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In the universe of nanomaterials, silver nanoparticles (AgNPs) have attracted the attention of researchers because of their optical,
catalytic, antimicrobial, fungicidal, and bactericidal properties. Recently, studies have correlated the toxicity and eﬃcacy of
antimicrobial activity with surface-volume ratio, morphology, polydispersity, ligand types, particle size, and stability of AgNPs.
Soon, the need for characterization of properties such as diameter and polydispersity is clear. The methodologies conventionally
used for characterization of AgNPs, although accurate, are generally expensive and laborious and can degrade the sample. Thus,
the development of methodologies based on UV-Vis spectroscopy and chemometric techniques appears as an alternative for the
characterization of diameter and polydispersity of the nanoparticles. For the development of the methodology in question, 50
samples were synthesized, varying the type, volume, and concentration of the reagents in order to increase the diameter and
polydispersity values. All samples were analyzed by DLS and UV-Vis spectroscopy. For the construction of multivariate
calibration models, the calibration and validation sets were selected using the SPXY algorithm, and their predictive capacity was
evaluated based on the method ﬁgures. The model that presented the best predictive capacity was the one built with the
pretreated spectra with the 1st derivative with a 15-point window and 2nd-order polynomial, providing prediction errors of
5.31% and 4.43% for diameter and polydispersity, respectively.

1. Introduction
Noble metal nanoparticles (NPs), speciﬁcally silver (Ag) and
gold (Au), have attracted the attention of distinct sciences
such as biomedicine [1], engineering [2], and food technology [3] as well as several industrial ﬁelds such as cosmetics
[4], electronic devices [5], and building construction [6].
The increasing interest is due to the single properties of
nanoscale materials, i.e., cell viability [7], anticancer action
[8], and silver nanoparticle applicability in scaﬀolds [9],
membranes [10], and hydrogel dressings [11], for instance.

The size and distribution of silver NPs (AgNPs) are
important characteristics for seeking their best applications,
since they have direct inﬂuence on the bactericidal activity
[12–15], while properties such as concentration, dispersion,
and morphology have inﬂuence on toxicity [16, 17]. Thus,
the control and size evaluation of AgNPs are essential.
Several methodologies can be used to characterize particle
size, such as transmission electron microscopy (TEM) [18,
19], scanning electron microscopy (SEM) [20, 21], atomic
force microscopy (AFM) [22], visible ultra violet spectroscopy
(UV-Vis), analytical ultracentrifugation (AUC) [23, 24], ﬂow
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ﬁeld fractionation (FFF) [25], X-ray diﬀraction (XRD) [26],
and light dynamic scattering (LDS) [27]. Nevertheless, most
of these methods require careful sample preparation (TEM,
SEM, and AFM), whereas AFM, AUC, and FFF have the possibility of presenting artifacts as well as have high cost such as
AFM [28–30].
UV-Vis spectroscopy and LDS are among the most
applied techniques for nanoparticle characterization [31, 32].
LDS measures the scattered light by a laser that goes through
the colloid by measuring the particle hydrodynamic size
[29, 33]. Related to UV-Vis spectroscopy, the light beam
intensity going through the sample is measured. Both are
selective techniques, fast, simple, and do not require laborious calibration, which make them widely appropriated
for NP characterization [28]. However, some limitations
are veriﬁed; using LDS for size determination of very polydisperse colloidal solutions is not adequate because the
light scattering of larger nanoparticles is so intense that
light from smaller particles is concealed.
UV-Vis spectroscopy has been, in most of the works,
used to observe the maximum wavelength behavior of characteristic peaks. Haiss et al. [28] analyzed, theoretically and
experimentally, the optical properties (diameter and concentration) of gold spherical nanoparticles (3 to 120 nm) in an
aqueous solution. The UV-Vis spectra were used for peak
monitoring between 520 and 580 nm (surface plasmon peak)
and to corroborate theoretical results. Paramelle et al. [34]
developed a standardized univariate method based on
UV-Vis spectroscopy to determine the size and concentration of monodispersed and stabilized AgNPs with sodium
citrate, ranging in size from 8 to 100 nm. These methodologies, although presenting good results, are based on restricted
range of wavelengths.
UV-Vis spectroscopy is not able to distinguish the NPs’
maximum absorption bands with diﬀerent sizes, only the
displacement of maximum absorption peak in comparison
to monodisperse colloids [29]. Therefore, in view of the
UV-Vis spectroscopy’s low sensitivity to identify individual
absorption bands of AgNPs with diﬀerent sizes, the construction of multivariate models based on UV-Vis spectra appears
as an indispensable tool able to model small displacements of
absorption bands correlating them to NP size.
Multivariate data calibration is a chemometric ﬁeld [35]
which comprises the instrumental analysis of a large number
of variables (i.e., radiation absorbance at various wavelengths) of several samples. This type of analysis seeks to
relate the samples and instrumental variables contained in a
data set to provide a mathematical model which can predict
the modeling property in an unknown sample [36]. Multivariate models can model and eliminate interferences [37] and,
therefore, often have superior predictive capacity to univariate models, since they use several variables instead of
only one, which represents more information about the
problem under investigation. In general, multivariate calibration methods represent noise reduction, interference
modeling, the exploratory aspect, and the possible control
of outliers [38].
In the literature, reports are found using UV-Vis spectroscopy in a multivariate way, together with chemometric
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methods for nanoparticle properties analyses. MorenoMartin et al. [13] used UV-Vis spectroscopy and PLS (Partial
Least Square) regression for the development of a multivariate analytical method able to evaluate concentration and size
of AgNPs (in the range from 0.62 to 2.5 mg·L-1 and from
29 ± 3 to 79 ± 7 nm, respectively) based on AgNP surface
plasmon resonance band (SPRB) changes when forming
aggregated structures with L-Cys. A good relation between
predicted values and added AgNPs was found. In another
work, Rabbani et al. [39] used molecular absorption spectroscopy and PLS to determine gold nanoparticle size (AuNP)
based on the relation between the kinetic behavior of
citrate-coated L-cysteine (L-Cys) aggregation. However, up
to know, no work has been found to determine the polydispersity of AgNPs using UV-Vis spectroscopy associated with
chemometric tools. In addition, reported works need the
interaction of L-cysteine that bonds NPs through carboxylate
groups in sodium citrate to form agglomerates (Jing and
Fang [40] and Rabbani et al. [39]) or can be only applied to
monodispersed AuNPs or AgNPs stabilized with sodium
citrate, restricting the method application.
Based on the above mentioned, this work presents a
methodology based on UV spectroscopy and multivariate
calibration methods, intended for the simultaneous determination of size and polydispersity of AgNPs in colloidal solutions in a fast, simple, and low cost way. The proposed
methodology has as diﬀerential the determination of two
important characterization properties, i.e., size and polydispersity of AgNPs from UV spectra and the ability for application to both monodisperse and polydisperse particles.

2. Materials and Methods
2.1. Reagents. Silver nitrite (AgNO3, purity 99.0%), sodium
citrate (Na3C6H5O7·2H2O, purity 99.0%), and hydrogen
peroxide (H2O2, 35%) were purchased from Neon® (São
Paulo, Brazil). Sodium borohydride (NaBH4, ≥96% purity)
was purchased from Sigma-Aldrich ® (Missouri, USA). Ultrapure water was obtained from a Master System MS2000
GEHAKA® (São Paulo, Brazil). All reagents were analytical
grade.
2.2. AgNP Synthesis. AgNP synthesis was performed by a
chemical reduction method based on Zhang et al. [41] following the adding order as reported in Table 1 (concentrations and volumes reported); silver nitrate, sodium citrate,
hydrogen peroxide, and sodium borohydride were subsequently added, i.e., one after the other to 30 ml of ultrapure
water, under stirring (1150 rpm) for 3 minutes at room temperature (~23°C). After addition of sodium borohydride,
change in the color solution was observed, i.e., from translucent to yellow and subsequently to dark blue. This color
change was previously reported by Panzarasa [42] and can
be attributed to the surface plasmon excitation which,
according to Pacioni et al. [30], is characteristic of
triangular-shaped nanoparticles (nanoplates).
Related to the pH of the synthesis mixture, ultrapure
water pH was close to neutral, i.e., ~7. After the synthesis
the solution was acidic, i.e., pH: 5.5.
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Table 1: Concentration and used volume during synthesis.

st

1
2nd
3rd
4th

Reagents

Content (mmol·L-1)

Range of volume content (μL)

AgNO3
Na3C6H5O7
H2O2
NaBH4

0.1
15–45
35% or 1153 mmol·L-1
50–120

15–45
500–2500
20–150
150–300

2.3. Characterization of Silver NPs by Reference Methods.
Dynamic light scattering: size and size dispersion of NPs
were measured using Brookhaven’s ZetaPals. The applied
parameters were 25°C with ﬁxed scattering angle of 90°,
laser wavelength of 632.8 nm (He-Ne), mean viscosity of
0.8887 mPa·s, and average refractive index of 1.330. Analyses were performed in a quartz cuvette, and three measurements were taken to use the data average.
UV spectroscopy: spectra in the ultraviolet region were
recorded in a PerkinElmer UV-Vis Lambda 35 spectrometer,
in the wavelength range from 200 to 700 nm. All analyses
were performed in triplicate. The mean spectra were used
to build the multivariate models, aiming at greater reproducibility and accuracy of results.

Absorbance (a.u.)

Adding order

300

2.4. Development of Multivariate Models. Construction of
multivariate models was based on the following steps: (a)
selection of working range, (b) spectral preprocessing, (c)
detection of anomalous samples, (d) selection of calibration
set and external prediction, (e) construction of PLS models,
(f) internal validation of PLS model, and (g) external validation of PLS model. Steps (a), (b), (c), (e), and (f) were performed with the software The Unscrambler® v9.1 of
CAMO Process and step (d) with the aid of SPXY algorithm
written in MATLAB®, version 6.5.

3. Results and Discussion
3.1. Samples and Reference Values. Multivariate calibration
methods are aimed at developing, from instrumental data,
reliable and strong models which accurately predict properties or sample characteristics. To do so, it is necessary that
samples from the calibration set have an adequate variability
of the dynamic parameter range under investigation. In this
work, 50 samples were synthesized, with diameter ranging
from 26.38 nm to 71.19 nm and polydispersity ranging from
0.021 to 0.472. Their diameter and polydispersity were determined by conventional methods, i.e., UV-Vis and DLS spectroscopy, as described in Section 2.3.
UV-Vis spectroscopy is a widely used technique for particle characterization, especially for colloidal suspensions,
and it is conventionally associated with Mie’s theory
[43, 44] for size and shape veriﬁcation of AgNPs. According
to Mie’s theory, anisotropic particles can exhibit two or three
absorption bands, according to their shape [43, 44]. Figure 1
shows the characteristic UV-Vis spectrum (300 to 1100 nm)
for the AgNP colloidal solution. A maximum absorption
band at 742 nm can be observed, characteristic of almost perfect triangular silver nanoparticles [44]. Similar results were
obtained by Chen and Carroll [45]. The second absorption

400
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900

1000

1100

AgNPs

Figure 1: UV-Vis spectrum of a colloidal solution of AgNPs.

band is in the shoulder form with absorption at 465 nm
which indicates dipole resonances, characteristic of triangular nanoparticles, according to the calculation of Chalmers
and Griﬃths and Farooq et al. [46, 47]. The third absorption
band is located at 333 nm and may be associated with quadrupole resonance outside the plane [44, 45, 47].
Related to DLS results, an average diameter of 33.40 nm
and average polydispersity of 0.179 can be observed, referring
to the sample size variability in relation to its distribution by
intensity. The values of polydispersity range from 0 to 1; the
lower this value, the more monodispersed and, consequently,
the less heterogeneous will be the solution [24]. Figure 2
shows the sample variability in relation to (a) diameter and
(b) polydispersity.
According to the graph of Figure 2(a), all samples are
within the nanoscale values, i.e., 1 to 100 nm, most of them
with diameters lower than 55 nm. In relation to polydispersity values (Figure 2(b)), it can be noticed that the majority
(80%) of samples are in monodisperse form and the minority
has polydispersity (20%). Particles with polydispersity values
lower than 0.3 can be considered monodisperse and represent particles of the same size and shape, whereas particles
with values higher than 0.3 indicate solution polydispersity
[48]. Sample 14 was excluded from the model because it presented values of diameter and polydispersity that diﬀered
from the average.
3.2. Construction of Multivariate Calibration Models. The
construction of multivariate models based on spectroscopic
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Figure 2: Parameter variability (a) diameter and (b) polydispersity of synthesized samples. Each sample is represented by its respective
number.

techniques starts with a careful evaluation from the samples’
spectra. In this stage, samples presenting spectral characteristics quite diﬀerent from the others and those which do not
represent extreme values of interest parameters can be
excluded; working spectral range for model construction
should be selected, which is often due to the exclusion of
spectral regions with high noise and/or high absorbance
values.
Figure 3(a) presents the spectra in the range from 200 to
700 nm of all synthesized samples and in Figure 3(b) the
spectral range of 45 samples used during construction of
multivariate calibration models. It may be noted that some
samples have a spectral proﬁle diﬀerent from the others.

Also, the spectra present undesired characteristics such as
noise and baseline displacement. The regions between
700-600 nm and 250-200 nm were eliminated from the construction stage of multivariate calibration models because
they presented low signal-to-noise ratio and absorption of
more than 1.5 a.u., respectively. In addition, the region
between 550 and 600 nm was also excluded because, according to the literature, the region between 600 and 800 nm corresponds to plasmonic surface resonance frequencies (mainly
in the range between 600 and 800 nm) of anisotropic nanoparticles and are highly dependent on the aspect ratios and
other factors [49] such as concentration of bromide ions,
tricking reaction time.
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Figure 3: UV-Vis spectra of synthesized AgNP samples.

Hsu et al. [50] found that the SPR quadrupole band displacement in the silver nanoprism plane depends on bromide
ion concentration, which binds to the nanoprism corners,
favoring their truncation (Ciou et al. [51]) when its reaction
time is short (less than 30 min) and the aspect ratio decreasing. In another study, Brioude and Pileni [52] explain that
whatever the resonance order, by increasing the aspect ratio,
the positions of oﬀ-plane and plane modes evolve distinctly.
Thus, for high proportions, the length of the nanodisc
becomes much larger than the height, leading to an opposite
behavior of mode in the plane and out of the plane and displacements in the absorption maxima. In contrast, at a low
aspect ratio, out-of-plane and plane resonance modes are
comparable, with near-peak absorption positions. In this
work, the truncation reaction time was 3 minutes.
Furthermore, in order to expand the ranges of diameters
and polydispersity, the bromide ion concentration was varied

in both concentration and volume. As the bromide ion concentration is associated with aspect ratio variation, one can
observe nonreproducibility in the plane of SPR quadrupole
bands. The insertion of this spectral region in the construction of multivariate models resulted in models with low predictive capacity. It is also observed, from Figure 4, the
displacement of a central peak in the band located between
330 and 350 nm, referring to quadrupole resonance outside
the plane. According to Brioude and Pileni [52] who used a
DDA (Dipole Discrete Approximation) simulation method
to determine the evolution of AgNP optical properties, these
displacements may be related to imperfections, such as
increased thickness or decreased edge length, rather than
AgNP size, as reported in other studies [53, 54]. Thus, the
selected working spectral region was 250 to 550 nm [55].
Any instrumental measure is composed by a signal portion related to the interest parameter and also by a noise
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Figure 4: AgNp spectra with pretreatments (D1-J15-POL2).

portion which leads to calibration model imprecision. Thus,
before starting the construction of multivariate models, it
is necessary to submit the instrumental data to a preprocessing step in order to remove or minimize spurious
information which are not related to the property being
investigated. Thus, the spectral pretreatments are intended
to minimize spectral noise or spectral characteristics which
are not related to the interest properties, such as baseline displacement or signal scattering. In this work, MSC (Multiplicative Scatter Correction), EMSC, SNV (Standard Normal
Deviation), smoothing, derivatives, and their combination
were tested [56, 57].
However, prior to the application of any preprocessing to
the data, it is necessary to select the samples that will be used
in the calibration and prediction steps. This is a very important step in the construction of multivariate models, because
in order to have an eﬀective model, it is necessary that the
used samples in the calibration step contain the variability
of the problem under investigation. In this work, the selection of calibration and prediction samples was performed
using a SPXY algorithm [58], which is based on both the
spectral characteristics (X) and the variability of interest
parameter (Y) for a more representative sample selection.
There is relation between the problem complexity to be
solved and the sample number to be used for the model
construction (calibration stage). For systems in which small
variation in the interest parameter is observed, a small calibration set is able to contemplate the latent variable relation
of the interest property. In the case of samples with greater
complexity, where they have a greater portion of concentration variation, the calibration set requires a larger number
of samples to contemplate latent variables and interest
property [59]. In this work, 2/3 of samples were taken for
the calibration set and 1/3 for the validation set.
The study on outliers’ presence based on leverage versus
residue graph was performed, both in the spectral data
matrix (X) and in the matrix containing interest parameters

determined by the reference methods (Y). From this tool, 4
samples with high residue and high inﬂuence were detected,
both in relation to X and Y, Figures 5(a) and 5(b), respectively, which were excluded from the data set. Based on this,
the calibration set was composed by 29 samples and the prediction by 15 ones.
The choice of the best pretreatment was based on values
of merit ﬁgures, as root mean squared error in the steps
of calibration (RMSEC), internal validation (RMSECV),
and prediction (RMSEP); coeﬃcient of determination (R);
correlation (r 2); bias; slope; oﬀset; and number of latent
variables (LV) used to construct the model. The internal
validation was performed by full cross-validation. The values
of obtained merit ﬁgures [60] for the constructed models
with raw and preprocessed data are shown in Tables 2
and 3. Only results of models with the best performance
are presented.
For diameter determination, the constructed models with
raw or ﬁrst derivative data with a 15-point window and
second-order polynomial (D1-J15-POL2) presented comparable results. For polydispersity determination, the ﬁrst
derivative with a 15-point window and second-order polynomial (D1-J15-POL2) was the preprocessing which presented
the lowest RMSE values and lowest number of used latent
variables for model construction, showing a precise and parsimonious model. Thus, in order to implement the developed
methodology as routine analysis, D1-J15-POL2 was assumed
as the best preprocessing for determination of two interest
parameters. Figure 4 shows preprocessed UV-Vis (D1-J15POL2) spectra of AgNP samples.
In order to improve the performance of built models, a
selection of spectral variables was performed based on the
jackknife algorithm, which selects the most informative
regression coeﬃcients, based on Martens uncertainty test.
New PLS models were developed with selected coeﬃcients.
Measured merit ﬁgure values for the new models are shown
in Tables 2 and 3.
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Figure 5: Plot of predicted values by the model D1-J15-POL2 versus measured values by the reference method for the diameter.

Table 2: Merit ﬁgures for diameter prediction-intended models.
Preprocessing

Method for variable selecting

VL

Merit ﬁgures for diameter
Step
RMSE
Correlation

R2

Slope

Oﬀset

Bias

2.6536
5.6666

0.8635
0.5945

0.7456
0.2939

0.7456
0.2281

9.27196
28.0886

0
-0.8274

Raw

—

6

Cal
Pred.

Raw

JK

4

Cal
Pred.

3.0167
6.1412

0.8123
0.4381

0.6599
0.1707

0.6599
0.1544

12.396
30.8809

0
-0.7946

D1-J15-POL2

—

5

Cal
Pred.

2.2741
2.9779

0.9057
0.8369

0.8204
0.7136

0.8204
0.7772

6.5586
8.1825

0
0.0461

D1-J15-POL2

JK

6

Cal
Pred.

2.1209
2.7658

0.9185
0.8916

0.8437
0.7586

0.8437
0.6282

5.7045
13.745

0
0.2062

VL: latent or spectral variables; Cal: calibration step; Pred.: prediction stage; JK: model built with jackknife coeﬃcients; D1-J15-POL2: 1st derivative window of
15-point polynomial of 2nd order; D1-J15-POL2 (JK): constructed models with selected samples prior to preprocessing application.

Table 3: Merit ﬁgures for polydispersity prediction.
Preprocessing

Method for variable selecting

Merit ﬁgures for polydispersity
VL
Step
RMSE
Correlation

R2

Slope

Oﬀset

Bias

Raw

—

6

Cal
Pred.

0.04253
0.04037

0.9037
0.8123

0.8166
0.5766

0.8166
0.8657

0.0440
0.0238

0
-0.0085

Raw

JK

1

Cal
Pred.

0.07827
0.05624

0.6264
0.4721

0.3923
0.1782

0.3923
0.1248

0.1472
0.2088

0
-0.0024

D1-J15-POL2

—

6

Cal
Pred.

0.03995
0.05728

0.9226
0.8399

0.8512
0.7141

0.8512
0.7937

0.0358
0.0514

0
0.0018

D1-J15-POL2

JK

6

Cal
Pred.

0.04110
0.02076

0.9178
0.9295

0.8425
0.8299

0.8425
0.9945

0.0378
-0.004

0
-0.0060

VL: latent or spectral variables; Cal: calibration step; Pred.: prediction stage; JK: model built with jackknife coeﬃcients; D1-J15-POL2: 1st derivative window of
15-point polynomial of 2nd order; D1-J15-POL2 (JK): constructed models with selected samples prior to preprocessing application.
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Figure 6: Plot of predicted values by the model D1-J15-POL2-JK versus measured values by the reference method for polydispersity.

Analyzing the merit ﬁgures as RMSE and R2 , variable
numbers which describe predictive performance, it was
observed that the model D1-J15-POL2-JK is the most suitable for parameters’ prediction of diameter and polydispersity. The D1-J15-POL2 model, constructed with all spectral
variables, and the D1-J15-POL2-JK model, constructed with
the most informative regression coeﬃcients selected by the
jackknife, presented comparable RMSEC, RMSECV, and
RMSEP values; however, the ﬁrst one used a smaller number
of VL. In addition to the models’ practical application, the
fewer the steps applied during calibration, the easier it will
be used. Based on these arguments the D1-J15-POL2 model
was chosen in the prediction step.
Figures 5 and 6 show plots of predicted values by the
model versus measured values by the reference method for
diameter and polydispersity, respectively, which demonstrate
agreement between predicted and measured values. One can
observe the random distribution of the samples around the
bisector, which shows there are no trends in the results.

4. Conclusions
Reference methodologies used for AgNP characterization,
although precise, are laborious techniques, and most of them
have higher cost. On the other hand, UV-Vis spectroscopy
combined with chemometrics appears as a reasonable alternative to evaluate parameters such as diameter and polydispersity, since after the model development, the use of
conventional technics are less required in routine analyses.
The constructed models with the entire spectral range presented better performance than those built with the jackknife
coeﬃcients, since they used a lower number of latent variables. The measured error for diameter prediction was
5.31%, and for polydispersity, it was 4.43%, being acceptable
for the purposes of the present work. Summing up, this work
has successfully developed a proper model, which provides
savings of time and costs to acquire information related to

size, polydispersity, morphology, and spectral characteristics
of silver nanoparticles through the UV-Vis technique associated with a chemometric model, and the methods and data
used are described here.
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