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The recognition of similarities in trace elements content in
medicinal plants using MLP and RBF neural networks
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Abstract

The objective of the paper was to verify if the content of some elements provides enough information for proper classification of the
medicinal plant raw materials. Such information could be helpful in standardization process of herbal products. Four elements—zinc, copper,
lead and cadmium were determined using inverse voltammetry in commercially available medicinal herbal raw materials. Initially, principal
component analysis (PCA) was employed to investigate the relationships among the analyzed trace elements. In the next stage of the study,
two different types of feed-forward artificial neural networks (FANNs)—multilayer perceptron (MLP) and radial basis function (RBF) were
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pplied. The concentrations of the elements were used as input variables to neural networks models, which were to recognize th
f the plant and the anatomical part it originated from. Although full recognition of the samples with use of FANNs on the basis of so
lements content was not achieved, it was possible to identify two elements—cadmium and lead as the most important in the cl
nalysis of medicinal plants.
2005 Elsevier B.V. All rights reserved.
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. Introduction

In recent years there has been a considerable interest in
erbal remedies and preparations which causes increasing
emand for medicinal plant raw materials. Despite the seri-
us degradation of the environment resulting from a dynamic
evelopment of industry in Europe and all over the world, the
ollection of plant material from natural habitats still remains
he main source of plants commonly used in natural medicine
1].

Another source of raw materials for herbal industry is the
ultivation of medicinal plants on specially designed planta-
ions, where various plant species, which until recently were
btained exclusively from natural habitats have been grown

2].
Medicinal plants similarly to all living organisms are much

iversified regarding the trace elements content[3–5]. Each
lement present in the soil, water or air can penetrate plant
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organs but the intensity of the intake increases proportio
to the concentration of the element in the environment ar
the plant. Generally speaking, trace mineral intake is de
dent on plant’s demand for a certain element, its availab
in soil solution and different kinds of soil components.

Trace elements in plant tissues greatly affect pha
cotherapeutic properties of medicinal preparations obta
from the plants. As it is known plants synthesize org
compounds in photosynthesis, including those pharmac
ically active, from various mineral components. While i
believed that the synthesis of organic compounds invo
over 20 elements, there are many elements present in
material whose physiological role is still largely unknow
At the same time it must be emphasized that all the elem
play equally important role in the photosynthesis process[6].
When a plant lacks a certain element in the soil and its
process is disturbed, it is regarded as an essential comp
for a plant.

Considering all of the above and the fact that the c
centration and spatial distribution of trace elements am
soil, water, air and a plant itself maintain an almost c
039-9140/$ – see front matter © 2005 Elsevier B.V. All rights reserved.
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stant level in a certain geographical area, excluding sudden
changes as a result of extreme weather conditions, i.e. floods
or droughts[7], it was decided to study the possibility of
making use of the information on trace elements content in
plant raw materials used in health care, as a part of their
identification in accordance with the anatomical part and the
family to which the plant, being a source of the raw material
belongs.

In the research, the four elements of anthropogenic ori-
gin such as: zinc, cadmium, copper and lead were included,
for the reason that they are regarded as the contaminants of
concern in assuring quality of herbal products[8,9]. After
having determined the concentrations of the heavy metals in
herbs commonly available in herbal stores and pharmacies
in Poland, the primary intention was to identify relationships
among them in analyzed dataset. The information about reg-
ularities existing among these potential contaminants would
not only be helpful in standardization of herbal products
[10], but would also draw the attention of manufacturers
to more cautious analysis of raw plant materials character-
ized by increased abilities to accumulate these toxic heavy
metals.

In order to achieve the objective, it was decided to
employ two types of feed-forward artificial neural networks
(FANNs), which are most commonly used in classification
problems, namely multilayer perceptron (MLP) and radial
b
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different anatomical parts of the plants—flowers (55), leaves
(91), fruits (56), herbs (57) and roots (59).

From the above collection of the samples, the additional
group was formed for the purpose of the taxonomical clas-
sification. As it was necessary for the plant families to be
represented by a sufficient number of the samples, only the
families with the number of samples >20 were chosen. As a
result, 198 samples were included in the group representing
the following six plant families—Apiaceae (21), Asteraceae
(42), Ericaceae (20), Fabaceae (25), Lamiaceae (44) and
Rosaceae (46). The figures in parentheses refer to the number
of samples.

2.2. Sample preparation

Approximately 50 g samples of dry plant materials were
homogenized at 20◦C for 20 s in a water-cooled grinder
Knifetec 1095 (Foss Tecator, Högan̈as, Sweden).

An accurately weighed 0.5 g portion of each sample was
decomposed in 2 mL of nitric acid (65%, Selectipur, Merck)
and 2 mL of hydrogen peroxide (30%, Suprapur, Merck) with
the use of a high pressure microwave digestion system Uni-
clever BM-1z (Plazmatronika, Wroclaw, Poland). The pro-
cess was run for 8 min at full power of magnetron (650 W)
at programmed threshold pressure values (Pmax= 45 atm,
P = 40 atm). After the digestion procedure, the sample was
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asis function (RBF).
They were decided on because of their ability to de

omplex non-linear relationships in the data, representin
ifferent approaches to solving classification problems. M
mploys hyperplanes to divide the pattern space into va
lasses, while RBF uses hyperspheres.

Multilayer perceptrons trained with back-propaga
lgorithm have been well known to be capable of dis
ring relationships in datasets using information prov
y suitable number of variables[11,12]. In this researc
ANNs models were to recognize the taxonomy of
lant and its anatomical part on the basis of the con

rations of limited number of elements. In conseque
he secondary objective was chosen in order to con
f RBF networks could offer more successful soluti
perating on limited data (less time consuming, sup

ng additional information on existing relationships), t
ndicating that the use of hyperspheres to divide up
attern space into various classes is more advanta
hen dealing with data described by a small numbe
ariables.

. Experimental

.1. Material

The medicinal herbal raw materials commercially
ributed in drug and herbal stores in Poland were inclu
n the study. The collection of 318 samples represented
min
laced in 25 mL volumetric flask and diluted with deioni
ater.

.3. Voltammetric determination

Ten milliliters of deionized water, obtained by a tri
istillation in Destamat Bi-18 system (Heraeus Quarzg
anau, Germany), 1 mL of digestion solution and 2 mL
cetate buffer were added to the reaction vessel in the
A Computrace (Metrohm, Herisau, Switzerland). The s
ion was degassed with nitrogen for 5 min to remove
lectrochemically active oxygen. The determination of

race elements—zinc, cadmium, lead and copper was c
ut in a single voltammetric sweep at pH 4.6 with two s
ard additions using the hanging mercury drop electrode
otentials were as follows: Zn (−0.97 V), Cd (−0.57 V),
−0.38 V) and Cu (0.04 V).

The accuracy of the procedure was determined by the
sis of two certified reference materials (CRMs)—orie
obacco leaves (CTA-OTL-1) and Virginia tobacco lea
CTA-VTL-2) obtained from The Institute of Nuclear Che
stry and Technology, Warsaw, Poland. The level of the re
ry ranged from 98.03 to 100.78% depending on the
lement.

.4. Software

Statsoft Statistica release 6.0 was used to perform p
al component analysis (PCA) and to construct and trai
rtificial neural network models.
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2.5. Calculations

All information regarding the characteristics of PCA and
FANNs employed in the study has been described in detail
elsewhere[13–17], so it was decided to explain the applied
procedure very briefly.

The dataset was divided into three subsets: training, val-
idation and test so that the number of cases in a particular
set amounts to 70–80% in training and 10–15% in validation
and test, depending on the overall amount of cases in a given
group.

The MLP and RBF networks applied in the study were
composed of three layers: input, hidden and output. All units
in one layer were connected to the units in the next one. The
feed-forward flow of the signals proceeded from inputs, for-
warded through hidden units and the final result was obtained
in the output units.

The MLPs with sigmoidal activation function in the hidden
and output layers and the sum of squares error function were
trained for 300 epochs by a back-propagation of error algo-
rithm. The training was stopped when the validation error
began to increase. The learning rate was set to 0.5 and the
momentum to 0.3. Radial basis function networks consisted
of a linear input and output layers and a hidden layer of radial
neurons modeling a Gaussian response surface. For RBF net-
works, a two-stage training process was applied. In the first
s ial
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Fig. 1. A scatter plot of the first two principal components of the herbal
samples according to (A) the anatomical part and (B) the plant family.

Even though it was easy to identify the levels of which
trace elements were particularly associated with each compo-
nent, the assignment of meaning to the PCs was difficult. Tak-
ing into consideration that the samples were located almost in
one place and the values of explained variance, it was decided
not to reduce the dimensionality from four to two, so that the
actual structure of the data would not be obscured.

In further research, a neural network capable of classifying
medicinal materials belonging to various plant families and a
network that could recognize which anatomical part of a plant
the sample represents were built. The concentrations of four
heavy metals contents determined voltammetrically—zinc,
lead, copper and cadmium were used as input variables to
FANNs models, and the networks were to classify the herbal
samples into six families: Apiaceae, Asteraceae, Ericaceae,
Fabaceae, Lamiaceae and Rosaceae or five groups: flowers,
leaves, fruits, herbs and roots. It must be noted, however, that
the group of flowers included anthodia and inflorescences,
while fruits were put together with seeds and roots with rhi-
zomes.

In this research, it was not intended to use a large number
of variables, because as it was shown in previous publi-
cations[18,19], in such cases the successful classification
tage two algorithms were used:K-means to assign the rad
enters in the dataset andK-nearest neighbors to compute
eviation of each center. In the second stage the output
as optimized with pseudo-inverse method.
Different architectures of networks were evaluated

ompared on the basis of the value of the root mean sq
RMS) error of the training dataset and the percentage o
ectly classified (PCC) samples of test and validation data
n order to avoid getting trapped in a local minimum e
eveloped network was tested six times. Every time diffe
amples were randomly included in the training, valida
nd test subsets.

. Results and discussion

In the preliminary study, PCA was used to examine
inear relationships among the analyzed elements an
etermine if a reduced number of principal components (
an be used to describe the raw dataset. The first two prin
omponents with eigenvalues >1 are plotted inFig. 1 sepa
ately for the samples representing the anatomical part
he plant families. For the first group, the two PCs exp
5.15% of the total variance, while for the second gr
5.08%. In both projections no evident separation betw

he samples has been observed. The contribution of the
bles to the PCs is determined by the value of loadings

he plot presented inFig. 1A the loadings of the variabl
0.7 were as follows: PC1—Zn, Cd and PC2—Cu. For
lot in Fig. 1B: PC1—Zn, Cd, Pb and PC2—Cu.
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Fig. 2. FANNs models with the best performance used in the classification
analysis according to the anatomical part. (A) Multilayer perceptron and (B)
radial basis function network.

can be archived using solely principal component analysis.
Therefore, working on the assumption that the correct deter-
mination of whether the sample belongs to a certain family
or represents a specific part of a plant exclusively on the basis
of the trace elements contents will be difficult to accomplish,
it was decided to use two different types of artificial neu-
ral networks, particularly well suited for solving this kind of
classification problems. Consequently any existing relation-
ships in the analyzed dataset could be recognized by at least
one of the employed FANNs.

From the group of network architectures, two models with
the best performance (the highest PCC) and the smallest
RMS, each representing different type were chosen. The
architectures of FANNs employed in the study are illus-
trated inFigs. 2 and 3, whereas the classification results and
the values of RMS for each FANN model are presented in
Tables 1 and 2.

The network which was able to recognize the plant sam-
ples in the most effective way turned out to be the MLP in
both classifications. The samples correctly recognized in the
highest percentage which was about 70% belonged to the fol-
lowing groups: flowers, fruits and leaves. In comparison, the
RBF networks were characterized by a weak ability to iden-
tify samples with the exception for leaves for which the PCC

Fig. 3. FANNs models with the best performance used in the taxonomi-
cal classification. (A) Multilayer perceptron and (B) radial basis function
network.

was >60%. Some herbs were identified as flowers or leaves by
both FANNs types. This identification can be explained by the
fact that herb samples consist of dried parts of whole plants
including leaves, flowers, fruits and non-ligneous stems in
various proportions.

In classification according to the plant family the best
results were achieved using the MLP for the samples belong-
ing to Apiaceae, Lamiaceae and Asteraceae with the value of
PCC between 73 and 85%. The RBF network was also able to
classify the samples from the above mentioned families in a
highest degree, but the PCC was lower, except for Asteraceae
family for which it amounted to about 91%.

A high value of the RMS errors and the comparison of the
results for validation and test sets indicate a lack of general-
ization ability for any FANN model. The number of correctly
recognized samples in each set differs greatly, ranging in most
cases from 0 to 50%. However particular attention should be
given to the fact, that there were no unrecognized samples in
both classifications.



B. Suchacz, M. Wesołowski / Talanta 69 (2006) 37–42 41

Table 1
The classification results of medicinal plant samples using MLP and RBF networks, with regard to the anatomical part they represent, on the basis of the trace
elements content

Network type RMS Samples Training set Validation set Test set

Correctly
classified (%)

Misclassified (%) Correctly
classified (%)

Misclassified (%) Correctly
classified (%)

Misclassified (%)

MLP 0.2872 Flowers 69.57 30.43 66.67 33.33 33.33 66.67
Leaves 72.06 27.94 77.78 22.22 44.44 55.56
Fruits 69.39 30.61 100 0 33.33 66.67
Herbs 49.06 50.94 57.14 42.86 57.14 42.86
Roots 48.98 51.02 66.67 33.33 66.67 33.33

RBF 0.3867 Flowers 43.48 56.52 66.67 33.33 16.67 83.33
Leaves 67.65 32.35 77.78 22.22 55.56 44.44
Fruits 0 100 0 100 0 100
Herbs 56.60 43.40 57.14 42.86 71.43 28.57
Roots 4.08 95.92 0 100 0 100

Table 2
The classification results of herbal raw materials using MLP and RBF networks, with regard to the plant family they belong to, on the basis of the trace elements
content

Network type RMS Samples Training set Validation set Test set

Correctly
classified (%)

Misclassified (%) Correctly
classified (%)

Misclassified (%) Correctly
classified (%)

Misclassified (%)

MLP 0.2894 Apiaceae 73.33 26.67 66.67 33.33 33.33 66.67
Asteraceae 85.29 14.71 100 0 75.00 25.00
Ericaceae 42.86 57.14 0 100 33.33 66.67
Fabaceae 31.58 68.42 100 0 0 100
Lamiaceae 75.00 25.00 100 0 50.00 50.00
Rosaceae 55.26 44.74 50 50 50.00 50.00

RBF 0.3209 Apiaceae 66.67 33.33 66.67 33.33 33.33 66.67
Asteraceae 91.18 8.82 75.00 25.00 50.00 50.00
Ericaceae 28.57 71.43 0 100 33.33 66.67
Fabaceae 31.58 68.42 100 0 0 100
Lamiaceae 63.89 36.11 100 0 50.00 50.00
Rosaceae 52.63 47.37 50.00 50.00 50.00 50.00

In addition, the sensitivity analysis was conducted to pro-
vide some information about the relative significance of each
element concentration for the proper classification. In clas-
sification regarding the anatomical parts two FANNs models
pointed to cadmium as the most important variable, while in
the taxonomical classification lead was indicated.

4. Conclusion

In PCA analysis the variables responsible for the largest
variation in the data were indicated, but no reduction of
dimensionality was possible due to a lack of apparent division
between the samples in both projections of the data.

Poor correlation between the results for validation and
test sets for both MLP and RBF in the classification analysis
of medicinal plant raw materials indicates that they are not
able to fully recognize the family or anatomical part from
which the samples originate, exclusively on the basis of zinc,
copper, lead and cadmium content. Although the determi-

nation of those four elements does not provide sufficient
information for the proper classification, high recognition
of the herbal samples from three families: Apiaceae, Lami-
aceae and Asteraceae and from the collection of flowers,
fruits and leaves was observed. It may suggest that the con-
tent of the elements is in some way characteristic for these
groups.

In addition, it must be stated that even though the FANNs
models were operating on limited data, the MLP was indi-
cated as the neural network characterized by a better ability to
recognize medicinal plants with respect to the heavy metals
concentrations. Two elements specified as the most signifi-
cant classifiers were cadmium and lead.
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