asked to estimate the frequency of
consumption of common food items (usually adapted to the food culture of interest (46,47))
during the past year in a questionnaire format. When comparing the energy intake obtained
from FFQ vs. DLW energy expenditure, a recent meta-analysis concluded that the FFQ
method underestimated energy intake by approximately 30% on a group level (range 24-32%
in different studies) (48), and that the correlation between FFQ energy intake and DLW
energy expenditure was 0.08-0.34 in the included validation studies.

Another common method to estimate dietary intake in humans is the 24h recall method. With
24h recall, study personnel interviews participants about what food and drinks they have been
consumed during the last day (24h). In the same review as cited above (48), 24h recalls had
an average underreporting bias for energy intake of 15% (range 6-28% in different validation
studies). The correlation between DLW energy expenditure vs. energy intake from a single
24h recall was 0.23-0.36, vs. two 24h recalls 0.26-0.41, and vs. three 24h recalls 0.27-0.42.
Like the results obtained from FFQ, these correlations are “trivial’’ to “moderate” (49) and
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indicate that caution is needed when interpreting self-reported energy intake estimations
obtained from studies that have utilized these types of methods, both on an individual and on
a group level (50).

A common prospective method to measure food intake is dietary records (also called food
records (51)) (52). Dietary records has been considered as the “gold standard” self-report
method to assess dietary intake since it does not rely on participants memory (52). With this
method, participants record all food and beverages they consume in real time during a given
period, typically lasting between 3-7 days (or longer). The portion size of each food item is
estimated as well as the timepoint for consumption. Stubbs and colleagues found that dietary
records (by having participants use digital food scales in a highly controlled environment to
measure their food intake, so called weighted dietary records) had a misreporting bias, i.e.,
underreporting, of approximately 10% vs. covertly measured energy intake (gold
standard)(27). The participants in this study were most likely more motivated than the general
population since they were willing to live in a “eating suite” for an extended time and record
all their food meticulously. The observed bias might therefore have been enhanced if a more
representative sample from the general population would be included instead (52). In
addition, most individuals do not consume their food in this type of controlled environment,
with easy access to weighing scales as well as pen and paper, to register their food
consumption all the time. For example, individuals eating lunch in a hectic cafeteria setting or
in a restaurant have almost no possibility to weigh all food components that they eat or to
write it down before they forget. It could therefore be argued that if the same individuals
would have been observed in a “real life” environment, the errors observed in this study
would most likely have been exacerbated. Energy intake results obtained from dietary records
should therefore be interpreted with caution.

Interestingly, the weighted dietary records method has been one of the most frequently used
tools to validate both FFQs and 24h recalls (43). In other words, a method with known
systematic bias has been used to validate other methods and the results obtained from such
validation studies should be interpreted with caution (27).

Due to the listed limitations with the self-reported methods to measure food and energy
intake, most nutrition researchers agree that the “traditional” self-reported measurement tools
need to be complemented or replaced by more objective methods to increase accuracy in
future research efforts. Improved methods could better inform public health authorities
regarding policy decisions (45,50,53-55). Although the development of such methodologies
Is ongoing, the implementation in “real life settings is still limited.

2.1.3 Objective methods

To be able to measure short-term food intake during single meals in a precise manner without
self-report bias, objective methods in laboratory settings have been developed and used
(Figure 1 for an example) (56,57). In these studies, hidden or visible scales are used to
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measure the precise meal size as well as the temporal distribution of food intake during meals

(56,57).
e
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Figure 1. The universal eating monitor, one of the early objective methods to measure food
intake during laboratory meals (56). A hidden scale is built into a table and connected to a
personal computer. The scale records weight changes from the plate when a person eats, and
food mass intake can be objectively recorded in real time. Figure illustration: Elin Fagerberg.

Video recordings can also be added to give detailed description of eating behaviors such as
eating rate, number of spoonfuls, chewing and swallowing behaviors that the traditional self-
reported methods have not been focusing on (57). These methods are suitable to detect small
changes in food intake (both energy intake and food mass intake) and eating behaviors over
short time-periods. For example, external manipulations such as changes in food texture (58),
social cues (59), portion sizes (60,61), drug ingestion (62), or food of varied energy density
(63) and their effects on food intake have been investigated (64—66). Such studies have
shown that meal size (both on an individual and a group level) is highly reproducible during a
buffet setting (67), as well as during an ad libitum lunch/dinner setting (68,69). Meal size has
also been shown to have a “very large” association (r = 0.82) with daily energy intake (70).
These observations indicate that a single meal under laboratory conditions could be useful to
identify subjects with a tendency towards eating large meal sizes as well as those with small
meal sizes (69,70).

It is important to mention that these methods have important limitations. Like the “gold
standard” methods, laboratory-based food intake studies are expensive to conduct. Trained
staff are needed to collect and supervise the data collection (albeit during a shorter time vs.
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the “gold standard” methods), which typically results in small sample sizes vs. FFQ and 24h
recall methods (64). Furthermore, if subjects are being aware that their food intake is
monitored (i.e., due to ethical reasons/information before the study or by being aware of the
external recording equipment), then this can have a suppressive effect on their meal size (71—
73). In addition, the method is sensitive to protocol deviations and standardization is needed
to reduce the effect of external factors on subject’s food intake (64,65). There is also an
ongoing discussion about how well results obtained from laboratory-based studies translate
into free living settings (64-66). The short-term nature of these studies can also be criticized
for not translating into the longer-term dietary pattern that subjects are exposed to.

Due to these limitations, mobile versions of the laboratory-based tools have been developed
to conduct similar research in semi-controlled contexts. One such tool is the Mandometer®
food scale that can automatically record food mass intake during meals (74). The
Mandometer® measures the weight reduction of the plate during the meal and sends the data
to a personal computer (older versions) or to a mobile device such as a smartphone through
Wi-Fi connection (latest version, Figure 2).

Figure 2. The Mandometer® food scale (74). A portable food scale that is connected to a
smartphone application, enabling “real life” data collection. The scale records food mass
intake in real time during meals. Figure illustration: Elin Fagerberg.
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The Mandometer®, together with video cameras have been tested in school canteen
environments (75-77). These methods have allowed for detailed analysis of food mass intake
(i.e., the grams of food eaten) (76) and energy intake (78), as well as detailed temporal
distribution of food intake among students in a school settings (77,78).

It is important to mention that a range of other objective tools/methods to measure food

intake in free living environments have been developed/are under development (79,80).
These tools/methods include, but are not limited to, food photography method (81,82), energy
balance equations (34) and activity monitors (83), chewing sensors and smartwatches to
capture hand to mouth movements (i.e., automatic detection of eating events (84,85)), as well
as cameras that capture pictures automatically and analyze them for potential eating events
(80). They show promise for future use and might eventually lead to more accurate estimates
of food and energy intake than the methods used today. However, most of these
tools/methods are still in an early stage of development and have not been validated and
deployed on a mass scale successfully yet.

2.1.4 Challenging populations

Some populations are more challenging to conduct research related to food and energy intake
in than others. The development of objective unobtrusive methods to measure food and
energy intake with high concurrent validity is therefore extra important in research that
involves these populations.

2.1.4.1 High BMI

BMI has been identified as an important correlate of energy intake misreporting (48,86). In a
meta-analysis of studies that compared self-reported energy intake (from 24h recall and
FFQs) vs. DLW, a BMI of 30 was associated with an additional 5-7% misreporting
(underreporting) vs. a BMI of 25. An interesting study was conducted among overweight and
obese subjects with so called “diet resistance” (defined as having a history of failure to lose
weight while self-reporting an energy intake of less than 1200 kcal) (87) and compared self-
reported energy intake vs. DLW (adjusted for changes in body composition). The results
showed that the participants underreported their energy intake by 47% vs. DLW method.
Simple cutoffs (i.e., self-reported energy intake < 1.35 x basal metabolic rate) have been
suggested and used in nutrition research (88,89) to exclude such subjects. However, a large
degree of bias still remains after removing “misreporters” (17-51% of samples) and the
procedure has been discouraged (90).

2.1.4.2 Education level

Education level is also important to mention as it relates to energy intake misreporting. In the
above mentioned meta-analysis, having a high school education level was associated with
approximately 6-10% increased energy intake misreporting (underreporting) vs. having a
collage education level (48). Since obesity is more prevalent in populations with lower
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education level, studies that have used self-reported energy intake to investigate obesity
associations should be interpreted cautiously.

2.1.4.3 Young age

Children and adolescents are more susceptible to misreporting bias compared to adult
populations as their cognitive ability is still under development (91-93). These age groups
might be extra sensitive to social desirability bias (94) and seem to have a higher demand for
short and easy to complete food intake measurements (91,95,96). Indeed, validation studies
investigating self-reported vs. DLW energy expenditure in child and adolescent populations
have shown that they are prone to both underreport (97-99) and overreport (100) their food
intake. As expected, the underreporting phenomenon in these populations also interacts with
BMI, i.e., children with obesity (97) and adolescents (98) have greater misreporting vs.
overweight and normal weight ones (101).

2.1.4.4 Old age

Another challenging population to measure food intake in is elderly people. Elderly
populations have issues with fading memory as well as reduced sight and attention (102—
104). They also perceive food intake measurements to be more troublesome to complete
compared to younger adults (104). The requirement for easy-to-use methods to record food
intake in elderly populations is therefore critical, especially if representative samples are to be
included in such studies.

2.1.4.5 Neurodegenerative diseases

Patients with neurodegenerative diseases (i.e., Parkinson's and Alzheimer's Disease) that
affect the brain and cognitive abilities are populations that could be considered as
“challenging” to conduct nutrition research in. Most food-related studies in these populations
have been conducted using self-reported (or caregiver-reported) methods, thus making the
interpretation of the obtained results complicated.

2.2 FACTORS ASSOCIATED WITH VARIATION IN FOOD INTAKE

Other than the “obesogenic” modern day food environment, a vast number of factors have
also been identified as relevant in determining variation in food intake in humans. These can
be broadly categorized in thematic clusters of: food production (nutritional labelling (105),
food advertising in children (106)), social psychology (i.e., social facilitation of eating
(107,108)), food consumption (portion size (60), energy density (109,110), food variety
(111,112)), individual psychology, physiology, individual physical activity and the physical
activity environment. See Foresight Obesity System Map for an ambitious systems view of
these factors (113). Three of these factors are the focus of this thesis and will be briefly
reviewed below.
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2.2.1 Eating rate

Fast eating rate has been shown to increase short-term food intake vs. slow eating rate in
experimental studies (114). A growing epidemiological literature has also shown that self-
reported fast eating rate is associated with increased risk of obesity vs. self-reported slow
eating rate (115). Interestingly, eating rate can be considered as: a) an internal behavioral
condition, b) external environmental condition, and c) a food related external condition. For
example, individuals have different habitual eating rates that tend to be stable in comparison
to other individuals from meal to meal, independent of the food that is being served (69). In
other words, different individuals might have different levels of risk to overeat in
circumstances that facilitate overeating (i.e., buffet settings) due to their habitual eating rate
behavior. Eating rate can also be affected by environmental factors such as the time that is
available to eat, the eating rate of eating companions as well as peer pressure to be done faster
with the meal. Interestingly, different food properties have also been shown to be associated
with the speed of eating. Ultra-processed, highly palatable foods have been shown to have
faster eating rates vs. unprocessed whole foods that usually need more chewing (116). Liquid
foods with fast sensory exposure times, such as soda, have also been shown to have fast
eating rates and result in a greater tendency for long-term overconsumption of energy and
weight gain (117). Internal behavioral, external environmental and external food conditions
all interact to facilitate different levels of eating rate and should therefore be considered
together.

Although the literature on eating rate is abundant, no studies have investigated the association
between objectively measured eating rate, food intake and BMI among high school students,
and no studies have validated self-reported eating rate questionnaires vs. objectively

measured eating rate in “real life” settings.

2.2.2 Food proximity

The proximity and availability of food are external environmental conditions that are related
to food intake in humans. Food proximity has been categorized as a behaviorally oriented
“nudge” (i.e., “any aspect of the choice architecture that alters people’s behavior in a
predictable way (1) without forbidding any options or (2) significantly changing their
economic incentives” (118)) on consumer behavior. Interestingly, behaviorally targeted
nudges have been associated with larger effect sizes (d = 0.39, =209 kcal) vs. cognitively (d =
0.12, —64 kcal) or affectively (d = 0.24, —129 kcal) oriented nudges (118). Furthermore, a
recent Cochrane systematic review and meta-analysis suggested that the proximity to food
can result in meaningful changes (17-36%) in food and energy intake, with closer food
proximity leading to increased energy intake (119). Since most studies have been conducted
in laboratory settings (only four were conducted in field settings), studies in “real-world
settings” have been requested to improve generalizability of the obtained findings. An
interesting setting to investigate the food proximity effect is school. This is a setting that a
large proportion of children and adolescents are exposed to throughout their developmental
years, and changes that improve children’s habitual food intake in this environment could be
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meaningful from a public health perspective (120). Research of the effect of food proximity
in the school context is therefore needed.

2.2.3 Parkinson’s disease

Parkinson’s disease (PD) is related to changes in food intake behavior in humans (121). The
disease is a progressive neurodegenerative disorder with related motor symptoms such as
involuntary rhythmic shaking of the hands and legs (rest tremor), slowness of movement
(brady-/hypokinesia), stiff, weak, and inflexible muscles (rigidity) (122,123). Non-motor
symptoms (NMS) have also been observed during the PD process. These include (but are not
limited to) problems swallowing (dysphagia), constipation, impairments in taste and smell
function, and both weight gain and weight loss (in severe cases, malnutrition) are commonly
reported NMS among PD patients. More specifically, weight gain has been reported during
deep brain stimulation (124) as well as during initiation of dopamine replacement therapy
(125), potentially due to compulsive eating induced by the treatments, while weight loss has
commonly been observed before the diagnosis of PD as well as in the more advanced stages
of PD (25). Weight loss in PD is important since it has been associated with further
complications such as nutrient deficiencies, falls, bone fractures, infections as well as reduced
quality of life (25).

Since the direct cause of both weight gain and weight loss is energy imbalance (25,126), the
energy intake side of the equation (i.e., food and energy intake) is important to investigate
further. Unfortunately, most studies related to PD and weight loss have focused on the energy
expenditure side of the equation (25). One of the few studies available related to food intake
showed that advanced PD patients self-reported higher energy intake (FFQ) compared to
normal weight controls while experiencing weight loss (127). The authors therefore argued
that the weight loss observed during later stages of PD must be explained by increased energy
expenditure, mainly due to their stiff muscles (rigidity), rather than by eating less food. A
similar study that used 3-day dietary records came to a similar conclusion (128). However,
due to the great uncertainty related to self-reported methods of food and energy intake,
especially among elderly populations with neurodegenerative diseases, objective studies are
needed to expand this very limited literature and test this hypothesis further.

Furthermore, it is also essential to understand why and how food intake might be affected
during PD, and a plethora of explanatory factors have been suggested. Even as early as 1817
James Parkinson himself (who first described the disorder (129)), stated the following in his
now classic “Essay on the Shaking Palsy”:

“Whilst at meals the fork not being duly directed frequently fails to raise the morsel from the
plate: which, when seized, is with much difficulty conveyed to the mouth.” ... “when the food
is conveyed to the mouth, so much are the actions of the muscles of the tongue, pharynx,
impeded by impaired action and perpetual agitation, that the food is with difficulty retained
in the month until masticated; and then as difficultly swallowed. ”... “He took very little
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nourishment, could chew and swallow no solids, and even found great pain in getting down
liquids. Milk was almost his only food”

This quote illustrates the eating difficulties at the different stages of PD, with motor
symptoms impairing proper hand-to-mouth movement early in the disease, as well as
chewing and swallowing problems impairing the proper eating behavior of solid food later in
the disease. Other factors such as impaired smell and taste, cognitive impairments, dementia,
constipation, suppression of appetite by anti-parkinsonian drugs, gastrointestinal tract
dysfunction, depression, stressors such as death of a spouse, infections, bone fractures,
increased energy expenditure due to unconscious muscle contractions, nausea caused by high
intakes of levodopa/dopamine agonists, and many more have been suggested to be causing
changes in food intake (25,130). However, no objective studies have investigated the
association between food intake and PD related symptoms have been conducted.
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3 SPECIFIC AIMS

3.1 AIMS IN SCHOOL SETTING

e To explain the variation in food mass intake during school lunches with objectively
measured eating behaviors as well as subjective measures of taste and fullness.

e To investigate the association between objectively measured eating rate and food
mass intake during school lunch.

e To investigate the effect of food proximity on energy intake from snack foods during
a one-hour school task in the classroom context.

3.2 AIMS IN HOSPITAL SETTING

e To compare the energy intake among early and advanced Parkinson’s disease patients
as well as healthy controls during a standardized lunch.

e To assess eating rate and its relation to food intake among Parkinson’s disease
patients and healthy controls.

e Toassess clinical features of Parkinson’s disease and objectively measured eating
behaviors among Parkinson’s disease patients as well as their relation to variation in
energy intake during a hospital lunch.

3.3 AIMIN FREE-LIVING SETTING

e To investigate differences in BMI z-scores among self-reported eating rate categories
in populations of Swedish and Greek high school students.

3.4 RELIABILITY AND VALIDITY AIMS IN SCHOOL SETTING

e To assess the test-retest reliability of objectively measured food mass intake and
eating behaviors during school lunches.

e To assess the test-retest reliability of objectively measured eating rate during school
lunches.

e To assess the concurrent validity of self-reported eating rate vs. objectively measured
eating rate on an individual and a group level.
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4 MATERIALS AND METHODS

4.1 STUDY SETTINGS

This thesis includes studies conducted in three main settings: a) a school setting (76,78,131),
b) a hospital setting (132), and c) a free-living setting (131). The studies were conducted in
three countries: Sweden, Germany and Greece.

4.1.1 School

The data collection in school was conducted at Internationella Engelska Gymnasieskolan
Sodermalm (IEGS), a privately owned high school in central area of Stockholm, S6dermalm.
The school lunch cafeteria was used to investigate school lunch related aims and a classroom
setting was used to investigate snack food proximity aims (see Figure 3A).

4.1.2 Hospital

The data collection in hospital took place in a clinical lunch setting at the Department of
Neurology of the Technical University Dresden (TUD), Germany. All meals were eaten in a
dedicated room at TUD (see Figure 3B).

4.1.3 Free-living

A smartphone application was used to investigate free-living aims. In the initial screens of the
application, students could self-report their data at their own discretion (see Figure 3C).

School setting Hospital lunch setting Free living setting

.41 73% 410225

Figure 3A. The school lunch cafeteria environment at IEGS with students filling in
questionnaires after eating their lunch in the monitored school setting. Figure 3B. The meal
setting in the dedicated room at TUD for monitored meals. Figure 3C. A screenshot of the
BigO mobile phone application.
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4.2 STUDY DESIGN

4.2.1 School

A cross-sectional study design was used to: a) explain variation in food mass intake during
school lunch, b) investigate the association between objectively measured eating rate and
food mass intake, and c) assess the concurrent validity of self-reported eating rate vs.
objectively measured eating rate on an individual and a group level. An experimental study
design was used to investigate the food proximity effect on snack food intake, while a within-
subject, repeat-measure study design was used to investigate the test-retest reliability of food
mass intake and eating rate.

4.2.2 Hospital

A cross-sectional study design was used to a) investigate the group level differences in
energy intake among early and advanced PD patients as well as healthy controls, b) assess
clinical features of PD and objectively measured eating behaviors as well as their relation to
variation in energy intake and c) investigate eating rate and its relation to food intake.

4.2.3 Free-living

A cross-sectional study design was used to distinguish differences in BMI z-scores among
self-reported eating rate categories in larger populations of Swedish and Greek high school
students.

4.3 PARTICIPANTS

4.3.1 School

Monitored school lunches

In total, six high school classes including 187 students at Internationella Engelska
Gymnasieskolan Sédermalm (IEGS) were invited to participate in monitored school lunches.
The recruitment took place during February 2015 (two classes invited), December 2015 (six
classes invited, including the 2 from 2015), and April 2017 (six classes invited, same as late
2015). Students were eating monitored school lunches during two days in March 2015 (n =
15 unique participants included for school lunch analysis), December 2015 and
February/March 2016 (n = 97 unique participants included for school lunch analysis), and
2017 (n = 2 unique participants included for school lunch analysis).

4.3.1.1 Repeated monitored school lunch

Students who had already participated in a monitored school lunch during early or late 2015
were invited to participate in another monitored lunch meal during February/March 2016.
Fifty of the invited students came back for the repeated monitored school lunch.
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4.3.1.2 Snack experiment

Students (n = 53) who were going to participate in a monitored school lunch during March
2015 were also invited to the snack experiment (conducted the same day as the school lunch
study). Out of these, 41 decided to participate, n = 24 on day 1 (in the distal condition) and n
=17 on day 2 (in the proximal condition).

4.3.2 Hospital

Subjects who participated in the hospital-based lunch study were a) healthy controls, b) early
PD patients, and c) advanced PD patients. All PD patients were recruited from the in- and
outpatient clinics of the Department of Neurology, at the University Hospital of Dresden,
Germany. Approximately 600 patients with PD diagnosis were screened based on their health
records, and in accordance with the inclusion/exclusion criteria, around 150 PD patients and
150 healthy persons were approached in person. 41 PD patients (n=20 early and n=21
advanced PD patients) and 23 controls agreed to enroll in the study. Among the control
subjects, six were partners of the included PD patients, while the remaining healthy controls
were recruited through the promotion and advertisement of the study by flyers spread at
TUD, newspaper announcements and study description at the research webpage of TUD.

4.3.3 Free-living

Students from multiple high schools in Sweden (n = 748) and Greece (n = 1084) were
recruited by teachers through school supported actions from March 2018 until the end of
2019. The data collection included self-reported measures of weight, height and eating rate.
The Swedish high schools were IEGS (n = 613) in Stockholm and NTI gymnasiet (n = 135)
in Uppsala. The Greek high schools were Ellinogermaniki Agogi high school (n = 230) in
Athens, Ekpaideutiria Mpakogianni (n = 111) in Larissa and 16 public and private high
schools in Thessaloniki (n = 439). Students (n = 304) who participated in a multidisciplinary
intervention program for the management of overweight and obesity (at the outpatient
childhood overweight and obesity clinic, First Department of Pediatrics “Aghia Sofia”
Children’s’ Hospital, in Athens) were also recruited.

4.3.4 Inclusion/exclusion criteria

4.3.4.1 School and free-living

For the studies in school and free-living settings, the recruitment of students was conducted in
a non-discriminatory fashion, meaning that no more inclusion/exclusion criteria were applied
than: a) being part of the included schools, b) be willing to take part in the study procedures
and c) providing informed consent.

4.3.4.2 Hospital

For the hospital study, strict inclusion and exclusion criteria were used. PD patients with
dementia and other forms of PD than idiopathic PD were excluded. Patients who had: a)
received more advanced treatments (i.e., duodopa pump or deep brain stimulation), b) any
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contraindication to oral food intake (i.e., allergy to the food served), c) other disease that
causes dysphagia (i.e., throat cancer), d) endocrine or malignant disease, €) acute major
depression, or f) other diseases that could have a major impact on body composition and/or
food intake during the five years before the current study were also excluded.

44 STUDY PROCEDURES
4.4.1 School

4.41.1 Monitored school lunches

In the morning of the experiment day, students came to a dedicated classroom for the
experiment at IEGS where their weight and height were recorded by the responsible
researchers. Later, students came to the school lunch canteen at either 11.30 or 12.30 (one
class per time slot). The time duration for each meal was 25 minutes since this was the
scheduled time for lunch according to school curriculum for the included classes. Students
were serving themselves in a buffet-like setting. The lunchroom is part of the usual school
canteen environment at IEGS, but it was available only for the study participants during the
day of the experiment and the school lunch studies. At the lunch table, students were eating
their food on a Mandometer® (portable food scale), and video cameras (five cameras were
placed in different corners of the room to give a complete view of the tables where the
students were eating) were recording the lunchroom environment as well as the buffet table.
Students were eating their food together with their peers and could talk freely while eating.
They could also take extra food from the buffet table when/if they wanted more food.
Responsible researchers were available if any issues occurred. Students who completed a
monitored school lunch received one cinema ticket as a compensation for their participation.

4.4.1.2 Snack experiment

The snack experiment was conducted during two separate days. During both days, students
arrived at the dedicated classroom for the experiment at IEGS approximately three hours after
eating a monitored school lunch (15.30, described above). Students were told that they were
going to participate in a one-hour groupwork task. Like in the school lunch study, they were
monitored by video cameras. During the first experiment day, snack foods were placed in a
separate room approximately 6 meters away from where the students were sitting (distal
snack condition, Figure 4A). Students needed to stand up from the table and walk to the
snack station to pick up snacks in this condition. During the second experimental day, the
snack foods were placed near each table where students were sitting during the work task
(proximal snack condition, Figure 4B). In this setup, students could reach the snacks without
needing to walk away from the table. In both conditions, snacks were served ad libitum in
large food containers.
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Distal snack condition Proximal snack condition

Figure 4A. Students who came to the first snack experiment got served snacks in a separate
room approximately 6 meters away from the table (distal snack condition) where they were
doing the school task. Figure 4B. Students who came the second day were served snacks at
the table where they were doing their school task (proximal snack condition).

4.4.2 Hospital

Study participants arrived at the Department of Neurology of the Technical University
Dresden where they met with a neurologist. First, they had a medical evaluation based on
investigations of normal bodily effort covering a medical history, questionnaires and scales
about motor and non-motor symptoms of PD (Figure 5A). Participants’ weight and height
were also measured by research staff by use of weight and height scales. After the medical
evaluation, the participants were served a standardized meal in a quiet room in the department
of neurology around usual lunch period (11.00-15.00) (Figure 5B). Participants could drink
water freely before/during/after the meal. The meal was recorded by video cameras and the
responsible researcher weighed the plate with food before and after the meal, without
participants’ awareness. The meal was not time limited. Participants used a phone placed on
the meal table to call the responsible researcher when they were finished with their meal.
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Medical evaluation Hospital lunch
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Figure 5A. Medical evaluation of a study participant in the hospital study. Figure 5B. Study
participant eating the standardized meal.

4.4.3 Free-living

Students who chose to participate in the free-living study downloaded the study mobile
application (myBigO application) at Google Play store (for android devices) or App Store
(apple devices). In the initial registration screens of the application, students could self-report
their age, weight, height and their speed of eating in comparison to others.

4.5 SERVED FOOD

451 School lunch

The students who participated in monitored school lunch meals were served food in a buffet-
like meal setting (Figure 6A). This is the usual meal setting in Swedish schools. The
available foods in the buffet were potatoes, beef patties, celery patties, fish (pollock), cream
sauce, vegetables (such as sliced carrots, cucumber, lettuce, sprouts, olives), crisp bread,
cottage cheese and jam. The same foods were ordered, from the usual school catering
company, in all instances of the school lunches (2015, 2016 and 2017). Additionally, water,
crisp breads and milk were available ad libitum to the students.

4.5.2 School snacking session

During the school snack session, three types of snack food items were available ad libitum: 1)
green seedless grapes, 2) chocolate lentils and 3) rice crackers (see Figure 6B). The idea
behind serving these three snack food items was to include snacks of different energy
densities, sensory properties as well as satisfying different snack food preferences among the
participating students.
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4.5.3 Hospital lunch

In the hospital lunch setting, the PD patients and the healthy controls were all served the same
type of food in a standardized way (see Figure 6C). This meal included: 2009 of pre-heated
sausages (solid food), 400g cold potato salad (semi-solid food) and 200g of apple puree (soft
food). The idea behind the inclusion of these foods was to serve foods of different food
textures (solid, semi-solid and soft), as well as to serve “a typical German lunch meal” that
would suit the food preferences of a broad range of potential participants. Furthermore, all
subjects were served a bottle of 500ml of water that they could drink freely from
before/during/after the meal.

School lunch food  Snack experiment food  Hospital lunch food

Figure 6A. Students taking food at the school lunch buffet. Figure 6B. The snack food items
that were served during the snack food experiment. To the left, rice crackers, in the middle
upper box chocolate lentils and in the bottom right corner green seedless grapes. Figure 6C.
The standardized meal (200g sausages, 400g potato salad and 200g of apple mash as well as
500ml of water) that was served to all included participants in the hospital lunch study.

4.6 DATA SOURCES AND MEASUREMENTS

The types of measurement methods/tools used in the studies included in this thesis are
summarized in Table 1.
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Table 1. Types of measurement methods, the outcome data that emerged from using these
measurements, as well as the setting that they were used in.

Type of measurement method Outcome data Setting

Weight and height scales Objective body weight, height, BMI, School & hospital
and BMI z-scores.

Mandometer®/food scale Objective food mass intake and eating School & hospital
rate

MyBigO mobile application Self-reported body weight, body height,  Free-living
BMI, and BMI z-scores.

VAS scale in paper format Subjective eating rate category School

GOoPRO video cameras + The Observer XT  Annotation of eating behaviors on School & hospital

video annotation software video recordings of the meals: a) meal

duration (meal start and meal stop), b)
food additions, c) spoonfuls. These
annotations enabled calculation of
objective eating rate.
Neurologist conducting medical evaluation ~ Upper extremity tremor, brady- Hospital
/hypokinesia, dysphagia

BMI = Body mass index

VAS = visual analog scale

4.6.1 Weight and height scales

The weight and the height of all subjects that participated in the school and hospital meals
were recorded objectively by researchers with the use of weight and height scales. The
obtained weight and height data were later used to calculate the participants BMI (and BMI z-
scores in the school setting).

4.6.2 Food scales

To measure the objective food mass intake in both school and hospital lunch context, digital
portable food scales were used. The weight of the plate with food on as well as the weight of
the plate with leftovers on after the meal were recorded. By subtracting the weight of the
plate with leftovers on (after the meal plate weight) from the weight of the plate with food on
(before the meal plate weight), total meal food mass intake in grams could be calculated.
Water and milk intake were not quantified in the school lunch setting.

In the snack food experiment, each snack component (chocolate lenses, rice crackers and
seedless grapes) was placed on a separate food scale, allowing recording of food component
snack selection. By subtracting each individual’s snack leftovers, the total snack food intake
(grams) could be calculated. By use of the energy content (kcal per 100g) listed on the
packages of the chocolates and crackers and the database livsmedelsdatabasen (133) for the
grapes, total snack food energy intake (kcal) during the snack experiment could be calculated
(by multiplying the kcal per gram snack food with the grams eaten of each specific snack
food).
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During the hospital lunch, the meal was standardized with the same weight of potato salad
(4009), sausages (2009 sausages) and apple mash (200g) for all participants. By weighing
each individual food component leftover, subtracting that value from the original portion and
multiplying that value with the kcal content listed on the packages of each food component,
total energy intake during the meal from each food could be calculated.

4.6.3 MyBigO mobile application

Students who participated in the large-scale eating rate investigation could self-report their
weight, height, age, and sex in a mobile phone application (MyBigO). These data were used
to calculate the subjective BMI and BMI z-scores of each participating student. Additionally,
students also reported their subjective eating rate category in this application by selecting one
of five options: “Much slower than others”, “Slower than others”, “Similar to others”, “Faster
than others” or “Much faster than others”. Students who self-reported eating “Much slower
than others” and “Slower than others” were categorized into the eating rate category “Slow
eater” and those reporting eating “Faster than others” or “Much faster than others” were
categorized as “Fast eater”. Students reporting eating “Similar to others” were labeled as
“intermediate”. Similar categorization scheme has been used in previous studies on self-
reported eating rate (115).

46.4 VAS scale

During the school lunch, students were asked to self-report their fullness before and after the
meal, as well as how the food tasted (see Figure 7). The scale was 10 cm long and the dot
given as an answer was later measured with a ruler and transformed into a value ranging from
0 (Omm) to 100 (100mm).

3. How full do you feel right now?

o L &y Ve &,
¢ 77 #, ", tre
ap e e y ,?PG/
4. Overall, the food tasted...
[ ]
5-’( v, é‘}
fy Qp Q Qp (4
e, Y by "6 Y &0, ey
Vg o Ve,
Gd OOO(

Figure 7. The questionnaire that was used to assess fullness and food taste among the
participating students.
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Students’ subjective eating rate category was also self-reported on a questionnaire in paper
format in the school lunch study. Similar eating rate categories as mentioned above (in the
MyBigO application section) were used.

4.6.5 GoPRO video cameras & The Observer XT annotation software

To assess objective eating behaviors in both the school and hospital lunch meal contexts,
video recordings of each meal were used. Later, the videos were loaded into the computer
software “The Observer XT” and eating behaviors were annotated (see Figure 8). Meal
duration (meal start and meal stop), food additions and number spoonfuls were all recorded
with this method.

D03.501 - Event log
v o == BH e
Playback Control

CLOCK Camera 2 Session 1_Day 3.m#

"éz‘

W"" M

v e

Time Subject Behavior Comment
1410,64 D03.501.505 @ Spoonful
1410,64 D03.501.501 @ Mouthful
1411,29 D03.501.520 @ Spoonful
1411,36 D03.501.505 © Mouthtul
141193 D03.501.502 @ Spoontul >
141205 D03.501.520 @ Mouthful
1412.70 D03.501.502 @ Mouthful

Figure 8. Screenshot of the Observer XT software while annotating eating behaviors for the
school lunch study.
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4.7 STATISTICAL METHODS

Table 2 shows the statistical models that were used in the outcome analyses included in this

thesis.

Table 2. Overview of the statistical models used to in the included analyses in this thesis.

Analysis

Statistical model

School

Explaining variation in food mass intake

Eating rate and its relation to food intake

Food proximity and its relation to food and energy intake (experimental)

Hospital

Parkinson’s disease and its relation to food and energy intake

Clinical features of Parkinson’s disease and their relation for energy intake
Eating rate and its relation to food intake in Parkinson’s disease

Reliability and validity
Reliability of objective food mass intake and eating rate

Concurrent validity of self-reported eating rate vs. objectively measured
eating rate on an individual level

Concurrent validity of self-reported eating rate vs. objectively measured
eating rate on a group level

Free living
Eating rate vs. BMI z-scores

Multiple linear regression
Pearson correlation
T-test

Multiple linear regression
Multiple linear regression
Pearson correlation

Systematic change in the mean, intra-class
correlation, typical error of measurement
Cohen weighted Kappa

One way ANOVA

One way ANOVA

BMI = Body mass index

ANOVA = Analysis of variance

4.7.1 School setting analyses

Multiple linear regression was used to explain the variance in food mass intake during school
lunch. Food intake in grams was used as the dependent (response) variable while eating rate
(grams eaten/minute), number of spoonfuls, number of food additions, sex, food taste, change
in fullness (after meal fullness — before meal fullness) and BMI as independent (explanatory)
variables. Independent sample t-test was used to investigate the group difference in energy
intake between the two snack conditions and multiple linear regression was used for effect

size comparison.

4.7.2 Hospital setting analyses

Multiple linear regression was used to explain variation in the dependent variable single
lunch energy intake (kcal). The three groups (healthy controls, early PD patients and
advanced PD patients) were coded as three binary variables for each subject. The group
variables were tested with the potential confounding variables: sex, age, height, and
bodyweight in the primary outcome model. Sex had a significant effect on the primary
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outcome model and was included to control for confounding. Age, bodyweight and height did
not affect the primary outcome model and were therefore excluded. Additionally, outliers
were excluded based on having a Cook’s distance >4/n. Pearson correlation analysis was
conducted in each of the included groups between objective eating rate (grams/minute) and
food mass intake (grams).

4.7.3 Free-living setting analyses

One way ANOVA analysis was used for all statistical tests that were used to distinguish
differences in BMI z-scores among self-reported eating rate categories (slow, intermediate,
and fast) in the larger populations of Swedish and Greek high school students and to estimate
its relation to BMI z-scores. Bonferroni post hoc tests were conducted to assess specific
group level differences when the overall ANOVA model was significant.

4.7.4 Reliability and validity analyses

Cohen’s Weighted Kappa analysis was used to investigate the agreement between self-
reported vs. objective eating rate categories. Systematic change in the mean, intra-class
correlation and the typical error of measurement were used to assess the test-retest reliability
of food mass intake and eating rate between the two lunches (134).

4.75 Effect sizes

The variance explained in the dependent variable was examined by adjusted R squared in all
regression models as well as partial eta squared in all ANOVA models. For correlation
analyses, a correlation coefficient of 0.0-0.1 was interpreted as “trivial”, 0.1-0.3 “small”, 0.3-
0.5 “moderate”, 0.5-0.7 “large”, 0.7-0.9 “very large” and 0.9-1 as “nearly perfect”. For
categorical agreement analyses, a Cohen’s weighted Kappa value of 0-0.20 was interpreted
as “No agreement”, 0.21-0.39 “Minimal agreement”, 0.40-0.59 “Weak agreement”, 0.60—
0.79 “Moderate agreement”, 0.80—0.90 “Strong agreement”, and above 0.9-1 as “Almost

perfect agreement”.

IBM SPSS statistical software version 25-27 was used for all statistical tests in studies 1-3
and P < 0.05 was used as the threshold for statistical significance in all analyses.
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5 RESULTS

5.1 DESCRIPTIVE STATISTICS

In Table 3, the descriptive statistics for all the included samples in this thesis are shown.

Table 3. Descriptive statistics of the samples of participants that were included in the
different analyses included in the thesis.

Explaining Eating rate Eating rate Food proximity Parkinson’s Reliability and
variation in and its vs. BMI and its relation  disease and its validity of
food mass relation to z-scores to food and relation to food objective
intake? food intake®  (association)® energy intake and energy eating rate and
(experimental)© intaked food intake® P
Subjects, n 103 114 1832 41 64 50
Context School School Free-living School Hospital School
Age, y 16.7+0.6 165+0.8 158+0.9 16.8+04 624+78 16.7+0.6
Females (%) 59 (57%) 67 (58.8%) 937 (51.1%) 22 (53.7%) 29 (45.3%) 29 (58.0%)
Weight 61.8+12.1 62.0+11.7 66.6 + 18.0 62.2+10.1 80.8 +14.5 61.8+118
Height 170.3+95 170.1+9.8 169.9+10.1 170.9+9.7 172.1+9.6 168.7+8.9
BMI 21.2+32 214+31 23.1+6.0 21.2+25 272+43 23.1£6.0
BMIz -0.07 £1.05 0.04+1.01 047 +1.41 0.01+0.79 -0.07+1.05 0.08 +1.04

Presented numbers are mean + standard deviation if otherwise not specified.

BMI = Body mass index

5.2 RELIABILITY AND VALIDITY RESULTS

5.2.1 Test-retest reliability results for objective food intake

5.2.1.1 Food intake lunch 1 vs. lunch 2

There was no significant systematic change in mean food mass intake from lunch 1 to lunch 2
(-7.5g, 95% confidence interval: -43.1g to +28.0g). The intraclass correlation between food
mass intake during lunch 1 vs. lunch 2 was 0.74 (95% confidence interval 0.58 to 0.84),

while the typical error of measurement was 88.5g (95% confidence interval: 73.9 to 110.3) or
expressed as a coefficient of variation 26.1% (95% confidence interval: 21.4% to 33.5%). See

Figure 9A and 9B.
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Figure 9A. Scatter plot illustrating the association between food intake (grams) during lunch
1 vs. lunch 2 among the 50 students who came for repeated meals. Figure 9B. Scatter plot
illustrating the systematic change in mean (bold line), the typical error of measurement
(striped lines), as well as the individual level changes in food intake (grams) from lunch 1 to
lunch 2.

5.2.2 Test-retest reliability results for objective eating rate

5.2.2.1 Eating rate lunch 1 vs. lunch 2

There was a significant systematic change in eating rate (g/min) from lunch 1 to lunch 2 (+4.4
g/min, 95% confidence interval: +0.7 g/min to +8.1 g/min). The intraclass correlation
between eating rate during lunch 1 vs. lunch 2 was 0.73 (95% confidence interval 0.59 to
0.85), while the typical error of measurement was 9.1 g/min (95% confidence interval: 7.6 to
11.4) or expressed as a coefficient of variation: 24.9% (95% confidence interval: 20.4% to
31.9%). See Figure 10A and 10B.
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Figure 10A. Scatter plot illustrating the association between eating rate (grams/minute)
during lunch 1 vs. lunch 2 among the 50 students who came for repeated meals. Figure 10B.
Scatter plot illustrating the systematic change in mean (bold line), the typical error of
measurement (striped lines), as well as the individual level changes in eating rate
(grams/minute) from lunch 1 to lunch 2.

5.2.3 Concurrent validity results for subjective eating rate

5.2.3.1 Objective eating rate within subjective eating rate categories

When comparing the objective eating rate among the three categories of self-reported eating
rate (slow, intermediate, and fast), a significant difference between the groups was obtained
by the main effects ANOVA analysis [F(2, 111) = 7.104, P = 0.001, partial n? = 0.113].
Bonferroni post hoc comparisons showed that students who self-reported eating slower than
others had significantly slower eating rate (-13.7g/min, 95% confidence interval: -22.5g/min
to -4.84g/min; P = 0.001) vs. students who self-reported eating faster than others. However,
there were no significant differences in objective eating rate between students who self-
reported eating slower than others vs. intermediate, or between students who self-reported
eating intermediate vs. those reported eating faster than others (Figure 11).
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Figure 11. Objective eating rate among the three groups of self-reported eating rate (slow,
intermediate and fast). * = significant difference in objective eating rate vs. the group of slow
self-reported students. Error bars represent 95% confidence intervals.

5.2.3.2 Subjective vs. objective eating rate categories

The weighted Kappa value for self-reported eating rate categories vs. objectively established
eating rate categories was 0.31 (P < 0.001). The number of students who self-reported their
eating rate category similar to/different from the objectively established eating rate category
can be seen in Figure 12.

40



Self-reported
eating rate
category

M Slow

B intermediate
B Fast

25

20

NUmber of students

Slow Intermediate Fast

Objective eating rate category

Figure 12. Graph illustrating the number of subjects who self-reported their eating rate
category similar to/different from the objectively established eating rate category.



5.3 MAIN RESULTS
5.3.1 School

5.3.1.1 Explaining variation in food mass intake

Table 4 shows the hierarchy of explanatory variables associated with variation in food mass
intake during school lunch. The total model could explain ~77% of the variance in food mass
intake (Adjusted R? = 0.766) and eating rate (g/min) was the most powerful significant
explanatory variable followed by number of spoonfuls, sex, number of food additions, food
taste, BMI and change in fullness (in that order).

Table 4. Multiple linear regression model showing the hierarchy of explanatory variables for
variation in food mass intake during school lunch.

Explanatory variables Standardized B P
Eating rate (g/minute) 0.54 <0.001
Number of spoonfuls 0.43 <0.001

Sex 0.17 0.003

Number of food additions 0.16 0.003

Food taste 0.12 0.033
BMI 0.09 0.084
Change in fullness 0.00 0.954

Model was significant, p < 0.001, adjusted R2 = 0.766.

Standardized B = standardized b coefficients

p = the probability value

Change in fullness = fullness after the lunch meal — fullness before the lunch meal.

g =gram
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5.3.1.2 Eating rate and its relation to food intake
There was a significant “large” (R = 0.667) correlation between objectively measured eating
rate and food mass intake during school lunch (see Figure 13).

R2 Linear = 0.445
1000 o

Objective Food Mass Intake (g)

o] 20 40 G0 80 100

Objective Eating Rate (g/min)

Figure 13. The relationship between objective food mass intake vs. objective eating rate
during school lunch.

When dividing students into tertiles of eating rate (slow, intermediate and fast eaters), there
was also a significant difference in food mass intake between the three groups [F(2, 111) =
30.578, partial n2 = 0.355] (Figure 14). Bonferroni post hoc comparisons showed that
students in the “slow” objective eating rate tertile were eating 133 grams less food (95%
confidence intervals = -210g to -56g) vs. students in the “intermediate” objective eating rate
tertile, and 247 grams less (95% confidence intervals = -324g to -170g) than students in the
“fast” eating rate tertile. Furthermore, students in the “intermediate” eating rate tertile were
eating 114g less (95% confidence intervals = -191g to -37g) vs. students in the “fast” eating
rate tertile. Similar observations were found among both females [F(2, 64) = 14.653, P =
0.000] and males [F(2, 44) = 11.964, P = 0.001], when analyzed separately.
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Figure 14. Average objective food mass intake among the three tertiles of eating rate during
school lunch. Error bars represent 95% confidence intervals. * = significant difference vs.
Slow. a = significant difference vs. intermediate.

5.3.1.3 Food proximity and its relation to food and energy intake

Students who were participating in the distal snack food condition were eating significantly
less energy from snacks vs. students in the proximal condition (mean difference = -222.7 kcal
95% confidence intervals: -428.3 kcal to -17.2 kcal), Figure 15.
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Figure 15. The energy intake among student participating in the distal and proximal snack
conditions.

5.3.2 Hospital

5.3.2.1 Parkinson’s disease and its relation to food and energy intake

In the hospital lunch setting, multiple linear regression models showed that advanced PD
patients consumed significantly less energy during lunch vs. both early PD patients (b = -
202.7 kcal, 95% confidence interval: -329.2 kcal to -76.2 kcal) and healthy controls (b = -
162.1 kcal, 95% confidence interval: -285.7 kcal to -38.4 kcal) when controlling for sex
(Figure 16A and Figure 16B).
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Figures 16A and 16B. Average energy intake among female (16A) and male (16B) healthy
controls, early and advanced PD patients.

5.3.2.2 Eating rate and its relation to food intake among PD patients

There was a significant “moderate” correlation (r = 0.401, p = 0.001) between objective
eating rate and food mass intake in the total sample of participants in the hospital study
(Figure 17).
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Figure 17. Scatter plot illustrating the correlation between food mass intake (grams) and
eating rate (grams/minute) in the total study sample in the hospital study.
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However, when analyzing the three groups separately, the correlation between eating rate and
food mass intake was “very large” among the healthy controls (r = 0.703, p = 0.000, Figure
18A), while the correlations among early (“moderate” correlation, r = 0.326, p=0.161,
Figure 18B) and advanced PD patients (“small” correlation, r = 0.148, p = 0.523, Figure
18C) were weaker and not significant.

Group: Early PD Group: Advance d PD
Group: Healthy controls 2
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Figures 18A-18C. Scatter plots illustrating the associations between food mass intake
(grams) vs. eating rate (grams/min) among healthy controls (18A), early PD patients (18B)
and advanced PD patients (18C) included in the hospital study.

5.3.3 Free-living

5.3.3.1 Subjective eating rate vs. BMI z-scores

In the larger sample of students who self-reported their eating rate, self-reported eating rate
was found to be a significant explanatory variable for variation in self-reported BMI z-scores
[F(2, 1829) = 9.724, P<0.001, partial n? = 0.011]. Bonferroni post hoc test showed that
students who self-reported eating slower than others had 0.23 units lower BMI z-score (95%
confidence intervals: -0.43 to, -0.03; P = 0.021) vs. students who self-reported intermediate
eating rate, and 0.37 units lower (95% confidence intervals: -0.57 to -0.17; P < 0.001) vs.
students who self-reported eating faster than others (Figure 19).
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Figure 19. Boxplots illustrating BMI z-scores among the three groups of self-reported eating
rate (slow, intermediate, and fast). * = significantly higher BMI z-score vs. slow self-reported
eating rate group.

Similar results were obtained when dividing the total sample of students into Swedish (n =
748) and Greek students (n = 1084), [Swedish students: F(2, 745) = 5.955, P = 0.003, partial
n? = 0.012; Greek students: F(2, 1081) = 6.533, P = 0.002, partial n? = 0.016].

Bonferroni post hoc tests showed that Swedish students with “slow” self-reported eating rate
had 0.36 units lower BMI z-scores vs. Swedish fast eating rate students (95% confidence
interval: -0.61 to -0.10; P = 0.003). Furthermore, Greek students with slow self-reported
eating rate had 0.29 units lower BMI z-scores vs. Greek students with intermediate eating rate
(95% confidence interval: -0.57 to, -0.02; P=0.032), and 0.41 units lower vs. Greek students
with fast eating rate (95% confidence interval: -0.69 to -0.14; P = 0.001).

There was no significant difference between Swedish students who self-reported eating
slower than others vs. intermediate, as well as Greek students self-reporting intermediate
eating rate vs. eating faster than others (Figures 20A and 20B).
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Figures 20A and 20B. BMI z-scores among the three groups of self-reported eating rate
(slow, intermediate, and fast), among Swedish (n = 748, Figure 20A) and Greek (n = 1084,
Figure 20B) students.

When comparing the BMI z-scores among the three groups of self-reported eating rate (slow,
intermediate and fast) among the clinical sample of Greek high school students, there were no
significant group level differences.

5.3.4 Outcome synthesis

Table 5 summarizes the explanatory variables for food intake variation included in the
studies in a hierarchical structure, based on the explanatory power of each variable (with sex
added as a confounder in each model).
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Table 5. Explanatory power of variables included in this thesis for variation in food intake.

Variable Increase in adjusted R Square

Number of spoonfuls (hospital lunch) 0.31

Number of snack servings (snack) 0.29

Eating rate (g/min, school lunch) 0.23

Number of spoonfuls (school lunch) 0.19

Objectively measured fast eater (school lunch) 0.19

Desire to eat before the snack experiment (snack) 0.13

Food taste (school lunch) 0.12

Food additions (school lunch) 0.11

Eating rate (g/min, hospital lunch) 0.11

Food proximity (snack) 0.09

Advanced PD diagnosis (hospital lunch) 0.06

Levodopa dose® (hospital lunch) 0.03

Dysphagia (hospital lunch) 0.03

Height (school lunch) 0.02

Upper extremity tremor (hospital lunch) 0.02

Change in fullness (school lunch) 0.01
Self-reported fast eater (school lunch) 0
Subjective taste problems (hospital lunch) 0
Upper extremity brady-/hypokinesia (hospital lunch) 0
Height (hospital lunch) 0
Subjective smell problem (hospital lunch) 0
BMI* (school lunch) 0

BMI* (hospital lunch) -0.01

Upper extremity rigidity (hospital lunch) -0.01

Hunger before the snack experiment (snack) -0.01

'Food mass intake (g) was used as the dependent variable for the explanatory variables
gathered during the school lunch, while energy intake (kcal) was used as the dependent
variable for the variables in the snack food proximity experiment and in the hospital lunch
study.

2The increase in adjusted R squared is compared to only including the confounding variable
sex in the model.

3mg/kg/day

“BMI = Body mass index
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6 DISCUSSION

6.1 FEASIBILITY

The studies presented in this thesis support that objective measures of short-term food intake
are feasible to use outside the laboratory environment where they traditionally have been
implemented. More specifically, food scales and cameras can be used to record meal-related
eating behaviors, both in school lunch cafeteria environments (76,77) as well as in hospital
lunch environments (132). These objective methods could add important information related
to how people eat in such contexts in addition to being more accurate for the assessment of
short-term food intake (both energy and food mass intake), in comparison to the traditional
self-reported methodologies. Furthermore, the methods used can show accurate, detailed
estimations of energy intake from specific food components (78,132) — as it has previously
been shown in laboratory settings. Therefore, the methods used could partly solve the
problem of biased self-reported energy intake estimations (50), at least on a meal-to-meal
basis in semi-controlled settings. These objective methods are ideal to use in experimental
studies with short-term energy intake as the primary outcome. It could be argued that, when
enough resources are available, the objective methods used in this thesis should replace
traditional methods of dietary assessment in school and hospital lunch settings when the
research question targets lunch meal energy intake. These methods could also be utilized to
validate the traditional methodologies in such environments — i.e., self-reported methods to
investigate hospital lunch intake among PD patients (i.e., as used in (127)) or the school
lunch intake among students (i.e., as used in (135)).

6.2 GENERALIZABILITY

Some might argue that the generalizability of single-meal energy intake measurements is
limited to the single-meal context. This question can be partly addressed by use of a publicly
available dataset (136). The data were collected by Kevin Hall and colleagues during a four-
week long, inpatient, randomized controlled cross-over trial to assess the effects of an ultra-
processed diet on energy intake and body weight changes vs. an unprocessed diet (9). In this
study, food intake was carefully measured by the researchers during the whole study period,
thus estimating the energy intake with high accuracy (gold standard method). The dataset
includes more than 2000 meals and snacks collected from the included subjects. Energy
intake during a single lunch meal is a good predictor of total daily energy intake in this
dataset. In fact, single-lunch meal energy intake (from the first meal on the ultra-processed
diet) can explain approximately 90% of the actual two-week energy intake variation on the
ultra-processed diet (R? = 0.86, Pearson correlation = 0.93, see Figure 21A). In other words,
the results suggest that by measuring the energy intake during a single lunch, it is possible to
rank individuals in a group regarding how much they will eat during the upcoming two-week
period in a controlled context. Interestingly, single-lunch meal energy intake could also
explain ~30% of the variance in weight gain that occurred on the ultra-processed diet in this
study (R? = 0.289, Pearson correlation = 0.538, see Figure 21B). This highlights the utility of
experimental single-meal measurements to predict sensitivity of weight gain on “weight
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promoting” diets. However, it is important to mention that the activity level of each
participant was held constant in this study, and real-world heterogeneity in physical activity
level between subjects might have affected these outcomes (137).
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Figure 21A. Scatterplot showing the strong relation between the energy intake during a
single lunch meal on an ultra-processed diet vs. the total daily energy intake for the whole
two-week period on the ultra-processed diet. Figure 21B. Scatterplot showing the
relationship between the energy intake during a single lunch meal on an ultra-processed diet
vs. weight change after the two weeks of being exposed to an ultra-processed diet. Data
collected by Kevin Hall and his colleagues (9).

Our team has shown that the food mass intake during a single school lunch meal was enough
to rank students’ free living food mass intake (R? = 0.83), further suggesting that the
generalizability of objectively measured single meals is appropriate (138). This should be
contrasted with the current literature showing that self-reported energy intake, by use of FFQ
or 24h recalls, can only explain between 0-18% (R? = 0.00-0.18) of “real-world” energy
intake variation during a two-week period (48). That is why the objective methods used in
this thesis are suggested as better alternatives vs. the traditional self-reported methods if
energy intake variation is the main outcome of interest in nutrition studies. The results also
suggest that single-meal study designs might be proper to use when attempting to rank
participants according to their total daily energy intake.

6.3 EXPLAINING VARIATION IN FOOD INTAKE

6.3.1 Eating rate

Eating rate was the most powerful explanatory variable for variation in food mass intake
during school lunch. This finding suggests that interventions that aim to modify eating rate in
school lunch settings would potentially have meaningful effects on student’s overall food
intake. Indeed, a plethora of epidemiological studies has confirmed such positive association
between self-reported eating rate and risk of obesity (115). Furthermore, experimental studies
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have shown increased food intake due to fast eating rate vs. slow eating rate in laboratory
conditions (114). A randomized controlled trial that used a computer feedback system to slow
down eating rate among young people with overweight showed weight loss benefits vs. the
usual weight loss treatment (139). A simple intervention to improve the eating rate among
students could be to ensure that enough time is available for school lunch (140). For example,
a school intervention that either increases the time available to eat lunch or schedules recess
before/after lunch could have positive impact on students eating rate, energy intake and food
choices and should be investigated further (140). Furthermore, the importance of eating rate
for food intake regulation indicates that novel technological tools which help the user to slow
down their speed of eating, could be valuable for weight loss. It also suggests that school
policies that facilitate proper eating conditions (i.e., enough time to eat lunch without needing
to eat fast) could help student populations towards more balanced food intake. Interestingly,
in the hospital setting, the association between eating rate and food intake was reduced in
early PD (R = 0.3) and advanced PD (R = 0.1) vs. healthy controls (R = 0.7). Although our
study was not powered for such analysis, the results suggest that future studies in PD patients
should investigate the eating rate among PD patients further. Changes in eating rate during
the PD process (i.e., in an early and in an advanced stage) vs. a healthy population might be a
novel behavioral marker for PD development.

6.3.2 Number of spoonfuls

An interesting finding was the importance of number of spoonfuls in explaining variation in
single-meal food and energy intake (both in the school lunch setting (76) and in the hospital
lunch setting (132)). Based on this finding, number of spoonfuls could be a behavioral target
in nutritional interventions which aim to limit food intake in certain contexts, for example
young patients with obesity. A smartwatch (141) (or a smart fork as used in (142)) could be
utilized to provide feedback when the meal should be terminated based on a pre-decided
number of spoonfuls. Such feedback could also be valuable in other challenging situations,
like when eating out in buffet settings, where food is abundant and external cues might be
needed to reduce the effect of ad libitum food availability and variation, as well as the social
facilitation of eating, on food intake (59,143-145). Another case might be PD patients who
lose weight unintentionally, due to reduced food intake caused by their disease condition
(25). Feedback from technological devices regarding the number of spoonfuls needed during
a meal might facilitate increased food intake and help them reach energy balance more easily
(132).

The measurement of spoonfuls could also be used to regulate the speed of eating. For
instance, in a busy context such as a school lunch cafeteria environment, feedback from a
technological tool that could measure spoonfuls in real time (i.e., a smartwatch with such
functionality), could facilitate slower eating and thus lower food intake unobtrusively. This
might be valuable to people who tend to eat quickly in environments where food is available
ad libitum (i.e., buffet settings and school lunch cafeteria environments) and who are
therefore prone to eat more than what was willfully planned for.
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Future technological developments that can automatically count number of spoonfuls in real
time during meals would be valuable. One such effort is the development of the automatic
“bite” (i.e., spoonful) counter "Rapid Automatic Bite Detection” (RABID), Figure 22 (146).

Figure 22. Visual illustration of skeletal extraction for algorithm estimations of number of
spoonfuls during a meal by an early version of the bite/spoonful counting algorithm "Rapid
Automatic Bite Detection™.

RABID is an algorithm that was developed to detect bites (spoonfuls with food going to the
mouth) based on skeletal features extracted from videos of people eating meals. RABID has
shown excellent agreement vs. researcher annotators for number of spoonfuls during a meal
(R =0.91-0.96 depending on the food that was served) as well as the absolute meal duration
(R =0.99-1.0) on both an individual and on a group level. RABID has also been trained on
the hospital dataset included in this thesis with similar results for automatic estimation of
number of spoonfuls (Figure 23).
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Figure 23. Scatterplot illustrating the strong correlation between the video annotated number
of spoonfuls (gold standard) vs. RABID number of spoonfuls for the included PD patients in
the hospital study. Publication pending.

Today, RABID needs to run offline with previously collected meal videos to annotate the
temporal distribution of bites during a meal. However, with advances in computing
technology, such algorithms could run “real time” on future generations of smartphones, thus
enabling real time feedback on spoonful eating behavior to the user. They might be able to
count bites in real time without needing to share personal data (i.e., video recordings) outside
one’s own smartphone. The camera input could be automatically processed (extraction of
spoonfuls) inside the smartphone without personal data leaving the smartphone device. For
example, feedback on bite speed (bites/min) as well the absolute number of bites would be
helpful in buffet settings among people how need to limit their food intake in such contexts
(59,143-145).

Other novel technological tools have also been developed to detect spoonfuls automatically.
One such method is an algorithm that automatically detects bites (spoonfuls going to the
mouth) based on sensor signals collected from commercially available smartwatches (141).
This method has also been used by our collaborators to measure plate-to-mouth hand
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movement duration during meals among the PD patients who participated in the hospital
study in this thesis (141).

6.3.3 Food proximity

The results obtained in the proximity experiment (78) were in line with previous studies that
have investigated the proximity effect (147-151), with an effect size similar to the overall
effect size of all food proximity studies conducted so far (119). The snack study presented in
this thesis is one of the few food proximity studies that have been conducted in a “real life”
setting (119) and with objective measurements such as food scales and video cameras. Most
other studies have either been conducted in laboratory settings (i.e., (149,152)) or researchers
have manually counted food intake in real time during the experiment (148). Interestingly, the
proximity effect on energy intake in our study seemed to be caused by increased consumption
of ultra-processed snack alternatives (crackers: Proximity condition unstandardized B = 73
kcal, and chocolates: Proximity condition unstandardized B = 143 kcal), but not for the
unprocessed snack alternative (grapes: Proximity condition unstandardized B = 6 kcal). A
study conducted at a local child care center in a large gymnasium showed that both
unprocessed (carrot sticks) and ultra-processed (crackers) snack intake was increased the
closer children were sitting to the snack food (148). Similar observations were made in a
laboratory kitchen setting among college students (147). Both carrot and apple intake were
increased in the proximal condition vs. the more distal condition in that study.

6.3.4 Parkinson’s disease

Our results showed that advanced PD patients had lower energy intake during lunch vs. both
early PD patients and healthy controls when controlling for sex. This contrasts with an Italian
study that used a FFQ to assess energy intake (127). The study showed that advanced PD
patients reported higher energy intake vs. healthy controls, although they were losing weight.
Our results are also in contrast to those observed in a Swedish study that used 3-day food
records (128). This study found that PD patients who lost weight after 1 year follow-up had
increased their energy intake (year 1 vs. year 2) while PD patients without weight loss had
decreased their energy intake. A later publication by the same research group showed that
weight loss was associated with eating difficulties and a preference for soft food (153). This
finding is consistent with our results showing that the advanced PD patients were eating less
sausages (solid food) vs. healthy controls and that their lower energy intake could be
explained partly by their perceived eating difficulties (132). Furthermore, a study conducted
in Belgium that used 2-day food records, found that PD patients had similar energy intake as
the general population (154). The observed energy intake among the PD patients in the
Belgian study was similar to the energy intake observed in the Italian study (154).

Since all the findings mentioned above relied on self-reported methodologies, it is reasonable
to explain the difference in our study vs. previous studies based on this methodological
difference. The self-reported methods have been shown to give biased results related to
energy intake in the normal population (48,50). Furthermore, the PD patients included in the
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above-mentioned studies were elderly subjects who suffer from a neurological disorder that
might interfere with their ability to self-report accurately. Interestingly, PD patients with
cognitive decline were shown to experience more severe weight loss vs. those without
cognitive decline (155), suggesting that the self-reported energy intake estimations collected
in these studies should be interpreted with great caution. Additionally, cultural differences
might be present. More studies are needed to better investigate this discrepancy between our
study and the studies using self-reported methodologies.

6.3.5 Food availability

In the hospital lunch setting, the participants were served a relatively large portion size (800g
food mass consisting of 200g sausages, 400g potato salad, 200g apple mash) with food that
have a high energy density (> 2 kcal/g of food) while in the school lunch buffet, as well as in
the school proximity snack study, students could serve themselves in a buffet like setting with
food of varying energy density. Interestingly, although advanced PD patients were eating less
energy during lunch vs. early PD patients and healthy controls on a group level, they were
still eating a large quantity of calories during their lunch. For example, the Advanced PD
male participants had an average estimated energy expenditure ~2200 kcal (calculation based
on Harris Benedict Equation, male gender, light activity, age 64, weight 85.8kg, height
178cm) and in the current study they ate 911kcal (~40% of their estimated energy
expenditure) during the lunch meal. This suggest that serving large portions with high energy
density to weight losing PD patients might reduce their risk of unintentional weight loss.
However, the foods served in the hospital study were all ultra-processed food with poor
nutritional quality (156). This type of food has been associated with negative health
consequences (i.e., cardiovascular disease, cerebrovascular disease, depression and all-cause
mortality (157,158)) in epidemiological studies, perhaps independent of their association with
weight gain and obesity. Potential interventions that aim to better balance PD patients’ energy
intake should use unprocessed foods with high energy density instead.

6.3.6 Sex /gender

Sex (and/or gender) was a powerful explanatory variable for variation in food and energy
intake in all settings (R? = 0.20 in the snack setting, 0.22 in the school lunch setting, and 0.24
in the hospital lunch setting), with males eating more than females. This was expected based
on previous literature on sex differences in short term food intake (70,77). It shows that it is
important to account for sex/gender effects when analyzing differences in food intake
within/between groups. For example, if a study is conducted to investigate effects of an
intervention on food mass or energy intake, the groups of comparison should ideally have the
same proportion of males/females to account for this confounder. Alternatively, sex should be
added as a confounding variable in multivariate models to control for this expected
confounding effect on food and energy intake. If a large sample size is available, another
option would be to stratify the sample into two groups (males and females) and do the
outcome analyses in both groups instead of the overall population.
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The association between sex and food intake can be explained by that men have more fat free
mass (FFM) than women on a group level (of the same age), and FFM has been shown to be
a powerful explanatory variable for food intake (70,137). Furthermore, men are on average
taller than women and height is also associated with food intake (159). In our school lunch
dataset, height seems to have a similar explanatory power (R? = 0.17) as sex (R? = 0.22) on
food mass intake, but when combining both variables in a multivariate regression model, little
extra explanatory power is added vs. only adding sex to the model (R? = 0.25).

The effect of sex/gender can also be explained by cultural expectations on boys vs. girls
(160,161). For example, boys are expected to eat more food during public meals with mixed
groups of peers vs. girls (160). Thus, cultural expectations related to gender identity might
also partly explain the observed difference in food intake between men and women in our
studies (161).

6.3.7 Subjective taste

In the school lunch setting, subjective food taste (reported after the lunch meal) was the most
powerful subjective variable to explain variance in food mass intake. This is in line with an
earlier study that showed that post-meal taste rating was positively correlated with food mass
intake of a standardized meal (banana-colada frozen yogurt drink) in a laboratory setting
(162). Interestingly, pre-meal taste rating was negatively correlated with food mass intake
during the meal in that study. Unfortunately, we did not collect pre meal taste rating, so a
comparison is not possible. Other studies have manipulated taste ratings (i.e., palatability) by
adulteration (i.e., by adding spices such as cumin (162) or salt (163) to food) with mixed
effects on food intake.

6.4 LIMITATIONS

Although the methods used in this thesis were shown to be feasible to use in the described
school and hospital contexts, it is important to mention that larger scale implementation
would require resources (both equipment and study personnel) far exceeding those needed
when conducting research with FFQ questionnaires, as an example. School or hospital
personnel needs to be involved and such investigations require a large commitment from all
included parties to enable reliable data collection across a larger population of schools and
hospitals. It would also be challenging to implement the current objective methods in schools
that have less resources for projects like this vs. IEGS, since part of the school cafeteria
environment needs to be dedicated for the data collection during the days of the experiment
and school schedules need to be adjusted. It is therefore important to weigh the benefits of
using these objective methods vs. the traditional self-reported methods. With that said, if
valid and reliable results are of major importance, as well as the ability to capture eating
behaviors such as eating rate and number of spoonfuls in “real life” settings, then investments
should be made to use the current objective methods instead of the traditional self-reported
methods in school and hospital settings.
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For the school study, the specific food component selection and consumption was not
measured, and energy intake from the meal could therefore not be calculated. Since the foods
that were served (i.e., beef patties, potatoes, a variety of vegetables, brown sauce etc.) have
varying energy densities (kcal/gram of food), the food mass intake during school lunch might
not have corresponded to the actual energy intake. Future studies should measure the
consumption of each individual food component (as was done in the snack and hospital lunch
studies) to get a more meaningful outcome variable (i.e., kcal intake) vs. food mass intake.
With that said in the school lunch setting, eating behavior variables such as eating rate and
number of spoonfuls were shown to have similar explanatory power to those variables in the
hospital lunch study when energy intake was used as the dependent variable. The
generalization of the results obtained from the conducted regression models might therefore
still be valid. Furthermore, the liquid intake was not measured in the school lunch study.
Since students could drink water and milk freely, their food intake might have been affected
by how much they were drinking (164). Milk also contains energy and variation in milk
intake would have affected the total meal energy intake among the students (164). Future
studies should quantify liquid intake carefully to account for this limitation. Although acute
exercise/physical activity does not seem to have a major impact on subsequent energy intake
(30,165-167), longer-term (>1 week) physical activity level will influence habitual food
intake in most people (30,168-170). Future studies should measure the habitual physical
activity level of the participants and use this as a confounder in the regression models when
explaining variance in food intake. Additionally, the school included in the current lunch
study has high entry grade requirements and can be seen as a school with students of high
socioeconomic status. Therefore, future studies should expand the inclusion of schools to also
involve those with lower socioeconomic status students to get a better view of food intake
among students in the general population. Additionally, the sample included in the school
lunch study had a low proportion of students (14%) classified as overweight and obese
according to WHO cut-offs (171). For comparison, a representative sample of Swedish
second year high-school students had 25% prevalence of overweight and obesity according to
IOTF cut-offs (172). Since the use of WHO cut-offs results in a higher proportion of subjects
classified as overweight/obese vs. IOTF cut-offs (173), the representativeness of our sample
to the general high-school student population in Sweden can be questioned. One of the key
devices used in this thesis, the Mandometer®, is owned by a company, and its availability is
limited to researchers that are approved to use it by the company. The larger scale
implementation with this device in nutrition research is dependent on the willingness of this
company to support such research.

For the snack experiment, the serving of snacks during a school task in a classroom setting is
not common practice in Swedish schools. Perhaps the one-hour work task could better
resemble non-supervised group tasks done outside of scheduled lectures. The one-hour
timeframe might not be fully predictive of energy consumption from snack if the food
proximity exposure would be sustained for a longer time frame. It would be interesting to
conduct repeated measures of snack food proximity effects. Furthermore, the students who
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participated in the two conditions were randomized based on what class they were belonging
to. This was due to school schedule that could not be changed at the time of conducting the
study. Future research should instead randomize participants on an individual level into 1)
snacks proximal, 2) distal, or 1) snacks distal, 2) snacks proximal in a within-subject design.

For the hospital study, the main limitation was the unbalanced proportion of males-females in
the included groups of early and advanced PD patients as well as healthy controls. However,
the recruitment of male healthy controls of similar age and BMI was limited as well as the
recruitment of female PD patients (PD is more common in males (174)). Although we
controlled for sex in our models, future studies should better balance sex proportions in the
groups that are included to reduce the impact of this confounder. The sample size (n=64) was
limited to the primary outcome analysis (differences in energy intake among the included
groups of participants) and larger scale studies are needed to confirm our findings as well as
to investigate the explanatory power of disease related symptoms on food intake variation
with proper power. Our cross-sectional study design limits the implications of the observed
results. It would be interesting to examine whether the observed lower energy intake would
increase the risk for long-term weight loss and malnutrition with a prospective study design.
The strict inclusion/exclusion criteria resulted in a sample of PD patients with mild PD
symptomatology and younger age than a more general PD population (174). The results
might have differed if patients with advanced PD treatments such as duodopa pumps and
deep brain stimulation as well as patients with severe dysphagia had been included.
Furthermore, the meals were eaten in isolation, and might not resemble how most PD patients
eat normally, especially since they were eating in front of two video cameras as well as
having two smartwatches strapped to their wrists while eating.

For the free-living study, a relatively large sample size was achieved in both Greece and
Sweden. However, the schools do not represent the overall school populations in Greece and
Sweden. The weight, height, and age were all self-reported by the students to calculate BMIz
scores and might have resulted in some bias among students with higher BMI (175).

6.5 ETHICAL CONSIDERATIONS

This thesis involves recruitment of participants from two main populations: 1) school
students, and 2) PD patients. In the school and free-living settings, included students were
between 15-18 years of age. The recruitment process was conducted in a non-discriminative
fashion, since all students in the invited schools could participate independently of their BMI,
gender, or nationality. In the hospital setting, PD patients were recruited by neurologists at
Dresden University hospital. In this study, strict inclusion/exclusion criteria were used to a)
balance the age and other confounding variables between the three included groups: a)
advanced PD patients, b) early PD patients as well as c) healthy controls.

From a legal point of view, our research has been reviewed and approved by an ethical
review board in Sweden (in the case of the Parkinson’s study, a German ethical approval is
given as well). The included research participants and their legal guardians (in the cases of
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participants who are younger than 15 years) have been given information about the aim of the
research, the methods used, potential risks, and the responsible researchers. Participants were
giving their assent to participate. The participants were also informed that they could
withdraw their assent and stop their participation whenever they wanted, without the need to
give the reason why.

From an ethical point of view, it should be mentioned that since the participating students
were between 15-18 years of age, it is very important that ethical principles such as
“autonomy”, “to not harm” and “anonymity” are adhered to as well as to make sure that the
obtained results can be used to “do something beneficial to society” (in the current context
students in the same age range as the included research participants). This is also true for the
participating PD patients who are in an older age range and who might be extra vulnerable
due to their neurodegenerative health condition. More specifically, there is a risk for
perceived stigmatization among the students and the PD patients regarding their personal
health behaviors (i.e., how fast they eat, their BMI, potential problems handling the food
while eating etc.), especially if this information would be accessible to a potential “third
party”. Due to this reason, all sensitive personal data have been coded in a sense that it is not
possible to connect personal data to other “health data” — i.e., BMI, speed of eating, and
medication use (PD patients), without the use of a “decoding key” together with the data files.
The data and the decoding keys are stored in encrypted hard drives behind locked doors on
password protected computers. This is also true for all video recordings of the participants.
These safety measures should reduce the risk of personal data being in the hands of a third
party sufficiently.

Another ethical consideration is related to the communication of information to high school
students by teachers in the included school. Since the teachers could be considered as
authorities, the autonomy principle of the participating students might be challenged. This
could also be true for the PD patients with their doctors being in a similar authority position,
i.e., if the teachers (or doctors in the case of PD patients) put some form of pressure on the
students to participate. Some students might perceive their participation as a form of
obligatory task to receive “good” grades. In the case of PD patients, they might perceive that
their access to proper care and treatment could be affected. It could be argued that the above-
mentioned risks are worthwhile to take since the future value of the research (i.e.,
development of novel objective methods to measure food intake in special populations such
as students and PD patients) motivates the implementation of the studies and it is possible to
argue that it would be unethical to not conduct such research efforts.

The studies presented in this thesis were all conducted according to the ethical principles
outlined in The Declaration of Helsinki. Involved researchers informed the participants that
they could withdraw their participation whenever they wanted to, without giving the reason.
This information was given after the teachers presented the project to the students. This
supports that the autonomy of the students was better respected. The same was also true for
the PD patients. Another important argument for conducting our studies is that several other
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studies have been done (same school, same method, and same researchers) without
complications, which further indicates that the procedures were well accepted. In our studies,
there were no cases of students who reported perceived stigmatization or who wanted to quit
their participation. These studies have all been approved by different ethical review boards
(i.e., there have been different review board members during each ethical vetting). This
indicates that these studies follow ethical principles and adhere to the Swedish laws related to
research.

There are some additional ethical challenges to consider when scaling up the methodologies
used in the studies presented in this thesis. The use of video cameras to record eating
behavior in semi-controlled contexts such as the school lunch cafeteria could lead to
recordings of students who did not want to participate in the experiment (i.e., if a student who
did not consent to participate in the experiment enters the cafeteria environment while the
video recordings are ongoing). Since consent is needed to gather sensitive personal data such
as recordings of how people eat (including their face being visible while they are eating),
proper control of the environment by the responsible researchers is needed if video cameras
are to be used in such studies. In other words, the upscaling of similar studies to a larger
number of schools would require proper training of the responsible researchers at each school
site. With that said, it could be argued that the benefits of doing studies in semi-controlled
environments such as the school lunch context still outweighs the above-mentioned
drawbacks. Therefore, well-prepared, professionally conducted large-scale investigations of
eating behavior in naturalistic and semi-controlled environments should be encouraged. With
advances in computing technologies and mobile technological equipment such as
smartphones, video analysis could be conducted in real-time while people are eating (see
section “points of perspective”).

7 CONCLUSIONS

e Objectively measured single-meal food intake and eating rate could be used to rank
individuals in comparison to their peers.

e Subjective eating rate could be used to distinguish groups with slow and fast eating
rates in large scale studies but should not be used on an individual level.

o Objectively measured eating behaviors (number of spoonfuls, eating rate, number of
food additions/servings), the subjective factors food taste and desire to eat, as well as
the external condition proximity to food are all powerful explanatory factors for
variance in food intake and might be potential targets in future interventions that aim
to modify food intake.

e The internal disease condition advanced PD was associated with lower food intake
and potential interventions mentioned above might be helpful in this patient group to
normalize their food intake and reduce their risk of undernutrition.

o Further technological developments of these methods could give real-time feedback
on targeted eating behaviors that are related to food intake, that might help reduce the
risk of diseases related to over- and undernutrition.
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8 POINTS OF PERSPECTIVE

8.1.1 Next steps after the school lunch study

An interesting extension of the school lunch study presented in this thesis is to expand the
used protocol in more schools other than Internationnella Engelska Gymnasieskolan
Sodermalm (IEGS). IEGS is a high school located in central Stockholm area (the capital of
Sweden) and can be considered as a school with relatively high socio-economic status (SES).
The level of entry grades to IEGS programs are very high and the school is privately owned.
Therefore, it would be interesting to involve more schools, preferably located in lower socio-
economic districts in Stockholm, as well as in other cities in Sweden. A concrete example
would be to include high schools in the district Skarholmen since it is a district with a high
proportion of childhood obesity rates as well as being inhabited with people of low SES
(176,177). Our team has shown that the proportion of advertisements for ultra-processed food
is higher in the low SES area Skarholmen vs. the high SES area Ostermalm in Stockholm
(176). Studies in areas with lower socioeconomic status are valuable to reduce health
inequality related to lifestyle vs. higher SES areas.

Furthermore, additional school lunch studies could be expanded in other cities in Sweden as
well, having as long-term goal to examine a representative sample of the whole school
population of Sweden to track school lunches on a national level. Prospective yearly follow-
up studies could also be done to track high school students’ dietary habits in a more objective
manner. Such efforts would be of substantial value from a public health perspective, since
dietary intake of school children is heavily influenced by what and how much they eat during
school lunches. This information could be an important tool to use to inform public health
policies related to school lunches (178).

Such studies could also be utilized in a climate impact context. Our objective food intake
assessment methods could be used to track food waste - both on an individual level as well as
on a group/school level. Estimations of total school food waste at different stages of school
lunches (i.e., during preparation as well as during/after consumption) could be assessed
objectively and food waste interventions could be better planned based on this data. For
example, various changes in the school lunch buffet setting could be investigated in
randomized controlled studies to inform schools how to best set up their canteen environment
to reduce food waste and improve students’ nutritional intake.

8.1.2 Next steps after the school snack proximity study

A possible next research step would be to expand the experimental protocol from a snacking
situation (perhaps not so common during school hours) to the school lunch context (occurs
every day among students in Sweden). In this way, questions could be answered about the
effects of food proximity on students’ total lunch food intake (total food mass eaten and their
energy intake during lunch) as well as their food choices, when placing the food buffet close
(i.e., proximal condition/high effort condition, 1-2m away from students) vs. placing it in a
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separate room (i.e., distal condition/high effort condition). The outcome of such a study could
give meaningful information about how to better set up school canteen environments (140).

It would also be interesting to look deeper into students’ food choices (i.e., amount of
vegetables consumed vs. the amount of main dish consumed, similar to the analysis in (179))
as well as drink choices (i.e. amount of water or milk consumed). Experimental studies could
later change environmental cues/conditions that “nudge” students into better food choices
(118,180). A concrete example could be an experiment that manipulates food proximity and
investigates its effect on fruit and vegetable intake (foods that are recommended from a
public health point of view). Examining the proximity of fruit and vegetable location in
relation to students’ eating location could give worthy insights on students’ fruit and
vegetable intake (140). If proximity would have a positive effect, it could serve as an
important intervention in the school lunch cafeteria context to promote more healthy food
choices among students. Such experimental studies, if properly powered, could have real-
world implications for how the school cafeteria buffet environment is set up and might have
meaningful effects on students’ overall dietary intakes. If expanded to a larger number of
schools in Sweden, it could also have a positive public health effect in the long run.

As mentioned in the section of “next steps after the school lunch study”, an interesting aspect
of school lunch proximity intervention would be to investigate the effects on food waste and
the climate footprint of the school. For example, a relevant hypothesis to examine would be
that of food being served in a distal condition from students. If food is served more distal to
students (i.e., in a separate room), they might take more food on their plates when they serve
themselves (since it will take a considerable effort to add more food later) thus the risk of
food waste might therefore increase as well. Since food waste is an important topic for
schools (as well as for society at large, especially regarding its climate impact), it would be a
valuable addition to the food proximity literature that has mainly been related to its health
impacts until now.

8.1.3 Next steps after the hospital meal study

Since our study was not powered to conduct further analyses other than the primary outcome
of group level differences in energy intake, the next step would be to reproduce our initial
results in a larger scale study. Such study would preferably be conducted in more clinics and
perhaps also in other countries. It is important to mention that strict exclusion criteria were
applied in our study and the observed group level differences would most likely be greater if
more severe cases of PD patients would have been included.

Since our initial results suggest that upper extremity tremor seems to be an important
mediator of lower energy intake among advanced PD patients (132), it would be interesting
to record repeated meals among high tremor PD patients at different time points during the
day (i.e., when tremor is usually high in the day vs. when tremor is usually low in the day).
Energy intake during these distinct time points could then be correlated to severity of tremor
symptoms and compared to the energy intake among a group of healthy controls. If tremor
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would be shown to be an important mediator of lower food intake in such studies,
interventions could be carried out with the aim to educate advanced PD patients when in the
day it would be most suitable to place large meals to increase their total daily energy intake
(of course also dependent on PD medication schedule). Randomized controlled intervention
studies could also be carried out to test drugs or other forms of tremor therapies to assess if
such interventions could have a normalizing effect on PD patient’s overall energy intake and
energy balance.

Prospective studies would be needed to investigate if energy intake during a controlled
hospital lunch is predictive of long-term weight loss and malnutrition among advanced PD
patients. If that would be the case, a logical extension of our initial testing protocol might be
used in a clinical setting to assess PD patients who are at greater risk for weight loss and
malnutrition. It could aid the clinician to better screen for PD patients that might need extra
nutritional care during treatment.

Lastly, the methodology used in our study might also be used to assess PD patients at risk of
weight gain and obesity. For example, patients who undergo deep brain stimulation and who
start dopamine replacement therapy (excluded in the current analysis) often gain weight on a
group level. Our test protocol could preferably be used to assess eating behavior changes that
might occur during and after treatment in these groups of PD patients. The long-term aim
would be to capture individuals at risk and help them reduce unhealthy weight gain and
development of obesity during this stage of PD.

8.1.4 Next steps after the free-living study

Since it was shown that self-reported eating rate could be used as a proxy for group level
objective eating rate, a next step would be to include a similar questionnaire in larger scale
studies. Such studies should include multiple schools in different cities (and
districts/municipalities within the cities) in Sweden, since the questionnaire does not add
much cost to the current survey methodologies that are utilized by Swedish agencies, and the
adoption might therefore be appropriate (i.e., (172)). Examples would be the Swedish
population-based survey “Riksmaten ungdom” (172) or “Skolbarns halsovanor” that is
conducted by the Swedish Food Agency and The Public Health Agency of Sweden (181)
respectively. They could include self-reported eating rate in future population-based surveys.
Such inclusion would add another dimension (eating behavior) to these surveys. Differences
in proportion of students with fast self-reported eating rate between schools could be
investigated. Such investigations could facilitate school-based interventions, to reduce the
speed of eating among students, through elongation of the scheduled lunch breaks in schools
with a high proportion of students with fast eating rate. Such surveys could be included in
population-based research in other countries around the world as well.
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