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Abstract 
Fuzzy c-means is applied to 207 raw foods to 
classify what nutrients do they have in an 
Analysis with Word Engine. 27 nutrients of 
varying minerals and vitamins contained in each 
of these 207 foods are analyzed with a Analysis 
with Word engine. Nutrient content for each 
food is mapped from numerical to verbal 
description like high, medium, and low. With 
this analyzer we verify that the Zhang-Fu 
relationship in Chinese food cure theory. Most 
nutrients beneficial to the Zhang organ is shown 
to be also beneficial to its affiliated Fu organ.  
 
Keyword: Fuzzy clustering. Food nutrient. 
Computing with Words. Web application. 

1. Introduction 
For large data set with uncertainties, fuzzy C-
means is an ideal setting for data clustering. The 
wide spread use of this intelligent classification 
technology in various fields indicates that the 
concepts are gaining acceptance. With a given 
number of groups required, fuzzy c-means 
clustering technique can generate the needed 
number of data clusters as well as the 
representative centers of each these clusters. 
With fuzzy logic, each data point will have a 
corresponding membership index that show how 
much the data belongs to each of the cluster 
centers. Unlike the crispy logic methodologies 
that typically designate yes or no membership, 
fuzzy logic technique provides membership 
values that range from 0 to 1. In so doing, it can 
compensate for uncertainties and allow the 
system to rank the result in the analysis process. 
Note in the food and ingredients data, it is highly 
possible that some of the data may be imprecise 
as they collected from many other sources. This 
technique should prove to be more reliable and 
effective than the traditional statistical technique. 
The success of this FCM technique in data 
mining and pattern recognition can be found in 
numerous literatures [1, 2]. 

 
We will show in this paper how an Analysis with 
Word engine can make use of Fuzzy C-Means to 
obtain a qualitative relation between two related 
sets of data. The main idea of Analysis with 
Word using fuzzy c-mean will be described in 
section 2. In section 3, we apply the engine to 
validate a Zhang-Fu food cure theory in Chinese 
medicine. Future research is proposed in the 
conclusion. 
 
2.  Fuzzy C-mean clustering of 
food ingredients 
We propose an Analysis with Word engine as 
shown in Figure 2.1. A typical fuzzy c-mean 
analysis can be described by the following. 
fcm( data, n) = (µ1, µ2, …, µn)   (2.1) 
fcm outputs the locations of n cluster centers as 
well as the membership values of each datum to 
these centers. We specify the data set as 206 
foods containment on a vitamin or mineral, and 
the number of cluster as 3 in our case for low, 
medium, high separately. For the 206 raw foods’ 
nutrition facts – what kinds of nutrient a food 
contains and how much of each nutrient a food 
contains, we focus on the amount of the 27 
vitamins and minerals that a serving of these raw 
foods contains. 
 

As a result, we have a matrix as below: 
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Each row of the matrix records a raw food’s 

nutrition facts on the 27 vitamins and minerals; 
each column of the matrix records the 206 raw 
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fcm(D[:,27], 3)]   (2.3) 
  

Consequently, we attain the Low-medium
high clustering matrix below: 
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Consequently, we attain the Low-medium
high clustering matrix below: 
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We have two options to classify how a data 

subset belongs to the data set with indicators
 
Individual data approach: Each data of th
data subset to be compared with the overall
dataset is evaluated to find out its index of 
belonging (membership) to each of the indicators 
of the overall dataset. Note the concept of fuzzy 
logic will be employed here and the membership 
values will be anywhere from 0 to 1, not just 0
1. An aggregation schem
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Stored data characteristics 

High in Calcium: 127%daily value 

Medium in Calcium: 15%daily 

Low in Calcium: 3%daily 

Low in Zinc: 3%daily value 

Inference Engine 

Low in Calcium, Medium in 
Iron … Low in Zinc 

Fig. 2.1: Data flow of Inference Engine 

1445



FOq… FOn where p, q… n є [1, 206]) that are 
beneficial to an organ: 

 in the 
o or any di,j (i є p, q,…, d j є [1, 

g th amount f nutrie n food 
edium, 

nd high membership values (m , m  , m  )

ip 

nts membership 

⎥

⎤

⎢

⎡ vvv K

, 

r x: 

⎥

⎥

⎦⎢

⎢

⎣ 3,2,1,

3,

nnn mmm

j

oncludes that the 
ient Ni; 

 the max average is column three, 
oup 

rds 
 the 

1) For each nutrient, calculates the low, medium, 
and high membership values of every food
fo d group. F  [  n] an
27])  recordin e  o nt Nj i
F
a

Oi the in matrix D, calculate the low, m
i,j,1 i,j,2 i,j,3   

by substituting µ1,j ,µ2,j , µ3,j in matrix C 
respectively for µ, and di,j  for y in membersh
function expression, resulting in the following 
three dimensional all nutrie
values array: 
Vi,j,k = m(Di,j, Cj,k, 0.01)  (2.4) 
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2) Calculate the average of each column in 
matrix M and find out the max average value 
among the three columns. 

i,j i є [p, q,…, n] and j є [1, 27] is a one 
dimensional array with length 3 containing the 
low, medium, and high membership value (mi,j,1 
mi,j,2 , mi,j,3 ) . 

a nutrient Nj in 3D Array V, there is a matri
Single nutrient membership value matrix 
 
Mj = V[:,j,:]   (2.5) 
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3) Decide the whole food group’s representative 
membership for nutrient Nj. 
 

If the column with the max average is 
olumn one, the analyzer cc

whole food group is low in providing nutr
if the column with the max average is column 
two, the analyzer concludes that the whole food 
group is medium in providing nutrient Ni; if the 
olumn withc

the analyzer concludes that the whole food gr
is high in providing nutrient Ni. 
 
4) Repeat steps 2) and 3) to decide the food 
group’s representative memberships for all 27 
nutrients. 
 
Lump-sum approach: The analysis with wo
engine is applied to both the overall data and

I n d i c a t o r 
A n a l y z e r 
 

I n d i c a t o r 
A n a l y z e r 
 

Analysis 
with 
Words 
Engine

indicators Food data 
set 

conclusion 

food data 
subset 

indicators 

Fig. 2.2: Classifying a data subset by comparing the data subset indicators with the overall indicators 
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selected data subset. The problem of where a 
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orga er, 
sple y – is closely related to a 

u organ – small intestine, gallbladder, stomach, 
large intestine, and urinary bladder [3, 4, 5]. 
Consequently, the nutrient membership pattern 
of a Zhang organ’s beneficial food group should 
be similar to the pattern of a corresponding Fu 
organ’s beneficial food group. In other words, 
two food groups beneficial to two related organs 
respectively should have the same membership 
in most of the nutrients. Compare the food 
nutrient patterns for two organs shows that they 
are closely related to each other.    

4. Conclusion 
Analysis with Word enables quick and easy 
analysis of data in natural language. The 
conclusive result from this proposed engine 
allow people to comment on the relationship 
between two data set in terms of their simple 
guidelines. Although the number of food and 
nutrients applied in this paper may no be the 
most challenging problem, it is nevertheless 
representative of numerous similar analyses of 
data in real life application. Future research calls 
for extension of our proposed Analysis of Word 
engine to problem with mixed linguistic and 
numeric characteristic. 
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2) Calculate the average amount of each nutri
the food group contains by calculating the 
average of each column in matrix SD. 
 
Food group average nutrition facts 
A = [a1, a2, …, a27] = [avg(SD[:,1], 
avg(SD[:,2]), … , avg(SD[:,27])]   
 (2.7)
 
3) Evaluate the membership function values by 
substituting aj for y, and µ1,j, µ2,j , µ3,j in matrix C 
for µ to calculate low, medium, and high 
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