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Abstract

Supervised self-organizing maps were used for classification of 160 infrared spectra of urinary calculi composed of calcium oxalates

(whewellite and weddellite), pure or in binary or ternary mixtures with carbonate apatite, struvite or uric acid. The study was focused to such

calculi since more than 80% of the samples analyzed contained some or all of the above-mentioned constituents. The classification was done

on the basis of the infrared spectra in the 1450–450 cmK1 region. Two procedures were used in order to find the most suitable size and for

optimizing the self-organizing map of which that using the genetic algorithms gave better results. Using this procedure several sets of

solutions with zero misclassifications were obtained. Thus, the self-organizing maps may be considered as a promising tool for qualitative

analysis of urinary calculi.

q 2005 Elsevier B.V. All rights reserved.
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1. Introduction

Urolithiasis (occurrence of urinary calculi) affects from 4

to 20% of the population according to country [1]. Thus the

determination of the urinary calculi composition is import-

ant in clinical laboratories because it can provide infor-

mation about the development of the calculi, about further

treatments of the patients and about means (e.g. suitable

diet) by which further reoccurrence of the urolithiasis could

be prevented.

Since the infrared and Raman spectra are characteristic

for a given compound [1,2], vibrational spectroscopy is one

of the few instrumental methods suitable for analysis of

urinary calculi by providing information about the exact

chemical individuality of the constituents. Due to the

importance of determining the composition of the calculi,

many computerized methods have been developed [3–12].

Most of the methods found in the literature are based on
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comparison of the sample spectra with the library of the

spectra of urinary calculi or algorithm schemes where the

calculi are classified according to the presence, absence or

position of the band maxima, while other are based on

principal component analysis [9], target factor analysis [10]

and back-propagation neural networks [11,12].

In the last decade self-organizing maps (SOMs) have

become a valuable tool for chemometricians [13–22], most

often for unsupervised classification purposes [13–20], for

process/reaction monitoring [21,22] and as a tool for

variable selection [23]. The theoretical background for the

self-organizing maps and their application in chemistry is in

details described in the literature [24–26].

In this paper, an attempt was made to apply supervised

self-organizing maps [26,27] for classification of 160

infrared spectra of four types of urinary calculi consisting

of calcium oxalates (whewellite and weddellite) and/or their

mixtures as well as of these two substances in mixtures with

carbonate apatite, struvite or uric acid. The calculi used in

this work have been analyzed in our laboratory since 1996

and these five substances were found in 80% of all analyzed

calculi either as single constituents or in binary or ternary

mixtures [28].
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2. Experimental

The infrared spectra of the samples were recorded (in the

1450–450 cmK1 region) on a Perkin–Elmer System 2000

Fourier-transform infrared spectrometer with a resolution of

4 cmK1 and sampling interval of 1 cmK1. The samples were

prepared as KBr pellets using 2 mg of homogenized sample

and 250 mg spectroscopy-grade KBr. If the maximum value

of the absorbance in the recorded spectrum exceeded 1, the

mass of the sample in the pellet was proportionally reduced

in order to achieve the desired maximum value of

absorbance.

For training of the supervised self-organizing maps

(SOMs) prepared mixtures of whewellite, weddellite,

carbonate apatite, struvite and uric acid were used.

Whewellite, weddellite, carbonate apatite and struvite were

synthesized according to procedures found in the literature

[29–31] while anhydrous uric acid was a Merck product. The

infrared spectra of these substances were compared with

those in the database of infrared spectra from Dao and

Daudon [1]. The comparison showed that the desired

constituents have indeed been prepared and that the infrared

spectra are of quality comparable to that in the database.

Some of the samples utilized for training were used in

our previous works [11,12] but additional 69 mixtures of

whewellite and weddellite as well as of whewellite,

weddellite and struvite were prepared amounting to a total

number of 179 mixtures. The infrared spectra of these

mixtures were recorded and used for training of the self-

organizing maps.

The infrared spectra of the samples of urinary calculi

were recorded using the same procedure as that described

above. Whenever possible (depending of the size of the

calculi) infrared spectra were recorded from different calculi

layers and then target factor analysis was used for

determination of their qualitative composition [10]. In

cases where the sample size did not permit application of the

target factor analysis, the composition of the calculi was

determined by comparing different regions of the sample

spectra with the database by Dao and Daudon [1].

All together, 160 infrared spectra of urinary calculi were

recorded and used for evaluating the performances of the

optimized SOMs. Among these samples, 47 belonged to the

whewellite-weddellite type of calculi, 20 samples to

whewellite and weddellite in presence of uric acid, 11

samples consisted of oxalates and struvite, and 82 samples

of oxalates and carbonate apatite.
3. Data analysis

3.1. Preprocessing

Prior to training the SOMs, the collected data were

preprocessed. The infrared spectra were normalized to unit

length and were stored in a single data matrix (D).
In order to make further calculations faster, the obtained

data ware reduced from 1000 to 100 absorbance values

according to the following equation:

dr
i;m Z

Pm10
jZðmK1Þ10C1 di;j

10
(1)

where di,j represents the data from the preprocessed matrix, i

is the sample number, j represent the absorbance values at

different wavenumbers, while dr
i;m is data from the i-th

sample in the reduced data matrix.

Then the variables in the reduced data matrix were

autoscaled. In order to extract as much as possible

information in as less as possible data points and to make

the training process faster, principal component analysis

(PCA) was applied.

3.2. Genetic algorithms

In order to obtain as good results as possible, genetic

algorithms were applied for the wavenumber selection as

well as for selecting the most suitable training parameters

and map size. It should be pointed out that the genetic

algorithms have been proven to be an effective optimization

tool [32–34] allowing relatively fast convergence without

the need of running every permutation of variables. In the

chemistry literature, the theory and use of genetic

algorithms as a variable selection tool has been reported

several times [35–41] so that only the procedure used in this

work is explained here.

An initial population of eighty chromosomes was

randomly generated. Each chromosome was represented

using a binary vector with length of 126 genes. The first 100

bits in the binary vectors represented absorbances at

different wavenumber values while the presence of the

corresponding wavenumber interval was coded with 1 and

its absence with 0.

Other genes were used for:
†
 selection of the most suitable number of principal

components (PCs) used for training of the SOMs—four

genes (from 1 up to 16 PCs);
†
 determining of the map size—eight genes were used

(four genes for length and four genes for width); these

parameters were changed in the interval from 4 to 19;
†
 determining the optimal number of iteration cycles for

the ‘rough’ training phase (six genes); this parameter was

searched in the interval between 1 and 64;
†
 finding the optimal number of iteration cycles for the

‘fine’ training phase; eight genes were used and the

number of training cycles in this phase was changed in

the interval between 1 and 256 increased by twice the

number of training cycles in the ‘rough’ training phase.

The number of misclassified samples obtained by the

SOM trained with parameters determined by each chromo-

some was used as a measure for its fitness. After calculating
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Fig. 1. Illustration of training (a) and prediction phase (b) for supervised self-organizing maps.
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the fitness of the whole population, sixteen chromosomes

(20% of the total population) with the best performances

were selected (in what follows, these chromosomes are

referred to as studs). The studs were kept unchanged in each

successive generation until a different chromosome(s)

produced better performances. In such a case, the better

chromosome(s) would replace the stud(s). New offspring

chromosomes were then created by the two-point crossover

technique, which means that two random values between 1

and 126 were chosen. The values in the parent chromosomes

between these two values were exchanged to form new

chromosomes. After that, the chromosomes were mutated in

order to prevent the genetic algorithm from converging too

fast in the search space.

All the calculations were done in a Matlab environment

[42] using the Self-Organizing Maps Toolbox by Vesanto

[43] and Genetic Algorithm Toolbox [44].

3.3. Supervised self-organizing maps

Self-organizing maps were initially developed as an

algorithm for unsupervised learning. But in the cases where

poor class separation is obtained, applying slight
modifications of the algorithm could transform SOMs as a

tool for supervised classification [27]. In order to make

SOMs supervised, the input vectors for the samples in the

training set ds (in our case—the principal components of the

corresponding samples), were augmented by a unit vector du

(Fig. 1(a)) with its components assigned into one of the four

classes of urinary calculi. In the present study each ‘1’ in the

unit vector was multiplied by the maximal value in the data

matrix consisting of PCs extracted from the training set.

During the phase of prediction the part of the weight vectors

of SOMs that correspond to unit vector is excluded

(Fig. 1(b)). In other words, for each sample in the training

set ds the corresponding du must be used during the training

while during the recognition of an unknown sample x only

the xs part is compared with the corresponding part of the

weight vectors of the trained SOM.
4. Results and discussion

According to the data found in the literature it is

recommended that the number of neurons in the map

should be nearly equal to the number of samples in the



Fig. 2. Unified distance matrix for map trained by use of principal components obtained from the full spectrum.
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training set and the length and width of the map should be

proportional to the magnitude of the first eigenvalues

obtained by the decomposition of the training set [26]. The

ratio calculated by the first two calculated eigenvalues in this

case is 1.96. Having that in mind (and also the recommen-

dations [25,26] that the number of map neurons should be

similar to the number of samples in the training set) we started

the search for the optimal size of the map. After several trials,

we chose a map with a size 19!10 which was trained using

the first six principal components obtained from the mean-

centered data matrix. The used map had plain boundary
Fig. 3. The distribution of the samples from all four types of calculi on the trained

weddellite samples; c—whewellite, weddellite and struvite samples; d—whewell
conditions, a hexagonal grid, Gaussian neighborhood func-

tion, and linearly decreasing learning rate. The weight vectors

were initialized along the first two principal components

obtained by decomposition of the data matrix [26].

The SOMs were trained using the batch training

algorithm [45] in two phases [26]: (1) rough training

phase which lasted 50 iterations with an initial neighbor-

hood radius equal to five, a final neighborhood radius equal

to one, a learning rate of 0.5, and (2) fine training phase

which lasted 500 iteration cycles, an initial and final

neighborhood radius equal to one and a learning rate of 0.1.
map (a—whewellite, weddellite and uric acid samples; b—whewellite and

ite, weddellite and carbonate apatite samples).



Fig. 4. Selected wavenumber regions for some of the best solutions

obtained by use of genetic algorithms.

Fig. 5. Trained map for solution no. 3 (presented in Table 1) together with

the distribution of all 160 samples of urinary calculi.
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After the training was finished, the prediction abilities of the

SOMs were examined using the data set consisting of

suitably preprocessed infrared spectra of real samples.

The regions of the self-organizing map obtained using

the principal components calculated from the full spectrum

produced good separation of the samples in the training set

which can be seen form the unified distance matrix

presented in Fig. 2. However, using this map 14 samples

were misclassified: one calculus consisting of oxalates was

classified as an oxalates-uric acid concrement, further 12

calculi consisting of oxalates and carbonate apatite were

classified as belonging to the oxalate type of calculi and one

calculus consisting of oxalates and carbonate apatite was
Table 1

Map sizes and training parameters for some of the obtained solutions using

the genetic algorithms

No. Principal

components

Length Width Rough training

phase

Fine train-

ing phase

1 6 18 18 29 113

2 6 18 13 60 220

3 6 16 16 50 200

4 6 16 16 50 328

5 7 18 13 62 190

6 7 18 13 63 164

7 9 18 13 58 216

8 9 18 13 58 149

9 9 18 13 58 152

10 15 18 13 63 224

11 16 18 13 63 130
classified as belonging to the oxalates-struvite type. The

distribution of the samples from all four types of calculi on

the trained map, together with the misclassified ones is

presented in Fig. 3.

The relatively high number of misclassified samples was

the reason why we decided to use (prior to the extraction of

principal components) genetic algorithms for the variable

selection as well as for finding the most suitable map size

and training parameters.

The procedure for variable selection using genetic

algorithms was repeated several times for six hundred

generations with an initial mutation rate of 0.10 in the initial

population and linearly decreasing down to 0.05 until

generation 300. After that the mutation rate was kept at the

0.05 value.

After a few repetitions of the optimization process,

several solutions without misclassifications were obtained.

The wavenumber regions for some of these chromosomes,

together with the infrared spectra of the pure substances, are

presented in Fig. 4. The map sizes and the training

parameters for these same chromosomes are presented in

Table 1. The self-organizing map for solution no. 3

(presented in Table 1) together with the distribution of all

160 samples in it are presented in Fig. 5.
5. Conclusions

Genetic algorithms can be successfully used for optim-

ization of supervised self-organizing maps and for selection
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of the most suitable wavenumber regions for classification

of human urinary calculi. It has to be emphasized that

genetic algorithms could help in the selection of suitable

wavenumber regions without a need of any previous

spectroscopic knowledge. Furthermore, the results of the

optimization could be easily implemented into suitable

graphical user interface which could then be of real help for

the use of the results presented here in the clinical

laboratories, a task on which we are presently working in

our laboratory.
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