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Abstract

Recently, diversification of eating habits has been advancing in Japan. In such a situation, issues have been raised on the eat-
ing habits of younger generation, especially university students. The purpose of our study is to provide dietary life assistance to
the university students by developing a system to locate students with unbalanced diet. Meal purchase patterns of university
students are analyzed by utilizing purchasing history of the meal prepaid card users. The data are provided by a university co-
operative association who runs university cafeterias. The number of the users analyzed are 2,458 (male 1,591 and female 867).
The procedure of the analysis is as follows: k-means clustering is applied to the combination of food to generate 22 food clus-
ters. Next PLSA is applied for clustering the customers to generate 8 customer clusters. For these two clusters, Bayesian network
is applied to visualize correlation among factors. Based on this visualization and extraction of characteristics through clustering,
customer clusters with eating habit problems are detected. Specific proposals for dietary life improvement are proposed to

these clusters.
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1. Introduction

Recently, diversification of eating habits has been advanc-
ing in Japan and issues have been raised on the eating habits
of younger generation, especially university students. Many
university students start to have more opportunities to eat
out since they begin to live by oneself or by starting club
activities or part time job which lead to wider socialization.
As such, it is essential for university students to become in-
dependent from having his/her meal prepared by parents.
However, according to a survey by the Cabinet Office of Ja-
pan, more than 40 % of students responded that they did not
pay sufficient attention to their dietary life, and nearly 30 %
of students answered they rarely had breakfast (CAO, 2009).
Also, there are several studies pointing out that students do
not take in sufficient nutrition. Meal skipping and unbalanced
diet are regarded as one of the serious social problems, in-
creasing the risk of life-style related diseases. To tackle these
problems, many universities are taking various measures. For
example, Kanazawa University has been holding various di-
etary education programs including soup sampling breakfast,
cooking classes and dietary life counseling to raise awareness
on healthy eating habits among the students (Kanazawa Uni-
versity Health Service Center, 2014). In addition, the university
has been utilizing a meal prepaid card system. The card can
be used in the university cafeterias. Students can deposit in
advance certain amount of money into the card. By setting
aside money for a meal, meal skipping can be prevented. The
card system also enables to check a history of dietary life of
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the card holders, which makes it possible to advice healthier
diet to those who have eating habit problems.

The purpose of our study is to provide dietary life assis-
tance to the university students by developing a system to
locate students with unbalanced diet. Usage history of meal
prepaid card data provided by the university cooperative
association are used to develop the system. The system em-
ploys several algorithm to cluster the data.

There are several existing studies concerning school/univer-
sity cafeterias; surveys on cafeteria users (Goto et al,, 2003b; Hi-
tomi and Takaki, 2003); a study on student awareness on nutri-
tion (Goto et al,, 2003a); analysis of nutrient content (Kanda et
al, 2012; Kamada et al,, 2011); studies on menu selection (lkeda
et al, 2014; Namikawa et al,, 2010; Shannon et al., 2002). Also
there are several studies which propose balanced diet by clus-
tering food selection of cafeteria users (Takechi, 2014; Nomura
et al,, 2015). Our study also proposes a method for dietary
life assistance by clustering cafeteria users. However, Takechi
(2014) does not use ID-POS, so it is not possible to obtain time
series data for each specific user, precluding the possibility
to assist each student according to his/her dietary life. For
the difference from Nomura, Nambo and Kimura (2015), our
study employs PLSA as a clustering method, which allows to
analyze co-occurrence matrix. Hence more accurate clusters
are obtained. After obtaining the clusters, Bayesian network is
applied to locate customers with unbalanced diet to whom
specific assistance are proposed.

2. Proposed method

This chapter explains the procedure of the method pro-
posed in our study. Figure 1 shows the flowchart of the pro-
cedure.
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Figure 1: The flow of proposed method

2.1 Outline

This section outlines the method of our study.

First, from the data provided, information on purchased
items for each meal are extracted. They are converted to food
categories based on the middle classification code in the
data to generate a dataset for our analysis.

Second, the combinations of purchased food categories in
this dataset are used as attributes for k-means clustering to
generate clusters of “purchasing pattern for food categories
per one meal (hereafter referred to as food cluster) which
shares similar purchasing patterns. After this clustering, per-
centage of food clusters purchased by each customer are
calculated to generate another dataset consisting of each
customer as rows and purchasing percentage of each food
cluster as columns.

This new dataset are used to apply PLSA and cluster cus-
tomers (hereafter referred to as customer cluster).

Finally, Bayesian network is generated by using the result
of the customer clusters and the food clusters mentioned
above. By analyzing the network, customers with unbalanced
diet are located and specific assistance are proposed.

Following sections make detailed explanations on each
step outlined above.

2.2 Generating datasets
This section explains the data used in our study and the
procedure to generate datasets.

2.2.1 Data used

Our study uses purchasing history data stored in the meal
prepaid cards. The data are provided by Kanazawa University
Cooperative Association. The customers studied are 2,458
students who have usage history out of 2,474 students from

Table 1: Students surveyed

Sex Male 1,591
Grade G1818

Female 867
G2 811

G3 819

first to third grade with meal prepaid card contract. Detailed
breakdowns are shown in Table 1.

The period of study is 30 months starting from April 2014
to September 2016. The total number of the record in the
data used are 1,416,581. The data is composed of 16 attri-
butes: user code, sex, code of cafeteria used, date of purchase,
time of purchase, middle classification code, item code, item
name, the number of items purchased, the amount of money,
calories, three color codes(red, green and yellow, which will
be explained later), and salt intake. The multiple records with
the same user code, the date of purchase and the time of
purchase signify that these purchases are done at the same
time; hence these records are aggregated as the record per
one meal.

2.2.2 Converting food category

As explained in previous section, the date provided include
2,458 customers and 461 food items. Generating a dataset
without any pretreatment from these data will lead to a da-
taset with sparse matrix and makes it difficult to find any pat-
terns nor similarities by analyzing it. To overcome this prob-
lem, the food items are converted into 17 food categories by
using the middle classification codes included in the original
data. 17 food categories are as follows: rice (low), rice (high),
bowl (low), bow! (high), main dish (low), main dish (high),
side dish (low), side dish (high), noodle (low), noodle (high)
other noodles, dessert, beverage, self-servicing bar, rice and
noodle, set menu and takeout lunch. For 5 items (rice, bowl,
main dish, side dish, and noodle), which have larger number
of items in the food categories and have wide variety of price
range, each item is divided into two sub-items according to
the unit price (high and low). The threshold of the division is
a mean score of each item. The item with higher than mean
price is designated as high and the item with lower price as
low.

2.3 Food clustering

This section explains the purpose and the process of food
clustering.

One of the objectives of our study is to understand the cur-
rent status of dietary life of university students. It is possible
to calculate the purchase probability of each food category
by every customer by using the data described in the pre-
ceding section and to cluster the customers. This method will
clarify the rate of food category purchased for each customer
cluster. However, it is not possible to understand how each
customer chooses a combination of food categories per one
meal; hence the understanding of the dietary life is difficult to
achieve. In order to solve this problem, before clustering the
customers, the selection and combination of food per one
meal are clustered.

K-means algorithm is applied for clustering. Before apply-
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ing k-means to any given dataset, the value of k should be
determined. In order to determine the value, ABC analysis is
conducted to all the 387 patterns of food category combina-
tion. ABC analysis is a method to divide the data into three
categories A, B and C with A being most important. Data are
arranged according to the importance for given analysis. For
our analysis, the importance is defined as a pattern of food
combination for one meal. The result of the analysis leads to
the 22 patterns of food combination included in group A. So
k value of 22 is adopted.

Based on the result of the food clustering, the rate of selec-
tion for food cluster by each customer is calculated. The result
of the calculation is used as a dataset for the customer clus-
tering in the following section.

2.4 Customer clustering

Based on the dataset described in the preceding section,
PLSA (Probabilistic Latent Semantic Analysis) is applied to
cluster the customers. The number of the clusters is deter-
mined by normalized mean absolute error which will be
described later. PLSA is a soft clustering method and data can
belong to multiple clusters. However, one of the objectives of
our study is to assist dietary life of each customer. To achieve
this objective, a cluster with the highest membership prob-
ability is designated as the customer cluster for our analysis.

2.4.1 Evaluation method

The number of the cluster must be determined in advance
for the customer clustering. Normalized mean absolute error
of the number of the items purchased for each food category
by every customer cluster is used as evaluation index and
leave-one-out cross validation is used for the evaluation
method in order to determine the appropriate number of
clustering. For the evaluation index, F-measure or perplexity
are often used. However, in order to calculate F-means, cor-
rect labels are required for the test data. Our study does not
have “correct combination”for the customer and the food, so
this method is not appropriate for our study. For the perplex-
ity, it is originally designed for text mining, so the method is
not appropriate for our study. Hence normalized mean abso-
lute error for the number of items purchased for each food
category by each customer cluster is used.

Next, the method to calculate normalized mean absolute
error is explained. For the customer who belongs to cus-
tomer cluster k, the number of the items purchased which
belongs to food category | is N,. Also, for the training data,
the number of the items purchased is N,""" and the number
of the items purchased in test data is N, In our study, N,""
is the total number of purchase for 29 months, and N,/ is
the number of items purchased for one month. Differences
in duration and the size of data make it impossible to directly
compare residuals between the training data and the test

data. For the purpose of normalization, the training data are
divided by the number of the all purchases for 29 months
and the test data are divided by the number of the purchases
for remaining one month. The fitness of the clustering is cal-
culated by using normalized mean absolute error £, between
N, and N, E, is defined as (1).

U stands for the number of customer clusters and V stands
for the number of food categories. Hence U = 2; 3; :; 30 and V
=17.

Nk/rram Nk/tesr

Eu= -
Zk: 1U Zr: 1V Nk/rra/n Zk: ]U Zr: TV Nk/resr

m

Normalized mean absolute error E is defined by calculating
the mean value for all the customer clusters and food catego-
ries. And this value is used for evaluating the clustering meth-
ods used in our study. The formula to calculate normalized
mean absolute error is as follows:

,I U v

S TPPL
UV k=1 1=1

The result of the error derived from the above mentioned

calculation is evaluated to calculate the similarity between
Nk/r/a/'n an d Nk/resr.

2.4.2 Evaluation results and determination of the number
of clusters

Figure 2 shows the graph of normalized mean absolute er-
ror with the number of customer clusters ranging from 2 to
30. As for the value of Tempered EM, 0.90, 0.95 and 0.99 are
used. For each cluster, the value 0.90 leads to the minimum
error. Hence the value of 0.90 is adopted.

Figure 2 shows as the number of the clusters increases, the
value of the errors decreases. But the rate of the decreases
in the value of the errors shrink as the number of clusters
increases. So when the number of the cluster increases, the
errors will decreases accordingly, but the model based on
the analysis becomes more complex and makes it difficult to
understand the characteristics of each cluster. Also, T-analysis
is applied for the cluster number 2, 8, and 30. There are sig-
nificant difference between 2 and 8, but not between 8 and
30. Adding to these two points, the existing study by Nomura
et al. (2015) employs 8 as the number of the customer clus-
ters. Our study also employs 8 so that the results can be eas-
ily compared with the existing study. The normalized mean
absolute error for the existing study is 0.2550 % and for our
proposal is 0.1525 %. It is clearly shown that our proposed
method has improved the accuracy.

3. Organizing the cluster characteristics
Employing the methods explained in chapter 2 generates
customer clusters U;-Ug and food clusters S,-S,..
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Figure 2: Normalized mean absolute error

3.1 The characteristics of customer cluster

In this section, the characteristics of each customer cluster
are organized. Table 2 shows the number of the customers
and the male/female ratio for 8 customer clusters generated.
The table shows that clusters U,, U,, Us, and Uy are male domi-
nant, and U, and U, are, to the contrary, female dominant. For
the clusters U, and Uy, there are small differences in male and
female students. From these observations, it can be said that
the result of the clustering better reflects the food selection
by male than by female.

Table 3 shows the average number of items purchased, the
average amount of money spent, and average calories per

one meal for each customer cluster dating from April 2014 to
September 2016. The table shows U, and Ug are the clusters
with higher average amount of money spent and the average
calories. To the contrary, U; and U, are the clusters with less
average amount of money spent and the average calories.

In terms of the average number of items purchased, U,, U,
and U, are the clusters with small value. A dietary guideline
published by the Ministry of Agriculture, Forestry and Fisher-
ies (MAFF, 2017) advises for better food combinations which
are centered on staple food, main dish and side dishes. Based
on this guideline, these 3 clusters have several rooms for im-
provement for dietary life.

Table 2: Average of feature value of customer clusters (1)

Customer cluster ~ Number of users Male

Female Grade3 Grade2 Gradel

U, 464 224
U, 232 203
U, 530 125
U, 339 335

. 312 303
U, 74 50

, 259 112
Us 248 239

240 143 159 162
29 70 71 91
405 198 155 177
4 111 135 93

9 77 84 151
24 22 21 31
147 68 108 83
9 129 78 41

Table 3: Average of feature value of customer clusters (2)

Customer cluster  Purchased dishes

Money (yen)  Calories (kcal)

U, 3.66
U, 335
Us 293
U, 431
Us 367
U, 3.20
U, 364
U, 372

41334 698.65
431.14 754.21
354.54 580.19
47498 881.67
434.53 82222
394.60 658.17
403.08 677.20
455.13 809.82
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Figure 3: Ratio of food cluster selected by all users

Figure 3 shows the average number of items purchased for
each food category by all customers. Table 4 shows the char-
acteristics of each customer cluster.

3.2 Characteristics of food cluster

In this section, the characteristics of each food cluster
generated are organized. Table 5 shows the number of data
included in food clusters from S, to S,,.

Cluster S,, S, and Sy, include larger number of data. The
purchasing pattern included in these clusters are popular
among the customers surveyed. To the contrary, clusters S,,
Sio S14 and S,; have smaller number of data, which shows
these patterns are less popular among the students.

Next, the nutritious balance for each food cluster is ana-
lyzed. Based on the dietary guideline published by the MAFF,
a purchasing pattern with 4 items or more can be evaluated
as balanced diet.

Apart from this guideline, there is another standard for
measuring nutrition intake. The standard is called three food-
group scoring (NFUCA, n.d.). In this scoring, daily necessary
intake are divided into three food groups: red (protein), green

(vegetables) and yellow (carbohydrate and fat). For each food
group, 80 kcal is designated one point. For example, 350
grams of vegetables are translated into one point of green.
Without detailed nutrition knowledge, one can maintain a
balanced eating habit by following this scoring system. The
recommended daily scores for a male student are 3 points of
green, 6 points of red and 16 points of yellow, which can be
translated into 1 point of green, 2 points of red and 5 or more
points of yellow for a meal.

The cafeterias surveyed for our study employ this scoring
system and show these information on the menu card for
every meal. Customers can choose their menu by referring to
these nutrition information.

Based on this guideline, food clusters listed in Table 5 are
assessed. In general, points of green are not sufficient since
no food clusters reach recommended intake of one point.
Green food-group consists mainly of vegetables. This ob-
servation coincides with an official annual survey showing
younger generation do not take in sufficient vegetables.
(Ministry of Health, Labour and Welfare, 2017). For the food
clusters S,, S, Sg, Si0, Siy and Sy, they mostly satisfy three color

Table 4: Property of each customer cluster

Customer cluster Property
U, Order rice (I) and many main/side dishes
U, Order various items without any characteristics, but with less items purchased
U, Female dominant cluster with less money spent and calorie taken
U, Cluster with more money spent and calorie taken
Us Order rice (h) and two side dishes
Us Tend to prefer noodles and purchase less items
U, Order rice(l).Sometimes order dessert
Ug Cluster with average dietary lifestyle

BE - it E6&E25 20174 115



Table 5: Average of feature value of each food cluster

Food cluster Numberofdata Money (yen) Calories (kcal)  Red (pt)  Green (pt)  Yellow (pt)  Salt(g)  Purchased dish
S 7636 489.33 860.21 1.66 0.44 8.69 3.13 4.05
S, 2199 536.46 742.74 214 0.65 6.51 3.81 4.99
S, 7330 476.85 641.10 1.82 0.53 5.69 324 443
Sa 36526 33295 660.24 1.88 0.58 5.81 341 3.50
Se 19635 53835 1116.14 261 0.71 10.66 4061 4.17
Se 13059 289.77 52037 0.86 034 532 4.89 202
S, 5327 34735 404.49 1.01 0.26 3.80 294 243
Se 19523 463.82 809.90 2.10 0.75 7.30 3.86 473
So 4869 407.65. 711.40 1.83 0.34 6.72 3.25 2.03
Sio 1351 591.05 924.04 244 0.70 842 465 3.76
Sii 25880 453.28 1005.87 215 0.71 9.75 422 4.15
S 5581 525.90 1097.06 273 0.72 10.33 482 4.56
Sis 6334 606.96 1187.39 241 0.84 11.63 4.54 543
Sia 2497 488.94 1016.23 3.62 0.80 8.30 562 449
Sis 14356 37335 674.06 1.15 036 6.92 6.83 1.83
Sie 12189 42293 978.38 203 0.54 9.70 3.64 3.88
Sy, 33753 431.34 77849 234 0.65 6.76 401 3.93
Sis 19233 264.89 498.70 1.72 0.48 4.04 295 243
Sio 15606 351.09 678.56 2.00 0.62 591 3.67 418
Sy 5282 25375 368.69. 0.74 0.19 3.69 144 2.72
Sy 3269 582.19 894.80 2.04 061 857 442 4.58
S, 7632 399.39 726.18 1.58 047 7.04 3.36 2.67

points with sufficient number of items purchased. They are
food clusters with balanced nutrition. For S; and S, green
points are not sufficient but the customers in these clus-
ters use self-servicing bar. The bar does not show the food
point since various food groups are offered. By converting
the money spent on the bar into the amount of vegetable
intake, S, and S; can be judged to have balanced nutrition.
Clusters S, S,, Sis, Si5 and S, are low in the number of items
purchased and can be judged as lacking enough nutrition
intake.

For the amount of salt intake, the ceiling of the daily intake
is set at 8 grams. Clusters S, S, S10-S15 and S, exceed the 4
grams of salt intake per one meal and can be judged to have
a risk of the excessive intake.

As a summary for this section, Table 6 overviews properties
of each food clusters and Table 7 shows the evaluations for
nutrition balance of each food cluster.

3.3 Visualization of factor relationships by using Bayesian
network

In this section, Bayesian network is employed to visualize
the relationship among factors in food clusters, customer
clusters and customer variables. Our study uses 1,416,581 ef-

fective records and 2,458 effective customers. These records
and the customers are designated the information about cus-
tomer clusters, food clusters, food categories and customer
variables. Customer variables are sex, years, average amount
of money, frequency of the cafeteria usage, average number
of items purchased and average calories. Sex and years are
dummy variables and designated 1 when the data is present
and 0 when the data is absent.

The result of the visualization of the factors is shown in
Figure 4. Figure 5 is derived from Figure 4 and shows a partial
network focusing on students' grade.

From Figure 5, the characteristics for each grade are sum-
marized as follows: The first grade customers tend to choose
clusters S,, S, S; and S,,. For the third grade customers, S, S,
S, and S,; are popular.

The first grade students can be divided into two groups:
one with good dietary life with balanced nutrition by choos-
ing food clusters S; or S,, and the other with unbalanced
dietary life by choosing food cluster such as S, which signifies
less balanced nutrition.

On the other hand, for the third grade students, all of them
choose food clusters with certain amount of risk for unbal-
anced nutrition.
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Table 6: Property of food clusters

Food cluster Property
S Good nutrition balance with rice(h) and sufficient vegetables by main or side dish
S, Good nutrition balance with rice(l) and sufficient side dishes
S, Good nutrition balance by using self-servicing bar
S, Order rice, one main and one side.
Ss Order rice and sufficient main and side. The highest calorie intake but good nutrition balance
Se Often order noodle only. Less purchased items. Concern for nutrition balance.
S, Although using self-servicing bar, with less purchased items. Concerns for nutrition balance.
Se Good nutrition balance with many items purchased
Se Order rice bowl(h) and one side dish. Less purchased items and concerns for nutrition balance.
Sio Order rice bowl(h) and two side dishes. Good nutrition balance but high in salt intake.
S Good nutrition balance with rice(h) and many vegetables by main/side dish
Si Order rice(h) and take in many vegetables by main/side dish but very high in salt intake
Sis Order rice(h) and take in many vegetables by main/side dish but very high in calorie intake
Sia Order rice(l) and take in many vegetables by main/side dish but very high in salt intake
Sis Order rice(h) often with less purchased items. Bad nutrition balance
Sie Order rice(h) and two dishes from main/side dish. Low in green score.
Sy, The largest cluster with good balance for rice and side dish. High in salt intake
Sis Typical cluster for those who do not order rice
Si Good nutrition balance with rice(l) and three items from main/side. Many items purchased
Syo Bad nutrition balance with low calorie intake with rice(l) and self-servicing bar
S, Order various items but high in salt intake
S,, Bad nutrition balance with bowl and side dish. Less items purchased.

Table 7: Nutrition balance of each food cluster

Nutrition balance Food clusters

Good S5, S5 Sg S S1is S
Partly good S1.53 54 Sa, 512, S13, S14r S16 S170 Saor San
Bad Ser 57 5151 S S

4. Dietary life assistance proposal

In this chapter, several proposals on dietary life are pro-
posed based on the result of characteristic organization of
food clusters explained in chapter 3.

4.1 Assistance to the customer cluster U2

Figure 6 shows a partial graph for the customer cluster U2.

Figure 6 shows that from U, runs directed edges to S, and
Se, meaning that a customer in U, has high probability to
choose purchasing patterns of S; or S,

Food cluster S is characterized as sufficient number of
items purchased (4.17) and good scores on red (2.61) and yel-
low (10.66), but a low score in green (0.71) and high calorie
intake(1116.14 kcal).

Food cluster S, is characterized as insufficient number
of items purchased (2.02) and low scores on red (0.86) and

green (0.34). Calorie intake is low (520.37 kcal).
From these observations, dietary problems of a customer
in U, can be summarized as follows:

In terms of the dietary guideline which advised to have
many items for each meal, a customer in cluster U, satis-
fies the guideline when they choose S.. However, when S
is chosen, the meal is mainly centered on noodle which
leads to an unbalanced diet.

In terms of three food-group score method, a customer
cluster U, satisfies yellow score, but low in green score.

Based on this summary, food assistance to a customer in
cluster U, is proposed. A customer in this cluster does not
take in sufficient vegetables. Also, when he/she chooses Sg
and have noodle centered meal, his/her diet becomes unbal-
anced. The customer is advised to take part in a vegetable
soup sampling run by the university to make up for low
green score. Also, the customer is advised to add one more
side dish for his/her meal when choosing noodle centered
meal.

4.2 Assistance to customer cluster U4
Figure 7 shows a partial graph for the customer cluster U4.
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Figure 7: Partial network of customer cluster U4

Figure 7 shows that from U, runs directed edges to S;,, S5,
Si;and S5, meaning that a customer in U, has high probabil-
ity to choose purchasing patterns of these four clusters.

Food clusters S;;, S;, and S,; share similar characteristics.
They are all sufficient in the number of items purchased (4.15,
4.56, 5.43) with good scores on red (2.15, 2.73, 2.41) and yel-
low (9.75, 10.33, 11.63). They are all low in green (0.71, 0.72,
0.84) and high in calorie intake (1005.87 kcal, 1097.06 kcal,
1187.39 kcal).

Food cluster S,, is characterized as sufficient number of
items purchased (3.93) and good scores on red (2.34) and yel-
low (6.76), but a low score in green (0.65). The calorie intake is
moderate (778.49 kcal).

From these observations, dietary problems of a customer
in U, can be summarized as follows:

«In terms of the dietary guideline, a customer in cluster U,
satisfies the guideline for any choice of food cluster.
In terms of three food-group score method, a customer
cluster U, satisfies yellow score, but low in green score.

+ In terms of calorie intake, the customer tend to take in ex-
cessive calorie except for S,,.

Based on this summary, food assistance to a customer in
cluster U4 is proposed. A customer in this cluster tends to
choose high calorie meal. In order for the customer to be
aware of his/her calorie intake, it is advisable to modify the
meal card system so that the user can view recommended
meal from “my page” which can be accessed on the internet
and shows usage history for each month. Also, the customer
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is advised to choose the food cluster S,, with lower calorie
intake menu.

5. Conclusion

Our study proposes dietary life assistance by developing a
system to locate students with unbalanced diet. Two staged
clustering is applied: one for meal purchasing patterns of uni-
versity students to generate food clusters and the other for
customers with similar food cluster preference to generate
customer clusters. This two staged clustering aims to improve
accuracy of the prediction on the purchasing pattern of each
customer cluster. Using the proposed method, customer clus-
ters U, to Ug and food clusters S, to S,, are generated. Analyz-
ing the clusters clarify the selection rate of food categories
and nutrition intake for each customer cluster. Specifically,
for every food cluster, the score for green is low regardless of
the number of items purchased. Also, according to the grade,
the dietary life shows difference: newly enrolled students
tend to choose balanced diet, but third grade students tend
to choose unbalanced diet. Based on the findings through
Bayesian network, dietary life assistance to customer clusters
U, and U, are proposed.

Our study analyses the data totaling 1,416,581 collected
for 30 months period. They are sufficient to develop a robust
system that can locate students with unbalanced diet and
propose specific advice. However, the scope of the analy-
sis is limited to one specific university. When the proposed
method is applied to another dataset collected at different
university, the system may generate clusters which differ
from our study. Expanding the scope of the study by collabo-
rating with scholars from different universities can generate a
comprehensive system.
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