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Abtract. In this work, chemometric tools were applied to establish
correlations between biomarkers for identifying the most significant
ones in relation to acute exposure of Wistar rats to Pb. The metal
content in biological matrices (serum, urine, liver, brain, and kidney),
biochemical parameters (protein content, activity of the Glutathione
S-Transferase enzymes, and urinalysis), apart from morphological
measurements of organisms, were estimated in both the exposed
and the control groups and submitted to Significance tests, Principal
Component Analysis, Hierarchical Cluster Analysis, and Generalized
Procrustean Analysis. It could be observed that Pb in serum, but not
in erythrocytes, was the biomarker associated with the Pb content in
kidney and other parameters related to this organ. In the same way,
Pearson correlation coefficients emphasized the relation between Pb in
serum and these variables, with the exception of kidney weight. Additionally, Pb in serum was found to be the biomarker with the greatest
difference between the control and the exposed groups, which converts
it into the most sensitive biomarker in the present study.
Key words: Chemometrics, Pb, Toxicity, Rats, Kidney.

Resumen. En el presente trabajo, se aplicaron herramientas quimiométricas para establecer las correlaciones entre biomarcadores e identificar los más significativos en relación a la exposición aguda de ratas
Wistar a Pb. El contenido del metal en matrices biológicas (suero,
orina, hígado, cerebro y riñón), parámetros bioquímicos (contenido
de proteína, la actividad de enzimas Glutatión S-Transferasas y análisis de orina), además de mediciones morfológicas a los organismos,
se estimaron en los grupos control y expuesto y fueron sometidos a
Contrastes de Significación, Análisis de Componentes Principales,
Análisis Jerárquico de Conglomerados y Análisis de Procrustes Generalizado. Pudo observarse que el Pb en suero y no en eritrocitos
fue el biomarcador asociado con el Pb en riñón y otros parámetros
relacionados con este organismo, lo que pudo corroborarse a través
de los coeficientes de correlación de Pearson, a excepción de Pb en
suero y peso del riñón. Además, el contenido de Pb en suero fue
el biomarcador con la mayor diferencia entre el grupo control y el
expuesto, lo que lo convierte en el biomarcador más sensible en el
presente estudio.
Palabras clave: Quimiometría, Pb, toxicidad, ratas, riñón.

Introduction

Electrothermal Atomic Absorption Spectrometry (ETAAS) offers enough sensitivity to quantify the element at trace levels
in a wide variety of matrices [9-11].
On the other hand, different parameters have been
considered as biomarkers for lead exposure, whose measurement may change as a result of direct or indirect exposure to
the metal [5, 12-14]. In general, biomarkers include chemical,
biochemical, physiological, histological, and morphological
determinations related to the state of health of living beings,
such as enzymatic activity, stress proteins, gene expression,
size, and weight, among others.
Nowadays, the necessity to carry out the quantification of physical, chemical and/or biochemical parameters in
living beings in order to study the toxicity of pollutants from
a holistic point of view has been clearly recognized. However,
the analysis of information is difficult, given the heterogeneity
in a) the nature and magnitude of the evaluated parameters, b)
the uncertainty of the measurement procedures, and c) the response of the organisms. Therefore, several chemometric tools
were applied in this work to establish the correlation between
biomarkers and to identify the most significant ones in relation
to lead exposure.

Lead (Pb) is a nonessential heavy metal for living organisms.
Unique properties of lead, such as its softness, low melting point,
high density and relative low conductivity, as well as its high
resistance to corrosion, have resulted in many industrial applications. For example, it is used in storage batteries, cable covering,
plumbing, ammunition, paints, and glazed pottery [1]. As a result,
it is widely distributed in air, water, soil, and food [2-4].
Acute and prolonged exposure to lead causes severe health
damage in humans and animals, by affecting the gastrointestinal, hematopoietic, cardiovascular, nervous, immune, reproductive and excretory systems [5, 6]. One way to determine
lead toxicity in living organisms is its quantification in body
fluids, especially in serum and urine. It has been shown that
this procedure should be accompanied by clinical evidence
and biochemical assays in order to make a good diagnosis of
poisoning by this element [7, 8].
Several analytical techniques can be used to determine
Pb in biological samples, such as Atomic Absorption Spectrometry (AAS), Inductively Coupled Plasma-Atomic Emission Spectrometry (ICP-OES), and Voltammetry. Particularly,
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Results
Initially, an evaluation of the normal distribution of data belonging to biomarkers was performed, based on statistical tests
used through the work focus on this condition. Most of them
showed a normal distribution, except for the activity of the enzyme Glutathione S-transferases (GSTs); therefore, data were
converted to their logarithmic form [15]. Also, the Dixon and
Grubbs tests were applied to eliminate outliers of data sets.
Statistically significant biomarkers in exposure and
control groups
In order to test whether the difference in the variances between
the control and the exposure data sets was significant, the Ftest was applied to all the parameters under study. Depending
on whether a difference between the variances was significant
or not, distinct t-test equations were used to compare the arithmetic means of control and exposure groups [16]. In summary,
the variables that showed significant variations between both
groups were nine: kidney weight (Ki-We), liver weight (LiWe), urine volume at the end of study (Ur-En), lead in serum
(Pb-Se), lead in erythrocytes (Pb-Er), lead in kidney (Pb-Ki),
proteins in blood (Pr-Bl), proteins in brain (Pr-Br), and GSTs
in kidney (GST-K).
Interrelation of biomarkers and lead exposure
At this point, parametric tests were applied in an effort to estimate relationships between the nine biomarkers that showed
significant differences between the control and the exposed
groups.
Initially, the Pearson correlation coefficients (r) were performed to identify correlations between pairs of variables; data
of control (five specimens) and exposed rats (6 specimens) were
included in all cases. The results are shown in Table 1, in which
highlighted values were recognized as significant according
to the t-test for r [15]. The highest statistical correlation was
observed for urine volume at the end of the study with GSTs
in kidney, taking into account the eleven specimens, followed
by kidney weight and GSTs in kidney. In general, biomarkers
related to kidney function were highly correlated.

For Principal Component Analysis (PCA), data were arranged in a matrix with the eleven objects (control and exposed
specimens) described by nine independent variables (biomarkers); autoscaling was used as pre-processing strategy, since the
variables were expressed in different units. The selection of the
optimal number of PCs (Principal Components) was carried
out according to the F-test criterion for variances [17]. Two
factors were considered as optimal to describe the information.
The criteria of the minimum PRESS value (Prediction Error
Sum of Squares) as well as its first local minimum were also
applied and coincided with the selection of factors through
the F-test criterion [18, 19]. No data were identified as outliers according to the Mahalanobis distance, and two PCs were
considered optimal.
The distribution of the control and exposed specimens
in the new space defined by the two PCs can be observed in
Fig. 1, in which two groups are distinguished along the first
PC, the most significant in data compression [20]. Later, Cluster Analysis (CA) via the K-means technique (K-means CA)
with two a priori groups was applied, where the scores of the
two significant PCs were considered as data. As a result, the
groups framed by the ovals were identified according to this
technique of unsupervised pattern recognition. A clear distinction between exposed and control specimens was found as
expected when considering biomarkers screened by previous
Significance tests.
On the other hand, the distribution of biomarkers in the
new space defined by the two PCs can be observed in Fig. 2
(loadings graph). As can be seen, there are four parameters on
the right side of PC 1 which are clearly associated with each
other: Pb in serum, Pb in kidney, final urine volume, kidney
weight and kidney GSTs. Further, Pb in erythrocytes and liver
weight showed a second trend at the upper extreme of PC
2, while at the bottom of the same PC, proteins in brain and
in blood were distinguishable as another group. Associations
described by the ovals were identified by K-means CA, considering three a priori groups, which coincides with the visual
inspection of the PCA graph. As can be observed, Pb in serum
was related to the kidney group and liver weight, while Pb in
erythrocytes forms a second group, and proteins in blood and
brain are in a third one.

Table 1. Pearson correlation coefficient r. Values in bold letters show significant correlations (t-test, α = 0.05).
Pb-Se
Pb-Er
Pb-Ki
Pr-Bl
Pr-Br
GST-K
Ur-En
Li-We
Ki-We

Pb-Se

Pb-Er

Pb-Ki

Pr-Bl

Pr-Br

GST-K

Ur-En

Li-We

Ki-We

1.00

0.57

0.62

0.42

0.28

0.71

0.75

0.33

0.60

1.00

0.63

−0.05

0.23

0.56

0.56

0.55

0.52

1.00

0.41

0.40

0.80

0.83

0.55

0.84

1.00

0.80

0.70

0.67

−0.02

0.56

1.00

0.76

0.61

0.40

0.69

1.00

0.94

0.52

0.87

1.00

0.33

0.82

1.00

0.71
1.00
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Fig. 1. Scores plot in PCA.

Fig. 2. Loadings plot in PCA.

Subsequently, Hierarchical Cluster Analysis (HCA) was
applied to control and exposed specimens characterized by
the nine significant biomarkers to explore if analogous results to PCA/K-means CA could be obtained. In this case,
HCA was based on the euclidean distance to identify similarity
between objects. Single, complete and centroid link clustering algorithms were used. Single and complete link clustering
coincided in almost all cases; therefore, the third option was
selected through the work. It can be highlighted that complete
link clustering resulted in virtually the same associations as
in PCA (see Figs. 3 and 4). Control and exposed groups was
clearly differentiated, as can be observed in Fig. 3. On the other
hand, proteins in blood and brain were identified in a subgroup;
at a second level of hierarchy, a subset of liver weight and Pb
in erythrocytes was recognized, while the other parameters
remained in a third subset (see Fig. 4).
When reviewing the Pearson coefficients r with PCA and
K-means CA results, it was observed that Pb in serum showed
significant correlations with Pb in kidney, GSTs in kidney and
final volume of urine; only kidney weight had no significant
correlation with it (0.60). Therefore, K-means CA established
this parameter within the kidney group. Moreover, proteins in
blood and brain showed the highest correlation if compared
individually with the rest of variables, coinciding with their
integration into a group by unsupervised pattern recognition
techniques. Pb in erythrocytes and liver weight were not significantly correlated, although both parameters were associated
with the same group by PCA and K-means CA, or HCA.
Later, a comparison of biomarkers was performed through
the Generalized Procrustes Analysis (GPA) to identify those
which show the greatest difference between the control and
the exposed group. This technique involves transformations of
data (i.e., translation, rotation, reflection) to provide optimal
comparability [15, 21]. In this case, two matrices of nine rows
(significant biomarkers) and six columns (specimens) were
considered. Because the control group only had five organisms,
a column with zero (padding) was added, since the technique
requires the same number of columns in both data sets. Also,

it was necessary to normalize data in each row, to reduce the
scaling effect in each variable. According to a multiple Analysis of Variance (ANOVA), rotation and translation showed
significant transformation of data, in contrast to the rescaling
due to the previous normalization.
Fig. 5 represents the residuals by object. As can be seen, Pb
in serum showed the least consensus (or similarity) between the
two groups (control and exposed), while kidney weight showed
the greatest similitude. In other words, Pb in serum showed the
greatest difference between the control and the exposed group,
which converts it into the most sensitive biomarker for lead
exposure in this study.
Finally, urinalysis (UA) parameters (namely glucose, ketone bodies, bilirubin, urine specific gravity, blood, pH, protein, urobilinogen, nitrites, and leukocytes) were considered
for PCA, HCA and GPA. First, data corresponding to both
nominal (e.g. nitrites) and ordinal (e.g. blood) variables were
transformed to integers [22] and submitted to autoscaling before the application of exploratory techniques.
Unsatisfactory results were observed, because the control
and the exposed group were indistinguishable; in consequence,
discriminatory capacity between biomarkers was in doubt. It
is probable that better results may be obtained by Multicategoric Logistic Regression, which analyzes associations among
multiple categorical response variables, but that is beyond the
scope of this work. Therefore, only urinalysis results were used
to complete the diagnosis of the health status of organisms.

Discuss4ion
It is well known that Pb can damage a large number of vital
organs in humans and other living beings [23, 24]. Tissues are
more likely to accumulate it in high concentrations, especially
in the kidney, where morphological and biochemical alterations
are known as nephrotoxicity [25-28]. Particularly, the presence
of this metal in mammals induces extensive damage in renal
proximal tubule cells [30].
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Fig. 3. Complete link clustering of objects through HCA.

Fig. 4. Complete link clustering of variables through HCA.

In the next step, only those parameters that showed significant differences between the values of the exposed and the control groups will be discussed; undoubtedly, changes in the route
of entry, the dose of Pb supplied, or the exposure period, could
lead to the recognition of other biomarkers as significant.

As expected, lead concentration in the kidney of control
rats was not detectable, in contrast to the level determined in
the same organ of exposed rats (38 ± 19 mg kg−1), similar to the
results reported by Rader et al. [31]. It has been suggested that
the proximal tubule cells of the kidney possess mechanisms for
transferring lead through the membrane, such as the transport
of divalent cations reported for mammalian renal cells [33].
Another significant biomarker of renal malfunction was
the volume of urine. While measuring this volume collected
over a period of 12 h at the beginning of the treatment, a nonsignificant variation between the control and the exposed organisms was observed (13 ± 7 mL and 13 ± 8 mL, respectively).
However, a significant difference between both groups (8 ± 4
mL and 24 ± 4 mL, respectively) was noted at the end of the
experimental period, which was corroborated by the Two-Way
ANOVA (Table 2).
Also, the blood lead content (sum of lead in serum and
erythrocytes) was statistically different between exposed (690
± 56 mg/kg) and control rats (30 ± 32 mg kg−1), analogous to
the results obtained by other research teams [32, 34-36]. Studies suggest that blood cells have a high affinity for lead; about
99% of the metal in blood is localized in erythrocytes, making
them more vulnerable to oxidative damage than many other
cells [37]. It has been proposed that in erythrocytes lead cell
uptake occurs through anion exchange [38].

Statistically significant biomarkers in exposure and
control groups
The weight of the liver (7.4 ± 0.8 g) and kidney (2.2 ± 0.3 g) of
rats exposed to lead was greater than the weight of these organs
in the control animals (5.0 ± 0.5 g for liver, 1.3 ± 0.1 g for kidney). It is probable that the organisms respond to the osmotic
stress produced by the presence of Pb in the cells by increasing
the amount of water to reduce its concentration, thus causing
edema in organs. A similar result was found by the group of
Rader et al., who reported a significant change in the kidney
weight of rats upon a chronic exposure to lead [31]. However,
Luján et al. did not find significant changes in the liver weight
of pregnant rats exposed to lead for 21 days [32].

Table 2. Two-way ANOVA for volume of urine recorded during the
study.

1

Fig. 5. Residuals between the control and exposure parameters estimated through GPA.

Source

Degrees of
freedom

Sum of
squares

Mean
Square

F

P

Factor A

1

242.6075

242.6075

6.6306

0.02111

Factor B

1

49.7043

49.7043

1.3584

0.26202

Residual

15

548.8333

36.5888

—

—

Total

18

1199.7894

—

—

—

At a significance level of 5%, the means of Factor A (urine
volume of control and exposed groups) are significantly different.
2 At a significance level of 5%, the means of Factor B (initial and
final states) are not significantly different.
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The determination of protein in biological samples was
necessary to adjust its content before measuring the activity of
GSTs. Additionally, it was observed that protein in the blood
(0.96 ± 0.09) and brain (0.64 ± 0.04) of the exposed group was
statistically different from that obtained in control rats (0.83 ±
0.06 and 0.57 ± 0.02, respectively). Unfortunately, these values
are not usually reported by other authors, and therefore such a
comparison cannot be done.
On the other hand, GSTs are a family of cytosolic enzymes involved in the detoxification of a range of xenobiotic
compounds by conjugation to glutathione. GSTs have been
proposed as sensitive markers of renal cell integrity [39], whose
activity can increase with the presence of xenobiotics, depending on GSTs isoforms and the organ of interest. It explains why
GSTs in kidney showed significant differences between the
control (1.5 × 10−3 ± 4.0 × 10−4) and the exposed group (4.2 ×
10−3 ± 4.0 × 10−4) as a consequence of damage caused by the
element, similar to that reported by Dagget [40].
In urinalysis, the increase of blood and protein in samples
of the exposed group indicated glomerular damage. Also, the
change in pH indicated damage in the loop of Henle and the
distal tubule, and ketone and bilirubin increases indicated a
disturbance in ketone levels in the body’s metabolism and
hemoglobin.
Interrelation of biomarkers and lead exposure
Through studies on animals and humans, it has been observed
that the Pb absorbed by organisms is distributed rapidly and
simultaneously to blood, soft tissue and bone. In both humans
and rats, the highest concentrations of Pb in the soft tissue have
been found in liver and kidney, with a much smaller proportion
in the brain [1]. In this work, several exploratory chemometric
techniques were used in an effort to find relationships between
the biomarkers under study.
It is recognized that lead in blood is mainly associated with
erythrocytes, rather than with plasma or serum [41]. However,
several authors have proposed that Pb in serum is better in
reflecting the fraction of the element that is available for exchange with the kidney or the central nervous system [42-44]. It
explains why Pb in serum and not in erythrocytes was the biomarker associated with the Pb concentration in the kidney and
other parameters related to this organ (GSTs in kidney, kidney
weight and final volume of urine), as was observed in Figs. 2
(PCA/K-means CA) and 4 (HCA). In the same way, Pearson
correlation coefficients emphasized the relation between Pb in
serum and these variables, with the exception of kidney weight.
Additionally, Pb in serum was found to be the variable with
the greatest difference between the control and the exposed
groups after the application of GPA (Fig. 5), followed by Pb
in erythrocytes and Pb in kidney.
Related to these results, O’Flaherty found that the Pb concentration in the urine excretion of humans was directly proportional to the Pb concentration in serum, but not with blood
concentration [45]. Another aspect to be considered is that the
relationship between the Pb concentration in both blood and

serum is not nonlinear, which in part is due to the limited sites
for the erythrocytes to bind to the metal [46]. Therefore, the
fraction of the element in serum increases disproportionately
at high concentrations of Pb in blood [47]. It can explain why
Pb in erythrocytes and Pb in serum do not correspond to the
same group.
In relation to the association of other variables with kidney in the same group, it is clear that this is the result of the
nephrotoxicity of the element. Acute exposure to this metal
causes changes in the proximal tubule, such as intra-nuclear
inclusions composed of Pb and proteins bound to Pb, which
act as reservoirs for the metal that could not be diffused; hence
the high concentrations of Pb identified in this organ. Also, an
increase in urinary excretion as in this work has been observed
elsewhere [1]. The weight gain of the organ may be associated
with a generalized renal failure. Finally, GSTs mediated the
detoxification of the organism in the presence of exogenous
compounds [48-50], and therefore it was found in appreciable
concentrations in this organ.
With respect to Pb in erythrocytes and liver weight, a
physiological relationship between them could not be identified; its association probably responds to the ability of lead to
interfere in several biochemical processes at the cellular level.
The inclusion of additional liver biomarkers could be of relevance to explore the possibility of a similar interrelationship
to that observed for kidney biomarkers.
Regarding the protein in blood and in brain, an increase in
the content of low molecular weight proteins in urine, blood and
certain soft organs in humans exposed to this element has been
identified as a result of the detoxification process [51-53].
In conclusion, Pb caused a broad spectrum of multisystem
adverse effects on organisms. Chemometric strategies were useful to compare control and exposed groups and to identify the
most significant parameters in Pb poisoning. These results were
in line with those found by other authors in similar studies.
In particular, the multivariate techniques of PCA, K-means
CA, HCA, and GPA helped to identify associations between
variables according to the physiology of poisoned specimens.
Pb in serum and Pb in erythrocytes were the most relevant
biomarkers identified by GPA, since major differences between
control and exposed specimens were found. These results are
of great interest, considering that GPA has not been used previously to analyze toxicological results, as far as it is known by
the authors, and taking into account that it can be widely justified from a physiological point of view. Pb in serum showed
the greatest difference between the control and the exposed
group, which converts it into the most sensitive biomarker in
the study of lead exposure.

Experimental
Apparatus and reagents
An Atomic Absorption Spectrometer (model Analyst 400) was
used, coupled with a graphite furnace (model HGA-900) and
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an auto-sampler (model AS-800), all from Perkin Elmer. An
electrode-less discharge lamp for Pb was also used, as well as
a UV-Visible spectrophotometer model LAMBDA 25 from
Perkin Elmer. Metabolic cages for rats were from Nalgene.
All reagents and solvents were at least analytical grade.
A standard solution of Pb 1 000 mg mL−1 in 2% HNO3 V/V
was acquired from High-Purity Standards. Nitric acid (HNO3),
hydrochloric acid (HCl), hydrogen peroxide (H2O2), and ammonium dibasic phosphate ((NH4)2HPO4) from Sigma Aldrich
were applied for metal analysis. Ultrapure water was also used,
obtained through a ThermoBarnstead system.
Groups of study
Eleven Wistar male and female rats with body weights of approximate 200 g were placed in sterile cages with sawdust beds
at constant ambient conditions (three rats per cage, 16 to 20 °C
of temperature). Rodents were fed a normal diet and drinking
water. A control group (five rats) and one group that was exposed to Pb (six rats) were submitted to identical analyses. For
the latter group, rats were intoxicated intraperitoneally with 25
mg of lead acetate per kilogram of body weight per dose. The
intoxication period was of 15 days, in which time seven doses
were administered (once every 48 h).
Weight control of rats was carried out from the start, each
third day. Serum and urine were sampled at the beginning and
the end of the experiment. For urine samples, the animals were
placed in metabolic cages under normal feeding conditions and
the samples were collected after periods of 12 h. The blood
samples were obtained directly from the renal artery putting the
rat to death, and serum was separated from erythrocytes. The
liver, kidneys, and brain samples were collected after cervical
dislocation of the animal and were kept in a phosphate buffer
pH 7.4 under frozen conditions until analysis.
Determination of lead in biological samples
Sample treatment and analysis of both serum and erythrocytes
were carried out in accordance with the Mexican Standard
Method [54]. Urine samples were stored at 2-8 °C and passed
through nylon syringe filters of 0.45 µm pore size before ETAAS analysis. Portions of 0.1 to 0.5 g of dry solid samples were
weighed carefully upon availability and submitted to wet acid
digestion. To those, successive aliquots of aqueous HNO3 (1:1,
V/V), HNO3, H2O2 at 30% V/V and HCl were added and heated
under reflux conditions for at least two hours [55]. After digestion, the samples were filtered, transferred to 50 mL volumetric
flasks, and filled up with ultrapure water. Operating conditions
of ETAAS were those suggested by the manufacturer.
Biochemical assays
Protein quantification was carried out according to the Lowry
method, using serum albumin for the calibration curve. Sample
aliquots were successively mixed with sodium deoxycholate,
sodium carbonate, sodium hydroxide, sodium potassium tar-
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trate, cupric sulphate, and the Folin-Ciocalteu reagent; absorbance was registered at 750 nm against a reagent blank.
The activity of the GSTs was measured in liver, kidney and
brain samples after removal of the tissue and homogenization
in a solution of phosphates, ethylenediaminetetraacetic acid
disodium salt and potassium chloride. A total protein content
of 1 mg mL−1 was adjusted in each sample. Then, aliquots of
the samples, a phosphate buffer pH 6.5, dinitrochlorobenzene
as substrate, and reduced glutathione were transferred to a spectrophotometric cell to follow the enzyme kinetics at 350 nm.
The urinalysis (UA) was performed using a kit (URI-10P).
The results were obtained by following the instructions for
each test.
Chemometric analysis of toxicological data
Initially, the normal distribution of data was tested according to
the Shapiro-Wilk and Anderson-Darling algorithms through the
statistical package XLSTAT v2012.5.01 by Addinsoft. Identification of outliers (Dixon and Grubbs tests) as well as the comparison of variances (F-test) and means (t-test) was performed
through spreadsheets generated from Microsoft Office 2010. A
Two-Way ANOVA was used to look for significant differences
in urine volume between control and exposed groups, through
the package Origin Pro 8 by Origin Lab Corporation. Correlation between pairs of biomarkers was established by means
of the Pearson correlation coefficient r through the statistical
package Statistica 99 of StatSoft Inc. When required, a significance level of 5% was considered in all cases (α = 0.05).
The algorithms of the Principal Component Analysis and
the Hierarchical Cluster Analysis (Pirouette v3.11 of Infometrix), as well as the unsupervised pattern recognition technique
of the K-means (Statistica 99 of StatSoft Inc.) were applied for
the simultaneous analysis of biomarkers. Finally, the Generalized Procrustean Analysis (XLSTAT v2012.5.01 of Addinsoft)
was used to identify the variable with the most significant difference between the control and exposed values [15, 16].
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