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Fig.2 Typical *H NMR spectra of urinefrom atype 2 diabetic and a normal individuals
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Table 1 Class Separability on each bassof NMF and PCA
NMF PCA
Bass
w1 w2 W1-W2 PC1 pPC2 PC1- PC2
Separability 0.36 0.68 0.46 0.42 0.24 0.38
PCA 1, 10
214 213 136 212 227 215 226 138 152 137. NMF 1
1214 213 136 227 212 215 152 228 190 226.
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Table 2 Potential metabolitesin the spectra dices with better class separability contribution

Fig.4 Anayss resultsof the plasma *H NMR data with different approach
(@) NMF scores plot, (b) PCA scoresplot, () NMF loading plot, (d) PCA loading plot

Key: -

= healthy samples, v=type 2 diabetes samples, = = gpectraingredients

No. OH Potential Metabolites
136 138 3.65 3.75 (glucose) (sorbitol)
212 215 1.22 1.37 (cholesterin) , (LDL) (lactate)
(cholesterin) (LDL) (valine)
226 228 0.82 0.94 . . .
(isoleucine) (Butyric)
152 3.21 3.25 (choline)
190 2.02 2.06 (glycoprotein)
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PCA NMF 4 : NMF

3 NMF PCA
Table 3 Class Separability on each basisof NMF and PCA

_ NMF PCA
Bass
w1 w2 W1-W2 PC1 pPC2 PC1- PC2
Separability 0.55 0.39 0.54 1.08 0.05 0.64
PCA 3, 10 :
163 164 162 169 165 156 157 161 152 154. NMF 3 ,
163 164 162 169 156 165 221 161 168 157.
4
4
Table 4 Potential metabolitesin the spectra dices with better class separability contribution
No. On Potential Metabolites
161 165 3.35 3.56 (glucose) (glycine)
168 169 3.19 3.29 (glucose) (tmao) (betaine)
156 157 3.66 3.76 (glucose)
152 3.86 3.91 (glucose)
154 3.78 3.84 (glucose)
173 174 3.01 3.08 (creatine)
[23,24]
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A New Data Processing Method for Metabonomic
and Its Application in a Sudy of Diabetes

DONGJi-yang', XU Le', CAO Hong-ting', DAl Xiao-xia®,
L1 Xuejun®, YANG Shu-yu’, CHEN Zhong"
(1. Department of Physics, Xiamen University , Xiamen 361005, China;
2. Shool of Medicine, Xiamen Universty , Xiamen 361005, China;
3. The Xiamen First Hospita , Xiamen 361005, China)

Absgtract : Multivariate statistical methods are frequently used in nuclear magnetic reso-
nance (NMR)-based metabonomic researches to analyze NMR spectra of biofluids.
Based on the fact that the NMR spectrum of a given sample are a sum of the NMR sg-
nalsfrom al constituting ingredients, we developed a non-negative matrix factorization
(NMF) method, capable of finding parts-based and linear representations of non-nega
tive data, for analyzing the data acquired in NM R-based metabonomic studies. Detail
comparions were made between the NM F method and the commonly use principal com-
ponent analysis (PCA) method by employing the two methods to discriminate the urine
and serum spectra of type-2 diabetic patientsfrom those of the healthy controls. It was
shown that , compared to the PCA method, the NMF method is a more eff ective and ac-
curate method for processng NM R spectra acquired in the metabonomic studies, partial-
ly due to its unique features such as the non-negative constraints and part-based repre-
sentation. The disadvantages of the PCA method were a 0 analyzed and di scussed.

Key words: NMR, metabonomics, type 2 diabetes, norn-negative matrix factorization,
principle component analyss
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