Available online at www.sciencedirect.com
ScienceDirect

Analytica Chimica Acta 584 (2007) 101-105

ANALYTICA
CHIMICA
ACTA

www.elsevier.com/locate/aca

Independent component analysis of nanomechanical
responses of cantilever arrays

Rick Archibald®*, Panos Datskos?, Gerald Devault?, Vincent Lamberti®,
Nickolay Lavrik®¢, Don Noid?, Michael Sepaniak ¢, Pampa Dutta®
4 Oak Ridge National Laboratory, Oak Ridge, TN 37831, USA

b y.12 National Security Complex, Oak Ridge, TN 37831, USA
¢ University of Tennessee, Knoxville, TN 37996, USA

Received 21 July 2006; received in revised form 23 October 2006; accepted 2 November 2006
Auvailable online 11 November 2006

Abstract

The ability to detect and identify chemical and biological elements in air or liquid environments is of far reaching importance. Performing
this task using technology that minimally impacts the perceived environment is the ultimate goal. The development of functionalized cantilever
arrays with nanomechanical sensing is an important step towards this goal. This report couples the feature extraction abilities of independent
component analysis (ICA) and the classification techniques of neural networks to analyze the signals produced by microcantilever-array-based
nanomechanical sensors. The unique capabilities of this analysis unleash the potential of this sensing technology to accurately identify chemical
mixtures and concentrations. Furthermore, it is demonstrated that the knowledge of how the sensor array reacts to individual analytes in isolation
is sufficient information to decode mixtures of analytes—a substantial benefit, significantly increasing the analytical utility of these sensing

devices.
© 2006 Elsevier B.V. All rights reserved.
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1. Introduction

Specially designed arrays of nanomechanical sensors have
unique advantages for sensing chemical and biological agents
in both gaseous and liquid environments. Demonstrated appli-
cations of such devices range from DNA analysis to selective
detection of explosive compounds, to highly selective, antibody-
mediated discrimination of enantiomers [1-5]. Selectivity in
sensing is achieved by incorporating highly specific bioaffinity
phases or using arrays of functionalized sensors exhibiting mod-
est and distributed selectivity among the sensing elements [6,7].
At this stage, however, realization of the full potential of micro-
cantilever sensing arrays depends largely on the availability of
a suitable data analysis algorithm [8—10].

The general schematics of the nanomechanical chemical sen-
sor are depicted in Fig. 1. At the heart of this device is an
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array of beam-shaped transducers modified on one side with
molecular recognition phases (MRPs). It also includes a “read”
photon source, such as a laser or an LED, and an optical posi-
tion sensitive detector (PSD), such as a CCD or a quadrant
photodiode, which responds to spatial changes in the “read”
beam. Judicious choice for each MRP in the array provides
multiple isolated interaction surfaces for sensing the environ-
ment. When a particular chemical or biological agent binds to
a transducer, the effective surface stresses of its modified and
uncoated sides change unequally and the transducer begins to
bend. Hence, each transducer is referred to as a microcantilever.
The extent of bending depends upon the specific interactions
between the microcantilever’s MRP and the analyte. Thus, the
readout of a multi-MRP array is a complex multi-dimensional
signal that out of necessity must be analyzed using advanced
mathematics.

Given a properly designed array of cantilevers, the presenta-
tion of specific chemical or biological species at a particular
concentration produces identifiable and reproducible dynam-
ics. Specially designed MRPs are used for each cantilever
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Fig. 1. Schematic illustration of a micro-electro-mechanical system (MEMS)
sensor array with a readout based on sequential optical probing of the cantilevers
with a vertical cavity surface emitting laser (VCSEL) array. The array used in
this work is similar to this scheme except that a 12-cantilever array was used.

such that targeted environmental components (analytes) can be
continually absorbed and desorbed. The dynamic equilibrium
between adsorption and desorption varies the cantilever bend-
ing as a function of the concentration of the analytes and allows
for system recovery. The bending action of each cantilever is
therefore directly correlated to the presence of these targets,
and the system as a whole produces a unique dynamic signa-
ture. Inherent noise is distributed across the system and the
multi-dimensionality of the signal provides a natural mecha-
nism to minimize the damaging effects of noise in analysis and
classification.

The construction of this multi-cantilever sensor makes the
readout signal specifically amenable to independent compo-
nent analysis (ICA). The concepts surrounding ICA were first
introduced in 1991 by Jutten et al. [11] and later formalized
in 1994 by Comon [12]. Over the course of the last decade,
ICA has proven to be a powerful technique in many different
applications. It can provide a (linear) sparse coding represen-
tation of natural image data [13], and has also been adopted
in bio-medical imaging, where it transposes EEG/MEG data
into physiologically and functionally distinct sources [14,15].
Important to this study is the successful use of ICA in vision and
auditory studies for feature extraction [16] and information pro-
cessing [17]. It is a natural extension to adapt the ICA method
to extract features and information for the current analysis of
cantilever arrays that in essence act as an ‘electronic nose or
tongue’.

This paper describes how ICA can be used as a data
pre-processing method for neural network classification of
nanomechanical sensor data. Appropriate coupling of these
mathematical methods can accurately capture information con-
tained within the array of sensors to identify chemical mixtures
and concentrations. Specifically, how the sensor array interacts
with individual analytes in isolation is sufficient information to
decode mixtures of analytes. As a result, the usefulness of this
device is greatly increased for complex applications.

2. Methods
2.1. Independent component analysis

A brief introduction of relevant properties of the ICA method,
within the context of this study, is given here. We refer interested
readers to Hyvérinen et al. for detailed information [18]. Suppose
that x(7) represents an N-dimensional measured time series vec-
tor of sensor signals. Assume that linear mixing of independent
sources produces this measured data, or

x(t) = As(t), (D

for s(f) the M-dimensional time series vector of independent
sources and A the N x M mixing matrix. Further assume that
M <N and that A has full rank. ICA is a de-mixing procedure
that, given only the measured data x(#), recovers W, the mixing
matrix, such that

W = SPA. 2)

Here, S and P are scaling and permutation matrices, respectively.
Amazingly, under these assumptions, both the mixing matrix
and corresponding sources can be recovered based only on the
knowledge of the measured data, to an arbitrary scaling and
permutation. For systems where the measured data is the linear
mixing of independent sources, ICA is a tool that can transform
measurements into source information.

There are many variants of the ICA method and, in a gen-
eral sense, they can be separated into two categories, based on
how the mixing matrix is determined from the measured data.
Instantaneous algorithms consider each data point in isolation,
whereas summary algorithms generate summary statistics from
a collection of data points. Generally, ICA methods that use
summary algorithms have a greater tolerance to noise. For this
reason, we use SOBI [19], an ICA method from the category of
summary algorithms.

For this study, the feature extraction capability of ICA is used
to pre-process readout data from cantilever arrays in order to
concisely portray this information to the neural network for clas-
sification. Specifically, the multi-dimensional signal produced
from the bending of the array of cantilevers is used as the mea-
sured data in the ICA method. Columns of the estimated mixing
matrix are used as features, providing a vectorized input for
neural network classification. Direct input of the entire signal,
without pre-processing, will overwhelm the network and result
in poor classification accuracy.

One fundamental issue that arises in this feature extraction
procedure is the fact that ICA can determine the mixing matrix
only to an arbitrary scaling and permutation. Therefore, it is nec-
essary to impose a systematic procedure that induces consistent
scaling and permutation. In this study, the scaling requirement
will be that estimated sources are normalized and the permu-
tation requirement will be that the mixing matrix columns are
sorted in descending order by a distance norm. These require-
ments insure that consistent features are extracted.

The nature of the system of cantilevers lends itself to anal-
ysis from ICA. Through experiment we have found that for
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this system, ICA has two significant properties. First, the domi-
nant features depend strongly on the analyte—-MRP interactions.
Second, the dominant sources are similar across both chemical
species and concentration. The explanations of these properties
can be traced to the physics of the cantilevers. Since differ-
ent MRP’s will respond differently to a given analyte, these
attributes will translate to the feature space. The estimation of
similar sources stems from the fact that each cantilever to a cer-
tain degree undergoes similar types of characteristic bending, a
direct result of the fundamental interfacial interactions between
the transducer and the analyte. In other words, each source cor-
responds to distinctive bending dynamics that, in turn, can be
ascribed to specific physical and chemical processes involved in
the analyte—transducer interactions.

The vector structure of the extracted features can be exploited
for efficient recovery of the identities and concentrations of the
constituents of a gas sample from its microcantilever fingerprint.
Each column of the mixing matrix represents an independent
feature of the data, and a subset of the columns is sufficient for
input to an artificial neural network. We have discovered that the
same dominant independent sources are recovered regardless of
concentration.

2.2. Neural networks

A premier method of data modeling and classification over
the past two decades involves the use of neural networks. Since
these methods have been extensively reviewed in the literature, a
brief summary of our use is all that is needed in this report. Back-
propagation networks were created with the MATLAB® Neural
Network Toolbox. The typical architecture contained a sin-
gle hidden layer and employed the hyperbolic tangent sigmoid
transfer function for the input and hidden layers and the linear
transfer function for the output layer. Training was accomplished
through the Levenberg—Marquardt algorithm, a variant of New-
ton’s method. Training was halted at a specified tolerance value.

2.3. Classification pseudo-algorithm

Consider a time period where M samples are taken from the
readout signal of an array of N cantilevers. We notate this seg-
ment of signal as the matrix x € RV x RM. Classification of this
portion of signal proceeds by the following steps:

(I) Find the mixing matrix We RY x RY and corresponding
sources S € RV x RM, as described in Egs. (1) and (2) by
using the ICA method on the signal segment.

(Il) Sort the mixing matrix such that (permutation require-
ment):

S WE D == 3 WG N

(IIT) Normalize the mixing matrix such that sources satisfy
(scaling requirement):

ZZIS(L iy == ZZIS(N, i =1.

(IV) Form the feature vector as

V(@) = W(@, floor(i/N)+ 1), i=1,...,n XN,
utilizing the n < N most dominant features (the columns of
the sorted and scaled mixing matrix).

(V) Determine the identities and concentrations of analytes by
applying the trained neural network to this feature vector.

3. Experimental

The experiments tested the analytes diisopropylmethylphos-
phonate (DIMP), ethanol, and propanol at a range of head space
concentrations diluted in an inert gas (nitrogen or helium) and,
subsequently, two room temperature gases, H, and CO», at vol-
ume percents of 10% or less in the diluent gas. Concentrations
were adjusted by varying the flow rates of the analyte gases
using programmable syringe pumps. These experiments were
performed using arrays of silicon microcantilevers coated suc-
cessively with nanostructured metal and MRPs [7]. The length,
width, and thickness of each microcantilever were, respectively,
400 pm, 100 pm, and approximately 1 um. Twelve different
MRPs (macrocyclic compounds, GC phases, etc.) were ther-
mally evaporated, one coating per cantilever, using the physical
vapor deposition approach. This procedure resulted in a MRP
thickness that was roughly 300 nm [7].

The microcantilever array was mounted in a stainless steel
flow cell with a glass window and coupled to the optical read-
out. The total volume of the flow cell was approximately 150 L.
Inlet and outlet ports provided delivery and exhaust of the analyte
mixtures. Beams of 12 VCSELSs were focused onto the tips of the
microcantilevers in the array. The beams reflected off the micro-
cantilevers were captured and monitored by a single position
sensitive detector (PSD, see Fig. 1). The deflection of a micro-
cantilevers resulted in a corresponding motion of the reflected
beam across the PSD. Throughout the experiments, a constant
flow of carrier gas was maintained through the flow cell at a rate
of 4.0-6.0mL min—!. Analyte flow (and hence concentration)
was controlled by the programmable syringe pumps. Each ana-
lyte was typically injected for a period of 30-60s, followed by
a 90-180s period of a carrier gas flow only, thereby creating
repetitive test periods.

E400

=]

(%)

E200

2

&

& 0

50 ;
e 10 12
W @
2 -
Time (sec) Cantilever

Fig. 2. The movement of all 12 cantilevers during one trial in which
1.2mLmin~! of ethanol is presented to the system. Time zero corresponds
to end of the analyte injection and displacement is relative to end state.
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Fig. 3. Computed estimation of ICA mixing matrix for the cantilever array
signals in Fig. 2.

4. Discussion and results

Depicted in Fig. 2 is the movement of all the MRP-modified
cantilevers during one trial in which 1.2 mL min~! of ethanol is
presented to the system. Fig. 3 is the corresponding ICA decom-
position of this signal. It can be seen that the magnitude of the
columns of the mixing matrix drop rapidly. Similar results were
observed for all the trials (50 for each chemical and each concen-
tration). Therefore, only the first column is needed to represent
the observed data and will be referred to as the feature vector.

Fig. 4 depicts the average of the first feature vector for ethanol,
propanol, and DIMP at each of five concentrations. It can be
seen that the feature vector provides a unique representation
for each chemical and the magnitude of this feature is linearly
related to the concentration. Neural network classification of
these features supports these observations. Leave one out cross-
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Fig. 4. Normalized averaged feature vector for each concentration of ethanol,
propanol and DIMP. Concentrations were altered by varying the analyte
headspace flow rate within a constant background flow of 6.0mL min~! of
carrier gas.

validation was performed on all trials as a group with a training
goal of 107® and a maximum number of training epochs of
2500. It was observed that the three different analytes could be
accurately distinguished and their concentration predicted to an
absolute average error of 5.1 x 107> mL min~!. The reliabil-
ity of the extracted features can be explained by two important
properties. First, the system of cantilevers response scales with
the concentration rate of a given analyte, and the morphology of
this response is different according to the chemical species. This
property is a necessary condition for classification to be accurate
and reliable. Second, the ICA estimates for dominant sources
are similar across different chemicals and concentrations. Fig. 5
shows the average source estimation for ethanol, propanol, and
DIMP. The first three sources averages are similar with correla-
tion rates greater than r=0.97 among the signals. These sources
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Fig. 5. Average of the 12 estimated sources for each molecule ordered in terms of signal strength contribution.
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Table 1
Predicted vs. actual concentration in the mixture of CO, and H;

Actual mixture of Predicted mixture of CO,

CO; and Hj and H> (mL min—')
0.9:0.1 0.8947:0.0843
0.8:0.2 0.8548:0.1000
0.7:0.3 0.6279:0.3202
0.6:0.4 0.4946:0.4469
0.5:0.5 0.2603:0.5902
0.4:0.6 0.4369:0.5336
0.3:0.7 0.2603:0.5902
0.2:0.8 0.3017:0.7628

are heavily weighted in the mixing matrix and make up over
85% of the observed signals.

The combination of these two properties not only forces
consistency among the features, allowing for precision in clas-
sification, but also implies linearity in the features for mixtures
of chemicals. In other words, knowing only the features that
correspond to chemical species presented to the system of can-
tilevers in isolation, the feature that results from any mixture
of the chemical species can be determined directly through lin-
ear combinations of isolated chemical features. The result of
the experimental validation of this phenomenon is recorded
in Table 1. In this experiment, a constant flow of helium car-
rier gas (4.0mL min~!) was maintained. Two separate syringe
pumps containing 50% Hj; and 50% CO; were mixed with the
carrier gas such that the total analyte flow was 1.0 mL min~!
with increasing Hy (0.0-1.0mL min~') and decreasing CO,
(1.0-0.0 mL min—!) flow rates.

Using only the feature vectors for CO; and Hj, where each
is presented to the system in isolation, the neural network is
trained on a computational synthetic mixture of these isolated
feature vectors. Table 1 displays the accuracy of this neural net-
work in predicting concentration rates from features generated
from the action of the cantilevers for various real mixtures of
CO;, and H,. Knowledge of how these analytes react to the
system of cantilevers in isolation is sufficient to predict the
concentration rates of mixtures to an absolute average error of
6.5 x 1072 mL min~.

5. Summary

The detection and identification of chemicals through the use
of functionalized nanomechanical sensor arrays is augmented
by coupling this technology with the feature extraction abilities
of ICA and the classification performance of neural networks.
Further, based only on the knowledge of the features produced
from individual chemical interactions with the sensor array, it
is possible to train neural networks to identify the identities and
concentrations of mixed chemicals, thereby greatly increasing
the range of classification of this device.
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