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from the systems inputs, outputs, and tunable design variables.
Some examples are the use of the design of experiments to
improve device verification at the industrial level [3], machine
learning for sensor analysis [4] and calibration [5], and the
application of kriging metamodeling [6], [7]. Therefore, in
the experimental literature, the sensor’s performance is often
summarized in several statistics, like the slope of the regression
line relating the sensor response with a known concentration
of the substance (for example, hydrogen peroxide, H2 O2 , as in
this study), as well as the associated p-value [8], [9]. However,
Index Terms—nanostructured sensors, bootstrap, resampling, several current guidelines recommend reporting not just the
sensitivity
point estimate but also the interval estimate, as the confidence
interval [10], [11] for assessing the accuracy of the estimation.
I. I NTRODUCTION
The aim of this work is twofold. First, we illustrate
the
computationally intensive procedure of bootstrapping, a
The need for more sensitive and selective non-enzymatic
distribution-free
technique, to obtain confidence intervals for
sensors has led to the development of nanostructure-based
several
estimates
that summarize a sensor performance [12].
sensors, on which the manipulation of the geometry and area
Second,
we
show
the strength of interval estimation using
have given promising results with electrochemical methods
the
bootstrap,
giving
more precise results without parametric
[1], [2]. However, accurate designs require knowing most of
assumptions.
For
this
purpose,
we used data obtained with selfthe behavior present in the sensors, leading to complex and
supported
nanowire
arrays
sensors
using cyclic voltammetry
complicated models. Using those representations often presents
(CV),
an
electrochemical
method
that
measures the electron
drawbacks for computation and the need for model validation.
transfer
by
oxidation-reduction
reactions
under the application
Therefore, it is common to consider other approaches that
of
linearly
ramped
potentials.
We
tested
the sensor response
rely directly on the experimental or simulated data obtained
with concentrations of H2 O2 of 0, 1.27, 2.53, 3.79, and
5.04 mM and used two types of metals for the sensors,
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no-nanostructured sensor [13].
Abstract—Nanostructured sensors are a promising alternative
for substance detection from biological samples in food and
clinical industries. Linear regression is often used for the
design and calibration, relating the sensor response with known
concentrations of the substance to be detected. The linear
regression slope is then used to estimate the sensor sensitivity
and the limits of detection and quantification. These estimates,
however, are reported without measures of uncertainty, like
confidence intervals. Here we used nonparametric bootstrapping
to compute the estimates and their confidence intervals using the
data from cyclic voltammetry and compare two classes of sensors.
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II. P RELIMINARIES
The bootstrap belongs to a class of statistical tools called
resampling methods. These methods share three basic steps
[14]–[16]:
1) Repeatedly (re)sampling (with or without replacement)
from a dataset.
2) Computing a statistic from the new sample (a subset of
the original).
3) Compute the summary statistics (for example, measures
of variation).
The resampling methods are often conceptually more
straightforward and accurate than the asymptotic approximation
methods and require fewer assumptions [14]. Other resampling
methods include permutation test for hypothesis testing, crossvalidation for model assessment, and model selection based on
the model performance [16], [17].
In this work, we used the bootstrap to obtain measures of
accuracy of estimates, i.e., interval estimation [10], with linear
regression. We start by briefly describing the sensor, the cyclic
voltammetry data obtention, and transformation.
A. Data acquisition
Fig. 1 diagrammatically shows the experimental setup for
the fabrication of the sensor using restrictive nanoporous
membranes (panel A) by the electrodeposition of Au and Ni
ions [13], [18], as well as the data acquisition process using
cyclic voltammetry (panel B). The response (current intensity)
was transformed to current density (I density, in mA/cm2 ),
dividing the current by the sensor area. In panel C, we also
show representative CV data from the Au NW sensor.
We are interested in the sensitivity of the sensor, which we
define as the change in current density by a unit increase in
H2 O2 concentration, with dimensions mA/(mM·cm2 ). Because
the sensitivity critically depends on the potential applied [19],
we identified the potential V ∗ at which is maximized. Panel C
shows this process as follows: in the reduction peak region of
the CV (approximately from -0.5 V to 0 V), we interpolated
I density for each i-th potential with a step size of 0.0005
V. Hence, for each V [i] we obtained five pairs (I densityV [i] ,
concentrationk ) for the k = 5 concentrations, and estimated the
sensitivity of the sensor with the slope of the linear regression
β in
I densityV [i] = αV [i] + βV [i] × H2 O2 concentration
The potential at which the sensitivity is maximized is
therefore argmax β = V ∗ .
V

III. N ONPARAMETRIC BOOTSTRAPPING FOR LINEAR
REGRESSION

The idea of the bootstrap is to simulate the sampling
distribution variation, which arises when we repeatedly draw
samples from a population, by resampling from the original
sample. The resulting variation is an approximation of the
variation of the sampling distribution [12].

Fig. 1. Data acquisition and transformation. A: Top and side views of
the restrictive nanoporous membrane used for electrodeposition. B: After
electodeposition, self-supported nanowire arrays are released by chemical
etching. C: Computation of the sensing potential at which the sensitivity is
maximized, using representative data form Au NW.

To illustrate how to compute the percentile confidence
intervals for linear regression, let us suppose we have a sample
X of size n of ordered pairs (xi , yi ), i = 1, 2, ..., n (bivariate
observations). Let Xb∗ be the b-th resample of X, and (x∗i , yi∗ )
a bivariate observation from X ∗ . We sample X ∗ from X with
replacement; that is, we allow the pair (x∗i , yi∗ ) to appear more
than once (or none). Then, we compute the statistic of interest
from (x∗i , yi∗ ) (for example, the linear regression slope) and
store the b-th result. We repeat this process B times, and the
95 % CI can be obtained with the 0.025 and 0.975 quantiles
of the bootstrap sample of size B [20].
Fig. 2 shows the regression lines computed with 250
resamples from the original data for both classes of sensors
(NW and Planar) and metals (Ni and Au). The shaded areas
show the 95 % CI computed with an asymptotic approximation
based on the t-statistic with the expression
h
i
CI95% = β − sβ t∗n−2 , β + sβ t∗n−2
On which β is the sensor sensitivity, sβ is the standard error
of β, and t∗n−2 is the t-statistic obtained, with n − 2 degrees
of freedom. Note that in Fig. 2, regression lines with the

bootstrap samples do not necessarily cover the asymptotically
approximated CI. This means that different conclusions can be
obtained with both methods. Indeed, with equation III, the 95
% CI of sensitivity for Ni NW is [1.79, 4.25]; for Ni Planar is
[-0.001, 0.002], both wider than the obtained with the bootstrap
(Table I), and for the Ni Planar, the CI includes zero, which
can be interpreted as non-significant sensitivity. Similarly, for
the Au NW [4.12, 6.27] and, more dramatically, for the Au
Planar [0.045, 0.22] (compare them with Table I).

TABLE I
P ERCENTILE BOOTSTRAP 95 % CI S FOR SENSITIVITY, LOD AND LOQ.
Sensor
Class
β mA/(mM·cm2 )
NW
3.327 [3.073, 3.698]
Planar
0.001 [0.0004, 0.001]
Sensor
Class
β mA/(mM·cm2 )
NW
5.287 [4.891, 6.299]
Planar
0.157 [0.105, 0.198]
a The 95% CI are shown in square

Ni Estimatesa
LOD mM
0.3 [0.04, 0.542]
2.629 [0.06, 5.283]
Au Estimates
LOD mM
0.551 [0.067, 0.913]
1.348 [0.114, 2.878]
brackets.

LOQ mM
0.4 [0.053, 0.723]
3.505 [0.08, 7.05]
LOQ mM
0.734 [0.089, 1.217]
1.798 [0.152, 3.837]

confidently separate the signal from the noise coming from
interfering substances when the sensor is developed and
calibrated, whenever possible.
Here we illustrated the use of distribution-free methods like
the nonparametric bootstrap for point and interval estimation,
methods that the statistical literature highly recommends as
a complement or an alternative for the more used asymptotic
approximation methods, like the t-tests [10], [12]. We also
showed how the 95 % CI could give additional information
for assessing the reliability and precision of point estimates,
information that can and should be used for calibration. For
example, although the point estimates for the LOD and LOQ
in the Au NW sensor are lower than those of the corresponding
Planar sensors, their 95 % CIs overlaps, which suggests no
differences [23].
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Fig. 2. Linear regressions relating current intensity with H2 O2 concentrations.
A: Regression lines, with 250 bootstrap samples, for Ni NW (red) and Planar
(blue). B: Regression lines for Au NW (red) and Au Planar (blue), also with
250 bootstrap samples. In both cases, shaded areas show the 95 % CI computed
with
. asymptotic approximation methods with III
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