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A B S T R A C T

Background: Food categorization and nutrient profiling are labor intensive, time consuming, and costly tasks, given the number of products and labels in
large food composition databases and the dynamic food supply.
Objectives: This study used a pretrained language model and supervised machine learning to automate food category classification and nutrition quality
score prediction based on manually coded and validated data, and compared prediction results with models using bag-of-words and structured nutrition
facts as inputs for predictions.
Methods: Food product information from University of Toronto Food Label Information and Price Database 2017 (n ¼ 17,448) and University of
Toronto Food Label Information and Price Database 2020 (n ¼ 74,445) databases were used. Health Canada’s Table of Reference Amounts (TRA) (24
categories and 172 subcategories) was used for food categorization and the Food Standards of Australia and New Zealand (FSANZ) nutrient profiling
system was used for nutrition quality score evaluation. TRA categories and FSANZ scores were manually coded and validated by trained nutrition
researchers. A modified pretrained sentence-Bidirectional Encoder Representations from Transformers model was used to encode unstructured text from
food labels into lower-dimensional vector representations, followed by supervised machine learning algorithms (i.e., elastic net, k-Nearest Neighbors, and
XGBoost) for multiclass classification and regression tasks.
Results: Pretrained language model representations utilized by the XGBoost multiclass classification algorithm reached overall accuracy scores of 0.98
and 0.96 in predicting food TRA major and subcategories, outperforming bag-of-words methods. For FSANZ score prediction, our proposed method
reached a similar prediction accuracy (R2: 0.87 and MSE: 14.4) compared with bag-of-words methods (R2: 0.72–0.84; MSE: 30.3–17.6), whereas
structured nutrition facts machine learning model performed the best (R2: 0.98; MSE: 2.5). The pretrained language model had a higher generalizable
ability on the external test datasets than bag-of-words methods.
Conclusions: Our automation achieved high accuracy in classifying food categories and predicting nutrition quality scores using text information found on food
labels. This approach is effective and generalizable in a dynamic food environment, where large amounts of food label data can be obtained from websites.

Keywords: food categorization, nutrient profiling, food composition database, natural language processing (NLP), pretrained language model, machine
learning, food label, nutrition facts table, nutrition quality
Introduction

Unhealthy diets, characterized by high intakes of saturated fat, sodium,
and sugar (nutrients of public health concern), are one of the leading
modifiable risk factors for the prevention of noncommunicable diseases
[1]. Development and evaluation of nutrition interventions toward miti-
gating noncommunicable diseases require a comprehensive database of
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foods.National food composition databases are expensive and challenging
to develop, construct, andmaintain [2, 3]. TheUniversity of Toronto Food
Label Information and Price (FLIP) database containing nutrition infor-
mation for >120,000 branded foods and beverages collected since 2010
was developed to evaluate the changing food supply [4, 5].

Food categorization and nutrient profiling for products in food
composition databases are essential for policy and regulation applications
LIP, University of Toronto Food Label Information and Price Database; FSANZ, Food
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(e.g., restricting the marketing of unhealthy foods to children, front-of-
package labeling) [6–8]. In Canada, Table of Reference Amounts
(TRAs) has been published by Health Canada to standardize the catego-
rization and serving sizes of Canadian foods for nutrition labeling regu-
lations and details 24 major categories and 172 subcategories [9]. There
are >300 nutrient profiling models available for nutrition quality
assessment (each with specific criteria on categories of food and nutrient
thresholds for specific ingredients) [8, 10–13]. Previous versions of FLIP
have relied on manual food categorization and nutrient profiling score
calculation. Given the number of products and complex nutrient profiling
process, manual coding is labor intensive, time consuming, and chal-
lenging with a dynamic food supply [14, 15]. Therefore, effective and
generalizable automated processes using machine learning are required.

Traditional methods for processing texts on food labels, such as
representing ingredient occurrence as binary numbers (0 or 1), have
been used to predict nutrient levels not declared on food packages (16,
17). However, their performance is limited by the input dimension and
cannot easily handle other unstructured food label text information
such as name, brand, and ingredients. Information from the nutrition
facts table was also used in some machine learning models (i.e.,
k-Nearest Neighbors [KNNs], decision tree) to estimate missing nu-
trients, such as added sugar and fiber content [18, 19]. Pretrained
language model (i.e., Bidirectional Encoder Representations from
Transformers [BERT]) is a state-of-the-art language model for natural
language processing (NLP) designed to pretrain contextual represen-
tations by representing unlabeled text in a deep, bidirectional, and
unsupervised way using large text corpora as inputs for pretraining [20,
21]. It can encode a variety of texts on food labels into low-dimensional
dense vectors with high performance on multiple tasks similar to
large-scale food category classification, product similarity compari-
sons, and nutrition quality score prediction. Although previous litera-
ture has used machine learning algorithms in the classification of
recipes and the prediction of nutrient levels not declared on food
packages [17–19, 22], no study to our knowledge has applied the
pretrained language model to process text information from food la-
bels. There is limited evidence on the application of machine learning
for nutrient profiling.

To our knowledge, this study is the first that applied pretrained NLP
approach to encode texts on food labels and used supervised machine
learning techniques to automate food category classification and
nutrition quality score calculation for a large food composition data-
base and compared the performance with traditional bag-of-words
ingredients occurrence and structured nutrition facts models. Accu-
racy was assessed using manually coded data validated by trained
nutrition researchers (MSc and PhD level staff and students).

Methods

Food composition database
This study used the University of Toronto Food Label Information

and Price (FLIP) database FLIP2017 (n ¼ 19,720) and FLIP2020 (n ¼
74,445). Briefly, FLIP is a database of Canadian branded packaged
food and beverages developed in 2010 that is updated every 3 to 4 y. It
contains food label information (e.g., product name, brand, nutrition
facts, ingredients, store, price, and product images) for >100,000 food
products from major food retailers that cover approximately 80% of the
market share in Canada [23]. The FLIP database, as a national branded
food composition database, is essential for in-depth nutritional analyses
of the Canadian food environment to understand relationships between
the nutritional quality of food products and measurements of policy
554
impacts and health over time. Previous versions of FLIP before 2020
collected food label information manually or through an iPhone digital
collection application (APP). The latest iteration, FLIP 2020, used
web-scraping coupled with optical character recognition technology to
read food labels and collect real-time food and nutrition information
[4].
Data preparation
Packaged foods and beverages were manually categorized by

trained nutrition researchers using Health Canada’s TRA, which con-
sists of 24 major categories (e.g., A. Bakery products, B. Beverages, D.
Dairy products and substitutes, S. Snacks, etc.) and 172 subcategories
(e.g., A.4. Brownies, dessert squares and bars, Muffins; D.4. Hard
cheese, including grated, such as Parmesan or Romano; D.10. Milk,
evaporated or condensed; D.15. Yogurt; S.3. Meat or poultry snack
food sticks). The complete TRA category list can be found in Sup-
plementary Materials (Supplementary Methods) section, and a full
listing of all categories and subcategories has been published by Health
Canada [9]. Manual categorization was completed by trained nutrition
researchers, and all categorizations were verified by a different team
member. The agreement was >96% overall, varying between
approximately 96% and 99% for different categories. When accurate
categorization was uncertain, staff at Health Canada who prepared the
TRA categories were consulted to ensure accurate categorization.

To determine the nutritional qua lity and calculate a nutrition quality
score of products found in FLIP database, the Food Standards Australia
New Zealand (FSANZ) method was manually applied based on
nutritional composition per 100 g or mL, depending on the unit for
which the Nutrition Facts table was displayed. The FSANZ score was
chosen for this research because it is a complicated nutrient profiling
system that calculates a summary score based on the amount of nu-
trients to limit and components to encourage in food, which includes
both positive and negative nutrient attributes and food ingredients and
have been used extensively to assess the nutritional quality of foods and
beverages [6, 7, 24–26]. FSANZ is a criterion for determining whether
foods are eligible to carry health claims on labels [11, 24]. Briefly,
foods or beverages were assigned a category, which was used to
determine the allocation of scoring cut-offs for products. Baseline
points were assigned for a product’s energy, saturated fat, sodium, and
total sugars content. Modifying points were awarded by estimating the
proportion of the food consisting of fruits, vegetables, nuts, and le-
gumes (FVNLs) ingredients and calculating protein and fiber. In the
absence of quantitative ingredient declarations on Canadian food
products, a method to estimate the FVNL content of products using the
ingredients list was developed and applied, as previously described
[14]. All categories were evaluated as sold.”. The process for the
FSANZ score calculation is complicated and involves a series of time
consuming steps. The FSANZ score of food products in the FLIP2017
and FLIP2020 databases were manually calculated by trained nutrition
researchers, following this method (Supplementary Materials).

Figure 1 indicates the data preparation flow for the development and
testing of TRA food categorization and FSANZ nutrition quality score
prediction algorithms. A total of 74,445 products were extracted from
FLIP2020. For TRA categorization algorithms, categories that were not
for human consumption (e.g., pet foods, cleaning products) and
products that did not contain food name, brand, or ingredient infor-
mation (n ¼ 28,425) were excluded. The final sample size for the
FLIP2020 TRA categorization task was 46,020. Food categories that
are not applicable for FSANZ calculation (e.g., foods intended solely
for children under 4 y of age) and those without nutrient information (n



Figure 1. Data preparation flow chart and exclusion criteria used for task A: Table of Reference Amounts food categorization and task B: Food Standards of
Australia and New Zealand nutrition quality score predictions and validation.
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¼ 12,103) were further excluded, thereby resulting in a final sample
size of 33,917 for FSANZ nutrition quality score prediction algorithms.
In addition, the FLIP2017 dataset (n ¼ 19,323 after exclusion for TRA
and n¼ 18,934 after exclusion for FSANZ), for which TRA categories
and FSANZ scores had been determined manually by trained nutrition
researchers, was used to further test the algorithms developed based on
FLIP2020.
Food product representation and visualization

Pretrained language model.
BERT is a pretrained machine learning model for NLP that learns

contextual relations between words from texts. Its key feature is that
instead of learning the representation of words from one direction of
sentences, BERT takes into account information from both the left and
right of texts. This enables researchers to fine-tune BERT for down-
stream tasks, such as generating embeddings or making predictions.
During the pretraining stage of BERT, 2 very large inputs were used:
Books Corpus (800M words) [27] and English Wikipedia (2500M
words) [20]. This training allows BERT to capture semantic meanings
of words more accurately, even for rarely used words and provides
additional benefits for nutrition NLP research because texts from
nutrition information typically only contain words and phrases, such as
brand names and ingredients, rather than complete sentences. In such
cases, traditional methods relying on the sentence structure to represent
texts will not perform well, and the use of many rarely used words in
such a context will make representation even more difficult. By using
pretrained models, we can deal with such difficulties easily.

Sentence embeddings using Siamese BERT, a modified pretrained
BERT network specialized for encoding text with reduced computing
time consumption and maintained accuracy [28], were applied to
convert text on food product labels (e.g., product name, brand, and
ingredients) into numerical representations. Sentence BERT has the
Siamese network architecture, which generates fixed-sized vectors
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from the input text and performs efficiently on clustering and semantic
similarity search. In our case, sentence BERT encoded texts on food
product labels into 384-dimensional dense vectors. These representa-
tions were then used for different downstream tasks, such as large-scale
food product categorization and similarity comparisons.

Bag-of-words.
To compare the performance of the pretrained language model, the

bag-of-words, a simple and commonly used method for text feature
extraction, was also applied. Bag-of-words model measured the pres-
ence of the words (e.g., each ingredient) in the given text (e.g., in-
gredients list) without keeping the information about the order or the
structure of words in the text [16]. This method is simple to implement
and offers flexibility for customizing specific text data, which is ideal
for prediction tasks, such as text classification. The list of ingredients of
each food product was split by a comma, and the top 100, 500, 1000, or
2000 ingredients appearing most often in all food products were
selected. The bag-of-words approach was used to vectorize the
occurrence of the top ingredients in the ingredients list (as 1) or not (as
0) into a binary matrix. Each column represented the one-hot-encoding
vector of an ingredient.

Structured nutrition facts model.
In addition to the pretrained language model and bag-of-words

representations, structured nutrient data as food representations were
also used for the nutrition quality score prediction task. The amount of
nutrients per 100 units (100 g-basis for solid food products and 100
mL-basis for liquid food products) was calculated based on the nutri-
tion facts table and serving size information provided on the food
package.

Visualization.
To visualize the high-dimensional space of food product represen-

tation, the t-distributed stochastic neighbor embedding (t-SNE) method
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was used to project food products onto a 2D space. The t-SNE algo-
rithm calculates a similarity measure between pairs of instances in the
low-dimensional space. It gives each food product a location in a 2D
map based on a variation of the Stochastic Neighbor Embedding [29].
By reducing the tendency to crowd points together in the center of the
map, t-SNE produces significantly better visualizations and minimizes
crowding compared with other techniques.
2.4. Machine Learning Algorithms
Using the inputs from food representations, the elastic net algo-

rithm, KNN algorithm, and extreme gradient boosting (XGBoost)
algorithms were applied for multiclass classification (one compared
withrest) to predict food TRA major categories and subcategories and
were used for regression to estimate nutrition quality score. All the data
were split into 70% as a training set and 30% as a testing set, as
described in Figure 1.

Elastic net is a novel regularization and variable selection method
with good prediction accuracy. We used the stochastic gradient descent
classifier with the elastic net penalty that combines penalties of the
lasso and ridge methods, namely sparsity and shrinkage, together [30].

The k-nearest neighbors algorithm, also known as KNN, is a
nonparametric supervised machine learning algorithm that assumes a
similar food product exists in close proximity [31, 32]. The Manhattan
distance between the query food product and the other food products
was calculated to form decision boundaries. To determine the classi-
fication of a specific query food product, we checked 5 neighbors for
the KNN classification model. Previous studies have shown that KNN
performs very well in nutrition-related tasks, such as predicting added
sugar content, dietary fiber content and nutritional phenotypes based on
nutrient variables [18].

XGBoost is a scalable end-to-end tree-boosting system that can
solve real-world scale problems using a minimal amount of resources
[33]. By combining weak learners, the XGBoost reduced the models’
residuals and increased the predictive power [31]. It provides parallel
tree boosting and performs well on regression, classification, and
ranking tasks [33]. In addition, XGBoost does not require input
normalization because it is essentially an ensemble algorithm
comprised of decision trees. We used the XGBoost one compared
withrest, multiclass classification model in this study [33, 34].
Statistical analyses
To evaluate the performance of multiclass classification machine

learning algorithms on the given categorization prediction tasks,
accuracy and balanced accuracy were calculated as performance in-
dicators, indicating the difference between true values (manually
validated TRA categories) and predicted values (by algorithms).
Accuracy is the ratio of correctly predicted observations to the total
observations, mainly depending on the algorithm’s performance in the
biggest classes. Balanced accuracy is useful for multiclass classifica-
tion when classes are imbalanced, and each class has an equal weight in
the final calculation [34]. Confusion matrix, precision, recall, macro,
and micro F1 scores were also calculated to evaluate the model per-
formance [34].

To assess the nutrition quality regression models’ performance, R2

and mean absolute error were used, indicating the amount of difference
between true values (manually validated FSANZ scores) and predicted
values (by algorithms). R2 reflects the proportion of variation in the
outcome that is explained by the predictor variables. Mean Squared
Error (MSE) measures the average squared difference between the
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observed actual outcome values and the values predicted by the model.
Higher R2 and lower mean absolute error represent the better model.

All the analyses were conducted using Python 3.9.

Results

Performance of food label pretrained language model
representations for predicting TRA major category and
subcategory

Figure 2 illustrates the t-SNE visualization of food products in our
FLIP food composition database by TRA category using food label
pretrained language model representations of product names and in-
gredients. The visualization shows that food label pretrained language
model representations produced by t-SNE clearly differentiate food
products into various TRA categories in FLIP2017 (Figure 2A) and
FLIP2020 (Figure 2B), as illustrated by the clusters. In the t-SNE
graph, each cluster (i.e., food category) is indicated by a different color.
Clusters indicate that different categories of products are closer to each
other within the category, whereas more distant to products of different
clusters. Each dot corresponds to a vector representing a unique food
product. The closer the 2 points are, the more similar the 2 products are.
For example, the dark blue clusters represent all bakery products in
FLIP2017 and FLIP2020. Cheddar cheese and mozzarella cheese are
closer and in the same cluster, but are different from Coca Cola or
Sprite, which are in a different cluster.

Overall, food label representations generated by the pretrained
language model predicted TRA major categories and subcategories of
food products in the FLIP database with high accuracy (Table 1). Of
note, accuracy scores of 0.98 for predicting the TRA major categories
and 0.96 for predicting the TRA subcategories were reached using the
XGBoost multiclass classification algorithm with name, brand, and
ingredients as data inputs. XGBoost and KNN classification algorithms
performed better on the task of food categorization using food label
pretrained language model representations than the elastic net classi-
fication algorithm. Based on prediction accuracy and balanced accu-
racy among TRA categories, using food label pretrained language
model representation of product name and ingredients, as well as
representation of the name, brand, and ingredients, performed slightly
better on food categorization tasks compared with using representa-
tions of ingredients alone in elastic net, KNN, and XGBoost algorithms
(Table 1).

Figure 3 and Supplementary Table 1 show the prediction perfor-
mance of food categorization in each TRA major category and sub-
category using food label pretrained language model representations.
The prediction F1 score of TRA categories ranged from 0.90 to 0.99.
Specifically, this method reached an F1 score of 0.99 for dairy, eggs,
fats and oils; 0.98 for beverages, desserts, marine and freshwater ani-
mals, cereals, fruit, vegetables, soups, and sauces; 0.97 for meat,
bakery, etc. (Figure 3). Furthermore, 115 out of 145 TRA subcategories
(with a sample size >5) had a prediction F1 score higher than 0.9
(Supplementary Table 1).
Performance of traditional bag-of-words methods for
predicting TRA major category and subcategory

The food products in different TRA categories using the top in-
gredients bag-of-words method are visualized in t-SNE graphs
(Figure 4). FLIP database contains about 47k unique ingredients, and
the top 100 ingredients account for an average coverage of 89.2% of
products, whereas the top 2000 ingredients account for an average



Figure 2. t-Distributed Stochastic Neighbor Embedding (t-SNE) visualization of food products in each Table of Reference Amounts (TRA) major category
represented by the pretrained language model. (A) FLIP2017 product name and ingredients embedding (n ¼ 19,323). (B) FLIP2020 product name and in-
gredients embeddings (n ¼ 46,020). t-SNE (t-distributed stochastic neighbor embedding). TRA, Health Canada’s Table of Reference Amounts. TRA major food
categories: A, bakery products; B, beverages; C, cereals and other grain products; D, dairy products and substitutes; E, desserts; F, dessert toppings and fillings;
G, eggs and egg substitutes; H, fats and oils; I, marine and freshwater animals; J, fruit and fruit juices; K, legumes; L, meat, poultry, and substitutes; M,
miscellaneous category; N, combination dishes; O, nuts and seeds; P, potatoes, sweet potatoes and yams; Q, salads; R, sauces, dips, gravies, and condiments; S,
snacks; T, soups; U, sugars and sweets; V, vegetables; W, foods intended solely for children aged <4 y; X, meal replacements and nutritional supplements. (9)
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coverage of 99.9% of products in FLIP2020. The top 100 ingredients
bag-of-words method did not perform well on several vectorized food
products, although this method was reported to well predict nutrients in
a previous study [17]. Many food products could not be differentiated,
as shown in the red arrow markers (Figure 4A and Figure 4B). How-
ever, when increased to the top 2000 ingredients bag-of-words, t-SNE
plots showed better food vectorization and TRA separation of almost
all products (Figure 4C and Figure 4D).

Similar trends were indicated by the accuracy and balanced accu-
racy of the TRA major category and subcategory prediction model
(Table 2). The highest accuracy of TRA category prediction gradually
increased from 0.85 (using top 100 ingredients bag-of-words) to 0.96
(using top 2000 ingredients bag-of-words). XGBoost performed the
Table 1
Accuracy and balanced accuracy of TRA major category and subcategory pr
representations1,2

Pretrained language model Algorithm TRA major catego

Accuracy

Ingredients Elastic net 0.83
Ingredients KNN 0.95
Ingredients XGBoost 0.96
Name & ingredients Elastic net 0.92
Name & ingredients KNN 0.97
Name & ingredients XGBoost 0.97
Name & brand & ingredients Elastic net 0.95
Name & brand & ingredients KNN 0.95
Name & brand & ingredients XGBoost 0.98

1 KNN; k-nearest neighbors; XGBoost, extreme gradient boosting; TRA, Healt
categories) (9).
2 Accuracy compared with manually categorized and validated categories/subca
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best with the highest accuracy compared with the elastic net and KNN
algorithms. The TRA subcategory prediction accuracy increased from
0.81 (using top 100 ingredients bag-of-words) to 0.94 (using top 2000
ingredients bag-of-words). Ideally, the more ingredients involved in the
algorithm, the higher accuracy can be reached. However, more
computing resources and time will be needed.

Regarding prediction performance by TRA category, 38% and 92%
of TRA major category predictions reached an F1 score >0.9 using the
top 100 ingredients bag-of-words and the top 2000 ingredients bag-of-
words, respectively (Figure 5). Only 46 out of 145 TRA subcategory
predictions (sample size >5) had an F1 score over 0.9 when using the
top 100 ingredients bag-of-words (Supplementary Table 2). Using the
top 2000 ingredients bag-of-words, 100 out of 145 TRA subcategory
ediction algorithms using different food label pretrained language model

ry TRA subcategory

Balanced accuracy Accuracy Balanced accuracy

0.76 0.71 0.47
0.93 0.90 0.81
0.94 0.93 0.84
0.89 0.89 0.70
0.95 0.94 0.88
0.96 0.95 0.88
0.92 0.91 0.76
0.94 0.91 0.83
0.96 0.96 0.89

h Canada’s Table of Reference Amounts (24 major categories and 172 sub-

tegories (FLIP2020; n ¼ 46,020).



Figure 3. Confusion matrix and prediction F1 score of each TRA major category using food label pretrained language model representations of food product
name and ingredients only with XGBoost (n ¼ 13,806 in the testing dataset). The number and blue colors indicated the sample size in each category. Health
Canada’s Table of Reference Amounts (TRA), including 24 major categories and 172 subcategories (9). TRA major categories: A, bakery products; B, bev-
erages; C, cereals and other grain products; D, dairy products and substitutes; E, desserts; F, dessert toppings and fillings; G, eggs and egg substitutes; H, fats and
oils; I, marine and freshwater animals; J, fruit and fruit juices; K, legumes; L, meat, poultry, and substitutes; M, miscellaneous category; N, combination dishes;
O, nuts and seeds; P, potatoes, sweet potatoes and yams; Q, salads; R, sauces, dips, gravies, and condiments; S, snacks; T, soups; U, sugars and sweets; V,
vegetables; W, foods intended solely for children aged <4 y; X, meal replacements and nutritional supplements.
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predictions (sample size >5) had an F1 score >0.9 (Supplementary
Table 3).
Comparison of food label pretrained language model
representations and traditional methods for predicting
TRA category

Food products represented by the food label pretrained language
model generally performed better than the bag-of-words method within
the same data dimension and computing resources. The food label
pretrained language model converted food label ingredients informa-
tion to a 384-dimensional dense vector space and reached an overall
accuracy of 0.96 for TRA major category prediction and 0.93 for TRA
subcategory prediction (Table 1). However, using a similar 500-dimen-
sional binary vector from ingredients bag-of-words only reached 0.93
for TRA major category prediction and 0.90 for TRA subcategory
prediction (Table 2). The distribution of TRA major category and
subcategory prediction F1 scores similarly indicated the same results
that food label pretrained language model representations overall led to
more accurate predictions than the bag-of-words method. Eighty
percent of TRA subcategory predictions using the pretrained language
model had an F1 score of >0.9, which outperformed the traditional
bag-of-words method (32%-70%) (Figure 5). In addition, the pre-
trained language model also outperformed the structured nutrition facts
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models using nutrients per 100 units as inputs (62% of TRA subcate-
gory predictions had an F1 score of >0.9) (Figure 5).

In addition, when generalizing the algorithms on the FLIP2017
database, the food label pretrained language model performed better
(accuracy 0.91 and balanced accuracy 0.85) than the bag-of-words
method with top 2000 ingredients (accuracy 0.90 and balanced accu-
racy 0.84), given the less computing resources needed (768-dimension
compared with 2000-dimension) (Supplementary Table 4). Of note, as
the food label collection methods and the set food products included
were different across the years, the list of the top ingredients also
varied. A similar issue exists in many other countries’ food composi-
tion databases. Therefore, the food label pretrained language model
would be more stable when applied to different sources of databases
and when new data is collected.
Comparison of the pretrained language model,
ingredients bag-of-words, and structured nutrition facts
models for predicting nutrition quality score

The average FSANZ nutrition quality score of the FLIP2017 and
FLIP2020 databases that we manually calculated and used for the
nutrition quality score prediction task were 7.1 and 6.8, respectively.
The performance of FSANZ score prediction using food label pre-
trained language model representations and ingredients bag-of-words



Figure 4. t-Distributed Stochastic Neighbor Embedding (t-SNE) visualization of food products in each TRA category represented by bag-of-words. (A)
FLIP2017 top 100 ingredients bag-of-words (n ¼ 19,323). (B) FLIP2020 top 100 ingredients bag-of-words (n ¼ 46,020). (C) FLIP2017 top 2000 ingredients
bag-of-words (n ¼ 19,323). (D) FLIP2020 top 2000 ingredients bag-of-words (n ¼ 46,020). t-SNE, t-distributed stochastic neighbor embedding. TRA, Health
Canada’s Table of Reference Amounts (9). TRA major food categories: A, bakery products; B, beverages; C, cereals and other grain products; D, dairy products
and substitutes; E, desserts; F, dessert toppings and fillings; G, eggs and egg substitutes; H, fats and oils; I, marine and freshwater animals; J, fruit and fruit
juices; K, legumes; L, meat, poultry, and substitutes; M, miscellaneous category; N, combination dishes; O, nuts and seeds; P, potatoes, sweet potatoes and yams;
Q, salads; R, sauces, dips, gravies, and condiments; S, snacks; T, soups; U, sugars and sweets; V, vegetables; W, foods intended solely for children aged <4 y; X,
meal replacements and nutritional supplements.
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inputs developed in the previous tasks were calculated based on the
XGBoost regression algorithm because it performed better than the
elastic net and KNN algorithm. Structured data from the Nutrition
Facts table on the food product was also used as an input for
comparison because the FSANZ nutrition quality score is calculated
by steps based on food product’s nutrient levels per 100 units (per
100 g for solid food and per 100 mL for liquid food). As shown in
Table 3, food label pretrained language model representations of the
food product name and ingredients reached a similar level of model
prediction accuracy (R2: 0.87; MSE: 14.4) compared with the in-
gredients bag-of-words method (top 100 ingredients: R2: 0.72 and
MSE: 30.3; top 2000 ingredients: R2: 0.84 and MSE: 17.6). How-
ever, models using structured data from the food nutrition facts table
559
performed much better than the food label pretrained language model
and bag-of-words method. The model prediction accuracy reached R2

¼ 0.98 and MSE ¼ 2.5 using inputs of nutrients per 100 units
serving size.

We further applied the FSANZ score prediction algorithm devel-
oped from FLIP2020 to our FLIP2017 database for model general-
ization evaluation. Results showed that using food label pretrained
language model representations (R2: 0.70; MSE: 31.8) performed
similarly to using the bag-of-words method (R2: 0.62–0.72; MSE:
40.4–30.0) (Supplementary Table 4). However, the structured nutrition
facts model using nutrients per 100 units had the best generalization
ability (R2: 0.97 andMSE: 2.8). Therefore, the structured nutrition facts
model using nutrients per 100 units is the best option for application to



Table 2
Accuracy and balanced accuracy of TRA major category and subcategory prediction algorithms using top ingredients bag-of-words method1, 2

Bag-of-words Algorithm TRA major category TRA subcategory

Accuracy Balanced accuracy Accuracy Balanced accuracy

Top 100 ingredients Elastic net 0.69 0.59 0.64 0.50
Top 100 ingredients KNN 0.81 0.74 0.75 0.64
Top 100 ingredients XGBoost 0.85 0.77 0.81 0.71
Top 500 ingredients Elastic net 0.87 0.82 0.82 0.71
Top 500 ingredients KNN 0.91 0.87 0.85 0.75
Top 500 ingredients XGBoost 0.93 0.90 0.90 0.80
Top 1000 ingredients Elastic net 0.91 0.88 0.87 0.77
Top 1000 ingredients KNN 0.92 0.89 0.87 0.77
Top 1000 ingredients XGBoost 0.95 0.93 0.93 0.83
Top 2000 ingredients Elastic net 0.93 0.91 0.90 0.79
Top 2000 ingredients KNN 0.93 0.90 0.88 0.79
Top 2000 ingredients XGBoost 0.96 0.95 0.94 0.86

1 KNN, k-nearest neighbors. XGBoost, extreme gradient boosting. TRA, Health Canada’s Table of Reference Amounts (24 major categories and 172 sub-
categories) (9).
2 Accuracy compared with manually categorized and validated categories/subcategories (FLIP2020; n ¼ 46,020).

Figure 5. Distribution of food categorization prediction F1 score using different methods. (A) Prediction F1 score of each Table of Reference Amounts (TRA)
major category. (B) Prediction F1 score of each TRA subcategory. University of Toronto Food Label Information and Price Database 2020 (n ¼ 46,020). Health
Canada’s TRA (24 major categories and 172 subcategories) (9). Pretrained: food label pretrained language model representations of product name and in-
gredients. BoW100: bag-of-words occurrence using top 100 ingredients. BoW2000: bag-of-words occurrence using top 2000 ingredients. Nutrition Facts table:
structured nutrition facts model using nutrients per 100 units calculated from Nutrition Facts table.
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other food composition databases for FSANZ nutrition quality score
prediction.
Discussion

In this study, we used the pretrained language model in NLP to
process unstructured text information that appears on food labels and
used it with supervised machine learning algorithms to automate food
category classification and nutrition quality score calculation. The
automation strategy in this paper reached >97% accuracy and enabled
fast and large-scale food label processing at a low cost for better
evaluation of the impact of food policies on the food environment. To
our knowledge, this is the first study that leveraged the state-of-the-art
pretrained language model for food label text data and is the first that
applied NLP and machine learning methods for nutrient profiling in a
large-scale food composition database.
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Food composition databases are expensive to develop and maintain,
but are essential for a wide variety of applications, such as in epidemio-
logical studies to investigate the associations between nutrient intakes and
health outcomes; in clinical settings to plan diets for individuals; for
setting reformulation standards; and for monitoring food nutrition
composition changes over time [35–38]. Previous iterations of the Ca-
nadian FLIP food composition database relied on the manual categori-
zation of foods and complex nutrition quality score calculations by trained
nutrition researchers, which is a time and labor-intensive process [4]. This
study provides evidence for effective and generalizable automated pro-
cesses that allow for a more regular assessment and monitoring of the
dynamic food environment, particularly when governments are enacting
regulations, such as front-of-pack labeling policies which will require
monitoring of the nutritional quality of the food supply [39, 40].

Our results show that the pretrained language model using food
labels performed fast, high-accuracy, food category classifications,
compared with the traditional bag-of-words method relying on most



Table 3
Comparison of the performance of FSANZ nutrition quality score predictions
using food label pretrained language model, bag-of-words, and structured data
model1, 2

Methods Input from food label R2

MSE

Pretrained language model Ingredients 0.86 15.2
Pretrained language model Name & ingredients 0.86 15.1
Pretrained language model Name & brand & ingredients 0.87 14.4
Bag-of-words Top 100 ingredients 0.72 30.3
Bag-of-words Top 500 ingredients 0.82 19.4
Bag-of-words Top 1000 ingredients 0.82 19.7
Bag-of-words Top 2000 ingredients 0.84 17.6
Structured data model Nutrient facts table 0.91 9.8
Structured data model Nutrients per 100 units 0.98 2.5

1 FSANZ, Food Standards Australia New Zealand [11]. R2, the coefficient
of determination. Results from extreme gradient boosting (XGBoost). Nutri-
ents per 100 units, g for solid food and mL for liquid food.
2 Accuracy compared with manually calculated FSANZ nutrition quality

scores (FLIP2020; n ¼ 46,020).
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frequent ingredients as inputs. Although similar accuracies were ach-
ieved using the bag-of-word model of top 2000 ingredients, this
method is less generalizable because the included product types and top
ingredient lists vary by different global food composition datasets and
year. Results in this study also showed that 80% of TRA subcategory
predictions using the pretrained language model had an F1 score of
>0.9, which outperformed the traditional bag-of-words method (32%–

70%) and structured nutrition facts model (62%). The remaining 15
subcategories for which F1 scores ranged from 0.55 to 0.84 may be due
to the insufficient number of products for training (<350 products). As
such, the accuracy of the algorithm is highly dependent upon having a
large enough sample size in each subcategory to allow for the accurate
classification of products.

The pretrained language model and machine learning approaches
can be applied to assessing the recently released regulations on front-
of-pack labeling and policy for restrictions on the marketing of un-
healthy foods to children in Canada [39, 41] and assessing policy
impacts in many other countries (e.g., Australia, Chile, Costa Rica,
India, United Kindom) [42]. For example in Chile, there was a sig-
nificant decrease in the amount of sugars and sodium in several groups
of packaged foods and beverages after initial implementation of the
Chilean Law of Food Labeling and Advertising [40]. Although the
machine learning model using structured nutrient facts data as input
achieved the highest accuracy of 0.98, the food label pretrained lan-
guage model representations and/or bag-of-words model can still
achieve moderate accuracy in the prediction of nutrition quality score
(0.87 and 0.84, respectively), even if the nutrient information is
missing. The slight discrepancy in the true and predicted FSANZ score
is likely due to identifying specific categories used in FSANZ and the
methodology of scoring for FVNL, which are not disclosed quantita-
tively in Canada and therefore are based on estimates using the
descending order of ingredients found in the ingredient list of a product
[11, 14]. Improvements refining the data input (e.g., training the
technique to learn the percentage contribution of an ingredient) can
likely increase the accuracy of estimating FSANZ nutrition quality
score on future datasets.

Compared with manual categorization and calculation as well as
traditional machine learning approaches, our automation strategies
have several advantages. First, a variety of text information (e.g.,
product name, brand, ingredients, nutrition and health claims,
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environment/sustainability claims) is available on food packages but
not fully utilized by previous studies [17–19]. A previous machine
learning model predicted label nutrients from the ingredients state-
ment in the USDA food composition database but was unable to
handle texts outside the current dictionary [17]. The machine learning
models for added sugar and fiber contents prediction used available
nutrients of packaged food products and reached high accuracy, but
were unable to handle products that were missing nutrient information
[18, 19]. Our study implemented the pretrained language model to
directly encode different texts found on food labels into
low-dimensional vectors in a standardized way to bypass the gener-
alization challenges while saving computing resources. Second, the
models applied in this study did not need as many computing re-
sources, yet remained highly accurate; therefore, it is cost effective for
a more regular assessment and monitoring of the highly dynamic food
environment as well as helpful for evaluating food policy and regu-
lations [4, 43–45]. Lastly, this study leveraged previous iterations of
FLIP, in which category and nutrition profiling of a large number of
food products (>70,000) have been manually determined by trained
nutrition researchers, thereby improving the usability of data variables
within a model. Given the increased generalizability and the stan-
dardized process for handling text data, our automation strategies
could be highly adaptable and applicable to other large food and
nutrition databases worldwide with different data formats and
different food classification and nutrient profiling systems. For
example, these features are being implemented for FLIP-Latin
America and the Caribbean dataset and could also be implemented
for other counties’ nutrition databases [46].

The present study is limited by the amount of product-specific in-
formation retrieved from grocery retailer websites and the imbalanced
sample size. For example, currently, there are no e-grocery food la-
beling regulations in Canada, as well as globally, to standardize the
provision of food product information online, although the Codex
Alimentarius Commission and the Canadian government are both
currently working on draft guidelines on internet sales/e-commerce
[47, 48]. Furthermore, because of the large number of TRA cate-
gories, some subcategories have a limited number of products available
in the database for model training, which may impact the performance
of our algorithm in small food categories. However, despite missing
product information and imbalanced sample size, the results of this
study indicate a high predictive value using NLP and machine learning
techniques. Lastly, although the pretrained NLP model performed well
in the task of food categorization and nutrition quality score prediction,
it was based on general natural language corpora instead of
food-specific text. Further model training to leverage food-specific
corpora is needed for food label and recipe-related tasks.

In conclusion, the application of a novel NLP method and machine
learning in processing text information on food labels reduces the
time needed for manual food categorization and nutrition quality
score calculation of a large number of food products. This effective
and generalizable automated process is feasible and reliable for food
composition databases in other countries. The food category classi-
fication and nutrition quality score prediction tasks in this study are
just examples, demonstrating that NLP and machine learning are
promising methods for the automation of food databases in the future.
This study provides evidence of accurate and large-scale, real-time
food label processing algorithms that can provide timely analysis of
the impacts of food policy on the food supply for governments, health
organizations, and researchers and ultimately promote a healthy food
environment.
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