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Abstract 
With the growth of recipe sharing services, online cooking 
recipes associated with ingredients and cooking procedures 
are available. Many recipe sharing sites have devoted to 
the development of recipe recommendation mechanism. 
While most food related research has been on recipe 
recommendation, little effort has been done on analyzing 
the correlation between recipe cuisines and ingredients. In 
this paper, we aim to investigate the underlying cuisine-
ingredient connections by exploiting the classification 
techniques, including associative classification and support 
vector machine. Our study conducted on food.com data 
provides insights about which cuisines are the most similar 
and what are the essential ingredients for a cuisine, with 
an application to automatic cuisine labeling for recipes. 
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Introduction 
With the growth of recipe sharing services, online 
cooking recipes associated with ingredients and cooking 
procedures are available. Many recipe sharing sites 
have devoted to the development of recipe 
recommendation and retrieval mechanism. In the 
literatures, there are several recipe recommenders, 

 
 
Permission to make digital or hard copies of all or part of this work for 
personal or classroom use is granted without fee provided that copies are not 
made or distributed for profit or commercial advantage and that copies bear 
this notice and the full citation on the first page. Copyrights for components 
of this work owned by others than ACM must be honored. Abstracting with 
credit is permitted. To copy otherwise, or republish, to post on servers or to 
redistribute to lists, requires prior specific permission and/or a fee. Request 
permissions from Permissions@acm.org.  
UbiComp '14, September 13 - 17 2014, Seattle, WA, USA 
Copyright 2014 ACM 978-1-4503-3047-  3/14/09 $15.00. 
http://dx.doi.org/10.1145/2638728.2641335 

Han Su 
Department of Computer Science 
National Chengchi University 
Taipei, Taiwan 
101753004@nccu.edu.tw 
 
Ting-Wei Lin 
Department of Computer Science 
National Chengchi University 
Taipei, Taiwan 
kevinlin801005@gmail.com 
 
Cheng-Te Li 
Research Center for IT Innovation 
Academia Sinica 
Taipei, Taiwan 
ctli@citi.sinica.edu.tw 
 

Man-Kwan Shan 
Department of Computer Science
National Chengchi University 
Taipei, Taiwan 
mkshan@nccu.edu.tw 
 
Janet Chang 
Graduate Institute of Taiwan 
Food Culture, 
National Kaohsiung University of 
Hospitality and Tourism 
Kaohsiung, Taiwan 
c.chang1001@gmail.com 
 
 
 
 
 
 

565

UBICOMP '14 ADJUNCT, SEPTEMBER 13 - 17, 2014, SEATTLE, WA, USA



 

considering user preference [2, 3], query ingredients 
[4], recipe contents [5], and cooking procedure [6].  

Recipe cuisines are believed to be one of the main 
considerations when users choose to eat. A cuisine is 
also primarily influenced by the ingredients. For a 
recipe of interest, if we can automatically present its 
cuisine, the quality of recipe recommendation might be 
boosted. However, to our knowledge, less effort is done 
for studying the relationship between the combinations 
of ingredients and the recipe cuisines. Therefore, in this 
paper, we are first attempt to investigate the 
underlying cuisine-ingredient connection.  

We exploit the classification techniques to study which 
combinations of ingredients lead to various cuisines. 
Specifically, by treating recipes as instances, 
ingredients as features, and cuisines are class labels, 
we aim to build a classifier model to predict the cuisines 
of recipes. Through analyzing the classification accuracy, 
we are able to know which cuisines tend to share 
similar ingredients and thus are opt to be classified to 
the same category. In addition, we further look into the 
classification rules to understand the common 
ingredients of each cuisine. To fulfill these goals, we 
take advantage of the techniques of associative 
classification [7] and support vector machine (SVM) [8]. 
The confusion matrices are reported. Furthermore, we 
also demonstrate some representative classification 
rules that tell us the ingredients of each cuisine. 

Studying the problem of recipe cuisine classification can 
lead to at least three benefits and applications. First, 
while most of recipes are not associated with cuisine 
information, automatically cuisine labeling can provide 
users more information to make decisions. Second, we 

can apply the cuisine information for recipe 
recommendation as a kind of content-based filtering. 
Third, the menu planning problem might need to 
consider that those recipes belonging to the same 
cuisine are more preferential to be put together. 

Related Work 
Recipe recommendation and retrieval has been the 
subject of cooking related research. One of the earlier 
works is Kalas, a social navigation system for food 
recipe, developed by Svensson et al. [1]. Ueda et al. 
proposed a personalized recipe recommendation 
method based on user’s food preferences [2, 3]. A 
user’s food preference in terms of ingredients is derived 
from his/her recipe browsing activities and menu 
planning history. Xie et al. [4] proposed a hybrid 
semantic item model for recipe search by example. The 
hybrid semantic item model represents different kinds 
of features of recipe data. Forbes presents an approach 
for recipe recommendation to incorporate recipe 
content into matrix factorization method [5]. 
Experimental results showed the algorithm not only 
improves the recommendation accuracy but is also 
useful for swapping ingredients and creating recipe 
variations. While most research models recipes in terms 
of ingredients, Wang et al. [6] model cooking 
procedures of Chinese recipes as directed graphs and 
proposed a substructure similarity measurement based 
on the frequent graph mining. Though there are several 
successful proposals for recipe recommendation, to our 
knowledge, less effort is conducted on analyzing the 
correlation between recipe cuisine and the ingredients. 
Therefore, in this paper, we do the first attempt to 
investigate if the recipe cuisines can be identified by 
exploiting the ingredients of recipes.  
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Dataset 
We collect the menus and recipes from food.com, which 
is one of the most popular recipe-sharing websites, 
where users can create, rate, and share menus and 
cooking recipes. We downloaded 226,025 recipes. Each 
menu contains a set of recipes. And each recipe 
consists of a set of ingredients. There are totally 5,073 
kinds of ingredients in the all recipes. The number of 
ingredients per recipe is 8.57 in average. In addition, 
each recipe is associated with a set of categorical tags, 
which describes the course it belongs to, main 
ingredient, cuisine/region, preparation, occasion, diet, 
and nutrition for each recipe. Totally there are 524 tags 
in the data. In addition, there are 70 types of cuisines 
in the data. However, since the number of recipes of 
cuisines is quite skew, we compile six main recipe 
cuisines for our study, including Chinese (C), Germany 
(G), Italy (I), Japan (J), Spain (S), and Thailand (T). 
The number of recipes of each cuisine is 1,950 (C), 
1,294 (G), 7,004 (I), 721 (J), 915 (S), and 1,001 (T). 
It is worthwhile to mention that the numbers of recipes 
for such six cuisines is quite imbalanced. Therefore, to 
deal with the imbalance problem, in the following 
experiments, we perform some up-sampling and down-
sampling techniques to make their numbers are equal. 
The number of each recipe cuisine is sampled to 1,001. 

Classification Settings 
We employ the techniques of associative classification 
[7] and support vector machine (SVM) [8] to do the 
recipe cuisine classification. Each recipe is regarded as 
an instance. The cuisine of a recipe is considered as the 
corresponding class label. For associative classification, 
a recipe instance is considered as an item set of 
ingredients to build the classification rules. There are 
three steps in associative classification. The first step is 

rule generation, which employs the association rule 
mining technique [9] to find the frequent patterns 
containing classification rules, where a rule is a 
combination of an ingredient set and a cuisine label. 
The second step is to build the classifier by filtering out 
redundant rules and organizing the useful rules in a 
reasonable order. In the third step, unlabeled recipes 
are input and the classifier will select the rules based 
on the order whose condition matches the given recipes. 

For SVM, each ingredient of a recipe is treated as a 
feature. We empirically use an intuitive way, Boolean 
model, to compute the feature values. That says, if a 
recipe contains a particular ingredient i, its feature 
value of i is 1; otherwise, 0. A recipe-ingredient matrix 
can be derived and directly applied into the SVM 
classification method. In fact, other than using simply 
the Boolean model, we can alternatively take 
advantage of singular value decomposition (SVD) to 
discover the latent concepts of cuisines from the recipe-
ingredient matrix, in which the dimension is reduced to 
k during the SVD process. Specifically, SVD 
decomposes a matrix M in a factorization form 

, where the column vectors of U and the row 
vectors of VT are the left and right singular vectors 
respectively, and  is a diagonal matrix containing 
singular values. Conceptually, SVD decomposes the 
instance-feature matrix through introducing the idea of 
latent concepts. The diagonal  matrix  represents 
the weight of each latent concept while the left and 
right singular vectors in U and VT stands for the 
instance-concept and feature-concept matrices. 
Determining the top-k dimensions of the diagonal 
matrix ( ) refer to select the k most significant 
concepts while ignore the irrelevant ones (i.e., reducing 
the original  dimensions to  dimensions). Here we use 
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the k-dimensional left singular vectors (i.e., recipe-
concept) as the new feature matrix for the SVM 
classification.  

We adapt five-fold cross validation as the evaluation 
setting. We will report the scores of precision and recall 
as the evaluation measures. The overall performance 
scores will be reported for the three methods. We also 
report the accuracy score for each cuisine. To 
understand which cuisines are similar to each other, we 
also present the confusion matrices for different 
classification methods (i.e., “SVM” and “SVM+SVD400”).  

 
Figure 1. Overall performance: the scores of precision and 
recall for AC, SVM, and SVM+SVD400. 

Performance Analysis 
We first present the overall performance generated by 
associative classification (AC), support vector machine 
(SVM), and SVM with 400 SVD reduced latent features 
(SVM+SVD400). Note that after some parameter tuning, 
SVD with 400 dimensions can derive better results, and 
thus we report their precision and recall here. The 
result is shown in Figure 1. We can find the SVM has 
the best precision and recall scores (up to around 75%) 
while the associative classification leads to the worst 
performance. In addition, SVM+SVD400 does a bit 
worse than SVM. We think it is because that many 

ingredients are mutually used in different cuisines, and 
thus it is hard to be represented in single latent feature 
of SVD. Therefore, we suggest SVM is an acceptable 
classifier to automatically label the recipe cuisines. 

 
Figure 2. Cuisine performance: the scores of precision and 
recall for each cuisine, using SVM as the classifier. 

We look into the performance of each cuisine using 
SVM. The results are presented in Figure 2. The 
precision scores are 76%, 68%, 83%, 73%, 71%, and 
91% for Chinese, Germany, Italy, Japan, Spain, and 
Thailand respectively, while the recall scores are 71%, 
87%, 68%, 74%, 73%, and 68%. It is obvious all the 
cuisines can be accurately classified with at least 65% 
in precision and recall. Nevertheless, we can further 
find that in general the recipes of Italian and Japanese 
cuisines have the worse results in a relative view. To 
investigate the underlying reason, we show the 
confusion matrices generated by both SVM and 
SVM+SVD400 in Table 1 and Table 2 respectively. 

From Table 1, we can find that in general the accuracy 
scores generated by SVM with Boolean model are 74%, 
89%, 71%, 74%, 83%, and 81% for Chinese, Germany, 
Italy, Japan, Spain, and Thailand respectively. When we 
further consider SVD in the SVM classification (i.e., 

568

UBICOMP '14 ADJUNCT, SEPTEMBER 13 - 17, 2014, SEATTLE, WA, USA



 

SVD+SVM) with the reduced dimension k=400, the 
accuracy scores are boosted to be 83%, 85%, 59%, 
46%, 79%, and 84% for Chinese, Germany, Italy, 
Japan, Spain, and Thailand. The corresponding 
confusion matrix is shown in Table 2. Both SVM and 
SVM+SVD400 exhibits similar accuracy trend that the 
cuisines of Chinese, Germany, Italian, and Thailand are 
much easier to be accurately distinguished from each 
other, but are relatively difficult to correctly classify 
recipes into Japanese cuisine and Spanish cuisine.  

Table 1. The confusion matrix using SVM. 

C G I J S T

C 150 11 0 28 2 10
G 3 178 5 2 13 0
I 1 25 142 5 28 0
J 32 11 0 149 8 1
S 2 19 10 4 166 0
T 18 3 2 11 4 163

 
Table 2. The confusion matrix using SVD+SVM (k=400). 

C G I J S T

C 166 10 0 12 3 10
G 12 170 3 1 14 1
I 3 23 118 2 55 0
J 80 12 0 92 13 4
S 4 22 7 2 158 8
T 22 2 0 6 3 168

 
From the confusion matrices, we can further observe 
that Japanese recipes tend to be classified as the 
Chinese cuisine. We provide some recipes of Japanese 
cuisine with the corresponding ingredients that are 

classified as Chinese cuisine, as listed in Table 3. We 
can find that there are several ingredients that often 
appear in Chinese cuisine, such as rice vinegar, ginger 
powder, sesame seed, and cabbage. We believe such 
results come from the culture. Since Taiwan, Japan, 
and China belong to East Asia, there might be higher 
chance for the interactions and communications about 
foods and cooking activities. Also due to the culture, 
their eating behaviors, demonstrated in recipes as well 
as ingredients, tend to be similar to each other. Similar 
phenomenon happens to Spanish recipes that are 
frequently classified as Italian cuisine, as shown in 
Table 4. 

Table 3. A list of five recipes of Japanese cuisine with their 
ingredients that are classified as Chinese cuisine. 

Recipe Ingredients 
Root Beer 
Teriyaki Marinade

root beer, soy sauce, ginger powder, 
garlic powder, pepper 

Japanese 
Cabbage Salad

chicken breast, sesame seed, almond, 
cabbage, green onion, ramen noodle, 
sugar, salad oil, salt, accent seasoning, 
black pepper, rice vinegar 

Teriyaki Sauce - 
Homemade

soy sauce, unsweetened pineapple 
juice, garlic powder, ground ginger, dry 
mustard, white pepper, brown sugar 

Japanese Salad 
Dressing

salad oil, rice vinegar, catsup, celery, 
ginger, pepper, onion, soy sauce, water, 
lemon, salt 

Tempura egg, yolk, water, flour, oil 
 
Conclusion 
This study aims to investigate the underlying 
correlation between recipe cuisine and ingredients. By 
treating ingredients as features, we construct classifiers 
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to predict the cuisine labels of recipes. The evaluation 
conducted six cuisines using food.com data provides 
insights on which cuisines are the most similar to each 
other and what are the common ingredients for each 
cuisine. We believe this study and analysis can benefit 
some applications, such as automatic recipe cuisine 
labeling and cuisine-based recipe recommendation. 

Table 4. A list of five recipes of Spanish cuisine with their 
ingredients that are classified as Italian cuisine. 

Recipe Ingredients 
Asparagus Pasta 
with Pesto

pasta noodle, asparagus, garlic, olive 
oil, onion basil, parmesan cheese 

Italian Rice and 
Peas

frozen pea, long-grain rice, onion, 
celery, dry white wine, boiling water, 
chicken stock cube butter, parmesan 
cheese, salt and pepper 

Orecchiette  With 
Spinach, Garlic  
and Bacon

frozen spinach, bacon, onion, garlic, 
olive oil, orecchiette pasta, salt and 
pepper 

Pasta With Green 
Olives, Bacon, 
Mushroom and 
Artichoke

penne pasta, green olive, bacon, 
mushroom, artichoke, spaghetti sauce, 
dry white wine, oregano, garlic powder, 
onion powder, basil 

Spaghetti Sauce

tomato, tomato sauce, tomato paste, 
ground beef, onion, mushroom, green 
bell pepper, garlic, oregano basil, 
parmesan cheese, pepper, salt 
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