ISSN: 2347-467X, Vol. 09, No. (3) 2021, Pg. 800-811

www.foodandnutritionjournal.org

~

Current Research in Nutrition and Food Science

A Network-based Analysis of Ingredients Listsin

Nutrient Profile Systems

RICKY FLORES and KATHRYN M. COOPER*

College of Information Science and Technology, University of Nebraska at Omaha, Omaha, NE, USA.

Abstract

It is well-established that diseases can be prevented or mitigated through
dietary intervention, yet proper nutrition is one aspect consumers struggle to
manage. Recent studies have shown that there are barriers to understanding
the nutrition facts component of a food label which can be linked to dietary
choices. In this work, we demonstrate reproducibility and replicability of
a network-based method for automating the analysis of ingredients on a
food product label en masse using the Open Food Facts Database and the
USDA Food Data Central Branded Foods database in February 2020. Our
results, which analyze the co-occurrence of 72,754 ingredients across show
some consensus in labeling across FALCPA-regulated ingredients in food
product labels across databases but highlight potential areas for discrepancy
in consumer understanding and labeling practices for terms not subject to
strict regulations. The key findings or contributions of this work include the
provision of a reproducible method for quantifying the ingredients of packaged
food in the United States across two nutritional profiling systems, and have
identified 17 total ingredients that appear in the top 20 most co-occurring
ingredients for both databases examined. We compare how of 8 FALCPA-
regulated ingredients are represented in ingredients lists versus a common,
but non-FALCPA regulated ingredient (corn), to demonstrate how one could
examine differences between ingredient labeling between products. These
findings suggest more research is needed in developing information systems
to increase information available for consumers.

Article History
Received: 08 March
2020

Accepted: 17 July 2021

Keywords
Consumer Health
Informatics;

Food Analysis;

Food Composition;
Food Database;
Ingredient Network;
Network Analysis;
Nutrition Informatics.

the National Research Council, application of
nutrition research has the potential to reduce rates
of obesity, healthcare costs, and food waste,? and
nutrition research plays a vital role in human health
and wellness. Current research into information

Introduction

It is estimated that diet-related illness and/or poor
nutrition was a contributing factor in up to 26%
of premature deaths in the United States from
1990 to 2010." According to a 2015 report from
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systems for food composition and analysis suggest
that consumer-documented data isdriving a number
of rising subdisciplines in the field;*® for example,in
the analysis of the evolution of culinary tastes
and rulescalled “computational gastronomy”,”
and the impact of herbs used in food preparation
on health.®" However, these new subdisciplines
require collaborative team science approaches.
A 2014 review of upcoming challenges in food and
agriculture notes that many barriers to progress
in nutrition science and agriculture are rooted in
the diversityof disciplines needed to perform this
research, and also the complexity of the challenges
themselves.'? In brief, a multidisciplinary, team
science approach can help drive solutions to today’s
challenges in nutrition and food science, including
discerning how individuals can use nutrition to
improve their health and reduce their likelihood for
developing chronic diseases. Nutrition informatics
has the opportunity to bring high impact tools to
health and agriculture.

One of the most immediate problems facing rising
subfields of nutrition research is a lack of information
systems to support translation of user-documented
nutrition and consumption behaviors (food logs, app-
based data, etc.) to insights for disease prevention,
diagnosis, and treatment.

A study grocery store purchases by consumers
and health outcomesrecommended a number of
long-term strategieslinking nutritional composition,
technology, food science, and health.”™ These
strategies included promotion of health management
through technology, improvement of ingredient
quality, support from health insurance companies,
and implementation of better prevention strategies
through public health policy.”® A 2016 study of 226
participantsfrom Italy investigated the effectiveness
of food labels for health prevention, finding that a
95% of respondents report reading the label on the
back of a food product (commonly known as the
Nutrition Facts panel or NFP)." This research builds
on existing knowledge ofthe link between health
outcomes andnutrition literacy in consumers.

Food Label Use and Literacy in Consumers
A focus on food label literacy then has potential for
a role in prevention of disease via modification of
one’s dietary behaviors, and studies demonstrate

consumer interest in understanding the composition
of their food. A 2011 retrospective study on the
National Health and Nutrition Examination survey
of the United States found that approximately
51% of participants looked at the ingredients list
on the back of the product label15; depending on
the study sample, this number has been estimated
to be higher."® Usage of the food label has been
associated with healthier dietary behaviors in
adolescents' However, consumers do measurably
fail to understandthe provenance and production of
ingredients on the food label." Areview of nutrition
knowledge literature in 2015 found that only 3 of
34 studies analyzed include the ingredients list
in their analysis of the food product label™ (the
ingredients list is not technically part of the Nutrition
Facts panel), despite acknowledgement that the
ingredient list is key for consumer understanding
of food composition and making healthy dietary
choices™ Further, the current standards used to
define a food label does not lend itself to consumer
understanding. For example, a 2017 study of 100
older adults in Delaware found that less than half
were able to correctly interpret the back of product
food label despite perception that they understood
it.2> Combined, there is a demonstrated need
for quantitative measures that can consistently
represent the nutrients present in foods produced
and/or distributed that reflect consumer knowledge.
This need cannot be addressed without information
systems in place to address the ambiguity of current
food labeling standards in the United States.

Policy and the Food Label

As an example, the Food and Drug Administration
(FDA) Code of Federal Regulations Title 21 Part 101,
Subpart A 101.4 (a) describes regulations for food
labeling, and states that foods should be labeled,
in order of priority, using a name specified by law,
a “common or usual name” of the food, or lastly, an
“appropriately descriptive term, or when the nature of
the food is obvious, a fanciful name commonly used
by the public for such food.?' ” However, this flexibility
in labeling can lead to difficulty in interpretation of
the label, especially when ingredients have multiple
names or do not come from a readily identifiable
source (i.e. “dextrose” as a product made from corn).
Examples of ingredient listswith ambiguous meaning
can be readily identified on food products available
in the United States.
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Some of the most consistent FDA labeling
regulations that can be observed include, for
example, requirements for allergen labeling?> and
prioritization on the label for ingredients with the
most weight to the least in the product. A 2001 study
found that 5.3% of adults in the United States had
a diagnosed food allergy.2® While the Food Allergen
Labeling and Consumer Protection Act (FALCPA)
covers the top 8 common allergens found, there
are serious implications for ambiguous or unclear
labeling of food allergies or intolerances that are less
common. For example, corn is not listed as one of
the FALCPA allergens but allergy to corn protein has
been found to cause food protein-induced allergic
proctocolitis (FPIAP) in breastfed infants and can
be associated with development of food allergies
later in life.?* While “corn” as a term is likely to be
readily identifiable by the consumer on a food label,
its derivatives may be less recognizable, including
dextrose, maltodextrin, erythritol, and can even
be found in items like powdered sugar to reduce
clumping, but without annotation on the ingredient
label. In short, for an individual with an allergy to
corn, navigating the grocery store, social events, and
amenu at one’s favorite restaurant can be tedious at
best. For the consumer in pursuit of a healthy diet,
unambiguous labeling of food is imperative to their
health and wellness both from a short- and long-
term perspective. A 2014 study in this area notes
the importance of nutrition information systems
for provision of structure to the interdependence
between products, ingredients, and flavors.'?
In this work, we present cursory reproducibility and
replicability studies of a network-based method for
automating the analysis of ingredients on a food label
en masse using the Open Food Facts Database and
the United States Department of Agriculture (USDA)
FoodData Central database. Our results show some
consensus in labeling across commonly occurring
ingredients in food labels across databases using
exact term matching, but highlight potential areas for
discrepancy in consumer understanding and labeling
practice. These findings can inform best practices
for identifying common terms that accurately reflect
both consumer understanding and ingredient
provenance.

Relevant Background

An ingredient co-occurrence network for packaged
foods in the United States provides insight into
the commonly used ingredients throughout the
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United States. Previous work by 25 presents
a comprehensive co-occurrence network for
ingredients found in packaged foods in the Unites
States utilizing the Open Food Facts Database.?
Results of this work indicated that there exist a
small group of ingredients that commonly occur
together in packaged foods stored in the Open
Food Facts Database and highlight the challenges
of aggregating ingredients from food products. Using
co-occurrence networks to identify ingredients that
occur together appears to be a unique approach
having no work done previously. Although several
regulations concerning the nutrition label have long
been in place, there continues to be significant
changes to food labeling guidance even within
the last 5 years.?® An investigation into the public’s
understanding the nutrition label concluded that
there continues to be a lack of research in its
understanding.?” The objective of this analysis is
to describe the necessity for readable ingredient
information found on the nutrition labels of packaged
foods for consumers. We describe this objective in
our research roadmap, shown in Figure 1.

Information systems to support healthy diet and dietary

Vision behaviors are critical to prevent chronic disease
Existing databases for storage and query of food
compeosition in the United States are well established
Rationale
The ingredients list component of a Food Product Label
is important for dietary behavior and management in
consumers
Gap in Ingredients lists are relatively unstudied due to the
Knowledge associated text mining challenges in their analysis
Examine co-occurrence of ingredients lists using a
Research graph model between databases to explore relationships
Framework

between frequent or familiar ingredients

Fig.1:The roadmap of this work, including a
broad vision for the impact of ingredients lists,
a brief overview of our rationale and how the
current literature supports this contribution.
Next, we describe the current gap in literature
and use our research framework to describe
how we can begin to address this gap

Materials and Methods

For a detailed walk-through of our network
implementation and analysis, please visit our GitHub
repository, shared at the following link: https://github.
com/r-flores/Ingredient_CoOccurrence.
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Data Download

From the Open Food Facts database, data was
downloaded from https://world.openfoodfacts.org/
data on February 15, 2020 as a CSV file. The
Open Food Facts database is sourced by volunteer
contributors as a food product and composition
database and is updated on a daily basis. From
the USDA FoodData Central database, data
was downloaded from https://fdc.nal.usda.gov/
download-datasets.htmlon February 15, 2020 as a
CSV file. The USDA Food Data Central database
was implemented in 2019 to centralize food
composition databases under the guidance of the
USDA 28. First, duplicate items were removed by
barcode and only foods sold in the United States
were identified to be kept from the Open Food
Facts data (the USDA FoodData Central database
contains only foods distributed in the US by design).
We also removed products with empty ingredients
lists or with only one ingredient in their list. All
ingredients were then pre-processed to convert them
to similar formatting and spelling (changed to lower
case, special marks removed, linguistic formatting
standardized, redundant and preparatory terms not
affecting food composition removed). This process
resulted in a list of unique barcodes for foods sold in
the United States with at least 2 or more ingredients.
After pre-processing, the total number of food
products used from the Open Food Facts database
was 173,957. Comparing to our previous work25
this indicates an addition of 472 food products
since March 2019. The USDA FoodData Central
database contained 307,828 food products after
pre-processing.

Ingredient Co-Occurrence Network Construction
Our ingredient co-occurrence networks were created
as described previously by.? In brief, after ingredient
pre-processing, using each product barcode, each
ingredient from its ingredient list was defined as
a node. An edge is drawn between nodes if two
ingredients co-occur in the same food product
in their ingredients list. For example, a food with
ingredient list “salt, flour, egg” would result in three
nodes (salt, flour, and egg) and three undirected
edges (salttoflour, salttoegg, and flourto egg).
Edgeshave no direction, but are weighted, where
weights represent a simple count of the total number
of times any two ingredients co-occur in a food
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product. After network construction, networks were
analyzed for basic network descriptive measures
using R, RStudio, and the igraph R package,®
and Cytoscape version 3.4.0 was used to visualize
our networks.®® For a detailed walk-through of our
network implementation and analysis, please visit
our GitHub repository, shared above.

Results

Reproducibility of the Co-Occurrence Network.
It is important that the original work from 25 is
reproducible before continuing to draw insights
from its analysis; therefore, we first reproduce this
work to evaluate the preservation of this network
over time (in this case, approx. 11 months). In the
original paper,? describes a method for producing
a co-occurrence network for ingredients lists; this
work aims to reproduce that work with updated
data from the Open Food Facts database as well
as add a comparative analysis of the method using
the USDA FoodData Central database. The goal of
these contributions are to: confirm that the results of
25 are reproducible across time points, to provide
evidence of the reproducibility of those findings,
and to compare the findings of the original method
using a database that is provided and curated by the
United States Department of Agriculture. The original
database used, the Open Food Facts Database, is
volunteer-driven and is not limited to food products
in the United States, but instead stores information
about food composition from foods around the world.

Here we present the reproducibility of the original
co-occurrence network by comparing results from
data generated on 02-15-2020 at 9:22pm Central
Standard Time (CST) (Table 1) to the original work
done by.? There was a total of 72,754 ingredients
included in our co-occurrence network (“2020-Feb”),
with 2,219,817 co-occurrences in the more recent
data. This represents an addition of 1,567 ingredients
and with an additional 8,270 co-occurrences to the
original work from March 2019 (“2019-Mar”). Both
the 2020-Feb network and the 2019-Mar original
network manifest the same top 20 co-occurring
ingredients from their respective networks with salt,
sugar, and water constituting the top 3 co-occurring
ingredients (12.05% for the 2020-Feb network and
12.07% in the 2019-Mar network.).
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Table 1: The top 20 co-occurring ingredients from the co-occurrence network
generated from the Open Food Facts Database on 2/15/2020. The rank indicates
each ingredient as ranked by co-occurrence count, followed by the ingredient’s

name. The count of co-occurrences measures the number of discrete times that a
given ingredient has occur together with another ingredient on the ingredients list
of a nutrition label

Rank Ingredient 2020-Feb A Count (from 2020-Feb
Co-Occurrence 2019-Mar to Co-Occurrence
Count 2020-Feb) % total
1 Salt 107,764 +301 4.86%
2 Sugar 80,505 +177 3.63%
3 Water 79,184 +109 3.57%
4 Citric Acid 35,296 +71 1.59%
5 Wheat Flour 35,206 +65 1.59%
6 Flavor 33,113 +112 1.49%
7 Milk 28,384 +178 1.28%
8 Riboflavin 22,544 +94 1.02%
9 Folic Acid 22,392 +108 1.01%
10 Niacin 22,084 +67 1.00%
11 Corn Syrup 20,424 +37 0.92%
12 Artificial Flavor 18,671 +53 0.84%
13 Soybean Ol 18,433 +27 0.83%
14 Spices 18,418 +18 0.83%
15 Soy Lectin 17,743 +48 0.80%
16 Sea Salt 16,046 +38 0.72%
17 Vinegar 15,641 -1 0.70%
18 Enzymes 15,148 +79 0.68%
19 Corn Starch 15,032 +60 0.68%
20 Garlic 14,980 +24 0.68%

Table 2. A list of descriptive statistics for both
ingredient co-occurrence networks. Thenumber
of nodes and edges is the total count of nodes
(ingredients) and edges (a discrete co-occurrence
of two ingredients in a food label) present in a given
network. Edge Density is the ratio of total edges
found in the network to the total possible edges
in the network; our networks are very sparse, with
an edge density less than 1% in both networks.
Transitivitydescribes the clustering tendency or
coefficient using three nodes sets within the network.
The change in transitivity between networks is very
small, meaning the clustering tendency between
local nodes is similar.

The raw dataset generated in Feb. 2020 contained
173,957 total foods for the United States (+472
from 2019-Mar), after pre-processing and network

construction, 160,933 products were represented
in our 2020-Feb co-occurrence network (+1,224
from 2019-Mar).Table 2 shows a comparison of
network descriptions from both networks including
size, density and transitivity. We see that in our
more recent 2020-Feb network that there are more
nodes and edges present in general. This can be
explained by the fact that data by new users is
added over time so naturally more nodes would
be present with new foods being entered. We also
observe negligible decreases in network density and
network transitivity. These overall descriptions of
both networks are nearly identical, and suggest that
despite the addition of new products into the Open
Food Facts Database, these additions have not
disrupted the overall structure of the co-occurrence
network.
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Table 2: A list of descriptive statistics for both ingredient co-occurrence networks.
Thenumber of nodes and edges is the total count of nodes (ingredients) and edges (a
discrete co-occurrence of two ingredients in a food label) present in a given network.

Edge Density is the ratio of total edges found in the network to the total possible
edges in the network; our networks are very sparse, with an edge density less than 1%
in both networks. Transitivitydescribes the clustering tendency or coefficient using
three nodes sets within the network. The change in transitivity between networks is
very small, meaning the clustering tendency between local nodes is similar

Network Open Food Open Food AOpen Food USDA Food Data

Descriptive Facts 2020- Facts 2019-Mar Facts Networks, Central Database
Feb Network Network 2019-Mar to 2020-Feb Network

2020-Feb

# of Nodes 71,667 69,840 +1,827 65,562

# of Edges 2,580,474 2,523,325 +57,149 3,213,821

Edge Density 0.0502% 0.1035% -0.0533% 0.0750%

Transitivity 0.04098 0.04172 -0.00074 0.0421
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Fig.2: The induced subgraph of the top 20 nodes by degree from the full Open Food Facts
Database (2-15-2020) network. Edge thickness corresponds to weight as measured by number
of co-occurrences (a thicker edge indicates that adjacent ingredients co-occur together more

frequently than thinner edges)

Like the original co-occurrence network, clustering
revealed that most nodes still belonged to a single
cluster by measuring the connectedness of core
ingredients in the network. Since this is a relatively
new application of clustering to this type of network,
we have no gold standard or benchmark clustering
analysis with which to compare this result. We
examined this by measuring the density of the
induced subgraph for the top k nodes by degree
from the top 3 nodes and then from k = 50 to
5000 in increasing steps of 50, in accordance with
the previous methodology.?® We observe that the
induced subgraphs for top 400 nodes by degree had
an edge density of 91.63%, only slightly lower that

the original work (91.71%). Much like the original
work, increasing k results in further decreases to
edge density; if we expand the search to k= 5000
the edge density drops to 7.86% again mirroring
the original works 7.83% when expanded to k=
5000. This again suggests that there is a tightly
connected core of ingredients that are commonly
occurring in food products as found by.?® Figure 2
and Figure 3 show the induced sub graph for the
top 20 nodes by degree for our 2020-Feb network
made from the Open Food Facts database. We see
that both networks share the same nodes with nearly
identical edges showcasing the reproducibility of a
co-occurrence network with Open Food Facts from.?®



FLORES & COOPER, Curr. Res. Nutr Food Sci Jour., Vol. 9(3) 800-811 (2021) 806

water
)

riboflavin

spices
garlic corn_syrup
. sugar milk
soybean_oil folic_acid
corn_starch
citric_acid {
flavor
xanthan_gum
dextrose
artificial_flavor niacin
< soy_lecithin

Fig.3: The induced subgraph of the top 20 nodes by degree from the USDA’s FoodData Central
Database network. Edge thickness corresponds to weight. Edge thickness corresponds to weight
as measured by number of co-occurrences (a thicker edge indicates that adjacent ingredients
co-occur together more frequently than thinner edges)

Table 3. The top 20 co-occurring ingredients from the co-occurrence network
generated from the USDA’s Food Data Central Database

USDA CF Rank US Open Ingredient  Co-Occurrence Co-Occurrence
Facts Rank Food Count % Total

1 1 Salt 310,347 5.09%
2 2 Sugar 200,382 3.29%
3 3 Water 196,497 3.23%
4 6 Flavor 104,431 1.71%
5 4 Citric Acid 92,766 1.52%
6 5 Wheat Flour 92,120 1.51%
7 7 Milk 78,576 1.29%
8 not in top 20 Soy Lecithin 64,800 1.06%
9 8 Riboflavin 60,808 1.00%
10 9 Folic Acid 60,552 1.00%
11 12 Avrtificial Flavor 55,414 0.91%
12 10 Niacin 54,674 0.90%
13 not in top 20 Enzyme 54,322 0.89%
14 13 Soybean Oil 51,418 0.84%
15 11 Corn Syrup 51,124 0.84%
16 14 Spices 49,809 0.82%
17 19 Corn Starch 48,348 0.79%
18 not in top 20 Dextrose 44,460 0.73%
19 16 Sea Salt 41,177 0.68%
20 17 Vinegar 38,660 0.63%

Replicability in Publicly Available Food Databases
To examine the replicability of the work done in,?®
the analysis above was performed on the USDA

Central Food database which was implemented
in 2019 to centralize food composition databases
under the guidance of the USDA? for the purpose
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of data sharing and enhancing consumer health
in part through provision of information.?' Here we
present the replicability of the co-occurrence network
with data from the USDA Central Food database
generated on 2-15-2020. First, we present the top
20 co-occurring ingredients found in the network
(Table 4) with their co-occurrence count and the total

o 300
5 2w
2 2000
LE 1500
&
= 1000 I I I
g sw
s o il w= I _
= = = = =4 = g o
o < = i) B @
2 E £ & £ B 8
B o = 5] o
wheat milk
@Open Food Facts
G700
Z 600
2 500
5400
;‘3{1{1
2200
s
100 I
0l | I | E—
o of = on L] = @ =1
= 7
8 g £ g8 & & ¢ £
& g
= an N g Z
= v g g
= &
egg fish
B Open Food Facts

807

percentage they represent. This dataset is larger
than the Open Food Facts database with a total of
96,352 ingredients with 6,092,506 co-occurrences
counted after processing and network creation. The
top 3 co-occurring ingredients were once again
found to be salt, sugar, and water (11.61% of co-
occurrences).
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Fig.4: Bar charts depicting the number of times an ingredient that contains a FALCPA-regulated
allergen is contained in our co-occurrence networks, where y-axis represents the number of
times the term occurs as written exactly (exact pattern match). The terms represented are only a
small selection meant to highlight the diversity of ways a term might be represented

The raw dataset contained 331,272 total foods,
and after pre-processing 307,828 products are
represented in the co-occurrence network. Table 2
contains a list of network descriptors for this network
in comparison with the Open Food Facts database
co-occurrence networks.

Clustering the USDA's FoodData Central database
revealed again that most nodes continue to center
around a single cluster. To examine this, we
measured the density of the induced subgraph
for the top k nodes by degree beginning with the
top 3 then moving from k = 50 to k = 5000 with
incremental steps of 50. We observe that the

induced subgraph for the top 400 nodes contains
an edge density of 86.23% and drop significantly
as we increase the number of nodes in the induced
subgraphs. When we expand the “top k” to 5000
the subgraph has an edge density of only 9.54%.
These observations further reinforce the idea that
there is a tightly connected core of ingredients that
are commonly occurring in packaged food products
within the U.S. The induced subgraph (Figure 2) is
nearly identical to the one generated from the Open
Food Facts Database, similar edge weight can still
be seen between the top 3 ingredients (salt, sugar,
and water) as well as 19 of the 20 nodes being the
same in both networks.



FLORES & COOPER, Curr. Res. Nutr Food Sci Jour., Vol. 9(3) 800-811 (2021)

600
500

: L —

com symup  corn starch  high fructose  corn syrup
COrn Syrup solid

4

=
=1

3

=

2
1

o o
[=T=1

LA [, J0 Yoe ] 198 X5 Jo juno )

contains term 'com’

mOpen Food Facts

808

dextrose  maltodextrin maltitol polydextrose

derived from or can contain corn derivaties, but does not use term 'corn’
mUSDA FoodData Central

Fig.5: Bar chart depicting the number of times an ingredient that contains a corn or an ingredient
derived from corn is contained in our co-occurrence networks, where y-axis represents the
number of times the term occurs as written exactly (exact pattern match). Corn and corn-
derivatives are not required to be explicitly labeled by FALCPA, but is regularly evaluated
included in studies of food allergy and intolerance®

Ingredient Terminology

Here we present the many ways ingredients are
being labeled on nutrition labels by counting the
number of times a variation of the term is found
on the nutrition labels after data processing. We
examined this by looking at the top 8 FALCPA
allergens and the ingredients they may be found
in. A summary of each ingredient and a selection
of terms that describes it follows, including the
number of times that ingredient occurs as written
exactly in the co-occurrence networks made from
the Open Food Facts Database and the USDA
FoodData Central Database. For example, “egg” is
one of the top 8 FALCPA allergens and based on our
research it appears 417 different ways in the Open
Food Facts database and 745 different ways in the
USDA FoodData Central. Egg containing ingredients
also appear in a few different ways throughout the
network, as albumin, eggnog, and lysozyme. “Milk” is
another of the top 8 FALCPA allergens and based on
our research milk alone appears 1,948 different ways
in the Open Food Facts network and 3,136 different
ways in the USDA Food Data Central network.

The examples shown in Figure 3 highlight only a
fraction of the diversity of ingredient terms found
in packaged foods in the United States, and the
ambiguity in labeling ingredients containing these
allergens is mitigated by the fact that elsewhere on
the label, they are required to contain verbiage that
clearly states the product contains a given allergen
(i.e. a food that contains the ingredient casein will
also be labeled as containing milk, even though milk
is not an ingredient). When looking at the number of

ways these allergens are being represented in the
network, it appears thatthere is a tendency for a term
to be labeled with its “common usage”, i.e.,wheat,
milk, cheese, peanut(s), egg, and fish. However,
without further development of tools to automatically
standardize presentation of these terms, this cannot
be confirmed.

regulated allergen is contained in our co-occurrence
networks, where y-axis represents the number
of times the term occurs as written exactly (exact
pattern match). The terms represented are only a
small selection meant to highlight the diversity of
ways a term might be represented.

Next we examine a case study in the diversity
and presence of an ingredient that is not FALCPA
regulated, corn. We expect to find that term usage
for ingredients containing and derived from corn to
be more evenly distributed, due to the fact that this
term is not FALCPA regulated. Corn is relatively
easy and cheap to grow and is commonly used as
a feed grain, starch, sweetener, and fuel product.®?
The ingredients listed are certainly not the only
corn-derived or corn-containing products, and some
may not always contain corn. Further, it could be
argued that the corn content in the ingredients listed
in Figure 4 do not contain sufficient corn protein
to warrant an allergic IgE-mediated response.
However, it can be argued that if the purpose of
the food label is to inform the consumer of the
content of the food, knowing the provenance of
the ingredient should and could play a role in the
consumption of that product. Figure 4 lists first count
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of ingredients with ‘corn’ contained in the ingredient,
and then ingredients where the consumer may not
know that corn is the parent ingredient because it
is not explicitly contained in the name. Certainly,
we observe in this specific example, that there is a
diversity of terms that can be used to demonstrate
a corn-derived product is present in the product.

Limitations and Other Considerations

Our analysis here removes any processing terms
from our ingredients lists which is both abstraction
and a bias in some regard. For example, terms
such as bleached, enriched, grass-fed, corn-fed,
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defatted, fractionated, ground, crushed, pitted, and
milled are removed from our dataset before network
creation (see Figure 5). However, it is established
that processing whole foods can affect the nutritional
content of that food 34,35 and little evidence about
how this processing may or may not be represented
in the Nutrition Facts panel and ingredient list. It is
reasonable then to question how ingredient labels
represent processing, how this is perceived by
consumers, and how quantitatively the ingredients
list and Nutrition Facts panel can be automated for
comparison against known instruments, such as the
NOVA classification system.3®

ingredients@ingredients_text <-gsub('refined ','',ingredientsfingredients_text)
ingredientsBingredients_text <-gsub('milled ','",ingredientsfingredients_text)

ingredientsflingredients_text <-gsub('soft

','',ingredientsfingredients_text)

ingredientsfingredients_text <-gsub('hard ','',ingredientsflingredients_text)
ingredientsfingredients_text <-gsub('toasted ','',ingredientsflingredients_text)

ingredientsfingredients_text <-gsub('sliced

','",ingredientsfingredients_text)

Fig.6: A sample of the code used to remove terms used in food processing from
the Open Food Facts database and USDA Food Central system

Conclusions

This work contributes to the field of food label
literacy and nutrition informatics by providing a
reproducible method for quantifying the ingredients
of packaged food in the United States across two
nutritional profiling systems, the Open Food Facts
Database and the USDA FoodData Central system.
We demonstrate diversity in representation in
ingredients that are strictly regulated, and showcase
how ingredients that are less tightly regulated in their
labeling might be misunderstood by consumers. We
expect that a larger systematic analysis of these
terms will show that analysis of ingredients that are
not labeled under strict federal guidance will have
a broader diversity in semantic representation and
plan to explore this in our future work. However,
the implications of our current work show insights
into the potential for discrepancies between current
labeling practice and consumer literacy in the food
label. Having an ingredient be represented in so
many ways can make it difficult for the consumer to
understand what they are eating and how it could
impact consumer health.

A system which can identify the various terms used
to represent an ingredient and match it to its common

term or the nutrient it derives from would help the
consumer make informed health decisions, and can
also aid in labeling practice for ingredients that have
more flexible or ambiguous definition in labeling
guidance. It can be difficult for a consumer with
health concerns to know every way an ingredient
may be represented on a nutrition label, therefore
having the ability to search for any ingredient they
may not be familiar with and have returned where it
derives from and other common names would make
it easier for the consumer to decide what they should
or should not eat.

Specific implications of this work indicate that an
information system for identifying and combining
synonyms between terms is needed to perform
accurate analysis of the data; i.e., counting
‘flavours’, ‘flavour’, ‘flavors’, and ‘artificial flavors’
as equal terms needs to be performed through
a more sophisticated approach than a simple
search and replace function as performed here.
We propose this occur through a fuzzy string
matching and NLP approach, that also allows for
combination of synonyms (i.e., ‘corn’ and ‘maize’)
where the ingredient is not the same with regards
to processing, but originates from the same plant.
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In summary, these findings can inform future work
and best practices for identifying common terms that
accurately reflect both consumer understanding and
ingredient provenance, and suggest more research
is needed in developing information systems to
harness increasing information availability for the
consumer in the field of nutritional literacy.
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