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Abstract. The proliferation of recipes on the Web presents an opportunity for developing AI methods to promote healthy nutri-
tion of people using the Internet as a source of food inspiration. Recent research endeavors have resulted in the development of
ontologies related to food, and algorithmic solutions for ingredient substitution. However, there is a lack of a resource oriented
towards promoting research in semantic-based algorithmic meal plan recommendation and/or individual ingredient substitution
that explicitly incorporates healthiness into the recommendation process. To address this gap, we present a knowledge graph
comprising a large collection of recipes sourced from Allrecipes.com, their ingredients and corresponding nutritional informa-
tion, social interactions metadata, and healthiness information calculated based on two international nutritional standards. We
describe the construction process of our knowledge graph, and show its utility in quantitatively evaluating the healthiness of
online recipes.

Keywords: Data resourse, Web and public health, Ontology

1. Introduction

With more and more people turning to the Web for inspiration on what to cook [1], nutritional facts and well–
being considerations are becoming equally important to factors such as preparation time and ease of execution in
the selection process of recipes [2], particularly for those that are conscious about their overall health or body image
[3, 4]. In turn, food recommendation systems have recently started incorporating health and dietary restrictions, and
ingredient preferences in their recommendation process (e.g., [5–7]). At the same time, national health organizations
around the world promote healthy, balanced diets for people to maintain and/or improve their overall health [8] due
to the fact that causal connections between certain dietary choices and diseases, including cardiovascular diseases
[9], stroke [10], cancer [11], and mental health [12], have been established.

Nutrition labels on prepackaged food, such as the one illustrated in Fig. 1a, strive to make the nutritional value of a
product (e.g., the amount of fiber, fat, sugar and salt that one would consume by eating a certain food item) available
to consumers. Nutritional information is even provided for recipes found on the Web (see Fig. 2). Unfortunately
however, in both online recipes and food labels, daily recommended values are reported solely for a female between
19 − 30 years of age with a daily intake of 2, 000 kCal. Without any guidance on how to properly interpret this
information, or how to convert to one’s own gender, age, and daily calorific intake, nutrition labels often confuse,
rather than inform, customers about the nutritional value of a meal.
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(a) (b)

Fig. 1. (a) Sample nutrition facts label obtained from https://www.cdc.gov/diabetes/managing/eat-well/food-labels.html. Food labels such
as this provide the amount of calories, carbs, fat, fiber, protein, and vitamins per serving of food, with the % daily value of each
nutrient being calculated for a female between 19 − 30 on a 2, 000 calories a day diet. (b) Sample traffic light label. Source:
https://www.food.gov.uk/safety-hygiene/check-the-label.

Fig. 2. Sample recipe from www.allrecipes.com. Apart from the list of ingredients and instructions on how to execute the recipe, nutritional
information from the ESHA Research Database is also available.

This work presents RecipeKG, a publicly available knowledge graph comprising all recipes from the English All-
recipes.com2 website, their ingredients, and corresponding nutritional information, social interactions metadata, and
healthiness information calculated based on two international nutritional standards. Having this data in graph–based
format has several advantages as follows. First, by linking concepts (e.g., ingredients) to external resources (e.g.,
[14]), the dataset can be enriched with knowledge (e.g., nutritional information of individual ingredients) that was
not initially available. Such additional knowledge can facilitate research that is currently difficult (e.g., estimating
calories from a recipe’s ingredients), or outright impossible to conduct (e.g., learning to calculate the nutritional

2Allrecipes.com, a food–focused social network and recipe website, claims a traffic of 3 billion pages annually across 19 sites in 24 countries
with recipes available in 13 languages [13].

https://www.cdc.gov/diabetes/managing/eat-well/food-labels.html
https://www.food.gov.uk/safety-hygiene/check-the-label
www.allrecipes.com
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Table 1
Comparison between RecipeKG and existing knowledge graphs.

RecipeKG FoodKG [14] FoodWiki [17] Open Food Facts [19]
Models recipes x x x
Models ingredients x x x x
Models nutritional data x x x x
Models intake guidelines x
Can be extended with additional guidelines x
Models (multiple) health scores x x
Can differentiate health scores by age and
calorific intake

x

Can be extended to include additional health
scores

x

Infers health scores x x
Taxonomy of categories x x x
Includes social interaction metadata x

value of recipes). Second, edges in the knowledge graph explicitly represent relations between concepts (e.g., recipe
ingredients), enabling analyses such as the one discussed in Section 4, as well as novel research directions (e.g., joint
representation learning of recipes, ingredients, and nutrition facts). Third, by providing a consistent representation
of nutritional data alongside diverse dietary guidelines, recipe healthiness tailored to ones age, gender, and daily
calorific intake can be inferred. Forth, the data–driven evaluation of the healthiness of Internet recipes across cate-
gories, and their corresponding hierarchical structure, using widely accepted nutritional standards different dietary
guidelines depending on user profiles in accordance to their age group and dietary intakes becomes possible.

The remainder of this paper is structured as follows: Section 2 reviews related work. Section 3 outlines the data
collection and knowledge graph construction process. Section 4 presents a discussion pertaining to the healthiness
of Allrecipes.com recipes. Finally, the potential impact of RecipeKG and potential future research directions are
discussed in Sections 5 and 6, accordingly.

2. Related Work

Recipe–focused Knowledge Graphs. Despite the wealth of information on food recipes on the Web, only one
recipe–focused knowledge graph, namely FoodKG [14], exists to date. FoodKG is complimentary to the knowledge
graph presented here, since its recipes are sourced from the Recipe1M dataset [15]. FoodKG uses the Foodon
Ontology [16] to categorize food, nutritional data about food, and chemical components of food. Similar to FoodKG,
RecipeKG reuses some of the classes of Foodon Ontology [16]. However, unlike RecipeKG, FoodKG is oriented
towards consumers who wish to determine what recipe to make based on ingredients at hand while accounting for
constraints, such as allergies. It does not include nutritional information about food or recipes, nor does it facilitate
the data–driven calculation of easily understandable health scores. Applications such as [17, 18] are narrow in scope
(e.g., health, disease, or diet), and have been developed for a specific target audience. For instance, FoodWiki [17]
is a mobile system that provides semantic–based suggestions about packaged food in the Turkish market using
reasoning about side effects of and allergens in food based on properties of products captured using an Ontology
and health condition of a given user. Similarly, the food and nutrition ontology described in [18] is used to help
individuals identify recipes and ingredients, as well as monitor possible risk factors, aligned with hypertension, a
chronic illness. Finally, Open Food Facts [19] is an open platform that allows individuals to add and edit information
about packaged foods from around the world. Open Food Facts uses a scoring system that is similar to the FSA
score used in this study. However, the focus is on packaged foods only. [20] provides a comprehensive review on
food knowledge graphs. Table 1 summarizes the main differences between the proposed resource, i.e., RecipeKG,
and most relevant, existing knowledge graphs.

Internet recipes’ healthiness studies. We demonstrate the utility of RecipeKG by conducting a large–scale evalu-
ation of Allrecipe.com recipes’ healthiness. We therefore summarize works that have studied online recipes health-
iness before [21–23]. Specifically, [21] conducted a small scale study (100 recipes for each category obtained from
3 supermarkets and 5 recipe books) to compare the nutritional content of main dishes from television chefs and
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ready meals sold in supermarkets. The authors of that seminal study are all public health experts that posed similar
questions to the analysis in Section 4. Similar to this work, [21] used dietary guidelines from the World Health
Organization [8], and the United Kingdom Food Standards Agency [24]. Follow up work [22, 23] included recipes
from Allrecipes.com to the comparison, and found them to be unhealthy using FSA and WHO health criteria. Unlike
prior research, this work offers insights into the healthiness of recipes on the Allrecipes.com website by empha-
sizing semantics in each step during the data collection and analysis process, and can therefore be used to provide
explanations for each step involved in producing recipe recommendations.

3. Dataset Collection and Knowledge Graph Construction

The URLs of a total of 77, 835 recipes that were published on the main site of Allrecipes.com between the years
1997 and 2021 were crawled on December 14th, 2021 using its XML sitemap, and a standard crawler implemented
in Python with Beautiful Soup. For every recipe (i) its title, (ii) average rating and number of reviews it has received,
(iii) its classification, and (iv) the year of its publication, (v) the recommended number of servings, (vi) preparation
and cooking times, and (vii) the complete list of ingredients and their corresponding quantities, as well as (viii)
all available nutritional information about each recipe was extracted from linked data encoded within each recipe
webpage as JSON–LD. The recommended number of servings (i.e., yield) provides some context for the nutritional
information. Having the right recipe yield ensures that the correct % daily value is computed for each nutrient. The
nutritional content for each recipe is reported by Allrecipes.com by matching the contained ingredients with those
in the ESHA research database [25].

3.1. Data Preprocessing

The first step in processing the recipes is extracting relevant metadata encoded in JSON–LD in the corresponding
recipe webpages. Although well structured, and adhering to the Schema.org schema, this metadata needed to be
preprocessed before being ingested into the knowledge graph. We particularly faced two challenges with parsing
ingredients and categories a recipe may belong to, as described below.

First, ingredients appear on the recipe metadata as strings (e.g., “1 cup brown sugar”). We processed each string
using a conditional random field (CRF) model [26] in order to identify the ingredient itself (e.g., “brown sugar”), the
quantity of the ingredient used in the recipe (e.g., “1”), and the unit of measurement (e.g., “cup”). The CRF model
has been trained with ∼ 180, 000 human–labeled data from the New York Times cooking database, and is publicly
available on GitHub3. We additionally applied a lemmatizer to promote homogeneity (i.e., prevent having multiple
copies of the same unit appearing in different versions due for example to singular or plural form being used across
recipes). We evaluated the accuracy of the CRF model by manually inspecting a total of 800 ingredients (i.e., 100
ingredients randomly sampled from each of the 8 sitemaps in our dataset, so as to increase coverage). Specifically,
the output of the CRF model was manually labeled as correct (black), partially correct (amber), or erroneous (red)
as shown in Table 2. Overall, the CRF model achieved 91.75% accuracy, with only 57 erroneous and 9 partially
correct outputs out of the 800 samples.

Once ingredients were identified using the CRF model, an attempt was made to match each of them with in-
gredients in FoodOn [16], so that the corresponding, existing IRI could be used. A new IRI was constructed for
each ingredient not matching an existing ingredient in the knowledge graph. Specifically, the SequenceMatcher
function from the difflib library [27] was used to calculate the similarity between words appearing in the ingredient
name (returned by the CRF model), and each ingredient in the knowledge base. All matches above a threshold of
70% were considered4, and the IRI of the matching ingredient with the highest similarity score was used instead of
the ingredient name string in the knowledge graph. In the event no match could be found, a new URI was created for
the ingredient. To evaluate the accuracy of the matching process, we manually inspected a total of 729 ingredients
from 80 recipes randomly sampled from each of the 8 sitemaps in our dataset. In all, we found this matching step to

3https://github.com/nytimes/ingredient-phrase-tagger
4This threshold was empirically found to produce the best results.

Schema.org
https://github.com/nytimes/ingredient-phrase-tagger
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Table 2
Ingredient identification examples using CRF. Sample inputs to the CRF model are color coded to denote correctly identified ingredients (black),
erroneous or misdetected ingredients (red), and borderline detections (amber).

Input string Quantity Unit Name
2 tablespoon olive oil 2 tablespoon olive oil
3/4 teaspoon curry powder 3/4 teaspoon curry powder
1 large orange bell pepper, coarsely chopped 1 - orange bell pepper
3 tablespoon crunchy peanut butter 3 tablespoon butter
1/4 teaspoon red pepper flakes 1/4 teaspoon -
3 egg yolks 3 - egg
1 fluid ounce pineapple juice 1 ounce fluid,pineapple juice
4 Granny Smith apples - peeled, cored and finely diced 4 - apple
1 1/2 teaspoon minced lemon zest 1 1/2 teaspoon lemon

be 100% accurate, as long as the CRF output was correct. In cases where the CRF model produced a partially correct
or erroneous an ingredient name (e.g., “butter” as opposed to “peanut butter”), an erroneous IRI was assigned to
that ingredient (e.g., the butter IRI would be assigned as opposed to the IRI referring to peanut butter). In the end,
a total of 89 ingredients from FoodOn Ontology, and 6, 220 new ingredient IRIs, that were not part of the FoodOn
Ontology, were included in RecipeKG.

Similar processing was performed to the nutritional information provided by Allrecipes.com for each recipe (see
the overlayed window to the right in Fig. 2). Specifically, information about each nutrient appears in the order of
quantity and unit. Once separated, these were linked to the corresponding recipe and stored in the knowledge graph.

Second, Allrecipes.com classifies recipes in numerous ways, including based on ingredients used (e.g., fruits and
vegetables), a region (e.g., the midwest region of US), the course the dish is proposed for (e.g. appetizer or lunch),
and any holidays the dish may be associated with (e.g, Thanksgiving). At the time of our crawl, there were 24 main
categories on the Allrecipes.com website, and each recipe could be associated with one or more such categories.
Categories are intuitively organized in a taxonomy (e.g., “Burger Recipes” is included under “Main Dishes”, which
we wished to reconstruct in order to be able to query RecipeKG for recipes in any given category. Thankfully, the
categories a recipe belongs to are provided in a top down manner in its metadata. Therefore, we associated a recipe
with the IRI of the lowest level category that appears in the recipe metadata, and created a subclass relationship
between each subsequent pair of upper–level categories. For instance, the sample recipe in Fig. 2 would be associated
with category “Date”, which would then be identified as subcategory of “Fruit Cookie Recipes” that would in turn
be stored as subcategory of “Cookies” and so on all the way to “Recipe Category” as shown in Fig. 3a. This way
each recipe may be associated with multiple categories (or categorizations) that may themselves be a subcategory,
establishing a path to the root (i.e., “Recipe category”) of the taxonomy shown in Fig. 3b. Obviously, there could
be issues, such as misspellings, inauthentic or misplaced recipes to a category. However, Allrecipes performs a
moderation check for validity before a recipe is published.

Finally, each recipe is assigned a Uniform Resource Identifier (URI) so that different recipes for the same thing
(e.g., two different Christmas cake recipes by two individuals) can be distinguished, and their corresponding nutri-
tional information can be retrieved, so that their healthiness can be evaluated.

3.2. Health Score Calculation

To estimate the healthiness of recipes in a data–driven manner, we considered two internationally recognized
standards for measuring the healthiness of meals, namely the “Dietary Guidelines for Americans” by the United
States Department of Agriculture (USDA) [28], and the “Guide to creating a front of pack (FoP) nutrition label”
by the United Kingdom Food Standards Agency (FSA) [24]. Nevertheless, our ontology is extendable to other
standards.

3.2.1. USDA Score.
The USDA defines daily ranges for macronutrients, minerals and vitamins. Following the approach of [22], which

was conducted by public health experts, we focused on the 7 most important: (i) carbohydrates, (ii) protein, (iii) fat,
(iv) saturated fat, (v) sugar, (vi) sodium, and (vii) fiber. For illustration purposes we use the corresponding ranges for
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(a) (b)

Fig. 3. (a) Each recipe (an instance of schema:Recipe) in RecipeKG is associated with one or more categories, which in turn form a rich taxonomy,
reconstructed from Allrecipe.com metadata. (b) Visualization of the reconstructed taxonomy. The black node in the middle corresponds to the
root (i.e., “Recipe category”).

females 19− 30 years of age to determine a USDA score. Nevertheless, our ontology allows ranges to be modeled
for different age and daily intake scenarios. For each nutrient (e.g., calories), we derived the limit of content in
grams by the given percentage of energy for that macronutrient. As an example for daily calorific intake of 2000,
fat content must be between %20−%35. The minimum level of 20% corresponds to 400 calories, resulting in 44.4
grams of daily fat (1 gram fat = 9 calories5). For sodium and fiber, density was calculated by dividing the calorie
of recipe to fiber/sodium content and compared with the proposed density. The % daily value (i.e., how much a
nutrient in a single serving of a recipe contributes to the daily recommended amount of a nutrient) was computed
next. If a nutrient did not exceeded 20% of its daily value per serving6, a recipe was awarded a point, for a total
score between 0 and 7, with 0 meaning none of the ranges are fulfilled (totally unhealthy), and 7 meaning all ranges
are met (very healthy). For protein and fiber, a recipe was awarded a point respectively, if the corresponding nutrient
exceeded 20% of its daily value per serving, as high fiber and protein diets are considered to be beneficial.

3.2.2. Front of Pack Nutrition Label.
To help consumers make informed, and potentially healthier, choices when buying food, as well as to encourage

food and drink companies to improve the nutritional quality of their products, many countries around the world
have introduced front of pack nutrition labels [29]. Such labels strive to make nutrition information noticeable
and easily understood. For example, the British Food Standards Agency uses a three colour–coded system (also
known as the traffic–light labelling system) to indicate whether a food has high, medium or low amounts of fat,
saturated fat, sugars and salt, as shown in Fig. 1b. Other notable systems include the French Nutri–Score, and the
Australian Health Star Rating system [29]. RecipeKG can model any such score. For illustration purposes, we use
FSA’s “Traffic Light Labeling”, because it is easier for people to understand, and it includes detailed information
about nutrition and recipes, such as daily intakes, energy, and portion sizes. In order to derive a traffic light labeling
score, we considered the same 4 macronutrients (i.e., sugar, sodium, fat and saturated fat) used in [22]. Different
to that work, we assigned an integer value between 0 to 2 for each nutrient according to its color. Specifically, we

5https://www.nal.usda.gov/legacy/fnic/how-many-calories-are-one-gram-fat-carbohydrate-or-protein
6The U.S. Food and Drug Administration guidelines available at https://www.fda.gov/food/new-nutrition-facts-label/

how-understand-and-use-nutrition-facts-label were used for this assessment.

https://www.nal.usda.gov/legacy/fnic/how-many-calories-are-one-gram-fat-carbohydrate-or-protein
https://www.fda.gov/food/new-nutrition-facts-label/how-understand-and-use-nutrition-facts-label
https://www.fda.gov/food/new-nutrition-facts-label/how-understand-and-use-nutrition-facts-label
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assigned each nutrient 2 for green (low), 1 for amber (medium), 0 for red (high). By summing the score of individual
nutrients, a score between 0 (very unhealthy) and 8 (very healthy) was derived for each recipe using a SWRL rule.

3.3. Representing Recipes in RDF

RecipeKG comprises a total of 1, 641 classes and 49 properties to describe recipes, categories they belong
to, ingredients, nutritional information, and health scores. To do so, RecipeKG primarily relies on Schema.org,
that defines, maintains, and promotes structured data on the Internet, and provides a vocabulary for encod-
ing recipe information in web pages [30]. For instance, social interactions metadata are represented using
Schema’s bestRating, worstRating, reviewCount, ratingCount, and ratingValue properties. Be-
yond Schema.org, RecipeKG reuses the hasIngredient relationship from the WhatToMake ontology [31] to
link ingredients to each recipe. It also defines its own classes and properties (as shown in Fig. 4) to associate health
scores to recipes.

An illustrative example is shown in Fig. 5a. In the example, the specific “Candied Christmas Cookies” recipe is
linked to an ingredient, identified as an instance of a named class (i.e., heals:BakingSoda) in the WhatToMake
ontology through the wtm:hasIngredient property. The quantity and unit of measurement used are also asso-
ciated to the ingredient instance through the recipeKG:quantity and recipeKG:unit properties, respec-
tively. Note that although normalizing the measurement units would be desirable, normalization is a challenging
research problem in itself, which we plan to address in future work. Nevertheless, potential discrepancies between
measurement units (e.g., cups versus grams) does not affect our study, since nutritional information for each recipe
is recorded directly as calculated by Allrecipes.com.

Fig. 4. List of classes (left), and object (center) and data properties (right) defined in the RecipeKG ontology. Note that categories, such as those
shown in Fig. 3a, are subclasses of the “RecipeCategory” class, and are thus not listed here.
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(a) (b)

Fig. 5. (a) RDF representation of the candied-christmas-cookies recipe, its USDA healthscore, fat data, and one ingredient. Note that only a small
subset of the recipe’s metadata is depicted here. Note that datatypes, such as recipeKG:hasQuantity and recipeKG:hasUSDAscore,
are modeled in the ontology. Both :hasQuantity and :hasUSDAscore are modeled as string literals, since the former can take many
forms (e.g., fraction, integer, float) and the latter describes measurement units. At the same time, reciprKG:hasUSDAscore is modeled as
xsd:integer ∈ [0, 7]. (b) Corresponding turtle representation.

Fig. 6. Overview of the RecipeKG pipeline from data collection to data publication.

Fig. 6 shows the complete pipeline, that begins with the data assimilation from Allrecipes.com. After preprocess-
ing (see Section 3.1), recipe metadata (in JSON-LD format) are translated to their corresponding RDF represen-
tation using the RDFLib [32] library in Python. Once in RDF form, the data is stored in an Apache Jena Fuseki
SPARQL server and exposed through a publicly accessible SPARQL endpoint7. Two health scores are also com-

7https://recipekg.arcc.albany.edu

https://recipekg.arcc.albany.edu


C. Chelmis and B. Gergin / A Knowledge Graph for Semantic–Driven Healthiness Evaluation of Online Recipes 9

1 1

2 2

3 3

4 4

5 5

6 6

7 7

8 8

9 9

10 10

11 11

12 12

13 13

14 14

15 15

16 16

17 17

18 18

19 19

20 20

21 21

22 22

23 23

24 24

25 25

26 26

27 27

28 28

29 29

30 30

31 31

32 32

33 33

34 34

35 35

36 36

37 37

38 38

39 39

40 40

41 41

42 42

43 43

44 44

45 45

46 46

47 47

48 48

49 49

50 50

51 51

Table 3
Basic statistics of the RecipeKG knowledge graph.

Number of RDF triples 12, 944, 500

Number of recipes 77, 835

Number of ingredients 6309

Number of categories 1, 611

Number of SWRL rules 29

Number of nutrients 11

Table 4
Namespaces corresponding to prefixes

recipeKG <http://purl.org/recipekg/>

wtm <http://purl.org/heals/food/>

heals <http://purl.org/heals/ingredient/>

rdfs <http://www.w3.org/2000/01/rdf-schema#>

schema <https://schema.org/>

xsd <http://www.w3.org/2001/XMLSchema#>

puted and stored in the repository for each recipe as described in Section 3.2. Table 3 provides an overview of the
basic statistics of RecipeKG, whereas Table 4 lists the namespaces and corresponding prefixes.

3.4. Accessibility and Sustainability

We make RecipeKG data findable, accessible, interoperable, and reusable8 by (i) making the RDF data retrievable
through an open and free, globally unique and eternally persistent identifier at https://doi.org/10.7910/DVN/99PNJ5
provided by Dataverse9, (ii) including rich citation terms10, compliant with Dublin Core11, and (iii) opening it to
the public domain using a CC0 – “Public Domain Dedication” license. The RecipeKG ontology is available at http:
//purl.org/recipekg/. We additionally make our source code, along with documentation, and dataset (both in JSON-
LD and RDF format) publicly available at https://github.com/IDIASLab/RecipeKG. To encourage the collaborative
and sustainable extension of RecipeKG Ontology, we monitor the repository’s issue tracker for requests of new
terms/classes, as well as for reported errors or specific concerns related to the ontology.

4. Analyzing the Healthiness of Allrecipes Recipes

Inspired by the seminal study of recipes’ healthiness, [22], which was conducted by public health experts, we
illustrate the value of RecipeKG, by showcasing its ability to augment the workflow of researchers studying the
healthiness of online recipes. We begin by plotting the distribution of recipes by number of fulfilled criteria accord-
ing to the two health scores described in Section 3.2. The result, shown in Fig. 7a, indicates that only 10 (%0.012)
recipes fail all USDA guidelines (very unhealthy), whereas no recipe meets all USDA criteria (very healthy). The
rest of the recipes meet 1− 6 criteria, with the majority (%77.25) meeting 3− 5 guidelines. Note that this analysis
is for females between 19 − 30 years of age on a 2, 000 calories per day diet. When adjusted for a different demo-
graphic (e.g., females between 4− 8 years old on a 1, 200 calorie per day diet), the distribution shifts to the left (i.e,
less criteria are met, for instance, due to reduced level of calorific intake per day), indicating less healthy recipes for
this age group. The comparison of recipes by their healthiness according to different dietary guidelines and by user
profile is only possible because of the interlinking of concepts in RecipeKG.

8https://force11.org/info/the-fair-data-principles/
9https://dataverse.org/
10http://dublincore.org/documents/dcmi-terms/
11https://www.dublincore.org/

https://doi.org/10.7910/DVN/99PNJ5
http://purl.org/recipekg/
http://purl.org/recipekg/
https://github.com/IDIASLab/RecipeKG
https://force11.org/info/the-fair-data-principles/
https://dataverse.org/
http://dublincore.org/documents/dcmi-terms/
https://www.dublincore.org/
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Fig. 7. (a) Distribution of recipes by number of fulfilled criteria according to USDA health score. (b) FSA traffic light assessment of the same
recipes.

With respect to FSA score, 360 (%0.46) recipes are labeled red (i.e, very unhealthy), as compared to 1, 823

(%2.34) being labeled green (i.e, very healthy). Fig. 7b further indicates that only a small percentage of recipes are
labeled green with respect to fat and saturated fat. Specifically for fat, more than half the recipes are amber, and
for saturated fat, almost half of the recipes are red, indicating that many, if not most, recipes constitute unhealthy
choices with respect to these nutrients.

To better understand the reasons behind this finding, we computed the average nutritional properties of recipes
across 16 main categories from Allrecipes.com, each associated with more than 100 recipes, as shown in Table 5.
The nutritional properties of recipes in categories with less than 100 recipes each, are summarized as “Other” in
this table. The last row of Table 5 indicates that overall, recipes are not as healthy as one would expect, with an
average USDA and FSA score of 3.79 and 4.27, accordingly. Particularly worrisome are the average values of fat
and saturated fat (both red according to FSA traffic lighting system), and sodium content (amber). A similarity can
be observed between the average USDA and FSA scores across categories, with the average healthiness of recipes
in different categories fluctuating only slightly.

“Seafood” and “Bread” recipes are the healthiest, while “Desserts” and “Main Dish” recipes or recipes involving
pasta and meat are the least healthy. Recipes in these categories exhibit, on average, high calorific content, fat, and
saturated fat, and cholesterol, and protein. “Drink” recipes seem to fair comparatively well, although they exhibit a
high sugar average (second only to recipes in the “Desserts” category). Less intuitive results include that recipes in
the “Fruit and Vegetables” category are low on fiber content and high on fat. This finding contradicts the study in
[23]. However, this discrepancy is in fact quite easy to explain, as it directly relates to the way recipes are organized
into categories by Allrecipes.com, and consequently in RecipeKG. In reconstructing the category taxonomy (c.f.
Section 3.1), we have unambiguously linked recipes to categories. This results in a more accurate representation of
the corpus, even if it means including in the “Fruit and Vegetables” category recipes that do not only contain fruits
and vegetables as ingredients, but additionally feature other, often unhealthy, ingredients (e.g., sugar and butter in
high calorie desserts, and meat in stuffed vegetable recipes).

By additionally considering social interactions metadata (i.e., number of ratings and average rating score), we
observe that popular categories exhibit a high number of ratings per recipe, but also that categories with high average
health score tend to have higher average rating than categories with less healthy recipes. For instance, both “Pasta
& Noodles” (one of the least healthy categories) and “Bread” recipes (the category with the highest average health
score) have a high number of ratings per recipe, however, “Bread” recipes have a higher average rating than the
recipes in the less healthy “Pasta & Noodles” category.
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Table 5
Average nutritional content and health score per recipe by category. The most healthy (green) and least healthy (red) category is identified for
each nutrient. “Drinks” are excluded to avoid biasing the analysis, whereas “Sodium” and “Cholesterol” are omitted for the Table to fit. The
number of recipes in each category, and USDA and FSA scores are denoted by n, U, and F accordingly.

Category n U F Cal.
(kCal)

Fat
(g)

Sat.
Fat (g)

Carb.
(g)

Prot.
(g)

Fib.
(mg)

Sug.
(g)

Rating
Count

Avg.
Rat-
ing

Appetizers&snacks 5930 4.06 4.81 217.28 13.82 5.04 15.69 8.69 1.87 4.71 66.40 4.34

Bread 3533 3.64 4.99 237.56 9.47 3.52 33.98 5.19 1.91 12.15 137.82 4.30

Breakfast&brunch 3759 3.62 4.00 331.91 17.01 6.88 33.23 13.09 3.12 12.68 100.86 4.32

Desserts 14163 2.62 3.67 302.30 15.11 7.08 39.87 4.04 1.64 26.06 94.03 4.24

Drinks 2837 3.26 4.90 237.03 3.93 3.09 32.61 2.46 1.43 25.40 26.26 4.37

Everyday cooking 1572 3.88 4.23 339.92 17.17 6.41 33.00 15.90 4.07 8.83 65.74 4.27

Fruits&vegetables 1155 3.31 3.98 303.52 15.49 5.93 34.64 8.71 3.81 15.83 82.83 4.31

Main dish 6475 3.76 3.26 463.17 23.73 9.12 37.25 25.37 3.41 7.61 130.58 4.31

Meat&poultry 5412 3.99 3.40 460.03 24.53 8.64 27.28 31.61 2.46 8.64 120.78 4.30

Pasta&noodles 388 3.53 3.39 469.37 21.89 9.24 47.62 21.31 4.10 7.46 143.87 4.18

Salad 4101 3.86 4.36 303.11 18.09 4.05 26.64 10.63 4.06 9.23 61.92 4.39

Seafood 1363 4.31 3.97 411.61 20.68 7.47 26.27 29.48 2.51 4.83 95.10 4.32

Side dish 9295 3.78 4.71 221.08 12.24 5.10 24.08 6.17 3.04 8.32 77.98 4.35

Soups stews&Chili 5495 4.17 3.96 338.00 15.55 6.26 31.99 18.44 5.77 6.70 101.91 4.35

Trusted brand recipes 3667 3.66 3.91 371.78 18.50 7.26 35.49 16.90 3.19 10.56 28.25 4.41

World cuisine 7558 3.70 3.67 407.14 20.33 7.85 35.44 20.71 3.38 11.03 100.09 4.32

Other ⩽ 100 4.03 4.79 204.08 11.04 4.35 18.54 9.06 1.88 8.07 90.51 4.56

All 76, 906 3.79 4.27 301.79 15.17 5.87 28.47 13.32 2.78 10.38 85.77 4.18

5. Potential Impact and Reusability

To the best of our knowledge, RecipeKG is the first recipe–focused knowledge graph that integrates recipe and
their ingredients with social interactions metadata, all while enabling inference of recipe healthiness using multiple
nutritional standards. Beyond the healthiness evaluation of online recipes presented in Section 4, RecipeKG has the
potential to catalyze new research. For instace, RecipeKG makes it possible to assess the accuracy of nutritional
information in online recipes by linking ingredients to corresponding entities in FoodKG [14], which in turn links
ingredients to entities in the FoodOn ontology [16] and the USDA’s nutrition data12. Such linking will enable a direct
calculation of a recipe’s nutritional content (i.e., calories and % daily value of nutrients) and its corresponding health
score, and will allow a comparison between the semantically computed nutritional content and the “ground-truth”
available on websites such as Allrecipes.com based on the ESHA research database [25].

Another potential application of RecipeKG is improving the functionality of recipe sharing websites such as All-
recipes.com, where users can search for recipes containing certain types of ingredients. Currently, recipe sharing
websites such as Allrecipes.com, cannot identify recipes appropriate for certain health conditions (e.g., high blood
pressure) that place restrictions on nutritional intake. Since the health score of recipes and information about ingre-
dients is encoded directly within the knowledge graph, RecipeKG can be used to assist with such informational tasks
as demonstrated by the SPARQL query listed in the Fig. 8a. Similarly, the SPARQL query listed in the Fig. 8b can
be used to identify recipes belonging to a specific category and involving an ingredient of choice, while at the same
ensuring their sugar content is low. Such queries can be particularly useful to users with certain health conditions
(e.g., diabetes) that place restrictions on nutritional intake.

Each of the queries described above can be answered by querying RecipeKG using SPARQL, since informa-
tion like the relationships between recipes and categories is encoded directly within the knowledge graph. Specifi-
cally, since RecipeKG structures its knowledge of recipe categories in a hierarchical way, it can determine whether
recipes belong to a certain category even if they are not directly linked to such category. For instance, recipes listed
under recipeKG:cate gories/main-dish/casseroles/, recipeKG:categories/main-dish/pork/pork-chops/ boneless/, and
recipeKG:categories/main-dish/pork/pork-chops/boneless/ would all be retrieved using the query listed in Fig. 8b,
even if they are all associated with subcategories of the “Main Dish” category. Finally, the third SPARQL query

12https://catalog.data.gov/dataset/food-and-nutrient-database-for-dietary-studies-fndds

https://catalog.data.gov/dataset/food-and-nutrient-database-for-dietary-studies-fndds
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Fig. 8. SPARQL queries to retrieve recipes that (a) have both high FSA score and protein content, (b) belong to a certain category, contain a
given ingredient, and meet a certain nutritional constraint, and (c) exhibit a discrepancy between standards for a given nutrient. (d) Smple SWRL
rule, used to determine whether or not to award a recipe a point for its fat content, given a specific dietary reference intake guideline. Rules are
used to derive the FSA and USDA scores for each recipe. In addition, rules for each <age, calorific intake> tuple (not shown here) are needed
for personalized USDA score calculation.

listed in Fig. 8c would retrieve those recipes whose sodium content would be considered healthy according to FSA
but not according to USDA recommendations. Such functionality may be particularly valuable to researchers study-
ing the healthiness of online recipes according to different criteria and can be retrieved because of the inferencing
capabilities of RecipeKG.

Finally, consider the task of determining how to improve the nutritional contents of a recipe by substituting
ingredients (e.g., replacing high–carb ingredients with low–carb alternatives) while maintaining the essence of the
original recipe. By being interoperable with FoodOn ontology [16] and the USDA’s nutrition information, RecipeKG
can help identify which “unhealthy” ingredients to remove from a recipe as well as which substitution options are
“healthy”, all while keeping the healthscore of a recipe up to date. In this scenario the quantity and unit information
recorded for each ingredient in RecipeKG can be used to compute the nutritional content of each ingredient in a
recipe using USDA’s food data, while taking into consideration that USDA presents nutritional information (such
as grams of carbohydrates or milligrams of sodium) per 100g of each ingredient.

Beyond the potential applications listed above, we expect the new resource described in this work to spur sig-
nificant followup work, considering the recent flair of papers related to food [6, 33–35], recipes and ingredients
[36–38], and health (e.g., [14, 39–43]).
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6. Conclusion

The Web is abundant with recipes contributed in recipe sharing websites. By transforming recipe data spanning
a time period of 25 years from Allrecipes.com and their corresponding metadata into a knowledge graph, and aug-
menting such data with nutritional standards, a wide range of useful applications are made possible. RecipeKG
is interoperable with and can be further linked to food–related ontologies (e.g., FoodOn [16]) and knowledge
graphs (e.g., FoodKG [14]). Even though the analysis presented in Section 4 is restricted to Allrecipes.com, extend-
ing RecipeKG with the ability to store metadata about recipes from other websites (e.g., epicurious.com or sim-
plyrecipes.com) or datasets (e.g., the Recipe1M dataset [15]) is straightforward. The knowledge graph construction
process itself, although tailored to Allrecipes.com, can be augmented to facilitate integration with data from other
recipe sharing websites that publish structured metadata. Similarly, the choice of the two health scores used for
illustration purposes was driven by precedence in the literature. However, RecipeKG can easily accommodate other
international standards for recipe health assessment. Finally, our focus was on individual recipes, although a healthy
diet is created by combining a variety of food types. Combining recipes to recommend a daily meal plan that meets
guidelines from official health organizations may require integration with other Ontologies, such as HeLiS [40].

As a new resource, the potential impact of RecipeKG can only be speculated. However, given the increasing
research interest in healthy food recommendations, we anticipate this knowledge graph to spur new research in this
domain. Future work will include a front–end to allow non–technical people interact with this resource, and learning
embeddings of entities within the knowledge graph. We additionally plan to evolve and improve the RecipeKG
ontology as our team identifies additional nutritional standards.
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