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Abstract Recent advances in the control of molecular
engineering architectures have allowed unprecedented
ability of molecular recognition in biosensing, with a
promising impact for clinical diagnosis and environment
control. The availability of large amounts of data from
electrical, optical, or electrochemical measurements
requires, however, sophisticated data treatment in order to
optimize sensing performance. In this study, we show how
an information visualization system based on projections,
referred to as Projection Explorer (PEx), can be used to
achieve high performance for biosensors made with nano-
structured films containing immobilized antigens. As a
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proof of concept, various visualizations were obtained with
impedance spectroscopy data from an array of sensors
whose electrical response could be specific toward a given
antibody (analyte) owing to molecular recognition pro-
cesses. In addition to discussing the distinct methods for
projection and normalization of the data, we demonstrate
that an excellent distinction can be made between real
samples tested positive for Chagas disease and Leishman-
iasis, which could not be achieved with conventional
statistical methods. Such high performance probably arose
from the possibility of treating the data in the whole
frequency range. Through a systematic analysis, it was inferred
that Sammon’s mapping with standardization to normalize the
data gives the best results, where distinction could be made of
blood serum samples containing 10~ mg/mL of the antibody.
The method inherent in PEx and the procedures for analyzing
the impedance data are entirely generic and can be extended to
optimize any type of sensor or biosensor.

Keywords Biosensors - Nanostructured films -
Leishmaniasis - Chagas disease - Projection techniques -
Information visualization

Introduction

The various tools akin to nanotechnology have allowed the
fabrication of sensing units with high sensitivity, in which
molecular recognition processes can be exploited, and
synergy may be achieved with the distinct materials
comprising the units [1-5]. Biosensors made with layer-
by-layer (LbL) films [6] where enzymes or antigens are
immobilized are good examples of such systems, yielding
the high sensitivity and selectivity required for clinical
diagnosis [7-9]. The methods of detection in these
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biosensors can involve optical [10], electrochemical [11], or
impedance spectroscopy [1] measurements, all of which
may generate large amounts of data. Traditional statistical
methods, e.g., principal component analysis (PCA) [12], are
therefore normally employed to treat the data, which is
essential for good distinction to be made among very
similar samples [13]. A biosensor based on the extension of
the electronic tongue concept [14] was so obtained where a
sensor array consisting of three electrodes led to good
distinction between positive and negative antibodies of the
zoonose Pasteurellosis [1]. Essential for the latter result was
the use of one sensing unit containing the immobilized
antigen (capable of molecular recognition) for Pasteurello-
sis, in addition to PCA for processing the impedance
spectroscopy data. This approach is obviously generic and
may be applied to various types of samples.

There are however limitations in distinguishing a large
number of samples because the PCA plots tend to be
overcrowded. Moreover, a linear technique such as PCA is
not always suitable to deal with multidimensional data (see
below). This has proven to be the case in the attempts to
produce biosensors that could distinguish between Leish-
maniasis and Chagas disease here. In order to circumvent
such difficulties, in this paper we use information visual-
ization methods [15] that allow one to consider the whole
impedance vs. frequency curves for all sensing units and all
samples. Since these visualization methods have only
recently been applied to analytical chemistry in general
[16, 17] and biosensing in particular [18, 19], in the
“Methodology” section, we provide details of the impor-
tance of projection techniques and a brief description of the
Projection Explorer (PEx) system [20], before presenting
our results. We shall concentrate on the use of the
projection techniques to analyze the data, as many
physicochemical and biological aspects of the work have
been discussed in a previous paper [21].

Methodology
Sensor array and impedance measurements

Following the concept of an extended electronic tongue [1],
here we employed four interdigitated electrodes as sensing
units, two of which contained LbL films [6] with
polyamidoamine dendrimer generation 4 (G4 PAMAM,
purchased from Aldrich) layers alternated with immobilized
antigens from Leishmania amazonensis or Trypanosoma
cruzi protozoans (for Chagas), which are capable of
recognizing specifically anti-L. amazonensis and anti-T.
cruzi 1gG molecules, respectively. The choice of den-
drimers was based on their suitability as matrix for
immobilization of proteins in biosensors, mainly because
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of their branched, porous structure [21]. The other two
sensing units comprised a bare interdigitated electrode and
an electrode coated with an LbL film made with PAMAM
and poly(vinyl sulfonic acid) (PVS). The experimental
procedures to produce the sensing units and measure the
electrical impedance were essentially the same as in
references [1, 21], and therefore only a few details are
given here. The sensing units were obtained by coating an
interdigitated electrode with 50 digit pairs, each having
10 um width, 0.1 um height, and 10 um apart from each
other, with LbL films. The latter were 6-bilayer films
prepared in three architectures: (a) layers of polyamido-
amine generation 4 dendrimer (PAMAM) alternated with
layers of PVS, which were adsorbed during 5 min from
solutions at 2.0 mg/mL for PAMAM and PVS, and (b)
layers of PAMAM alternated with proteoliposome from L.
amazonensis or T. cruzi protozoans, where the latter were
prepared in a concentration of 0.3 mg/mL in a 5-mM TRIS
buffer at pH 7.5. The adsorption time for the proteolipo-
somes was 15 min. The film fabrication and the impedance
measurements were carried out at 20 °C.

Impedance spectroscopy data were acquired for 25
different substances (solutions at various concentrations),
with nine samples each, totaling 225 instances for the data
set. These substances included a buffer, used as reference,
synthetic samples with purified antibodies related to
Leishmania, T. cruzi and a negative control (mouse serum
in the absence of antibodies against parasites), and real
samples made with the total serum of infected BALBc mice
with Leishmaniasis and Chagas disease. For each sample,
the real and imaginary parts of the electrical impedance
were measured at 58 distinct frequencies in the range from
1 Hz to 500 kHz. Though the synthetic samples could be
distinguished with traditional statistical methods employing
linear techniques, such as PCA, the same did not apply
when the real samples were included. We have therefore
resorted to the multidimensional projection techniques
implemented in a suite of tools referred to as PEx [20, 22].

Use of multidimensional projections

Considering each frequency as a data attribute, or data
dimension, if m frequencies are considered, a sample can be
interpreted as an m-dimensional vector embedded on an R”
definition space. In traditional statistical analysis, data
instances with more than three dimensions are known as
multivariate or hypervariate data. On the information
visualization field such data are called multidimensional
[15]. There exist several information visualization techni-
ques to aid users on interpreting multidimensional data.
Here we use projection techniques to support the analysis
of similarity relationships between the samples. Typically, a
projection technique maps the m-dimensional data instances
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into graphical elements (spheres, circles, etc.) on a visual
space (2D or 3D), retaining as much as possible the
similarity relationships between data instances calculated
on the R"™ space. As long as the distance measure
successfully captures the dissimilarity between data sam-
ples, the resulting visual representation is capable of
conveying information on data behavior. If two elements
are closely placed on the visual space, one infers that the
data instances they represent are very similar; otherwise the
instances are less related.

Formally, let X= {x{,x,,...,x,} be a set of n data instances
on R"” with =R"xR" — R a distance (or dissimilarity)
function between instances on the m-dimensional space. Let
also Y={y1,V2,....v,} be a set of points in R”, with p=
{1,2,3}, and d=R’xR’ — R a distance (normally
Euclidean) between points on the p-dimensional space. A
multidimensional projection technique is an injective
function /=X — Y which attempts to minimize the
differences between ¢ and 4, i.e., to make |d(x;, x;)—d(f(x;),
fx))| approach zero Vx;, x; € X.

In general, projection techniques can be split into two
major groups according to the nature of the projection
function used: linear techniques and non-linear techniques
[20]. Linear techniques create linear combinations of the
data attributes, defining them in a new orthogonal basis of
lower dimension. Well-known high-precision techniques, in
terms of distance preservation, are Classical Scaling [23]
and PCA [12]. Although linear techniques are precise to
reveal linear structures embedded on a data set, if an m-
dimensional data space presents non-linear structures, such
as clusters of arbitrary shapes or curved manifolds—which
is very common on data sets with more than a dozen
attributes (dimensions)—these techniques fail to properly
capture such structures (for further discussion on the
limitations of linear techniques see [24]). Hence, non-
linear techniques are better solutions for projecting the data
on a low-dimensional space. In applying non-linear
techniques, one normally starts by defining a cost function
based on the differences among the distances between the
elements in the visual projected space and the desired
distances computed between the data instances in the
original m-dimensional space. Then one attempts to
minimize this function. An example of non-linear technique
is Sammon’s mapping [25], which is used here and has a
cost function given by

1 (i) = 8(xi,x)°
§= ZS(xi,x_,-) Z 6(x,-,xj)

i<j

where J is a measure of the distance between two data samples
x; and x;, and d is the distance among their projections y; and y;
onto the visual space. S can be interpreted as a measure

indicating the amount of information lost in the projection
process. It is minimized using an iterative non-linear steepest
descent optimization approach based on its gradient to find a
(local) minimum.

The Projection Explorer system

PEx implements many projection strategies, including
traditional ones from the literature, such as PCA and
Sammon’s mapping, while others have been recently
proposed targeted at specific data domains and at handling
very large data sources, such as Interactive Document Map
(IDMAP) [26], Projection by Clustering [27], and the Least
Square Projection [24]. With PEx, it is possible to create
and interactively explore visual representations of multidi-
mensional data sets, enabling data analysts to employ their
visual ability to recognize structures or patterns based on
data similarity. PEx provides different visual representa-
tions that allow observing and interacting with a set of
multidimensional data with the goal of identifying groups
of highly similar elements. It is available free of charge
upon request.

Different projection techniques have specific properties
which make them more or less effective, depending on the
data set characteristics. In this study, we investigated PCA,
Sammon’s mapping, and IDMAP, all known to be precise
techniques regarding distance preservation in the projected
space. They are computationally expensive, which in this
particular case was not an issue, as data consist of a reduced
number of samples. As discussed in the following section,
PCA did not produce good results on this data. Though
only results with Sammon’s mapping are shown, in several
cases results from both IDMAP and Sammon’s were
equivalent, and in a few situations results with Sammon’s
were slightly better.

Results and discussion

Figure 1 illustrates how poor the distinction among the data
samples is when only the bare electrode was used, which
should be expected as there is no molecular recognition
ability toward the analytes. As we shall discuss later on,
distinction can be improved if instead of PCA we employ
Sammon’s mapping, as shown in Electronic Supplementary
Material Figure S1. In the PCA plot of Fig. 1, each data
sample (visually represented as circles) consists of a set of
measures taken from a particular sensing unit. Circle colors
depict the substances at a given concentration, for which
measurements were taken. Different substances overlap in
the PCA placement, an indication that the sensor measure-
ments are not effective to distinguish them. In PCA, the
first step is to compose an attribute covariance matrix, and
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Fig. 1 PCA projection of electrical impedance data for L. amazonensis
and T cruzi samples with different concentrations of serum A
(containing negative antibodies), serum B (containing anti-Leishmania
antibodies), and serum C (containing anti-7. cruzi antibodies). The
serum samples were obtained by dissolving the serum in the TRIS
buffer. Also shown are measurements for the TRIS buffer, and the
synthetic samples made with the buffer to which anti-Leishmania, anti-
T. cruzi and negative antibodies were added. The samples marked with

then apply a spectral decomposition, with the p eigenvec-
tors with highest eigenvalues being selected to recover the
Cartesian coordinates of the projected elements. An
interesting property of PCA is that the resulting p-
dimensional space exhibits the smallest quadratic deviation
from X (the matrix describing the nm-dimensional data
samples) between all possible p-dimensional spaces (p<m).
In other words, among all matrices 4,, « ,, with rank<p, the
matrix resulting from the PCA process is the one that
minimizes ||(X — 4)*|» [28]. Therefore, PCA preserves as
much as possible the (Euclidean) distances between the
data instances when projecting them on a lower-
dimensional space [23].

As mentioned above, if Sammon’s mapping with prior
data standardization is employed to obtain the placement
for the same samples and sensing unit of Fig. 1, some
improvement in substance differentiation is reached, as
observed in Electronic Supplementary Material Figure S1.
If now a sensing unit containing the antigen for Leishmania
is used, a much better distinction is achieved—even without
combining the response of the other sensing units—as
shown in Fig. 2. The importance of introducing a data
normalization procedure is as follows. On computing the
distances among the m-dimensional vectors describing the
data samples, if measures in one or more vector dimensions
are on a different (larger) scale compared to the others, the
resulting visual representations are distorted. A bias is
therefore introduced into the projection process, leading to

@ Springer

erum B 10" joishmania 10 ruzi 107
serum A 107 4
cruzi 107 /leishmania 107
serum A 107 negatwe 10*
buffer gi%®
negatlue 107
negatwe 10 1
mixture 10 negatwe 102
cruzi 107 Ielshmama 10
leishmania 107
cruzi 10
mixture 107
Color Name
I (trypanosoma cruzi
[ lleishmania
mixture
I negative
I serum A
B serum B

mixture are synthetic samples with anti-Leishmania and anti-T. cruzi
antibodies mixed together. The measurements were obtained using only
one sensor, namely the bare electrode. There is no clear separation
between the different types of samples, indicating that the measured
frequencies and the employed projection technique cannot distinguish
these samples. Note that the axes were not labeled, as the relative
distances give the degree of dis(similarity) among the samples

results that reflect mostly the difference between these
dominant data attributes, while the discrimination power of
the remaining ones is lost. In order to surpass this problem a
data transformation called standardization can be applied to
the m -dimensional vectors. In this transformation, if x; =
LS™% | x; is the average value computed for the jth attribute

and 0j =1/ %Eizl (xij =X

) is its standard deviation, this
transformation is obtained making xj; = (xj —X) /o for 1<
i<n and I<j<m, thus mapping the values of this particular
attribute so that their average vanishes and their standard
deviation is one [29].

A complete distinction was obtained on the data from the
four sensors, converting the electrical impedance measures
into capacitance (i.e., using only the imaginary part of the
impedance), with the visualization that employs Sammon’s
mapping and data standardization. Figure 3 shows that even
the real samples, corresponding to the serum of negative,
Leishmania and T. cruzi antibodies, are completely sepa-
rated from each other in the visual mapping of the data.
Moreover, samples containing mixtures of anti-Leishmania
and anti-7 cruzi antibodies could also be distinguished, and
the data points are placed close to the samples containing
Leishmania. In subsidiary visualizations, we verified that
PCA—even with standardization and using all the electro-
des and capacitance measures—does not yield the same
level of distinguishability as Sammon’s mapping, as shown
in Figure S2 (see Electronic Supplementary Material).
Other non-linear techniques implemented in PEx were also
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tried, but the results were not as good as with Sammon’s
mapping.

The electrical response in impedance measurements
depends on several factors, including the geometric
capacitance of the interdigitated electrode, the conductivity
and charge storage ability of the film coating the electrode,
the conductivity of the solution in contact with the film, and
the double-layer formed at the film/solution interface [30].
The contribution from each of these factors is frequency
dependent. For instance, at high frequencies (above
10 kHz) the response is normally dominated by the
geometric capacitance of the whole system. At low
frequencies (below 200 Hz), the double-layer contribution
is the most important one. The latter is highly sensitive to
any changes in the solution because it depends strongly on
the interaction between the analytes and the film-forming
materials [31]. Also worth noting was the close placement
of all samples with high antibodies concentrations (0.1 M),
even though still distinguishable, far away from the other
data points. This means that the contribution to the
electrical response from the solution predominated. In the
results presented here, an efficient distinction for the serum
samples was only achieved with sensing units containing
antigens capable of molecular recognition toward the
antibodies in the solution. With such specific interactions,
one should expect the electrical response to incorporate
cooperative, magnifying effects whereby trace amounts of
the analyte may induce large changes in the electrical
properties of the interface [32]. This may be the reason why
a non-linear projection technique was successful while
traditional statistical methods based on linear techniques,
such as PCA, failed.

It should be said, however, that we cannot theoretically
prove the superiority of non-linear methods—especially
because the molecular-level mechanisms behind the so-
called molecular recognition are still not well established—
we can only suggest the occurrence of non-linear relation-
ships between some data dimensions. Otherwise, the same
layout quality, in terms of separating the samples, would be
verifiable when employing a linear technique such as PCA.
In this sense, the visual representations and the exploratory
framework provided by PEx, a platform that implements
several alternative data projection approaches and interac-
tive data exploration functionalities, are valuable tools to
understand the underlying data characteristics which would
be difficult to discover employing only standard statistical
approaches.

Finally, we emphasize that the visualization information
methods are especially suitable for classification, as proven
here with the good distinguishing ability between samples
of Leishmaniasis and Chagas’ diseases that normally lead
to false positives. However, parameters such as limit of
detection and resolution are not obtained in a straightfor-
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ward manner, and regression techniques need to be
combined with the projections. The same applies to
calibration curves. For the data from the synthetic samples,
i.e., those with antibodies added to a buffer, a calibration
curve could be obtained using the electrical measurements
without treating the data with the visualization methods
[21]. One of our goals was to show that visualizations can
actually tell when an automatic classification is possible
based on the outcome of the sensors. For instance, we
demonstrated that sample distinction was not possible with
the bare electrode, but a complete distinction could be
achieved by combining the data from the four sensors. In
fact, the core benefit of the visualizations is allowing
researchers to investigate different scenarios before resort-
ing to analytical classification methods which require
training and testing datasets and may not work well because
the data are not fit for classification.

Conclusions and perspectives

The combination of sensing arrays containing immobilized
antigens—capable of molecular recognition—with projec-
tion techniques allowed unprecedented distinction between
serum samples infected with Leishmania and T. cruzi,
which is important for public health programs in tropical
countries. Because the electrical measurements take only a
few minutes, this procedure represents a fast, low-cost
approach for clinical diagnosis. In the proof-of-concept
experiments reported here, the samples could be distin-
guished but a calibration was not obtained for a straight-
forward determination of the concentration of a new,
unknown sample. Obtaining such calibration will also
require data treatment methods beyond the conventional
statistical methods, which again reinforces the importance
of resorting to information visualization. Furthermore, one
may now seek different visual representations to help
researchers understand the non-linear relationships amongst
data dimensions, providing additional insight on which data
attributes better describe the phenomenon under study.
The methods used here are entirely generic, both with
regard to the fabrication of sensing units and the data
processing, therefore amenable to be exploited in diversi-
fied applications. For example, it may be used with data for
sensing based on anion receptor chemistry [33], and in
clinical diagnosis. In fact, a revolution may take place in
clinical diagnosis when information visualization methods
become commonplace, for the whole data from exams and
information from the patients will be explored, rather than
only employing a minute part of the data from the clinical
measurements. In this context, in a recent paper, we
combined multidimensional projections techniques with
other information visualization methods for optimizing the
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performance of a biosensor to detect phytic acid [34]. An
important feature of the latter work was that the multivar-
iate nature of impedance spectroscopy data could be
exploited in the optimization, by choosing whether the real
or imaginary part (or both) of the data should be used in the
visualization, and selecting the frequencies that led to the
best discrimination ability. That information visualization
methods are particularly suitable for data of different
natures was demonstrated with the analysis of image
collections using the tool Projection Explorer for Images
[35]. This tool incorporates several similarity-based multi-
dimensional projections and other point placement techni-
ques to create interactive visualizations that aid user-driven
feature detection from images. Analogously to the plots
shown here for data points with sensing measurements, one
needs to evaluate similarity amongst all pairs of images,
which may be done by computing distances on the feature
space. In addition to its application to image databases,
which is useful for clinical diagnosis, the paper also
illustrates how the tool can be used in simultaneous
analysis of different data types, such as text and images,
offering a common visual representation for data expressed
in different modalities.
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