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a b s t r a c t

The present study described reflectance spectroscopy as a suitable analytical tool to discriminate the
floral origin of 39 Romanian propolis samples. Relevant differences between the UV–vis reflectance spec-
tra of the investigated propolis samples within the 220–850 nm spectral range were found. The results
obtained applying cluster analysis, principal component analysis and linear discriminant analysis to the
digitized data of zero order, zero order normalized and first order derivative spectra support the reliabil-
eywords:
omanian propolis
loral origin discrimination
eflectance spectroscopy
luster analysis

ity of this technique. In addition, the application of the linear discriminant analysis to the score matrices
corresponding to the first principal components appeared to be an illuminating solution. Generally, the
samples have been assigned to two large groups in a good agreement with their vegetal sampling loca-
tion, samples originating from predominant forest area and samples originating from meadows. Within
the first group, two subgroups were identified according to the dominant type of the forest, deciduous

the la
rincipal component analysis
inear discriminant analysis

or resinous, while within
of the meadow.

. Introduction

Honeybees (Apis mellifera) collect natural occurring resinous
ubstances from various plants and trees and mix them partly
nintentionally with beeswax, pollen and salivary secretions pro-
ucing a well known sticky solid material called propolis. Propolis

s used by the bees to seal the holes from the hives stabilizing the
nner temperature around 35 ◦C, strengthening the combs but its

ajor role is in defending their community working as a “chemi-
al weapon” against intruders mummifying them after they were
illed. The hive is kept aseptic and clean mainly due to antibacterial,
ntifungal, antitrypanosomal, antimicrobial activities of propolis
1–3]. Several studies proved other important biological activities
uch as antioxidant [4,5] antiinflamatory [6], anticancer [7], anti-
epatotoxic [8] or benefic effects in dental care [9], gastric ulcer
10], cartilage protection [11] and immune system [12]. Some of
hese activities were known from centuries all over the world, and is
till used not only in folk medicine but also in modern medicine [13]
s ingredient in commercial products such as vitamin C, toothpaste,
edicinal syrups and so on.

The aspect, texture and chemical composition of propolis is vari-

ble and depends upon the climate, season and mainly upon the
ocal flora which is exploited by the bees, thus on the geographic
haracteristics of the region [14]. Roughly, raw propolis contains

∗ Corresponding author. Tel.: +40 264 593833; fax: +40 264 590818.
E-mail address: csarbu@chem.ubbcluj.ro (C. Sârbu).
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st group three subgroups were found according to the extend and variety
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50% resin and balsam, 30% wax, 10% aromatic oils, 5% pollen, 5%
other organic substances, traces of inorganic salts. The bioactive
components are thought to be polyphenols, phenolic acids and their
esters and flavonoids [15,16].

The chemical diversity mainly caused by the plant origin and
the problem of standardization of propolis are issues that still
need effort to be clarified [17]. Since the chemistry and biolog-
ical activities of propolis depend upon its geographical origin
a proper method to discriminate its origin is needed [18]. In
his review, Bankova underlines the actual necessity of research
concerning plant origin and composition–biological activity rela-
tionship of propolis types [19]. Several analytical methods based
on chromatography techniques (HPLC and GC), mass spectrome-
try techniques (ICP-MS and GC–MS), spectroscopy (NMR and IR)
were most frequently used until now to determine the geographical
origin of food products [20]. Recently a high-performance liquid-
chromatography method was proposed and applied to assess the
geographical origin of several types of propolis [21]. Spectroscopic
techniques (FT-IR and 2D IR) were also proved to be useful to
achieve the same goal [22]. Nevertheless these methods are labo-
rious, destructive, time consuming and require preparation of the
samples of the raw propolis, process where some information con-
cerning the original samples might be lost.
Recently, reflectance spectroscopy proved to be a useful tool
in the discrimination of some food products such as the European
wheat varieties [23] or Greek red wines [24].

The present paper discussed and successfully applied
reflectance spectroscopy as a tool to discriminate the origin
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f various samples of propolis from several places of Romania,
eveloping in this order a proper methodology, including exper-

mental approach and chemometric treatment of the reflectance
igitized spectra. It was proved that the reflectance spectra derived
rom the raw samples of propolis carry useful information about
heir origin according to the color, physical and overall chemical
omposition.

. Theoretical considerations

In reflectance spectroscopy, the Lambert–Beer law from absorp-
ion molecular spectroscopy is replaced by the Kubelka–Munk
unction [25] which establishes a mathematical relationship among
he spectral reflection (R%), absorption coefficient (K) and scattering
oefficient (S).

(R) = (1 − R)
2R

2

= K

S
(1)

According to Kubelka–Munk theory, the absorption coefficient is
measure of chemical composition and the scattering coefficient

arries information about the particle size and their distribution.
he value of K and S can be determined by considering that each of
hese two coefficients is an additive function [26] as is illustrated
y the following equation:

(RM) = (1 − RM)2

2RM
=

(
K

S

)
M

=
∑

CiKi∑
CiSi

(2)

here M refers to mixture, Ci is the mass fraction of component i
ith absorption coefficient Ki and scattering coefficient Si. Finally,

onsidering only two components, the sample and a white standard
Kst = 0), Eq. (3) can be obtained by suitable transformations [27]:

2RM

(1 − R)2
= CpSp + CstSst

CpKp
= Sp

Kp
+ Cst

Cp

Sst

Kp
(3)

This method was successfully applied to the study of influence of

ron oxides on soil color [28]. Thus reflectance spectroscopy appears
o be a proper tool for discrimination of geographical origin of
ropolis and when the spectral data are processed and interpreted
y means of chemometric techniques, its objectivity and reliability

s strengthened.

able 1
ropolis samples code, location and description.

Types of
propolis

Sample
group codes

Number of
samples

Origin place of samples
(place, county)

Origin coordinate

T1
T11 4 Nadaselu, Cluj 46◦50′N/23◦27′E
T12 3 Sarmasu, Mures 46◦45N/24◦12′E
T13 4 Gledin, Bistrita-Nasaud 46◦57′N/24◦33′E

T2

T21 1 Pestera, Constanta 44◦11′N/28◦07′E
T22 2 Livada, Arad 46◦13′N/21◦23′E
T23 1 Sanleani, Arad 46◦12′N/21◦23′E
T24 2 Carei, Satu-Mare 47◦40′N/22◦25′E

T3
T31 2 Cristian, Sibiu 45◦48′N/24◦02′E
T32 4 Orlat, Sibiu 45◦45′N/23◦57′E

T4
T41 2 Brebi, Salaj 47◦13′N/23◦10′E
T42 2 Romuli,

Bistrita-Nasaud
47◦32′N/24◦24′E

T43 2 Fagaras, Brasov 45◦47′N/24◦58′E

T5
T51 7 Romuli,

Bistrita-Nasaud
47◦32′N/24◦25′E

T52 2 Gura Raului, Sibiu 45◦43′N/23◦58′E

T6 T6 1 Pastorala Pastoral

a Pastoral refers to the fact that the beehive was moved to various places during a seas
 (2010) 1010–1015 1011

3. Experimental

3.1. Sampling sites, sampling and UV–vis spectra

The UV–vis reflectance spectra were recorded using a V-550
Jasco spectrophotometer equipped with integrating sphere attach-
ment (Jasco ISV 469). The recording speed was 400 nm min−1 while
the wavelength reproducibility was ±0.1 nm. The propolis samples
were collected from several places with different flora from Roma-
nia (Table 1) by professional beekeepers (in almost cases being
assisted by a specialized chemist) and were deposited in a −20 ◦C
freezer during the research period.

The raw propolis was homogenized using a grinding mortar and
a pestle; this process was accomplished as soon as it was removed
from the freezer while the propolis was still brittle. A proper
amount (∼0.7 g) of the resulting homogenized material was pressed
into a large pastille with 20–25 mm diameter and ∼1 mm thickness
using a manual pressing machine. The resulting pastille was used to
record the UV–vis reflectance spectra. All spectra were recorded at
1 nm resolution in the range 220–850 nm. Three reflectance spectra
from three different zones of the lozenge were measured and the
mean spectrum was calculated and further used. In addition, the
reflectance spectra of three pastilles obtained in the similar way
from the same type of propolis were also recorded in order to evalu-
ate the sample preparation variability. The first order spectra were
calculated using Spectra Analysis option (included in Jasco spec-
trophotometer software) according to Savitzky–Golay algorithm
[29]. In addition, the zero order spectra were normalized within
the range 0–1, using Eq. (4), where yi is the new normalized vari-
able, xi is the raw reflectance value at a given wavelength and xmax

and xmin are the maximum and the minimum value, respectively,
corresponding to each spectrum.

yi = xmax − xi

xmax − xmin
(4)

3.2. Chemometric methods and data matrices
Many problems from chemistry and other technical fields are
strongly related to principal component analysis (PCA), linear dis-
criminant analysis (LDA) and cluster analysis (CA) [30–33]. PCA
is a typical projection method, which allows one to find out the
structure of data by depicted the objects (samples) in a reduced

s Flora type Color Texture

Meadow, low content mixture of
deciduous forest

Brown Rigid powder
Brown Rigid powder
Yellowish brown Waxy powder

Grassy meadow

Brownish yellow Waxy
Yellowish brown Waxy
Dark greenish brown Rigid waxy
Brownish yellow Rigid waxy

Meadow, high content of mixture of
deciduous forests

Brown Waxy
Brown Waxy

Mixture of deciduous and resinous
forests

Reddish brown Rigid
Reddish brown Rigid powder

Brown Rigid waxy

Mixture of deciduous forests
Light reddish brown Rigid waxy

Light brown Rigid waxy

Complex Dark brown Rigid waxy

on.
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he same sample and (b) corresponding to three different pastilles of the same sample.
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of data by cluster analysis was carried out. In each case, a matrix (39
samples × 360 values) consisting of the squared Euclidean distance
was used as similarity matrix. To obtained clusters, a hierarchi-
cal agglomerative method was employed, the Ward method. The
Fig. 1. UV–vis zero order spectra: (a) corresponding to three different zones of t

oordinate system with maximum possible information. Score
lots, for example, are very useful as a display tool for examining
he relationships between objects, looking for groups and trends,
orting out outliers. LDA is based on the extraction of linear dis-
riminant functions of the independent variables by means of a
ualitative dependent variables and several quantitative indepen-
ent variables. LDA is a supervised method. We can also visualize
ow the functions discriminate between groups by plotting the

ndividual scores for the discriminant functions. CA is a well known
nd widely used unsupervised clustering procedure with its hierar-
hical and non-hierarchical approaches. There is a wide variability
f ways how to measure the distances between objects and how
o group objects based on various distance measures. However,
he Euclidean distance and Ward’s method as linkage procedure are
trongly recommended [31,32].

CA, PCA and LDA were successfully applied to the spectroscopic
ata matrices (39 samples × 630 variables) and/or score matrices
38 samples × 15 PCs) using Statistica 7.1 (StatSoft, Inc., Tulsa, USA).

. Results and discussion

As we have already mentioned in the experimental paragraph,
he reflectance spectrum corresponding to three different zones of
ach of three pastilles prepared from the same type of propolis were
easured in order to evaluate the variability. The results presented

n Fig. 1a and b are quite similar and illustrate very good repeata-
ility and reproducibility in both replicate and sample preparation
ariability.

The UV–vis reflectance spectra were relatively simple but signif-
cant differences between samples could be easily observed. Light
olored samples exhibit higher reflectance spectra with a plateau
n 850–700 nm region and a strong absorption centered on 380 nm
Fig. 2, T5).

Dark samples with a reddish tint (T4, originating from zones
ith mixture of deciduous and resinous forests) present a region

etween 850 and 650 with an almost constant slope and a very
road absorption centered at 520 nm and higher absorption at
50 nm compared to the other samples. The T1, T2 and T3 sam-
les are pretty similar, the difference between the samples being
he slope variation of the 420–850 nm spectral region. Waxy sam-
les originated from forests (especially those from resinous forests)
xhibit a strong decreasing of the reflectance starting around
80 nm, with a shoulder centered on 420, this fact being observ-

ble as a negative spectral band in first derivative spectra (Fig. 3).
he waxier the samples are, the largest the spectral band is.

Within the UV region of the spectra, all the samples present a
trong absorption centered on 280–310, the 350 shoulder being
pecific to the samples originated from forests (Fig. 2 inset).
Fig. 2. UV–vis zero order spectra.

Based on their floral origin, the propolis samples were classified
into five different types according to the vegetation zone (Table 1).

In the first step of digitized data analysis, a study of the structure
Fig. 3. UV–vis first order spectra.
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ig. 4. Hierarchical clustering of Romanian propolis samples using spectra data: (a)
ero order spectra; (b) normalized zero order spectra; and (c) first order spectra.

esults obtained, presented as a dendrogram (Fig. 4a and b) show
he presence of clusters of propolis samples corresponding to the
eographic origin rather than the vegetal sampling location (T51,
52, T24, T12, and T41). We have to remark also the high similar-
ty of the three dendrograms (zero order spectra, normalized zero

rder spectra and first order spectra) with a better separation of
51 and T24 samples in the case of zero and first order spectra.

The results of PCA for each kind of spectra (centered data) are
resented in Fig. 5a–c. The first PCs explain more than 99% of the
Fig. 5. PC1–PC2 score plot: (a) zero order spectra; (b) normalized zero order spectra;
and (c) first order spectra.

total data variance in the case of zero order spectra (original and
normalized) and only approximately 90% of the total data variance,
respectively in the case of first order spectra. Fig. 5a–c indicates that
the compression was quite effective in all cases, because the data
variance is well distributed over the first two PCs and as a direct
consequence the grouping of samples according to their vegetation
zone can be revealed. The samples originating from forest area (T4

and T5) are well differentiated in the PC1–PC2 score plot because
the floral species are totally different from the other regions; the
spread of samples in the T5 group (mixtures of deciduous forest)
may be explained by variability and diversity of deciduous forests.
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ig. 6. Profile variation of Wilks’ � as a function of principal components number.

he groups of samples originating from the other area (T1, T2 and
3) which present also low or high level of meadow are more or
ess overlapped according with the large variety and high similarity
f floral species. The position of the pastoral sample in the over-
apping regions illustrates clearly the influence of different floral
pecies. The distinction between samples originating from forest
rea and those with intense meadow is more evident in the case of
ormalized zero order and first order spectra (Fig. 4b and c).

The results obtained using HCA and PCA showed that the
amples from all five groups fell into discernible, but partially
verlapping groups according to their respective vegetal sampling
ocation and/or geographic zone. In order to get more informa-
ion concerning the similarities and differences of the investigated
ropolis samples, LDA was used to perform reallocation of samples
o their respective groups, based on the scores corresponding to
he first principal components. The quality of discrimination and
he selection of the most discriminant independent variables can
e evaluated by applying different criteria. The Wilks’ lambda F test

s used to test whether the discriminant model as a whole is sig-
ificant; the larger the lambda, the more likely it is significant [34].
ollowing the variation of the Wilks’ � as a function of the num-

er of principal components (variables) (Fig. 6) one can be easily
bserved that around 15 variables (principal components) should
e enough for a relevant discrimination between the samples.

able 2
lassification matrix of Romanian propolis (38 samples) using scores corresponding
o the first 15 principal components.

Spectrum Group Correct
classification (%)

Observed classification

G1 G2 G3 G4 G5

Zero order T1 100.00 11 0 0 0 0
T2 100.00 0 6 0 0 0
T3 83.33 1 0 5 0 0
T4 100.00 0 0 0 6 0
T5 100.00 0 0 0 0 9
Total 97.37 12 6 5 6 9

Zero order
(normalized)

T1 100.00 11 0 0 0 0
T2 100.00 0 6 0 0 0
T3 83.33 1 0 5 0 0
T4 100.00 0 0 0 6 0
T5 100.00 0 0 0 0 9
Total 97.37 12 6 5 6 9

First order T1 100.00 11 0 0 0 0
T2 100.00 0 6 0 0 0
T3 100.00 0 0 6 0 0
T4 100.00 0 0 0 6 0
T5 100.00 0 0 0 0 9
Total 100.00 11 6 6 6 9
Fig. 7. R1–R2 canonical score plot: (a) zero order spectra; (b) normalized zero order
spectra; and (c) first order spectra.

The results summarized in Table 2 clearly support our suppo-
sition and show a total separation (100%) in the case of first order
spectra. All the statements above are also well illustrated in the
R1–R2 score plots presented in Fig. 7a–c. The vegetation distinc-
tiveness of propolis was confirmed and all samples were reassigned
to their floral origin with significant differences between forest
and meadow groups. In addition, by applying Eq. (3) it possible to
determine the level of the absorption coefficient (K) and scattering
coefficient (S) for propolis. In this order, the sample was mixed with
variable amounts of a white standard (BaSO4) whose Kst = 0 and
for simplicity Sst was set to unity and thus relative Sp rather than

absolute was obtained [27]. By plotting the 1/F(RM) against Cst/Cp

for different mixtures, Kp can be calculated from the slope and the
intercept gives the values of Sp. The results obtained are depicted
in Fig. 8a and b. The spectral behavior of the scattering coefficients
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Fig. 8. The spectral profile of the absorption coefficient level (a) a

or samples belonging to the same group are similar (T41 and T42)
ndicating similar mean particle size and similar particle size dis-
ribution while the spectral pattern of the absorption coefficients
f all four samples presents a similar band around 320 nm most
ikely due to the polyphenolics which are major components in all
he samples [35]. Nevertheless, noticeable differences at numerous
avelengths can be observed due to the manifold of constituents.

. Conclusions

The research work developed in this paper describes, for the
rst time, the proper methodology, sampling technique and data
reatment of the reflectance measurements which were efficiently
pplied to the discrimination of the origin of propolis samples
rom various floral places. Thirty-nine samples from 12 places from
omania have been analyzed and 5 different types of propolis
ave been identified. The most important variable which influences
he quality of propolis was found to be, as suspected, the vegeta-
ion origin. The obtained results demonstrate that the reflectance
pectroscopy assisted by multivariate methods (cluster analysis,
rincipal component analysis and discriminant analysis) is a proper
ool for discrimination of geographical origin of propolis. Two large
ypes of propolis have been indentified, those originated from forest
rea and those with intense meadows or mixture of meadows with
orests. Within the first group there are two subgroups depending
n the type of forests, deciduous or resinous while within the last
roup the samples were categorized into three subgroups accord-
ng to content of meadow, not present at all, low and high.
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