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Abstract

More than half of the analyzed calculi from patients from Macedonia are composed of whewellite, weddellite and carbonate
apatite (as single components or in binary or ternary mixtures). In order to develop a simple and satisfactorily reliable method
for quantitative analysis of urinary calculi, the possibility was explored to employ artificial neural networks (ANNs) as a
tool for such a purpose. By changing the number of input and hidden neurons, a search was made for the three-layered
feed-forward ANN which would give the best performance. The root-mean-square errors (RMSE) for the test samples are:
0.035 for whewellite, 0.064 for weddellite and 0.078 for carbonate apatite. The accuracy of the method was checked using
standard-addition method on real samples. The discrepancies between calculated and predicted mass fraction of constituents
were in the range acceptable for use of the proposed method in clinical laboratories.
© 2003 Elsevier B.V. All rights reserved.
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1. Introduction

The development of automated methods for the de-
termination of the composition of urinary calculi is
very important since it can facilitate the determination
of the factors which influence the occurrence of cal-
culi in the urinary tract and perhaps aid the prevention
of their reoccurrence. Among the instrumental tech-
niques used for this purpose, the infrared spectroscopy
is one of the most suitable ones[1]. Some of the main
advantages of this technique are the simplicity of sam-
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ple preparation and data collection, the specificity and
reliability of the results and the small sample size that
makes possible the study of the process of nucleation
of the calculi. An additional advantage is the possi-
bility to make a distinction between different hydrates
(such as whewellite and weddellite) and to identify
rarely appearing substances as constituents[2–5].

In the last 20 years, a number of computerized
methods for the analysis of urinary calculi were de-
veloped[6–11]. Most of them are used for determin-
ing the qualitative and semi-quantitative composition
using databases of infrared spectra of known con-
stituents. Among the chemometric methods for quan-
titative determination of the composition human uri-
nary calculi are the factor-based methods[12–14] as
well as those which use the artificial neural networks
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(ANNs). In some of these methods[14,15], the ac-
curacy of the method was determined by comparing
the results with those obtained by visual inspection
of a library of spectra. On the other hand, in[16] the
standard-addition method was applied with the belief
that the results thus obtained are more reliable and free
from subjective errors. In fact, it is known[16–19]that
the factor-based methods give best results when the
relationship between absorbance and mass fraction of
the analytes is close to linear, while the ANN methods
are capable to model the non-linearities in theA–w(B)
relationships. The main advantages of ANNs over the
traditional non-linear regression techniques is the fact
that they are able to generate models without a priory
knowledge about the modelling function[20]. Since
ANNs and their application in chemistry have been ex-
tensively discussed in the chemistry literature[21,22],
only the procedure applied for their optimization will
be discussed here.

The recent statistical examination of the uroliths
extracted from patients from Macedonia shows that
about 54% of the analyzed calculi were composed of
pure whewellite, pure weddellite or pure carbonate ap-
atite or of binary and ternary mixtures of these sub-
stances[23]. In view of these findings, our goal was
to develop a reliable method for quantitative analysis
of such calculi, leaving the more complicated (and, as
mentioned, less frequent) cases for further work.

2. Experimental

The infrared spectra of all samples (pure sub-
stances, prepared mixtures and real samples of urinary
calculi) were recorded on a Perkin-Elmer System
2000 Fourier-transform infrared spectrophotometer in
the 1450–450 cm−1 region with resolution of 4 and
1 cm−1 sampling interval. The samples were prepared
as KBr pellets (2 mg of homogenized sample and
250 mg spectroscopy-grade KBr). If the maximum
value of the absorbance in the recorded spectrum ex-
ceeded one, the mass of the sample in the pellet was
proportionally reduced in order to achieve the desired
maximum value of absorbance. The infrared spectra
of the synthesized substances1 (Fig. 1) were com-

1 The syntheses were carried out according to methods found in
the literature[24–26].
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Fig. 1. Infrared spectra of (a) whewellite; (b) weddellite and (c)
carbonate apatite in the 1450–450 cm−1 region.

pared with those in the digital database of infrared
spectra by Dao and Daudon [27]. 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.

The optimization of the method was carried out on
58 samples prepared from synthetic whewellite, wed-
delite and carbonate apatite [21–23]. The mixtures
used for the optimization of the method was prepared
according to mixture design presented on Fig. 2.

A(100 %) B(100 %)

C(100 %)

Fig. 2. Mixture design for the mixtures used for optimization of
the neural networks: (A) whewellite; (B) weddellite; (C) carbonate
apatite; (�) training set; ( ) validation set; (�) test set.
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Among the calculi consisting of whewellite, wed-
dellite and carbonate apatite which were analyzed in
our laboratory [23], those with mass of more than
100 mg were chosen. To each ground and homoge-
nized sample, an exactly known mass (between 10.0
and 20.0 mg) of synthetic whewellite, weddelite and/or
carbonate apatite was added. The infrared spectra of
the samples were recorded before and after the stan-
dard addition.

2.1. Data analysis

All the recorded spectra were exported in ASCII
format and stored in one data matrix. The rows in
the data matrix corresponded to different samples, and
each column to a different wavenumber value. The
spectra in the data matrix were offset corrected (the
minimum absorbance value in each spectrum was sub-
tracted from the absorbance value at each wavenumber
in the 1450–450 cm−1 region). The offset-corrected
spectra were normalized to unit area. The data ma-
trix of normalized spectra (D) was used for further
analysis. The mass fractions of the constituents of the
prepared samples were stored in another data matrix
in which each column corresponded to a given sam-
ple and each row to a different constituent. Another
matrix (Dm), consisting of mean-centered normalized
spectra was also used in the course of the optimiza-
tion. The elements of the latter matrix are defined as
follows: dm

i,j = di,j − dj , where di,j is element of D,
dm
i,j is the corresponding element of Dm and dj is the

Bias →

Bias →

In
p

u
t 

d
a
ta

T
a
rg

e
t d

a
ta

Fig. 3. Feed-forward artificial neural network with one input, one hidden and output layer.

average value of the absorbance at wavenumber j in D.
A three-layered feed-forward neural network

(Fig. 3) with a sigmoid transfer function in the hidden
layer and a linear transfer function in the output layer
was used. In order to improve the training rate and
increase the performances of the ANN, an orthogonal
transformation of the input variables (the absorbance
values) was applied using the principal-component
analysis [28].

The weights and biases of the networks were ini-
tialized according to Nguyen–Widrow algorithm. A
training set was employed for weights and biases
adjustment using the Levenberg–Marquardt algo-
rithm [29] for back-propagation of error with the
principal-components as input data and the mass
fractions of constituents as target data.

The generalization abilities of the ANNs during the
training process were monitored using a validation set,
knowing that the validation error normally decreases
during the training process. However, when the net-
work begins to overtrain the data in the training set,
the error in the validation set begins to increase. This
finding could be used for controlling the generalization
abilities of the optimized ANNs. The network train-
ing was stopped when the performance goal of 10−2

for the root-mean-square errors (RMSE) was reached
or when in five consecutive iteration cycles the RMSE
in the validation set increased. In the latter case, the
weights and biases that correspond to the minimum
validation error were restored.

The predictive power of the optimized networks was
compared using the test set consisting of 17 prepared
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mixtures (Fig. 2). The root-mean-square errors were
used to estimate the prediction error:

RMSE =



m∑
i=1

n∑
j=1

(w̄i,j − wi,j)
2

nm




1/2

(1)

where w̄i,j is the predicted mass fraction of the con-
stituent j in the ith sample, wi,j the calculated mass
fraction of the constituent j the ith sample, m the num-
ber of the samples, and n the number of constituents
in the samples in the test set.

The data processing was carried out using the MAT-
LAB software package [30] and its Neural Network
Toolbox [31].

3. Results and discussion

3.1. Neural network optimization

The process of finding the network architec-
ture giving the best performances is a delicate and
time-consuming task. The optimization of the ANNs
presented in this work includes finding the optimal
number of hidden and input neurons. The training of
each network architecture was repeated 20 times in
order to minimize the influence of the initial weights
and biases on the performances of the optimized
ANN.

3.2. Number of principal components

The data matrices consisting of normalized in-
frared spectra (D) and of mean-centered normal-
ized spectra (Dm) were decomposed using the
principal-component analysis. A total number of 1000
principal components (PCs) was calculated from
both matrices. The auto-scaling (also known as stan-
dardization) is not recommended for the analysis of
spectroscopic data since if unduly inflates the noise in
baseline regions [32] and was not used in the present
work.

The PCs which collectively carry 100.0% of the
variance were used for optimization of different net-
work architectures. In the case of the decomposition
of D, the first 12 PCs collectively capture 100.0% of
the variance in the data. In the case of decomposition
of Dm, 100.0% of the variance was carried by 15 PCs.

Table 1
Percentage variance and cumulative percentage variance captured
by each principal component

Number
of PCs

Normalized
data matrix

Normalized and mean
centered data matrix

PV CPV PV CPV

1 86.19 86.19 67.82 67.82
2 7.18 93.37 25.48 93.30
3 4.45 97.82 4.48 97.78
4 2.06 99.88 1.40 99.18
5 0.04 99.92 0.38 99.56
6 0.03 99.95 0.20 99.76
7 0.02 99.97 0.11 99.86
8 0.01 99.98 0.05 99.92
9 0.00 99.99 0.03 99.95

10 0.00 99.99 0.02 99.97
11 0.00 99.99 0.01 99.98
12 0.00 100.00 0.01 99.99
13 0.00 100.00 0.00 99.99
14 0.00 100.00 0.00 99.99
15 0.00 100.00 0.00 100.00

The percentage variance (PV) as well as the cumula-
tive percentage variance (CPV) captured by these PCs
are presented in Table 1.

It could be noticed that in both cases (D and Dm)
most of the variance (more than 93% of the cumulative
variance) is captured by the first two PCs. This is
probably so because when using spectra normalized
to unit area of a three-component mixture (and where,
as in our case, the compositions of the mixtures is
expressed using mass fraction), only two parts of the
normalized area are independent, while the part of the
area which corresponds to the third component will
always have to complement the area to unity.

The mean values2 of the calculated RMSE for the
test set as a function of the number of input neurons
is presented in Fig. 4. This figure shows that the av-
erage performance of the ANNs increase (the RMSE
values sharply decrease) as the number of input neu-
rons increases, and reach a minimum RMSE when (in
the case of D and Dm data matrices) three PCs were
used as input data. However, after the minimum for
RMSE is reached, the average network performance
starts to decrease.

2 Calculated from all network architectures (different number of
neurons in the hidden later) and from RMSE values obtained by
20 repetitions of the training of the different network architectures.
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Fig. 4. Mean RMSE as a function of the number of principal
components obtained from normalized ( ) and normalized and
mean-centered data matrix ( ).
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Fig. 5. Mean RMSE as a function of the number of hidden
neurons for normalized ( ) and normalized and mean-centered
data matrix ( ).

3.3. Number of hidden neurons

The number of neurons in hidden layer defines the
complexity of the developed model. If the number of
neurons in the hidden layer is too small, the ANN will

Fig. 6. Mean RMSE for all network architectures (obtained by:
(a) normalized data matrix and (b) normalized and mean-centered
data matrix).
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Table 2
Calculated and predicted mass fractions for the component of some of the analyzed calculi using ANN with best performances

Sample Calculated mass fraction of
constituents after standard addition

Predicted mass fraction of
constituents after standard addition

Difference between calculated and
predicted mass fractions of the
samples after standard addition

Standard deviations for the
predicted mass fraction of
constituents after standard addition

Whewellite Weddellite Carbonate
apatite

Whewellite Weddellite Carbonate
apatite

Whewellite Weddellite Carbonate
apatite

Whewellite Weddellite Carbonate
apatite

1 0.293 0.339 0.368 0.301 0.317 0.382 −0.008 0.022 −0.014 0.050 0.029 0.046
2 0.307 0.537 0.155 0.320 0.559 0.121 −0.012 −0.022 0.034 0.021 0.016 0.017
3 0.301 0.436 0.263 0.264 0.358 0.378 0.037 0.078 −0.115 0.057 0.036 0.051
4 0.321 0.257 0.421 0.316 0.258 0.425 0.005 −0.001 −0.004 0.065 0.036 0.057
5 0.033 0.650 0.317 0.064 0.510 0.427 −0.031 0.140 −0.109 0.072 0.052 0.072
6 0.368 0.347 0.285 0.342 0.307 0.351 0.026 0.040 −0.066 0.034 0.019 0.035
7 0.331 0.365 0.305 0.339 0.364 0.297 −0.008 0.001 0.007 0.059 0.039 0.050
8 0.316 0.536 0.148 0.312 0.513 0.175 0.005 0.022 −0.027 0.056 0.042 0.040
9 0.310 0.451 0.239 0.261 0.455 0.284 0.049 −0.004 −0.045 0.022 0.019 0.027
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not be able to model the data accurately. If, on the
other hand, the number of neurons in hidden layer is
too large, the performances of the ANN will deterio-
rate [33]. The influence of the number of hidden neu-
rons on network performances of different networks
architectures is presented on Fig. 5. It shows that the
mean values of RMSE in the beginning decreases and
after reaching a minimum (at three hidden neurons for
ANNs where PCs were obtained from data matrix of
normalized spectra and two hidden neurons for ANNs
trained with PCs calculated from the mean centered
data matrix) begins to increase slightly. In Fig. 5 also
the average performances for network architectures as
a function of the number of hidden neurons also shows
that ANNs trained with PCs calculated from mean cen-
tered data matrix have the best average performances.

The comparison of the performances of all the net-
work architectures is presented in Fig. 6. The network
architectures giving the best average performances for
both data matrices used for PCA were found. When
the ANNs were trained with PCs calculated from nor-
malized data matrix, the network giving the best per-
formances is that with three input and three hidden
neurons. The average RMSE of this network is 0.070
and it is slightly better than the one obtained by the
best network architecture (which has three input neu-
rons and two hidden neurons) found when mean cen-
tered data were used (RMSE = 0.073).

The same trends on RMSE as a function of num-
ber of hidden neurons and principal components used
for optimization, could be observed in the case of the
network architectures trained by PCs calculated from
D. Here, it was found that the network with best aver-
age performances is that trained using three PCs and
with three neurons in the hidden layer. The calculated
RMSE for the constituents of the test set are: 0.035
for whewellite, 0.064 for weddellite and 0.078 for car-
bonate apatite.

3.4. Analysis of real samples

The network giving the best performances (the one
with three input neurons and three hidden neurons)
was applied for predicting the composition of urinary
calculi consisted of whewellite, weddellite and car-
bonate apatite. The accuracy of the obtained results
was checked using the method of standard additions—
adding an exactly known mass of synthetic whewellite,

weddellite or carbonate apatite to an exactly known
mass of the carefully ground and homogenized calcu-
lus.

The mass fractions of the constituents in the samples
before and after standard addition were determined by
the same ANN. Knowing the predicted composition
of the samples without standard additions, the mass of
the samples used for standard addition as well as the
mass of the added standard, the expected mass frac-
tions were calculated. The calculated mass fractions of
the constituents with standard addition, the predicted
mass fractions for the samples with standard addition
and the standard deviations for each of the constituents
of the analyzed samples are present in Table 2. In most
cases the absolute values of the differences between
the predicted and the calculated mass fraction of the
constituents of the samples are smaller then 0.10. The
standard deviations of the predicted mass fractions of
the constituents vary from 0.016 up to 0.072 in the
case of sample number 5 where the bigger discrepan-
cies between predicted and calculated mass fractions
are observed, while according to the data presented in
the literature, the methods where standard deviations,
varies between 0.050 and 0.100 are suitable for deter-
mining the composition of urolithes in clinical labo-
ratories [34].

4. Conclusion

The quantitative composition of urinary calculi
composed of whewellite, weddellite and carbonate
apatite was determined using a feed-forward ANN. In
order to make the training procedure faster and to get
better results, the principal-component analysis was
applied on normalized spectra. The PCs were used
as input parameters for training the feed-forward net-
works. The influence of the number of input neurons
(principal components) and number of hidden neurons
on the network performances was investigated. This
work shows that networks trained with three input
and three hidden neurons are capable of prediction
of the constituents in the urinary calculi composed
of whewellite, weddellite and carbonate apatite with
best average performances. This network architecture
was used for prediction of the real samples of urinary
calculi composed of the whewellite, weddellite and
carbonate apatite.
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The absolute values of the differences between pre-
dicted and calculated mass fractions of the constituents
(in most of the cases <0.10) as well as their standard
deviations (varying from 0.016 up to 0.072) shows,
that this method is suitable for prediction of the com-
position of this type of urinary calculi [34].

The procedure described here is consisted of
many steps of data treatment (exporting the spec-
tra in ASCII format, normalization of the spectra,
principal-component analysis, optimization of the net-
work and prediction of the mass fractions of the con-
stituents using trained network), which could make
this method complicated for routine use in clinical
laboratories, but the procedure described here could
be relatively easy automated if specialized software is
developed. This will “hide” the data treatment under
the suitable graphical user interface, which will make
the method simpler for use in clinical laboratories.
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