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Learning macronutrient assessment skills can support improved health outcomes and overall wellbeing. We
conducted two Mechanical Turk studies to investigate how users might benefit from the crowd’s input in
macronutrient assessment education. We first determined whether the wisdom of the crowd alone would
provide users with enough insight to arrive at accurate macronutrient estimates. Next, we tested two methods
of teaching macronutrient assessment skills (Comparison and Decomposition) and analyzed their effectiveness.
Results from these studies indicate that while the crowd alone may not be sufficient to support this type of
education, users may yet benefit from access to community-generated photos and labels while they use either
the Comparison or Decomposition strategy.
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1 INTRODUCTION

Unhealthy eating contributes to the global obesity epidemic, which was declared a major health
problem by the World Health Organization in 1997. Nearly 10% of the world’s population was obese
in 2015 and studies indicate obesity numbers have tripled between 1975 and 2016, further pointing
to the growth of this problem [19, 38]. Additionally, data from the Centers for Disease Control and
Prevention in 2019 shows there are now 12 states in the US with adult obesity prevalence at or
above 35%, which is up from nine states in 2018. Furthermore, this is projected to increase with
the impact of COVID-19 [62]. Prior research indicates that a significant reason why people make
unhealthy food decisions is low nutritional literacy with particular emphasis on people’s inability
to accurately estimate the nutritional composition of a meal [46].
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Nutrition literacy and the ability to estimate the nutritional components of meals is particu-
larly important for obesity prevention and reduction as well as the self-management of chronic
conditions that frequently co-occur with obesity such as diabetes, kidney disease, and cardiovascu-
lar diseases [18, 44, 75]. Managing these conditions often requires dietary restrictions of specific
nutrients, such as carbohydrates or sodium. However, in order to integrate these changes and
restrictions, an individual needs to be able to identify and estimate the quantity of these nutrients
in foods. The ability to estimate different food groups or macronutrients, particularly carbohydrates
(sometimes referred to as “carb counting”), in a meal directly impacts glycemic values, overall
weight, and one’s wellbeing [72, 74].

Previous studies have shown that estimating nutrition in meals presents considerable challenges
for everyone. For example, people with low literacy have difficulty interpreting nutrition fact
labels [10], often leading to the miscalculation of the amount of consumed nutrients [15, 41, 70].
Furthermore, even professional dietitians find making accurate nutritional estimations difficult.
Expert dietitians tend to underestimate portions, and therefore calories, of large meals [13]. Prior
research has demonstrated that healthy eaters underestimate calories more than unhealthy eaters
[12]. Complex meals with many components and ingredients add another layer of difficulty with
nutrition assessment and further demonstrate why this is a universal struggle and not one that only
groups with low literacy or poor numeracy skills face. To address this significant challenge, apps
and games to support nutrition tracking and estimation have been created [4, 36, 37]; however, as
the “Related Work” section will clarify, current tools have clear limitations. Solutions created to
target nutrition estimation have primarily focused on the tracking of foods consumed throughout
the day via two specific approaches to logging of meals and/or meal components that are: 1)
utilization of nutrition databases, and 2) image analysis of submitted user-generated meal photos.
Unfortunately, both of these approaches suffer from problems and unintended consequences. While
large nutritional databases such as Nutritionix include a vast amount of common foods, grocery
and restaurant items, research has noted a trade-off between the burden of logging meals and the
accuracy and completeness of meal logs [52]. Currently, the application of user-generated meal
photos has been limited by either lack of nutrition data for the photographed meal [20, 59] or the
need to employ an extensive number of people to assess the meals [31].

These constraints suggest that users need more assistance with nutrition estimation [9] to
minimize many of the issues in current technology-assisted solutions and to truly facilitate nutrition
knowledge and healthier eating. One promising area for examination is a human-in-the-loop
solution for nutrition estimation. Despite the difficulties everyone (even experts) face with accurately
estimating the nutrition of a meal, prior work has proposed that the wisdom of the crowd might
be applied to lessen the burden of making healthy food decisions [40]. It was thus wondered if
users could make correct estimates or nutrition and meal choices with the help of one another
(i-e., through access to the crowd’s wisdom). Building on a prior study from 2011 by Noronha et
al. [59] that used a complex system of Mechanical Turkers to estimate user’s meals for them, our
first study (Study 1) examined if a more lightweight use of the crowd, via a community board (CB)
that presents the most commonly-selected meal choices, could assist users enough to help them
arrive at the correct choice. Results from Study 1 suggested that users could not make the correct
nutritional estimation choice with access to the untrained crowd’s insights alone. We hypothesized
next that the crowd might yet be able to provide benefits assuming users were taught a nutritional
estimation strategy at the same time.

In our subsequent study (Study 2), we developed two approaches to teaching nutrition estima-
tion, referred to in our study as Decomposition and Comparison, that were based on previously
established educational methods. Conducted with Amazon Mechanical Turkers, Study 2 examined
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the effectiveness and experience of both approaches versus a control group. The element of crowd-
sourcing in this study was derived from an approach suggested by prior work in meal tracking [63].
This approach consists of crowdsourcing meal photos and then having multiple users evaluate them
through participating in the educational activities, which has the potential to produce a burgeoning
database of real world meal photos with corresponding nutrition assessments. With time, these
meal photos might be leveraged to fill a gap in the current approaches to meal/meal component
logging.

We found that user learning improved in both experimental conditions compared to the control.
Additionally, despite concerns about their accuracy, users felt both educational strategies were
relatively easy and useful. Overall, this work identifies several lessons learned to inform the design
of future collaborative apps for macronutrient assessment education.

The contributions of these two studies include:

o A lightweight version of the crowd alone is not able to support the lay user enough in
identifying the correct macronutrient assessment from a meal photograph.

e Improvement in carb estimation skills can be seen when users are taught either the Decom-
position or Comparison strategies using our novel application. We used two evidence-based
approaches to macronutrient estimation with crowdsourced meal photographs to inform
future work addressing limitations present in previous solutions.

e User feedback points to the potential for crowdsourcing meal photos and labels from users
trained by either strategy in supporting future macronutrient assessment education and
inspiring healthier eating.

2 RELATED WORK
2.1 Scanning or Selecting Food Items From a Nutrition Database

The first class of nutrition tracking and food estimation apps relies on using the structured recording
of meals by scanning barcodes from pre-packaged foods to select food items/meals from nutrition
databases [2, 57, 60]. This approach is commonly employed by popular commercial apps like
MyFitnessPal and has been used in many past studies [37, 42, 50, 64, 66]. Prior work by Siek et
al. [77] used an electronic food intake monitoring application for patients with chronic kidney
diseases to report their food intake through barcode scanning and voice recordings. They found
that only 60% of the food items scanned through barcodes could be identified because the open
source food database lacked variety of food items that were available at low-cost stores [75, 76].
Furthermore, nutrition databases tend to be concentrated on commercial and fast food items and
lack many ethnic and homemade foods, which are often healthier than easy to track items [16, 87].
Moreover, even if databases contained a sufficient breadth of foods and information, studies have
shown that selecting meals from nutrition databases often leads to inaccurate records, as individuals
often select meals that only loosely resemble their own [71].

One mobile app named Pirate Bri’s Grocery Adventure uses a nutrition database to support
healthy food choices. Users are intervened on at the time of shopping for groceries, inspired by
research that shows apps leveraging real-world decisions increase users’ nutrition knowledge and
self-efficacy (7, 8]. This gameful app has a pirate dog nutritionist present food literacy challenges,
and as the users fill their carts they are prompted to visualize each item’s macronutrients (e.g., carbs,
proteins, etc.) using colours that highlight low, moderate, or high amount. However, the items in
their “carts” are limited to only scannable items. For non-scannable food items the user needs to
input the food item and its associated nutrition manually, which increases the burden of logging
and requires a level of literacy in order to properly identify the non-scannable items correctly. Since
barcodes are only available for pre-packaged foods, other studies have shown that an unintended
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consequence of using these types of apps is that individuals will opt to increase consumption of
less healthy pre-packaged foods, as opposed to homemade meals, to simplify data entry [3, 22].
Carb Counting with Lenny is an alternative app in which users are taught carb counting via single
player or online competitive games [53]. Users can try building a meal that meets a particular
target value of carbohydrates, as well as guess which food item has more carbohydrates. In another
mini-game, users guess whether a displayed food is an example of a carbohydrate or not. There
is also a food guide available that simply lists the carbohydrate amount and serving size for each
image in a library of food items. It is possible to add custom pictures of food items, but the user
must provide the associated data. Apps like Carb Counting with Lenny and Pirate Bri’s Grocery
Adventure are a great start toward building macronutrient assessment skills, but the food and meals
used as exemplars are limited in scope. For Carb Counting with Lenny, the app does include a means
for users to submit their own food entries, but the overall database is limited and consists of mostly
“typical” Western foods. This lack of diversity might not translate well to real world situations for
many users.

A study by Merler et al. [54] created a large data set of “in-the-wild" food photos from crowd-
sourced mechanisms and ultimately made one of the largest food databases of photos from real
people. However, a limitation of this work was the focus on capturing photos of only single food
items and not full meals. By not capturing full meals, this work missed an opportunity to address
another commonly-identified issue with the nutrition database approach, i.e., that food item/meal
component logging does not reflect the reality of how people most frequently tend to eat—complex
meals that consist of numerous food items. The need to log each individual component is not only
time consuming and error prone, but it also does not reflect actual eating habits. As a result, this
approach often does not translate well to the nutrition estimation of full meals.

2.2 Image Analysis of User-Generated Meal Photos

An alternative set of solutions have focused on having users track their intake by uploading a photo
of their meal and estimating the nutrition in their meal using the image. Prior work has utilized
wearable devices such as SenseCams to automatically capture meal photos [82] and reduce the
burden of taking meal photos. Similar tools analyze the meal images using a variety of methods that
include using a group of experts like registered dietitians, the general public through crowdsourcing,
and more recently through applying computational image analysis techniques [5, 54, 55, 68, 69].

Common approaches include using machine learning algorithms to recognize components of
meals based on training datasets of images of meals labeled by experts or crowd workers. For
example, [68] used a convolutional neural network (CNN) approach in conjunction with a computer
vision system to improve food labeling and calorie estimation performance. This approach included
segmentation of the image using computer vision and then classifying different segments according
to their nutrition using CNN. This team used a labeled dataset of restaurant meals to train a
CNN-based multi-classifier that associated depth of each pixel from a single RGB image to the
volume of food depicted in the image [55]. The classifier was then applied to non-restaurant food
images to arrive at their caloric estimation [54].

In the recently-developed GlucoGoalie, an app focused on providing personalized nutrition goals,
users upload images of their meals that are assessed by registered dietitians for their macronutrient
content. Once enough meals have been recorded and estimated, GlucoGoalie [27, 31] uses an expert
system to generate nutritional goal recommendations for people with type 2 diabetes who are
working on controlling their blood glucose (BG) values. The app uses a machine learning algorithm
for detecting patterns of association between nutrition in user-uploaded meal photos and changes
in BG values. An example of a personalized goal created from GlucoGoalie is: “For high carb lunches,
decrease your carbs to be about 2.5 carb choices (38g). For example, 1 carb choice is 1 slice of whole
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wheat toast, 1/3 cup of plantains, or 1/3 cup of brown rice” These recommendations include both
the basic carb counting method that uses carb choices, which are based on food exchange lists, and
the more advanced method that uses grams [23] and include examples for people less familiar with
using these approaches. Through the expert knowledge that is incorporated in these nutritional
goals and examples, the app intends to provide the user with the knowledge to accomplish these
goals and learn from them as they go through trial and error with their own everyday meals.

Since GlucoGoalie is based on the users’ submitted meal photos, the meals are quite diverse and
personally meaningful, but the app has its own set of limitations. Users have reported becoming
frustrated at the need to photograph all their meals prior to eating, essentially watching their food
get cold and requiring patience from meal companions. This finding is similar to results of a 2015
study on a lightweight photo-based food journal by Cordeiro et al., that showed barriers to taking
meal photos were forgetting, too high a level of difficulty, and feelings of stigma when eating
outside the home [20]. These barriers were further validated in a study published the subsequent
year that was also conducted by Cordeiro and additional researchers [22]. Furthermore, in this
approach, while personally meaningful, since the nutrition evaluation is based on their meals, users
are not learning from a variety of foods and might not be well positioned when faced with foods
that are not included in their regular routines.

A different area of research has used 3D shape reconstruction to identify volumes of different
foods within identified segments and thereby arrive at nutritional composition of foods using a
nutritional database. Anthimopoulos et al., [5] used this approach to develop a smartphone solution
for helping individuals with type 1 diabetes estimate carbohydrates in their meals [69]. These
approaches that rely on computer vision has important advantages, as they only require their users
to photograph their meals, thus minimizing user burden associated with meal logging. However,
these approaches continue to be limited in their ability to recognize a wide variety of meals with
ingredients that may not be visually apparent [47, 68, 86]; limited to commercial, and/or fast food
chain items or food items belonging to a predefined food category [16, 87]; or limited in focusing
on outcomes on one nutritional aspect such as estimation of calories [48, 55, 56] or portion sizes
only [14, 15, 58], or one particular population with limited generalizability [5, 25, 26].

2.3 Methods for Teaching Nutrition Estimation

Since many prior apps include elements of teaching nutrition estimation skills, for study 2 we sought
to examine traditional strategies from the literature to guide the development of our approach to
teaching nutrition estimation. The most commonly used strategy in nutrition education practice is
called MyPlate [61], and is currently the method advocated by the U.S. Department of Agriculture
(USDA). In the MyPlate method, people learn to identify food groups, and then are able to use the
MyPlate visual (e.g., a plate of food that consists of icons representing an appropriate amount of
each food group that should be eaten) to help them eat similar portions of each food group on their
own plate [39]. MyPlate visually depicts how a person’s meals should generally look, allowing for
comparison to their actual plate of food. Prior work has found this approach is frequently used with
young children and college students making it well suited for adults of all literacy and numeracy
levels [43, 84, 85]. For our study, we developed a process rooted in the MyPlate method, referred to
as Comparison from here on.

Another well established strategy for nutrition estimation was developed for the context of
chronic disease management and is based on the strategy long used to assist people with diabetes
(primarily type 1 diabetes) with estimating their meals and nutrition, as this is a key element of
their treatment plan, called carbohydrate (carb) counting [79, 80]. In carb counting, people break
down each meal into its macronutrient components (e.g., carbs, proteins, fats, etc.), with a focus
on carbs, and estimate the amount of each in every meal [49]. Through this approach, people
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track how much of each macronutrient they consume throughout the day and are able to make
adjustments to their choices based on their daily running totals [33]. This approach (referred to in
this paper as the Decomposition approach) is much more complex and involves numerous multi-
step calculations, which can be difficult [32, 51]. However, the Decomposition approach also has
been used in much of the aforementioned prior work in this space. The Decomposition approach
is also more concrete than the Comparison approach because it involves closely examining the
individual components of the target meal. In contrast, the Comparison approach involves making
an educated guess about the target meal by way of considering a similar meal. It is thus possible
that the Decomposition approach could be more effective. Despite the frequent application of both
strategies, there are not any side-by-side assessments to examine if any measurable advantages or
disadvantages exist when applied to digital solutions. As the Decomposition strategy assesses meals
in terms of macronutrients (and not food groups), we modified MyPlate’s Comparison strategy to
also be in terms of macronutrients to facilitate our comparison.

Prior work (such as Carb Counting with Lenny and GlucoGoalie) has already leveraged the carb
counting method in different ways. In our work, we aimed to distinguish carb counting from the
Comparison strategy and explore user feedback relating to features that support greater learning
and engagement through a social context. While Carb Counting with Lenny has a social component
in that users can play games against each other, this is only in the context of competition through
mini-games and does not include features that allow for people to actively learn from one another.
This also applies to GlucoGoalie and Pirate Bri’s Grocery Adventure, since they have no features
to support social interaction. The studies presented here thus present a start toward filling the
research gap around the impact of the crowd on learning nutrition estimation. Finally, it is unclear
that users are able to reliably learn from these experiences, or if there are other learning strategies
that may be useful. Past work has expressed doubt that these types of apps and their approaches
would result in engaged learning [45, 63], and/or in better learning than traditional educational
websites and modalities [78]. Recording user feedback and assessing whether (and to what degree)
the Decomposition or Comparison strategies could actually result in learning were thus both
important research goals.

3 STUDY 1: (NOT) LEARNING NUTRITION ESTIMATION FROM THE CROWD
3.1 Research Questions
Our research questions for Study 1 were as follows:

(1) Does practicing nutrition estimation with access to crowd answers and reasoning (i.e., the
community board) improve users’ nutrition estimation skills?

(2) How frequently do users perceive the crowd answers and reasoning to influence their final
choice?

(3) How does exposure to incorrect information from the crowd answers and reasoning influence
users’ final choice?

3.2 Methods

3.2.1 Meal Photo Dataset. Study 1 relied on an existing dataset of 73 “in-the-wild” meal pho-
tographs labeled with macronutrient and health goal suitability information [27]. The photographs
were collected (initially unlabeled) by users participating in a series of meal diary studies. The
photographs were annotated by a team of 20 nutrition experts who were recruited via flyers given
to local university nutrition programs. All experts had to have earned the registered dietitian (RD)
credential to serve as an expert.

Expert annotations included macronutrient assessments for each meal. This meant an RD expert
would estimate the amount (in grams) of protein, carbohydrate, fiber, and fat in the meal based on
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a meal photo and an accompanying short description of the meal components. Meal photos were
then grouped into sets of four that correlated to a relevant health goal. The experts also ranked
these sets of meal photos in terms of their suitability for achieving this health goal. For example, if
a user’s health goal was to manage type 2 diabetes, the associated nutritional goal was to decrease
carb consumption. For each set of four meal photos, expert RDs ranked the photos in the following
way: one best choice, one second best choice, and two equally less desirable choices. Rankings
were based on the content of their macronutrient assessment. Each goal had 5 unique sets of meal
photos associated with it. A final check was done by the study team to assess for photo resolution
quality and content clarity.

3.22 App Development and Onboarding. We developed a mobile (Android) app to test our hy-
pothesis that lay users might be able to make healthier meal choices for a particular health goal if
they could see what the crowd (e.g. majority) believed to be the correct choice. We followed the
same recruitment process as in similar prior work studying meal and nutrition assessments by lay
users [63] and made the study available on Amazon Mechanical Turk and social media sites for
volunteers to sign up. Participants (30F, 38M; N; = 68) were screened with the following inclusion
criteria: 1) own an Android device, and 2) be 18 years of age or older. After accepting the terms of
the study found in the consent form (approved by the IRB from the researcher’s university), they
downloaded an APK file and installed the app on their Androids. They were then directed to (1)
take a pre-test, (2) use the app, and finally (3) take a post-test and experience survey to complete
the study. The pre- and post- tests helped us determine if using the app resulted in nutritional
learning. All participants were paid $6 for their participation with an expectation to complete the
study between 20 to 30 minutes.

3.2.3 Using the App. Through the app, users participated in five rounds in which they attempted
to select a meal photo that best fit a particular health goal. There were a total of four health goals
in the app, each with a brief background story as to why a particular nutritional goal should be
pursued. For example, “X has Irritable Bowel Syndrome. Their daily life is greatly influenced by the
way their digestive system behaves. One part of their treatment plan is managing their diet. Their
dietitian has given them the goal of increasing the amount of fiber in their diet.” The other three
stories and goals were: training to run a marathon (associated nutritional goal: increase carbs);
managing type 2 diabetes (goal: decrease carbs); and dealing with overweight (goal: decrease
fat).

During each round, they could choose one of four meal photos that they felt best fit the goal (see
Figure 1). Each meal photograph was accompanied with a text description of its contents (e.g., fat
free Greek yogurt with one cup of grapes and a coffee). The meal choices shown were randomized
within each round, as well as the order of the rounds themselves. Users were ultimately shown
twenty meal photos overall (five rounds with four unique photos per round). Figure 1 shows an
example of four meals that was associated with the nutritional goal of decreasing carbohydrates.
As illustrated in Figure 1, meals that were similar in nature (e.g. [1] yogurt with fruit and coffee;
[2] yogurt, bread, boiled eggs, and fruit; [3] nuts and fruit; [4] cashew nuts) were chosen for each
round.

After they selected the meal photo that best fit their goal, they could view what other members
of the crowd had selected as their choices through a Community Board (CB) as shown in Figure 1(a).
The CB also displayed why each member of the crowd made that choice (e.g. their reasoning) as
shown in Figure 1(a) and (b). After viewing the CB, they could then change (or not change) their
answer based on this information. Figure 1 displays an example of what the user saw during this
process. Users were informed that the CB was made of contributions from their peers (not trained
experts).
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Fig. 1. An example of how the Community Board (CB) information was shown to a user in the mobile
application from Study 1, which could result in that user changing their individual opinion. In every round,
users could view how the crowd ranked each of four provided meal photos in fitting a particular nutritional
goal (1a). Reasons for those rankings were also provided next to the meal photos and could be “scrolled”
through by clicking the forward and backward buttons. After viewing the crowd’s opinion, users could change
their answers by clicking on a checkbox associated with a particular photo (1b) and finally confirming their
answer (1c).

Since the CB was based on crowdsourced evaluations by untrained users, the CB did not guarantee
correct information at all times. The CB simply represented the wisdom of the untrained crowd
(or lack thereof). In two of the five rounds this issue was realized, as the crowd wisdom selected
the wrong meal photo as the best choice for the goal. However, the meal photo dataset itself was
provided to us with expert annotations that included ordinal ranks for how well each meal fit a
particular health goal. We thus were able to determine how accurate a particular user or the overall
CB was (i.e. how close their selections matched with trained experts).

3.24 Recall Post-Test and CB Experience Survey. We were interested to see if users learned anything
from the CB experience (Research Question 1), what their perceptions were (Research Question 2),
and if exposure to incorrect information from the crowd influenced users’ final choice (Research
Question 3). To gather this information, all users took a pre- and post-test outside of the mobile
application.

The pre-test consisted of questions where users had to identify which of two meal photos better
fit a specific macronutrient-focused goal (e.g. which meal was higher in carbohydrates) — similar to
Figure 3. Participants did not receive feedback on the accuracy of their responses. Like the pre-test,
the post-test macronutrient assessment presented users with a photograph and brief description of
two meals and asked them to select which better fit a given macronutrient goal. Two questions
related to the CB experience were posed to the users: 1) How often did you agree with the rest
of the community? (Research Question 2) and 2) Did the community board influence your final
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meal choice? (Research Question 3). User responses used a scale with six choices that consisted of
‘Always;” ‘More than half of the time;” ‘About half of the time;” ‘Less than half of the time;” ‘Never;’
and ‘I did not look at the Community Board.

3.3 Results

Sixty-eight participants’ ages ranged from 18 to 65 with a median age of 25-34 years old. Participants
were evenly split across gender (44% female) and education (50% above high school/GED). Most
participants reported not working professionally in nutrition (75%) and having no prior experiences
with using health applications (60%). In choosing which goal to select, participants preferences were
relatively evenly distributed across each of the four options: ‘Type 2 Diabetes’ (27.9%), ‘Weight-loss’
(27.9%), ‘Running a Marathon’ (27.9%), and ‘Irritable Bowel Syndrome’ (16.2%). All participants
averaged around 7 minutes and 12 seconds to go from round 1 through 5 in the app (with the
longest lasting 20 minutes), excluding the time taking the pre and post-tests.

No statistically significant learning (recall or transfer of learning) occurred in any of the groups
from pre- to post-test. User experience with the CB also did not vary significantly across any
demographic categories. As described in the study methodology, two main questions were asked to
assess whether viewing the CB’s information had an impact on the users’ choices selecting a meal.
In responding to the first question, “How often did you agree with the rest of the community?,” 17
out of 68 users (25.0%) selected ‘Always;” 29 users (42.6%) chose ‘More than half of the time;” and
13 users (19.1%) selected ‘About half the time. ‘Less than half the time to never’ consisted of the
remaining 9 users out of 68 (13.3%).

The second question, “Did the community board influence your final meal choice?,” resulted in
16 out of 68 users (23.5%) selecting ‘Always;’ 11 users (16.2%) choosing ‘More than half of the time;’
and 16 users (23.5%) selecting ‘About half the time. ‘Less than half the time to never’ consisted of
the remaining 25 users out of 68 (36.8%). In addition, 31 out of 68 (45.6%) users changed at least
one of the five answers after reviewing the crowdsourced opinions of the CB. Among the 31 who
changed their meal choices, 25 of them ended up going from an incorrect to correct answer (80.6%
among those who changed answers; 36.8% out of the total 68 users). Among the 31 users who
changed answers, 21 changed their answers in more than one round (38.7%). One user changed
their meal choices in four out of the five rounds, which all led to a correct answer.

Among the five randomized rounds each user played, 38 participants (out of 68) were exposed
to CB results that displayed the wrong meal as the “best meal” for two out of the five rounds. In
other words, the meal chosen by the majority of the CB did not match the meal that the experts
labeled as best fitting the nutritional goal. Among those 38 participants, 24 (63.2%) started with
the wrong meal choice. After exposure to the incorrect CB information, they remained with the
incorrect meal choice for either one or both of the two rounds. Ten (41.7%) went from incorrect
meal to incorrect final meal choice post CB exposure for both of the two rounds. The remaining 14
(58.3%) went from incorrect meal choice to incorrect final meal choice after CB exposure for one
round of the two rounds that displayed incorrect CB information.

4 STUDY 2: ASSESSING STRATEGIES FOR LEARNING CARBOHYDRATE ESTIMATION
THROUGH DIGITAL INTERVENTION

4.1 Research Questions

Our research questions for Study 2 were as follows:

(1) How do each of the three strategies (Comparison vs. Decomposition vs. Control) impact
nutrition estimation learning?
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Chicken thigh Roasted beets Roasted beets
(ounces) (cups) (cups)
(cups) (cups)
Roasted potatoes
Kale Roasted sweet potatoes (cups)
(cups) (cups)

Roasted sweet potatoes
(cups)

Roasted carrots
(cups)

Fig. 2. Left: an example of what a Decomposition strategy user sees as they select ingredients containing
carbohydrates. Right: the same user estimates portion size for the meal. Both steps provide information to
help the user estimate the total carbohydrates in the meal.

(2) Which of the three strategies (Comparison vs. Decomposition vs. Control) creates a more
positive user experience?

4.2 Methods

4.2.1 Study Overview. Taking lessons learned from Study 1, we deployed a between-subjects study
design on Amazon Mechanical Turk to evaluate two strategies (Decomposition vs. Comparison)
against a control for carbohydrate estimation from user-generated meal photos for this study
(e.g. Study 2). The same dataset of annotated meal photos (from Study 1) was used for Study
2. The target population for this study was also adults 18 years old or older and recruiting was
conducted through Amazon Mechanical Turk (AMT). The Decomposition (11F, 20M), Comparison
(5F, 26M), and Control (12F, 19M) group had 31 participants each (N, = 93). Mechanical Turkers
were paid $6 for their participation. This was determined by calculating the appropriate amount
for the participation duration (approximately 20 to 30 minutes) based on the Department of Labor
minimum wage information.

4.2.2  Two Nutrition Estimation Strategies. The Decomposition strategy was based on one currently
utilized in diabetes education [6, 12, 13, 79], for helping people estimate the total amount of
macronutrients in a meal by estimating each macronutrient individually for each meal. This
approach requires individuals to mentally break their meals into each macronutrient group (e.g.
“sweet potatoes are carbs”; see Figure 2 left), estimate portion sizes of these components (e.g.
“2 cups”; see Figure 2 right), and then using conversion tables (e.g. “1 cup of sweet potatoes =
27g of carbohydrate”) arrive at their nutritional content (e.g. “2 cups of sweet potatoes = 54g of
carbohydrate”). This method, however, can require many steps, particularly for complex meals that
include multiple ingredients such as a salad. As a result, this approach to nutritional estimation can
be burdensome and historically has led to abandonment from users. Our approach mirrors this

Proc. ACM Hum.-Comput. Interact., Vol. 6, No. CSCW2, Article 492. Publication date: November 2022.



Two Strategies for Supporting Macronutrient Assessment Skills 492:11

Yogurt with berries: 1/3 cups of 2% yogurt, Your assigned meal: _
1/4 cups of blueberries and strawberries. Siggis blueberry yogurt and blueberries: About 1/4 cups of
Carbohvydrat 15 blueberries and strained whole milk blueberry Siggis yogurt.
arbohydrates: 15 grams. Carbohydrates: ?? grams.
T TR =

Fig. 3. A sample Comparison strategy question. At the left is an anchor meal that has quantitative (i.e., carb
values) and qualitative descriptions, while the right picture is a target meal. The user must estimate the
carb content of the target meal based on the meals they see on the left side of the screen. The right meal
is compared to five different similar anchor “left meals” before a concrete carb estimation has to be made.
During the five rounds of comparison the user only has to indicate whether the right target meal has less,
more, or equal amounts of carbs compared to the left meal.

process but is scaffolded through the app structure and organization to help reduce these burdens
while users learn and practice these skills.

The second strategy is based on the MyPlate method of nutrition estimation that relies on
comparing your meal to a standard meal (e.g. the Comparison Strategy; see Figure 3). For our study,
we modified this approach and had users estimate the nutritional composition (NC) of their meals
by comparing five “in-the-wild” meals, not to a gold standard hypothetical plate, but to meals
captured by others for which NC is known. Using this method, individuals visually search through
a collection of meal photographs for which NC has been previously obtained and find meals most
comparable with their target meal based on the components and ingredients, instead of mentally
examining each ingredient of their meal (as one would do in the Decomposition Strategy). They
can then use these comparable, crowdsourced meals as benchmarks for estimating macronutrients
(e.g. carbs) in their target meal.

Since no learning was observed in Study 1, we focused on creating lightweight versions of
learning strategies for Study 2. The Comparison Strategy not only mimics the idea behind MyPlate
(currently advocated by the USDA), but also at its core is inspired by Study 1’s basic premise of
showing and utilizing full, “in-the-wild” meal photographs collected from the crowd with qualitative
descriptions. In contrast, the Decomposition strategy has been previously applied most frequently
in prior work and might be a more robust way of teaching nutrition estimation skills because once
the process is learned and the conversion tables are memorized, the users’ ability could be forever
improved. The objective of the Study 2 was to compare the effectiveness of the Decomposition
and Comparison strategies on individuals’ ability to accurately estimate carbs of “in-the-wild”
user-contributed meals. We were interested if either or both of these strategies were more effective
compared to the control group, and whether one strategy led to better learning than the other.
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Condition ny | Activity-GT Mean | SE; ny | (|Post-GT|-|Pre-GT|) Mean | SE;

Decomposition | 155 15.565 21.608 | 186 -13.414 3.729
Comparison 154 14.229 23.512 | 186 -18.566 3.727
Control 155 21.161 29.213 | 186 -2.209 3.731

Table 1. Means and standard errors (SE) for participants’ nutritional estimate accuracy for Activity (during the
experimental activity), Pre-test, and Post-test meals for all conditions. GT is the ground truth, i.e., the number
of carbohydrates as determined by expert dietitians. ny is the number of rounds/meals (five) multiplied by
the number of participants in each condition (31). nz is the number of questions for the pre and post-tests
(six) multiplied by the number of participants (31).

4.2.3 Control Group. The control group involved no strategy that assisted the user in any way. The
users simply were presented with a meal photograph with ingredients listed and had to estimate the
total carb amount in each meal. While the Decomposition and Comparison methods incorporated
a nutrition estimation strategy that could help a user arrive at a more accurate estimate of carbs in
a meal photograph, the control group lacked any strategy that could assist them in arriving at a
better or more accurate nutritional estimation.

4.24  Study Procedure. Each condition was given the following in the same order: informed consent,
introduction to survey flow and definition of carbohydrates (carbs), demographics questions, six
randomized pre-test questions, experimental activity, six post-test questions, and open-ended
questions. Each of the conditions had five assigned meals that were provided in the same order.
Additionally, there were six randomly ordered pre- and post-test items for all conditions. We asked
two open-ended questions at the end of the survey: 1) What do you think of this way of assessing
nutrition in meals? and 2) Discuss your thoughts on seeing meals prepared and posted by other
people?

4.25 Data Analysis. Statistical Package for the Social Sciences (SPSS version 28, licensed 2021) was
used to analyze the data and alpha was set at .05. Three interdisciplinary members of the research
team used inductive thematic analysis to analyze the open-ended feedback we received. First
researchers met for a 1-hour collaborative coding session during which they read the transcripts
together, discussed the meaning and significance of the different segments, and developed an initial
coding scheme. Then investigators combined categories into higher level themes.

4.3 Results

4.3.1 A Priori. A chi-square test of independence showed no statistical significance in gender
x*(2)=4.395, p=.111; age x*(8)=10.479, p=.233; prior nutrition knowledge y*(8)=9.850, p=.276; and
computer usage y?(6)=7.028, p=.318; but there was a statistical significant difference with education
level y?(4)=10.197, p=.037 among the Comparison (n=31), Decomposition (n=31), and Control (n=31)
conditions. An ANCOVA test revealed no statistically significant differences when assessing if
education level affected the pre-test (F(2, 555)=1.617, p=.199).

4.3.2 Carb Estimations: Decomposition vs. Comparison vs. Control. For all conditions, every user
estimated the carb content of five assigned, non-evaluated meals (during the experimental activity)
using their randomly assigned method. To measure participants’ accuracy, we subtracted the ground
truth (GT) nutritional estimate for each meal (GT is the amount of carbohydrates assessed by expert
dietitians) from the participant’s nutrition estimation of that meal. When this value is close to zero,
it means there is little difference between the participant and expert’s assessment (i.e., the desired
outcome). The greater this value is, the greater the difference between the participant and expert’s
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I group J group Mean Difference (I-]) | SE P
Decomposition | Control -11.205 5.279 | 0.034*
Comparison Control -16.357 5.275 | 0.002**
Decomposition | Comparison -5.152 5.272 | 0.329

Table 2. ANCOVA post-hoc pairwise comparisons for Pre-to Post-test mean accuracies. SE stands for Standard
Error. p < 0.01, p < 0.05. Bonferroni Corrections were conducted for multiple pairwise comparisons.

Condition Category | Surv. | Prevs.Post | N | u o t P What’s Tested?

Omelette | Y Repeated 28.375 | 71.922 | 2.232 | 0.033" | Learning

Salad_G Y Repeated 17.125 | 79.246 | 1.222 | 0.231 Learning
Comparison Yogurt Y Repeated 32 16.500 | 47.268 | 1.975 | 0.057 | Learning

Pancake N Repeated 21.156 | 56.781 | 2.108 | 0.043" | Learning+Transfer

Salad_O N New 29.161 | 62.473 | 2.599 | 0.014* | Transfer

Meat_T N New -2.656 | 34.950 | -0.430 | 0.670 | Transfer

Omelette | Y Repeated 14.129 | 49.574 | 1.587 | 0.123 | Learning

Salad_G Y Repeated 15.065 | 91.246 | 0.919 | 0.365 | Learning
Decomposition Yogurt Y Repeated 31 5.500 | 14.339 | 2.136 | 0.041" | Learning

Pancake N Repeated 12.387 | 50.156 | 1.375 | 0.179 | Learning+Transfer

Salad_S N New 16.871 | 39.054 | 2.405 | 0.023* | Transfer

Meat_C N New 19.210 | 76.278 | 1.402 0.171 Transfer

Table 3. The pre- and post-test means paired samples t-test results. ‘Category’ denotes the type of meal in the
photos (Salad_G: Greek Salad, Salad_O: Original Salad, Salad_S: Sabzi Salad, Meat_T: Tilapia, Meat_C: Cod);
‘Surv. denotes if the meal photo was used in the the survey (Y) or not (N); ‘Pre vs. Post’ denotes whether the
meal photo at pre-test is repeated at post-test; and ‘What’s tested?’ denotes what type of learning occurred.
*p < .05. Bonferroni Corrections were conducted for multiple pairwise comparisons.

estimation. We collected those differences and took the mean of them for aggregate analysis (see
Table 1, first four columns). Overall, there were no statistically significant differences in the means
between the Comparison and Decomposition groups’ estimates (¢ = 0.520, p = 0.603), but Comparison
and Decomposition did better than the Control group. Comparison showed approaching significance
compared to Control (t = -1.845, p = 0.066), while Decomposition showed a statistically significant
difference compared to Control (t = -2.362, p = 0.019).

4.3.3 Timing of Survey Completion. The Comparison group took a total of 51389 seconds to
complete the survey as a group and when it was divided by the number of participants (n=31), the
average was 1657.71 seconds (27.63 minutes) per participant. The Decomposition group took 59754
seconds to complete the survey and an average of 1927.55 seconds (32.13 minutes) per participant.
Therefore, on average, the Comparison group appeared to finish the survey activity faster than the
Decomposition group. However, when an independent samples ¢ test was conducted between the
two group’s time completion for all participants, there was no statistically significant difference
(t=-0.894, p=0.375).

4.3.4  Evidence for Carb Estimation Learning. We looked at the difference in carb estimation accuracy
from pre- to post-tests for all conditions. For this metric, we subtracted participants’ accuracy
for the post-test, calculated using the same method as described above, from their accuracy for
pre-tests using the following formula: (|Post — GT|) — (|Pre — GT); this was calculated for all six
meal categories in pre- and post-tests for all conditions, respectively. If a participant estimated
the carb content more accurately at post-test, this metric would return a greater negative value. If
their accuracy was lower at pre-test, it would return a greater positive value (see Table 1, last three
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columns). We used ANCOVA to examine if the change from pre- to post-test was different among
the three conditions (see Table 2). Bonferroni Corrections were conducted for multiple pairwise
comparisons. Overall, there was a statistically significant difference in the means of estimates
among the three groups (F(2, 554)=5.024, p=.007, 72:.018), adjusting for education level.

In order to determine if learning and transfer of knowledge occurred, some questions in the
pre-test were repeated (i.e., people were given the same meal photographs) in the post-test, while
others were not repeated (i.e., only new meal photographs used in the post-test). Similarly, some
meal photographs were only used in the pre- and post-tests but not during the experimental
activity phase (denoted through Y or N under “Surv” in Table 3). We stated that learning occurred
if there was an increase in nutritional estimation accuracy for any repeated meal photos. Transfer
of knowledge occurred if there was an increase in nutritional estimation accuracy for similar
but different and new meal photos. Bonferroni Corrections were conducted for multiple pairwise
comparisons.

Participants in the Comparison Strategy, showed learning from pre- to post-test for the “Omelette”
and “Pancake,” categories, while transfer of knowledge occurred in the “Pancake” and “Original
Salad” categories. Participants in the Decomposition Strategy, showed learning from pre- to post-
test for the “Yogurt” category, while transfer of knowledge occurred in the “Sabzi Salad” category
as shown in Table 3.

4.3.5 User Feedback About the Experience. There were 3 themes identified from the analysis of the
comments from the experimental groups: 1) Inspiration for healthy eating, 2) Getting through the
learning curve, and 3) Questions about accuracy.
[1] Inspiration for Healthy Eating. Participants in both the Comparison and Decomposition
groups expressed how the experience inspired them to try new foods and eat healthier.
Comparison group participants made statements such as:

o ‘It makes you want to try different foods.”
o ‘Tt could be a great way to get recipe ideas if you are trying to stay in a certain range.”
o ‘It helps to have a variety of recipes that I could never have imagined.”

Similarly, the Decomposition group stated:

e ‘Tt does show that there can be some variety in low-carb eating, which many people think
low-carb eating lacks.”
o “Seeing meals prepared and posted by others is helpful in giving ideas for healthier eating.”

[2] Getting Through the Learning Curve. Both experimental groups discussed the learning curve
that these nutritional estimation strategies require. Participants from the Comparison groups made
reflections such as:

e “The more I did the better I got...with enough practice that I could get pretty good doing it this
Wayl!

e “With time it can become a really solid method for people to understand carbs in their food. By
using this way to learn, I slowly came to learn types of foods that had more carbs than others.
By the end of the experiment, I didn’t make the best judgements, but if I had more time with the
system I'm sure I could be quite precise.”

Comments from the Decomposition groups echoed these sentiments:

o ‘It started to become easier to remember which foods were about how many carbs.”

e “.itis good, a little hard, but I got the hang of it at the end.”

o “Only relying on a picture to assess nutrition in meals would be hard when you first started, but
with more time could become easier for people to learn and use more often. I also think that as
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Ingredients: 1 whole
quesadilla, 4 tbl guacamole, 2
. ; tbl mango chutney (tomatoes,
Your assigned meal was... ] . i
mangos, onions, cilantro),
seared slices of tuna, and

cabbage salad.

Less than

50 grams of carbs:

Fig. 4. Sample picture of a user’s selection summary at the end of a round in the Comparison Strategy group.

people begin to learn the different foods and the amount of carbs in them they would soon be
assessing more of their meals and make healthier choices.”

Overall, the majority of participants in the experimental groups (68% Decomposition, 70%
Comparison) rated their respective strategies as useful and effective. This question was not asked to
the Control group as there was not a particular strategy that was involved in their tasks. However,
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for the Control group, the majority of comments stated that the the assigned task was “time
consuming” and “incredibly difficult”.

[3] Questions about Accuracy. Both experimental groups were concerned about the accuracy of
their estimations. The Decomposition group noted more concerns about the accuracy specifically:

o ‘Tt would be better with more accurate units of measurement and conversion between different
units.”
o “Anyone truly trying to keep serious counts wouldn’t bother with this.”

For the Comparison group, negative comments remarked that the approach was a rough estimate,
but could nonetheless provide benefits, e.g.:

o “A good way to get a rough estimate of what a meal is like based on another meal.”

o “An interesting way of evaluating nutritional value and content. I don’t feel you get the exact
scope of what the meal contains, but it’s still a good metric to look at and estimate in this way.”

o “An educational way of looking at the nutritional values.”

4.3.6 Crowdsourcing Results. Between the Decomposition and Comparison groups, five non-
evaluated meal images were nutritionally assessed 62 times per meal, aggregating to 310 unique
assessments. With the Control group, that number increased to 465 assessments. For each round,
the non-evaluated meal was compared to five different but similar meal images (such as Fig. 3 left
image), resulting in 25 meal images that were labeled as less, more, or the same amount of carbs
to the comparison meal (such as Fig. 4 bottom five images). All of these crowdsourced nutritional
assessments were completed in 4-5 minutes per participant per meal image.

5 DISCUSSION
5.1 Study 1: Can People Learn Nutrition Estimation from the Crowd?

Two key results are striking from Study 1. First, the CB did not appear to support learning of
nutrition estimation skills. Second, users appeared to agree with the CB more often than they
reported being influenced by the CB to change their answer.

5.1.1  Untrained CB Alone Does Not Support Learning. Several factors may have contributed to
the finding that access to an untrained CB did not support learning. The most likely factor is
related to the accuracy of the CB. The CB results were generated from lay users and did not always
result in the correct meal as the most highly voted meal. If users trusted the community’s opinion,
but then found out that their original meal choice was correct, this could result in confusion and
trust issues with the crowd. These results align with a 2017 study by Burgermaster et al. [9] that
examined how exposure to visually depicted proportions of the responses from other participants
(i.e. peer comparison) impacted macronutrient estimation learning via meal photos. This study
found that the expert feedback condition (i.e. correctness information with explanation why) led
to significantly higher post-test accuracy than the other conditions of peer comparison, expert
explanation (i.e. only correctness information), and control. However, they also found that the
difference between expert and peer comparison was not significant. Thus, our study built on this
prior work by including the crowds’ reasoning along with their selection percentage data 1 (a)
and (b), but found that this addition did not significantly impact learning. Given this finding, one
possible direction for future work would be to test whether the inaccurate crowd issue still holds
with a larger crowd size. It is possible that more responses might improve the crowd’s overall
wisdom as the weight of any outlier incorrect responses diminish. However, it is unclear whether
adding more lay users would mitigate this issue.

Given our results, a more promising potential solution is for future apps with CB-like components
to increase the accuracy of crowd wisdom by recruiting from a specific population (e.g. registered
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dietitians, or even simply members of the public with carb counting experience) to generate the
initial pool of CB responses. A 2015 study by Abbar et al. showed that Twitter and US Census
data were sensitive enough to pick out personal dietary variations based on users’ interests,
demographics, and social networks. Results showed differences in gender, education level, and
users’ self-disclosed habits related to their dietary habits. Future work could use similar approaches
to identify which characteristics predict the completion of accurate macronutrient assessment
of meal photos, such that people fitting these characteristics could be recruited to work on the
CB responses [1]. If done correctly, this approach could potentially skew the likelihood that the
correct responses would be the most highly voted. Another approach to build up the accuracy of
the crowd that could be explored is the application of techniques that promote the accuracy of
crowdsourced responses such as peer-agreement and gold checks [35] or augmentation systems
that rely on complex workflows to improve crowd accuracy [28] such as Cicero that was developed
by Chen et al. in 2019 [17].

It is also possible that the cognitive load for users in Study 1 was to high to facilitate learning.
Our users had to review information about meal photos, but also interpret the crowd’s evaluations
as well. Prior literature has pointed to the difficulty in estimating the nutrition content of meals
in general. It is thus possible that our solution, while created to be as easy and lightweight as
possible, did not reduce enough of the mental burden to facilitate arrival at the best answer choice.
Alternatively, having every user review the CB for every round could have resulted in people
engaging less with thinking through their responses during each round and waiting for the CB
results to decide for them. While our results regarding the CB influence did not point to this
occurring for many users (discussed further below in 5.1.2), examining the potential that some users
took less ownership of their own learning, resulting in lower recall scores, due to the knowledge
that the community would offer an answer is another possible direction for future work.

5.1.2 CB Agreement vs. CB Influence. The second interesting result from Study 1 is related to the
degree of overall influence of the CB. Even though a high percentage of users agreed with the CB,
the report on how that influenced their final answer choice was much lower. Hence, just agreeing
with the community’s opinion did not necessarily lead to the specific action of changing their
answers to match the CB. About half of the users never changed their answers for all five rounds,
which suggests either they 1) were not influenced by the crowd’s opinion or 2) found their answers
were already in agreement with the CB’s responses.

It is unclear in the former scenario as to why users did not appear to be influenced by the
crowd’s opinion enough to change their answers. It is possible that while users found themselves
not disagreeing with the crowd’s selection and reasoning, they simply had more confidence in
their own responses. Prior research has focused on clarifying the role of social influence on
eating behaviors by first establishing that unhealthy behaviors appear to be contagious [81] with
subsequent work examining if observed similarities are attributable to social influence or if it is
actually people’s tendency to form ties with similar people who have similar habits. A 2021 study
by Gligoric et al. found evidence of a clear social influence for people who acquired a healthy-eating
partner resulting in significantly healthier eating. This study supports the premise that social
influences are present in food decisions that could ultimately be applied to future work seeking to
better leverage the crowd’s influence in nutrition estimation [34]. Further, a study by Pater et al.
from 2016 explored eating disorders in social media spaces and raised salient points regarding the
impact that technology combined with the influence of the crowd can have on behavior [67]. This
has implications for our work since we were similarly examining the role of crowd influence within
an anonymous technology-based platform, which might have allowed our users to detach from the
activity and discount the wisdom of the crowd. A future study might seek to better understand
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the mental process that users take when considering peer responses and explanations, including
scenarios in which they consider changing their answer but ultimately decide against it.

In the second study from the 2017 Burgermaster et al. [9] paper, the authors tested expert
explanations against peer explanations in nutrition estimation of meal photos, and found both
conditions led to similar gains in learning compared to controls. The authors noted, however,
that there were notable differences in quality and helpfulness of peer-generated explanations
when compared to the relatively consistent explanations offered by experts. This speaks to further
exploring what elements are critical to high quality explanations for both actual learning and
related to crowd influence. A final interesting factor worth examining in more depth is the role
that information about the crowd has on the level of influence for the users’ answer choice in this
context. For example, telling users key information about the crowd such as relevant expertise
or credentials would likely change the level of influence that crowd has, but how would users
respond knowing the crowd was comprised of people selected for a different reason such as general
education attainment or predicted ability to be accurate at nutrition estimation? Further, how
would the influence of the crowd wane if users were told that it was comprised of experts, but
found it to be repeatedly incorrect?

5.2 Study 2: Assessing Strategies for Learning Carbohydrate Estimation through Digital
Intervention

In Study 2, we compared the impact of two different strategies (Decomposition and Comparison)
for teaching individuals the skills they need to arrive at efficient and accurate nutrition estimates
of their meals.

5.2.1 Decomposition Strategy Findings. The Decomposition approach helped individuals map out
the mental process of nutrition estimation into concrete steps, and provided them with assistance
on these steps (i.e. providing them with a macronutrient reference table). On the surface, this
approach appears to have a number of benefits. For example, it does not rely on availability of any
additional data beyond a single user’s record and, as such, is more easily scalable. Moreover, it is
consistent with empirically validated existing methods for improving nutritional assessment of
meals and with traditional teaching practices of diabetes educators.

However, this approach also presents challenges scaling to complex meals with multiple ingredi-
ents. While the participants in our study reported having a generally positive experience with the
Decomposition assistance tool, this could change if the meals included 10 or more ingredients, as is
common for (e.g. mixed salads). It is relevant to mention that the dietitians who generated gold
standard nutritional assessments used in this study sometimes took more than 10 minutes to arrive
at a thorough assessment. Users may not be willing to spend 10 minutes in front of a meal working
through its nutritional assessment.

5.2.2 Comparison Strategy Findings. The Comparison Strategy was designed to be lightweight
relative to the Decomposition strategy. Participants were asked to simply compare pairs of meals
side-by-side, without having to rely on an assistance tool or additional complexities. Moreover, it
appears to have an additional benefit of exposing an individual to a variety of different comparison
meals captured by others, thus broadening the range of their potential nutritional choices.

Interestingly, users showed learning across three types of food categories when using the
Comparison strategy (as opposed to two types when using Decomposition). Additionally, users
stated that while the Comparison approach did not result in perfectly accurate assessments, it was
still interesting, useful to consider, and/or educational. The Comparison strategy thus appears to at
least be on par with the traditional Decomposition strategy, and may even be more beneficial for
users in some respects.
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We note, too, that the Comparison strategy has potential limitations. For example, it relies on
the availability of labeled sets of meal images with their nutritional estimation. It also may be
sensitive to sub-optimal choices of similar meals during its first step. In Study 2, we circumvented
this challenge by always presenting participants with the best-fitting comparison meal for the
target meal. This feature is currently not available to a sufficiently scalable degree in any real-world
app. The degree to which a sub-optimal first choice may negatively impact individuals’ ability to
compare meals on their nutrition is still unclear. Future work might examine this factor as well as
seek to minimize this burden on users.

5.2.3 A Closer Look: Decomposition vs. Comparison. Future studies will need to assess the finer
details of the potential effect of education level on the capacity for nutritional estimation skill
learning, as prior studies have seen education as predictors for decrease in obesity percentage and
sharing consumption of low caloric food on social media but not for nutrition skills as well [1].
Broadly, the results from Study 2 showed that the experimental strategies appeared to support
individuals in terms of (1) their accuracy in estimation and (2) their ability to estimate future
meals as compared to a control. This suggests that both methods may help promote nutritional
learning for the average user. More specifically, the Decomposition approach had a statistically
significant impact on the accuracy of nutritional estimation during the experimental activity, while
the Comparison approach did not. This is not surprising, as the former group had the macronutrient
reference table to guide their carbohydrate estimation of each meal. If the user was willing to put
time and calculation into the task, accurate estimation was always possible for the former group,
while the Comparison group always had to guess and make a judgment call. However, intriguing
results were observed when we compared the two groups on their learning and knowledge transfer.
Though both strategies showed statistical significance for learning and knowledge transfer, the
Comparison group performed considerably better than the Decomposition group.

A salient question that remains is how to ensure the dataset needed for a Comparison-based
approach is sufficiently (1) accurate and (2) comprehensive. While some meal records on social
media platforms contain nutritional information, most do not. Leveraging crowdsourcing could
be a potential solution, given the extent of data we were able to collect within a small timeframe.
However, if crowdsourcing is used in the future to collect this kind of data, the accuracy of the labels
must be ensured. One direction for future work could be to combine crowdsourced intelligence
from trained users (human-in-the-loop) [59] with machine learning approaches [65]. Once users
are trained well enough with the Comparison approach they would be well-equipped to continue
providing labels. A 2016 study by Chancellor et al. illustrates how social media posts have been used
to develop predictive algorithms for mental illness severity in people posting pro-eating disorder
content. Future work could similarly leverage tagged photos from social media to develop a machine
learning model that generates a diverse nutrition database of meal photos [11]. Furthermore, efforts
could be made to combine prior HCI research efforts that have meal photo repositories towards
generating a large, diverse database [27, 31, 52, 54]. Given that gamification has been suggested
to improve crowdsourced data quantity and quality in the context of mobile apps [83], a game
environment (e.g., as in Carb Counting with Lenny) might be a suitable approach. A higher quality
food database could then be achieved by creating a symbiotic relationship between intelligent
algorithms and educated users, leading to healthier eating overall. Finally, a different approach
to extracting the nutritional information used by Munmun De Choudhury et al. [30] reported a
matching method that had been used in other research with 89% accuracy [73], where Instagram
posts of tagged meal photos were matched to the USDA food descriptors. The authors found
they were able to extract nutrition information for 93.5% of the Instagram posts in their set [24].
However, the focus of this work was not on the accuracy of the nutritional profile, but instead was
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on using this profile in their analysis of the types of foods eaten in food deserts versus non-food
deserts. Future work should evaluate the application of this matching technique for accuracy of the
macronutrient evaluations themselves.

The overall positive qualitative comments were promising for the two experimental strategies.
Future work might include assessing the same strategies within a volunteer space to determine if
compensation incentives affected the results. Some of the negative comments across all conditions
included that the task was “unnecessarily obtuse and confusing,” “difficult,” and that it has a
“learning curve.” A future study could address the learning curve that users identified by seeking to
make nutritional estimation even easier and more accessible. For example, a future interface might
include the implementation of a Tinder-like swiping mechanism to give users more exposure and
practice to these estimation approaches more rapidly. The addition of this mechanism might make
it easier for lay users to provide data. It may also help in aggregating a larger set of data of meal
photos with labels that indicate their comparable macronutrient amounts. Future diet tracking
apps could be designed to use a similar swiping mechanism as part of either the Comparison or
Decomposition approach. Further reducing the complexity and time commitment to macronutrient
estimation would potentially address the known relevant barriers identified from the literature on
capturing meal photos/food journaling [21, 22, 29]. There is already an example of breaking down
the steps for nutritional evaluation [13] which is consistent with the Decomposition strategy and
could facilitate future apps in this way. However, applying the Comparison approach in this way
with user-generated meal photos has not been tried before and would need to be evaluated in the
context of dietary tracking and self-monitoring apps.

6 LESSONS LEARNED AND FUTURE DIRECTIONS

Our results suggest the following key lessons learned along with ideas for future work:

(1) The crowd doesn’t necessarily teach macronutrient assessment: Users did not appear
to reliably learn macronutrient assessment through viewing community decisions and justifi-
cations. In fact, the crowd may harm learning in certain contexts. Nutrition education apps
with a crowd component should take care to evaluate accuracy and trust in their situational
contexts. Future work should examine if there is a subset of the population that would find
this approach to be the preferred way to learn nutrition estimation and find ways to improve
the accuracy of the crowd.

(2) Carb estimation skills need an educational component and can be improved via the
Decomposition or Comparison approaches: Users can build carbohydrate estimation
skills which they find useful by learning either the Decomposition or Comparison strategy.
Future work needs to further examine these educational strategies in larger groups and
consider how to further scaffold the process during early use to address the reported learning
curve phenomenon.

(3) Crowdsourcing meal photos and labels from app-trained experts may be a power-
ful approach to support future macronutrient assessment education and inspire
healthier eating: Through Study 2, 93 users created 465 unique assessments of meal photos
with an average time of less than five minutes per evaluation. Given that many users found
the experience useful, this (or a related) approach may be a viable way to crowdsource new
photos - and perhaps even corresponding labels - to support future work in nutrition and
health if implemented at scale. Additionally, users in this study indicated they were inspired
to try new foods and eat healthier by viewing someone else’s labeled meal photos as part of
learning carbohydrate estimation skills.
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On the whole, the results in the studies presented here suggest promise for the use of a lightweight
way to teach macronutrient estimation skills via digital intervention. Future apps which are able to
successfully leverage the findings from lesson 3 may be able to encourage users to more regularly
practice their nutrient assessment skills, discover new healthy options that work best for them, and
enjoy the process overall. Given ideas 1 and 3, a future application which supports dietary health
might choose to include meal photos related to health goals from other users but not necessarily
highlight their estimation and reasoning results for others to view. Research going forward should
examine the possibility of leveraging crowdsourcing with app-assisted nutritional literacy education
and examine how more nutritional literacy skills might be best learned.
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