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ABSTRACT Thousands of recipes, representing different national cuisines, from the site recipesource.com
were analyzed with the aim of understanding the food culture of various countries by comparing the
ingredients used in their food. The recipe analysis identified ingredients and their frequencies of use in
the creation of unique recipes. Food analyzer, the program developed in this paper, used data from recipes to
examine correlations between individual food ingredients in recipes. This paper found that: 1) each country
or ethnic group used authentic ingredients that differed from others and 2) the groupings of these authentic
ingredients were essentially location-dependent. The boundaries of food-relevant areas were closely related
to levels of precipitation. Meaningful correlations characterizing the food culture of each area can be
explained by these authentic ingredients in recipes.

INDEX TERMS Data mining, food culture, national cuisine, recipe analysis.

I. INTRODUCTION
WITH increasing concern regarding the intake and safety
of food, food-related information has accumulated on the
internet in an explosive manner. Information pertaining to
ingredients, cooking methods, and new recipes by people of
various races, cultures, and social classes are being added
every day. The internet has become an accessible repository
of new food information, ranging from highly general infor-
mation to new scientific facts related to specific ingredients
[1], or foods drawn from the media, academic journals, and
government and research institutions. It opens a new door for
computers to invent new one from chefs’ recipes [2], [3] and,
search for recipes [4], predict the quality of dietary [5].

In earlier food-based research, recipes were collected
from cookbooks and manually typed into computers [6]–[8].
Although these studies have revealed some interesting pat-
terns of ingredient usage related to a number of different
countries, their analyses have been limited by the selection
of books used in the research and by the difficulty of scal-
ing up their labor-intensive methods. However, in the era
of personal computers, people use recipe management soft-
ware to maintain their personal recipes (e.g., MasterCook,
MealMaster, etc.). Currently, recipes are searchable and

shareable on famous cooking websites and, as a result, their
numbers have grown exponentially. This opens new possibil-
ities for the direct analysis of recipes without the need for
transferring information from books into electronic data.

The goal of the present study was to infer relationships
between various countries’ cuisines, focusing on food ingre-
dients in particular, based on thousands of internet recipes.
Specifically, we used information about ingredients appear-
ing in recipes in our cross-country comparisons. We were
also interested in inferring the factors driving any sim-
ilarities in ingredient usage that might emerge between
countries.

A. LITERATURE REVIEW
Table 1 provides a comparative listing of previous related
research. The studies represented therein have drawn on
various sources of recipes to pursue a number of different
analysis goals. In earlier research, cookbooks were widely
used as sources of data, with the analysis of these limited
to correlations between temperature and the use of spices.
More recently, several studies have relied on internet recipes,
primarily from American recipe websites. Although these
are scalable to thousands of recipes, their analysis has been
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TABLE 1. Comparative summary of recipe-based research.

conducted at regional rather than national levels.
In the present study, we used an American reposi-
tory, RecipeSource.com, to obtain information regarding
both regional and national distinctions using data mining
techniques.

Recently, Ahn et al. studied the relationships between food
ingredients and chemical compounds using recipes on the
internet. Recipes were collected from allrecipes.com, epicu-
rious.com, and menupan.com. The authors categorized more
than 50,000 recipes into five ethnic groups (North American,
Southern European, Latin American, Western European, and
East Asian). Although they used three different recipe web-
sites, most of the recipes were from North America (77%,
41,525 recipes). The ingredient usage patterns of different
continents were compared, leading to the construction of a
flavor network indicating shared compounds among ingre-
dients. However, there is still room for improvement in the
process of analyzing recipes by country and incorporating
data mining algorithms [9].

Teng et al. used both recipes and reviews to pro-
vide suggestions for recipe modifications [10]. The recipes
and reviews were all collected from a single source, all-
recipes.com. Because their study did not intend to compare
recipes from different cultures or countries, they focused on
the usefulness of a large body of recipe data with a common
cultural background. They created a large ingredient network
based on the co-occurrence of ingredients and a substitute
network to generate suggestions for replacing certain ingre-
dients with others. Based on review data, they predicted
users’ ratings with a reported 79% accuracy [10]. Although
the study demonstrated the potential of recipe analysis to
shed light on food ingredient pairings and users’ ratings, its
scope did not extend to comparisons of recipes from different
cultures.

II. MATERIALS AND METHODS
A. DATA SOURCE
Since the goal of this study was to infer relationships between
the cuisines of various countries based on thousands of inter-
net recipes, we used information regarding the ingredients
in these recipes to conduct comparisons across countries.
If certain patterns of similarities in the use of certain

TABLE 2. Summary of recipes used in the present study.

ingredients were to emerge, it would be interesting to infer
the factors responsible for such similarities. For the present
study, we collected 5,900 recipes categorized into five differ-
ent regions from recipesource.com [11]. We only considered
countries with at least 50 recipes, focusing on 22 countries
fromAsia and the Pacific, Europe, and North/South America.
The website contains more than 70,000 recipes, but only 10%
of these are categorized by region.1 The site has accepted sub-
missions of recipes by anonymous users since 1993, and has
not enforced any strong requirements regarding the content
of recipes.

Table 2 indicates the number of recipes originating in each
of the 22 countries, ranging from 54 to 892. Recipes were
not evenly distributed across countries. The region of Asia
and the Pacific yielded a greater number of recipes than did
Europe or North/South America. China, Italy, and Mexico
were the countries with the largest number of recipes within
their regions. There was no separate category for American
cuisine on the website, but 540 recipes represented Cajun
cuisine. Jewish cuisine was the only one not classified as part
of a specific region.

B. EXTRACTION OF INGREDIENTS FROM RECIPES
The first step was to use a web crawler to gather all
the recipes categorized by region and ethnic group from
Recipesource.com. It is possible to obtain a text format ver-
sion of each recipe using the ‘‘download as txt format’’
link on each page. The next step was to extract ingredient
information, that is, a list of the ingredients used in the

1Based on communication with Alan Coopersmith from
recipesource.com, categorization was done primarily by the submitters
themselves or, in some cases, volunteers with general knowledge, and not
by experts.
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recipe, from the recipe text file. Based on our preliminary
investigations, we were aware that this was not a trivial task
due to the fact that the recipes were submitted by anonymous
users without strong controls regarding their content and
formatting. Although this allows the site to include a large
number of recipes from diverse sources, it is also likely to
lead to unstructured data.

With regard to the first step, we attempted to categorize the
recipes based on their formatting styles. We found that most
of the recipes came from one of two popular recipe manage-
ment programs available to home users, namely, MasterCook
(http://www.valusoft.com/) and MealMaster (http://episoft.
home.comcast.net/∼episoft/):

• MasterCook Recipes: 2938 (49.6%)
• MealMaster Recipes: 2878 (48.6%)
• Others: 101 (1.8%)
Approximately 98% of recipes were generated by one of

these two programs using the ‘‘export from’’ menu option.
Figure 1 shows examples of recipes drawn from

RecipeSource.com. These are formatted as plain text files,
with no tags to separate the text into meaningful chunks.
For example, it is necessary to identify the recipe title, its
category, yield or serving size, preparation time, ingredi-
ents (amounts, measures used, and their names), and the
procedure. Unfortunately, the two programs use different
formatting styles. In addition, each program has changed
its formatting style as new versions of the software have
been developed. For example,MasterCook has produced both
MasterCook and Master Cook II, and we found 19 different
versions of MealMaster, ranging from version 0.95 to version
8.05. Furthermore, some recipes from MealMaster use two
columns.

To conduct our research, we created a simple user interface
to extract ingredients from the recipe text.2 A human judge
assists in annotating the ingredients extracted from the plain
text. Because the system has no database of ingredient names
that it can use in a first pass, it must rely on the help of
a human who selects the ingredients via mouse click. The
system then stores the human’s choices into a database so
that the list can be re-used in subsequent reviews of new
recipes. For example, if the human selects ‘‘alligators’’ as an
ingredient name from the recipe text, ‘‘alligators’’ appearing
in any remaining recipes will be automatically extracted. This
procedure can pose a burden for the human at the initial stage
because the system begins with a small number of ingredient
names in its database, and the human must initially teach it
all the names of ingredients as they first appear. However, the
human’s workload is gradually reduced over time and, even-
tually, all ingredients can be automatically extracted without
human intervention.

When the human selects the ingredients, he/she disregards
singular/plural forms, typos, spelling errors, and synonyms.

2http://cilab.sejong.ac.kr/home/lib/exe/fetch.php?media=public:
resources:ingredient_extraction.pdf

FIGURE 1. Examples of recipes. (a) MasterCook recipe. (b) MealMaster
recipe.

Therefore, in the database, each selection will be treated as a
unique ingredient. To obtain accurate statistics of ingredient
use, it is necessary to merge variants of ingredient names
into a representative one. For example, ‘‘5 spice powder’’,
‘‘5-spice’’ and ‘‘5-spice powder’’ will be replaced with ‘‘five
spice powder’’. The human reviews all the ingredient names
(1,752 ingredient names from the 5,917 recipes) and pro-
vides a replacement if necessary. As a result of this process,
the number of ingredients was reduced to 1,243. All the
statistical analyses were conducted with this reduced list of
ingredients.

C. ANALYSIS OF INGREDIENT USE
We extracted the ingredients used in the recipes of each
country (Figure 2). The prevalence (Pci ) of an ingredient i in
country c is defined as follows: Nc is the number of recipes
in the country c. nci is the number of recipes containing the
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FIGURE 2. Summary of the ingredient data by country.

ingredient i in the country c.

Pci =
nci
Nc

(1)

It is also possible to define the prevalence (Pasiai ) of an
ingredient i in the countries from Asia and the Pacific.
Similarly, Peuropei , Pamerica

i , and Pworldi , respectively, can be
defined. Authentic ingredients, that is, ingredients that are
overrepresented in a particular country relative to other coun-
tries, are defined in [9], based on relative prevalence, or the
difference between Pci and the average prevalence of ingredi-
ent i in all other countries. Hence, the measure of authenticity
is as follows:

pci = Pci −
¯

Pc
′ 6=c
i (2)

Authenticity can also be defined for a pair of ingredients:

pcij = Pcij −
¯

Pc
′ 6=c
ij (3)

Furthermore, it is possible to define authentic ingredients
for the regions (pasiai , peuropei , and pamerica

i ). For example,
pasiai represents the ingredients that are overrepresented in
the region of Asia and the Pacific relative to Europe and
North/South America.

In addition to the above basic analysis, we applied three
data mining procedures to detect authentic and common
ingredients (Figure 3): hierarchical clustering, ingredient net-
work analysis, and classification.
• Hierarchical clustering: At this stage, a clustering algo-
rithm is used to detect hidden relationships among
national cuisines based on patterns of ingredient usage.
The purpose of this algorithm was to group countries
with similar ingredient patterns and ungroup other coun-
tries. Figure 4 provides an example of hierarchical clus-
tering results [13], [14], widely used when the number
of groups is unknown. In the example shown, the results
indicate Korea and Japan as being the closest to each
other (the height of the connector is proportional to
closeness) and China is a neighbor to these two coun-
tries. Britain is a bit further from the three countries.

FIGURE 3. Data mining the recipe database to detect authentic/common
ingredients.

FIGURE 4. An example of hierarchical clustering results.

If the grouping threshold is set as the top dotted line,
there are two groups {Britain} and {Korea, Japan,
China}. If the bottom line used, the groups are {Britain},
{Korea, Japan}, and {China}.

To run the clustering algorithm, it is necessary to define the
dissimilarity between two countries’ ingredient usage (dc1c2).
In the present study, this was defined as the summed distance
of the prevalence (Pci ) of ingredients.

dc1c2 =

√√√√ m∑
i=1

(Pc1i − P
c2
i )

2
(4)

• Ingredient network analysis: The ingredient network
(IN) is a graph whose nodes are ingredients used in
recipes. If two ingredients are used together in a recipe,
an edge connecting them is drawn. The weight of the
edge is set as the number of co-occurrences in the
recipes. INc is an ingredient network created from the
recipes of country c. The network includes only the sta-
tistically significant links as identified by the backbone
extraction algorithm [17] (python code.3)

• Classification: In this analysis, a classification model is
trained using recipes labeled by nationality. The model
predicts the nationality of the recipes based on ingre-
dients that serve as input to the model. If prediction
accuracy is high, this means that each nationality has

3https://gist.github.com/brianckeegan/8846206
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FIGURE 5. An example of a classification model (decision tree).

its own unique ingredient usage pattern that is distinct
from that of other nations. Several machine learning
algorithms automatically build the classification model
based on training samples [18], [19]. The outcome of
the learning phase is used to predict the nationality of
unseen recipes (i.e., those not used in the training phase).
Figure 5 provides an example of a decision tree classify-
ing recipes based on the ingredients cumin and corian-
der. If the recipe has both of these ingredients, it is
classified as originating in India. If it has no cumin, it is
classified as Korean. The decision tree algorithm auto-
matically selects important features (ingredients) as tree
nodes. The final leaf node corresponds to nationality.

III. RESULTS AND DISCUSSION
In the present study, we analyzed 5,917 recipes from
22 countries. Table 3 shows the five most prevalent ingre-
dients for each country and region. The most widely used
ingredient in the world is salt (60%); in all regions, salt is
the most prevalent ingredient. Other popular ingredients are
onion (47%), garlic (38%), pepper (34%), water (32%), sugar
(29%), egg (24%), butter (21%), flour (21%), and chili (16%).

Figure 6 shows the number of ingredients by nationality
and region, indicating that the number of ingredients con-
verges to eleven for the categories of World, Asia, Europe,
and America. Although there are slight variations by nation-
ality, the average is close to eleven. Some countries, namely
Japan, Korea, Britain, Ireland and Scotland, have a smaller
average number of ingredients (approximately 8). The his-
togram analysis shows that the distributions of the number of
ingredients in recipes are rather similar (showing a normal
distribution) across regions. This result is well supported by
other research [9] that has found an even distribution in the
average number of ingredients in a recipe. However, disagree-
ment has arisen over the average number of ingredients. For
example, Ahn et al. reported this value to be approximately
eight; however, the authors of that study considered only
381 ingredients in their analysis. In Kinouchi’s work [15],
the average number of ingredients in a recipe ranged from
6.7∼10.8. In the cookbook Larousse Gastronomique 2004,
the total number of ingredients was 1,005 (similar to our
total) and the average number per recipe was 10.8, again, very
similar to our results.

Our analysis of the recipes of 22 countries confirmed
these invariant distributions across cuisines (Figure 7). In
other words, certain ingredients were popular at a national
level, with prevalence decreasing drastically among the

TABLE 3. Prevalence of ingredients (1) for each country and region (Red
font indicates prevalence > 0.5).

lower-ranked ingredients. The drastic decreasing pattern is
similarly shown in all countries and continents. For example,
below the 100th rank (e.g., eggplant) sorted by prevalence in
the world, the number of recipes including these ingredients
was less than 139 (about 2.37%). Kinouchi et al. reported
cultural invariance based on their study of cookbooks pub-
lished at different times and in different countries [15]. Fur-
thermore, Ahn et al. showed enormous differences across
ingredients with respect to their frequency of use in five
different regions [9]. For instance, egg appeared in more than
one third of all recipes, whereas jasmine tea and Jamaican
rum each appeared only once in a single recipe.

Table 4 shows ‘‘authentic ingredients’’ for each nationality
and region. Authenticity of an ingredient was measured by
the difference between its prevalence in a particular country
and its prevalence in other countries (2). The results indicate
that the region of Asia and the Pacific has a number of special
ingredients that are overrepresented relative to other regions.
For example, ginger and soy sauce are 30%more prevalent in
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FIGURE 6. The number of ingredients by nationality and region.

this region than they are in Europe and North/South America.
In contrast, Europe and North/South America share their
ingredients with other regions to a greater extent and, hence,
have lower authenticity scores. Figure 8 shows the sum of
the authenticity values of the 10 most authentic ingredients
from each country and region. As expected, the countries
of Asia & the Pacific countries were ranked high and the
European countries were ranked low. Indian cuisine has many
ingredients that are high in authenticity.

A. HIERARCHICAL CLUSTERING
Hierarchical clustering can be used to group items based on
their similarity when the number of groups is unknown. In the
present study, we defined similarity based on the Euclidean
distance of the prevalence of ingredients (4). Based on the
clustering analysis, the countries were divided into two major
groups, Asian and Western, with one uncategorized cuisine,
namely, Indian. The countries in the Asian group are geo-
graphically close to each other. In the Western group, three
sub-groups emerged: Mediterranean Sea (Greek and Italian
cuisine), Gulf of Mexico (Caribbean, Mexican and Cajun),
and others (European).

The cuisines of Asia were further divided into two groups,
namely East (Chinese, Japanese, Korean, and Filipino) and
Southeast (Indonesian, Thai, and Vietnamese). Korea uses
spicy and salty foods featuring many vegetables. Typical
Korean foods include kimchi (pickled vegetables) and bul-
gogi (beef seasoned with soy sauce). The food culture
of China can be subcategorized into four regional types:

FIGURE 7. Frequency-Rank plot of ingredients by nationality and region.

FIGURE 8. Sum of the authenticity values of the 10 most authentic
ingredients for each nationality.

Mandarin (e.g., Peking duck), Cantonese (e.g., kao ru zhu;
roast suckling pig), Sichuan (e.g., mapo tofu), and Shanghai
cuisine (e.g., mitten-crab dish). Japanese cuisine uses a great
deal of seafood and noodles, and is famous for its use of
fish and shellfish as main ingredients of sushi and sashimi;
meat, on the other hand, serves as the main ingredient in
shabu-shabu and tonkatsu. Various styles of noodles feature
in a range of noodle, ramen and buckwheat noodle dishes.

8204 VOLUME 4, 2016



K.-J. Kim, C.-H. Chung: Tell Me What You Eat, and I Will Tell You Where You Come From

TABLE 4. Authentic ingredients by nationality and region (Red font
indicates authenticity > 0.3).

FIGURE 9. Hierarchical clustering by nationality based on similarities in
ingredient prevalence.

Foods in southeast Asia contain large amounts of spices,
with spices such as coriander being highly typical. Southeast
Asia’s leading foods include nuoc mam, ttomyangkkung, and
pho (Vietnamese noodle soup).

Another grouping involved Mediterranean (i.e., Greek and
Italian) cuisine, as distinct from the cuisines of other Euro-
pean countries, including Scottish and Jewish cuisines, which
were grouped together. Western European countries such as

France, Italy, Britain and Germany, each have their own
unique food cultures with a large variety of foods; these
have influenced each other throughout history, leading to a
common food culture in which bread, wine and cheese play
a prominent role. France, which is located at the center of
western European food culture, uses a variety of ingredients
from a number of different climates. Typical foods include
foie gras, caviar, escargot, and coq au vin. The United King-
dom does not feature as many different types of food as
France, but well-known British foods include sandwiches,
muffins, and tea. Germany is famous for its simple and
processed food such as burgers, sausages, and beer. Nordic
food is simple compared to its more southern European
neighbor countries, focusing heavily on herring, potatoes and
meat. Typical dishes include meatballs, lutefisk, smorgasbord
(a Swedish buffet), and Pinnekjøtt (salty dried sheep
ribs).

The countries of southern Europe, including Spain, Italy,
and Greece, enjoy large amounts of sunshine and high-
quality agriculture. As a result, these countries produce a
variety of foods. Italy and Greece each have their own
unique food cultures, characterized by colorful ingredients
that are rich in nutritional value. Italian and Greek foods
are somewhat different from each other, with Italian food
being oilier, and Greek food being milder in flavor. Typ-
ical Italian foods include pasta, cotechino con lenticchie,
and panettone. Greek foods include roast lamb and cala-
mari. Eastern European food contains large quantities of
vegetables and meat, with an intermingling of ingredients
that are light and dense in caloric value. Typical East-
ern European foods include goulash, pierogi, sarmale and
zapienkanki.

The classification did not group Indian cuisine together
with either the European or the Asian group. The underlying
explanation for this may be the country’s history of foreign
invasions, trade relations and colonialism, which may have
set India’s food culture on a different path, compared the
food cultures of other countries. Due to its location, India has
served as an oceanic transportation center for spices, herbs,
and other foods between western Europe and East Asian
countries beginning in medieval times. Indian food uses large
varieties and quantities of spices relative to other areas, with
pepper spices being common in the region. Typical dishes
include biriyani, naan (Indian bread), and tandoori chicken.

Figure 10 indicates the results of our country-based clus-
tering on a Köppen-Geiger map. Mediterranean (Greece and
Italy) and European countries and Canada fall within reddish
circles. These countries share either a common geographic
or historical background. For example, Greece and Italy
are close geographic neighbors. Canada and Ireland, which
are closely associated with colonial England, are grouped
together, whereas Scotland is not. Germany and its geo-
graphic neighbors Poland and Russia have been classified
together. France, which possesses a unique food culture
with a variety of food ingredients, is classified as separate.
Scotland, with its distinctive cuisine, is also differentiated
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FIGURE 10. Geographic grouping of nations by similarity of ingredient usage.

from other European countries. The classification of these
nations reflects their geographic location or/and historical
background. Among the countries of Asia, another large
group is indicated by yellowish circles. Geographically close
each other, Indonesia, Thailand and Vietnam form a group;
these countries are located at similar latitudes and are all
heavily influenced by changes in oceanic weather. Within
East Asia, China, Japan, Korea, and the Philippines cluster
together in the same group.

Although Ahn et al. grouped food ingredients by con-
tinent [9], that study did not investigate similarities across
countries. The present study confirms the presence of authen-
tic ingredients in the recipes of different countries and ethnic
groups.

Prior to the development of global trade involving chilled
and frozen foods, food was moved and traded in dried form.
Themain food products were spices and selected crops grown
in the local area. We therefore hypothesized that the local
climate had considerable impact on agricultural produce in
the area. The average annual temperature and precipitation
data for each country are presented in Table 5. Previous work
by Sherman and Billing has shown that the use of spices
is proportional to the average annual temperature of various
countries [7]. In our data, countries with an annual precipita-
tion falling between 900-1100mmwere sorted into twomajor
groups that matched the clusters resulting from the recipe
analysis, with the exception of China, which has a large desert
area, and the central American countries. This alignment

TABLE 5. Temperature and precipitation by country
(http://www.weatherbase.com).

was not seen with the annual temperature data (Figure 11).
Therefore, groupings reflecting the frequency of ingredient
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FIGURE 11. The grouping of countries by precipitation into three clusters (with the exception of China).

usage were more closely related to the precipitation of the
region where the produce was harvested than to its average
annual temperature.

The presence of water has a great impact on the grow-
ing and preservation of food products, particularly plants.
Together with temperature, the amount of water in the envi-
ronment determines what can be grown and how long the
harvested food can be stored. Historically, humans have typ-
ically chosen the best options available for preserving their
food. The use of sugar and methods of salting and drying
were the main options for the preservation of human food
before the invention of mechanical refrigeration, and these
preserving methods are closely related to the amount of
free water that can be used by microorganisms. There is a
tendency to add larger amounts of salt, sugar, and spices,
all of which contain antimicrobial compounds, in regions
with higher precipitation. It is well known that many of the
spices in such regions are used for their potent antimicrobial
properties [7].

B. INGREDIENT NETWORKS
Ingredient networks show the relationships (co-occurrences)
between ingredients in the recipes we analyzed. They help
to compare two countries’ ingredients co-occurrence pat-
terns (in short, ingredient pairs frequently used). In the

present study, we used the backbone extraction technique,
which shows only statistically significant links as identi-
fied by the algorithm in [17] at a p-value of 0.04. The
network was visualized and analyzed using the Gephi
software package [20]. The backbone extraction algo-
rithms deleted approximately 80% of nodes and 96%
of edges.

Table 6 summarizes the statistics obtained for the ingredi-
ent networks. Figure 13 compares the ingredient networks of
Filipino cuisine (from the Asian group) and Scottish cuisine
(from the European group). These cuisines have relatively
small numbers of nodes and edges. Although they share
salt as a main ingredient, other key ingredients are quite
different. For example, Filipino cuisine makes heavy use of
pepper, garlic, onion, pork, and soy sauce whereas Scottish
cuisine relies on flour, butter, sugar, milk and eggs. Several
measures are relevant for understanding the topology of the
networks.

• The number of nodes (N ): The number of ingredients
• The number of edges (E): The number of ingredient
pairs

• Average degree: The degree of a node is the number of
edges connected to it.

• Density: The density of a network is defined as the
ratio between the number of edges and the number of

VOLUME 4, 2016 8207



K.-J. Kim, C.-H. Chung: Tell Me What You Eat, and I Will Tell You Where You Come From

TABLE 6. Statistics related to ingredient networks.

possible edges.

Density=
theNumberofEdges

theNumberofpossibleEdges
=

2E
N × (N−1)

(5)

If the ingredient is widely used with other ingredients,
the degree of that ingredient is high. For example, salt has
a degree of 348, which means that there are 348 different
ingredients used together with salt. We found that the preva-
lence of ingredients was highly correlated with their degree
(Pearson correlation= 0.96 in the world overall and and 0.96
in Asian recipes). If the network is fully connected and all
nodes are connected to each other, its density is one. If density
is relatively high, this means that ingredient pairs are easily
created. Figure 12 shows that there are three countries (the
Philippines, Korea and Scotland) with high densities (> 3.0).

C. CLASSIFICATION
In this section, we attempt to predict the nationality and
regional cluster of each recipe, based solely on the ingredi-
ents used. Nationalities or ethnic groups may exhibit unique
patterns of ingredient use that can be distinguished from

others. Each recipe is converted into a vector of binary values
representing the use of ingredients. For example, the first
column in Table 8 indicates the use of salt; if the recipe used
salt, then the first element of the recipe vector has a value of
one and, if not, its value is zero. Because not all ingredients
were informative, we considered a limited number of popular
ingredients.We tested our prediction accuracy by varying this
number between 50 to 150. A parameter set at 50 means that
the prediction considers only the 50 most popular ingredients
in the world.

Table 7 provides an example of such vectors created from
recipes. Each row represents one recipe and the columns
under N indicate the ingredients used in the recipe. For
example, the first recipe (ID = 1) used salt and pepper.
The last three columns indicate its nationality, broader region
and assigned cluster resulting from the hierarchical analysis.
The 22 countries are grouped into three clusters. The first
recipe is from Britain and is categorized as being from the
region of Europe and belonging to Cluster A. The goal of the
prediction is to identify all three targets (nationality, region
and cluster) based on the ingredient information provided
under N. For the world prediction task, we used all the recipes
from the 22 countries and tested the model on the accuracy
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FIGURE 12. The densities of ingredient networks (the dotted line shows the average
density).

FIGURE 13. Visualization of ingredient networks. (The size of the circle is proportional to the prevalence of ingredients.). (a) Filipino cuisine.
(b) Scottish cuisine.

of predicting all three of the aforementioned targets. For the
Asia prediction task, we used only the recipes originating
from the eight countries within the region of Asia and the
Pacific, and the prediction task was limited to identifying the
recipe’s nationality.

Cluster A = {European countries

+ North/South American countries

+ Jewish cuisine}

Cluster B = {Countries of Asia and the Pacific}

Cluster C = {India}

To make predictions, we adopted the decision tree and
random forest algorithms. The decision tree algorithm

automatically creates a tree for making decisions. Leaf nodes,
which correspond to countries, represent one of the target
classes for prediction. Each path of the tree represents a
rule for predicting the target [21]. In contrast, the random
forest algorithm uses many small trees together in making
predictions. It represents a type of ensemblemethod that com-
bines the outcomes of multiple base classifiers [23]. The final
outcome of the ensemble predictor is based on the majority
of the member classifiers. For example, if the majority of the
trees predict that the recipe is from Europe, then the final
prediction is Europe. The number of member predictors used
in this study was 100.

Table 8 shows the prediction accuracies for the various
settings. It used a 5-fold cross-validation testing scheme, in
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TABLE 7. An example of converted data from recipes.

TABLE 8. Comparison of prediction accuracies for the two algorithms according to the number of ingredients considered (5-fold cross-validation was
used).

which the recipes were divided into five subsets or folds. Four
of these were used to train the predictors and the remaining
fold was used for testing purposes. The training/testing cycles
were run five times by replacing the test data with a different
fold in each cycle. The final prediction accuracy is obtained
by averaging the accuracy obtained over all five sets of
predictions involving the test data (i.e., recipes that were not
used in the training). This measure reflects the ability of the
model to generalize to new recipes not categorized by human
experts. The random forest algorithm with 150 ingredients
achieved the best overall accuracy, showing, for example,
that it was possible to predict the recipe’s cluster with an
accuracy of 93.2% in the world prediction task. This means
that, based on a list of the ingredients used in a recipe, the
model could predict the cluster to which the recipe belonged
with greater than 90% accuracy. In all cases, the random
forest algorithm performed better than the decision tree, and
the higher the number of ingredients considered, the better the
performance.

In the world prediction task, the accuracy of predictions
related to region was also high, at an overall accuracy of
84.9%. Predictions related to a specific country proved to
be more difficult, given that the model needed to accurately
identify one of 22 nationalities based solely on ingredient
information. Nevertheless, a prediction accuracy of 64.9%
was achieved for individual nationalities. The various regions
showed considerable differences with respect to the pre-
dictability of the country of origin of the recipes based on
their ingredients. Nationality was relatively easy to predict for
the region of Asia and the Pacific and North/South America
(80.2% and 85.4%, respectively). However, the European
countries were more difficult to differentiate based on the

ingredients used in recipes, indicating that the European
countries have more similar ingredient usage patterns than do
other regions.

IV. CONCLUSIONS AND FUTURE RESEARCH
The goal of the present study was to infer the identity of
national cuisines based on thousands of internet recipes and,
more specifically, their ingredients. In recent years, limita-
tions on the availability of ingredients due to geographic
location and seasonal base have been reduced as a result
of developments in transportation, such as air or sea vessel
shipments, and in agricultural practices, such as greenhouse
farming. The unique culinary identities of various coun-
tries or ethnic groups may therefore be gradually weakened,
diluted or mixed due to such radical developments in inter-
national trade and transportation. However, the results from
the present study demonstrate that national dishes still contain
ingredients that are representative of a particular group. The
ingredients of recipes are highly symbolic for national or eth-
nic groups. In other words, the use of specific food ingredients
in recipes has been well preserved as part of the preservation
of a food identity. The grouping of countries based on patterns
of ingredient usage is essentially location-dependent and is
closely related to the annual precipitation of the analyzed
countries.

We attempted to see the relationships between the ingredi-
ents and diseases (diabetes, obesity, body mass index and so
on). However, we found that it’s not easy to identify single
ingredient with strong impact on specific disease. In our
understanding, the disease ratio of each country has related to
many factors (economic conditions, hospital service, educa-
tion and so on). The classification of ingredients (vegetarian,
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meat, fish, diary, beans and so on) could enrich the analysis
but it requires additional work to categorize the ingredients.
To the best of our knowledge, there is no available online
ontology on food ingredient’s names to cover all the ingre-
dients in the world. The cooking methods (grilling, roasting,
frying, slow cooking and so on) are highly important to under-
stand food culture of country or region. However, it’s more
difficult to extract the cooking methods, implicitly expressed
in texts, from the semi-structured internet recipes than to get
ingredients.
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