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Abstract—This paper presents a computer aided design (CAD)
framework for verification and reliability analysis of protein-sil-
icon hybrid circuits used in biosensors. It is envisioned that similar
to integrated circuit (IC) CAD design tools, the proposed frame-
work will be useful for system level optimization of biosensors and
for discovery of new sensing modalities without resorting to labo-
rious fabrication and experimental procedures. The framework re-
ferred to as FAST analyzes protein-based circuits by solving in-
verse problems involving stochastic functional elements that admit
non-linear relationships between different circuit variables. In this
regard, FAST uses a factor-graph netlist as a user interface and
solving the inverse problem entails passing messages/signals be-
tween the internal nodes of the netlist. Stochastic analysis tech-
niques like density evolution are used to understand the dynamics
of the circuit and estimate the reliability of the solution. As an
example, we present a complete design flow using FAST for syn-
thesis, analysis and verification of our previously reported conduc-
tometric immunoassay that uses antibody-based circuits to imple-
ment forward error-correction (FEC).

Index Terms—Biomolecular circuit, biosensors, computer-aided
design, factor-graphs, inverse problems, message passing, simula-
tion.

I. INTRODUCTION

D ESIGN of reliable biosensors requires understanding,
modeling and characterization of fundamental noise,

stochastic interactions between proteins and device artifacts. In
a theoretical study reported in [1], [2], it was shown that the
signals acquired from biosensors could potentially exhibit large
variability due to random interactions between biomolecules or
due to the noise at the interface of the transducer. While the ef-
fects of variability could potentially be alleviated by improving
experimental protocols and device fabrication process, in [3] we
had proposed using a forward error-correcting (FEC) approach
to improve the reliability of biosensors. The FEC biosensor,
whose architecture is shown in Fig. 1, uses protein-based
reactive circuits (using antibodies, aptamers, or DNA) in con-
junction with a transducer which converts the binding of an
analyte with the protein into a measurable optical or electrical
signal. A biomolecular encoder synthetically introduces re-
dundancy into the protein-protein interaction before the signal
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Fig. 1. System level architecture of an FEC biosensor interface which can be
analyzed using FAST.

generated by the transducer is read out [3]. Acquisition and de-
coding of the sensor signal is performed using silicon (CMOS)
circuits and the final result is a score which is proportional to
the probability of the target analyte being present in the sample.
In [3] we reported examples of protein (antibody) based com-
binatorial circuits and in [4] we experimentally demonstrated
the feasibility of a small-scale biomolecular encoder using
lateral-flow immunoassays. However, these preliminary exper-
iments indicated that the full potential of an FEC biosensor can
be only be realized using large-scale biomolecular encoders
which integrates millions of protein-based circuits. This would
require a simulation framework that could be used to model,
analyze and predict the reliability of large-scale biomolecular
encoders without resorting to laborious and expensive experi-
mental procedures. In this paper, we present a computer aided
design (CAD) framework called FAST (Factor-graph based
Analysis of Stochastic circuiTs), which can be used for design,
synthesis and verification of large-scale hybrid protein-silicon
circuits.

A FAST based design-flow of FEC biosensors is summarized
by the chart in Fig. 2. First, simple protein circuits are proto-
typed and their responses are experimentally measured. The ex-
perimental data is then used for generating a library of behav-
ioral models, equivalent circuit models and channel (or noise)
models. These models are instantiated and imported when the
user specifies a topology comprising of the basic protein-cir-
cuits. During analysis, FAST allows additional constraints to
be incorporated into the design, which includes limitations on
the size of the biosensor substrate, cross-talk due to the sub-
strate, analyte propagation and transducer artifacts. FAST then
generates a factor-graph netlist that captures the probabilistic
interdependencies between different circuit elements. Inference
or estimation of probability distributions of target variables are
obtained using Monte-Carlo simulations and the dynamics of
the factor-graph circuit is understood using a density-evolution
analysis. The outcome of the simulations are detection error-rate
(DER) curves which can then be used to determine the reliability
of the circuit. As a final step in the design-flow, the encoder cir-
cuit is fabricated to validate the simulated reliability metrics or
some important detection property as predicted by FAST.

1932-4545/$31.00 © 2012 IEEE
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Fig. 2. FAST design flow.

Fig. 3. Software architecture of FAST.

The software architecture of FAST is shown in Fig. 3 and is
comprised of six key modules.

• Forward module: This module uses experimental data to
generate behavioral models of the basic protein circuits.
These behavioral models are then used to emulate the re-
sponse of the protein circuits during simulation.

• Noise module: This module uses experimental data to esti-
mate the noise parameters in the behavioral models of pro-
tein circuits. In FAST, two types of noise sources are mod-
eled: (a) systematic noise introduced by sensor artifacts,
variations in experimental protocols and experimental con-
ditions; and (b) random noise due to stochastic interactions
between biomolecules and due to measurement noise. The
noise models in conjunction with the behavioral models are
used for large-scale Monte-Carlo simulations.

• Factor-graph module: In its general form, a factor-graph
graphically captures the interdependencies between dif-
ferent independent random variables. In FAST, this module
provides an interface to a user to specify the topology of a

biomolecular encoder. The module then generates a netlist
similar to SPICE and presents it as an input to the FAST
message-passing module.

• Message passing module: Message-passing is an itera-
tive decoding algorithm that computes the probability dis-
tributions of random variables in a factor graph [5]. This
module is the core computational unit of FAST and uses
a distributed algorithm for generating inferences over the
parameters of interest. The algorithm can be parallelized
and hence can be scaled to achieve faster convergence.

• Density evolution module: Density evolution (DE) pro-
vides a way to study the convergence of message passing
algorithm by tracking distributions of messages that are
propagated between different nodes in a factor graph. The
evolution of this distribution and its steady-state could then
be used to determine the dynamics and the performance of
the circuit.

• Reporting module: This module is used by FAST to gen-
erate multi-dimensional detection error-rate (DER) data to
determine the reliability of detection of the circuit or to
investigate novel detection modalities through post-pro-
cessing.

We now describe in details, the theory and the underlying
algorithms used for implementing some of the FAST modules.

II. FORWARD AND NOISE MODULE

The behavioral model of a biosensor depends on: (a) the op-
erational physics of the protein-silicon interface; (b) on the type
of biomolecules used for recognizing the analyte of interest; and
(c) on the type of transducer used for converting the recognition
event into a measurable signal. In literature, numerous mod-
eling studies have been reported that capture the response of
different types of biosensors at a system level [19]–[22]. Some
of the examples include acoustic-wave biosensors [23], amper-
ometric biosensors [24], silicon-based thermal biosensors [25],
and cell-based biosensor [26]. Without the loss of generality,
in this paper, we will focus on behavioral models that are ap-
plicable to affinity-based biosensors, or biosensors that use an-
tibodies, aptamers or DNA as recognition elements. Typically,
in an affinity-based biosensor the recognition elements are im-
mobilized at specific locations on a substrate (usually made of
silicon or porous material like nitrocellulose paper [3]). This is
illustrated in Fig. 4 where the substrate is referred to as the reac-
tion chamber. When the sample containing the analyte is applied
to the biosensor, the analyte diffuses across the substrate and
binds with its specific recognition element (specific antibodies
in Fig. 4). Note that the analyte could potentially bind with the
non-specific recognition element (shown with different colors in
Fig. 4). However, the probability of non-specific binding is rel-
atively low for a carefully designed immunoassay. The binding
event is then converted into a measurable signal by the trans-
ducer (optical or electrical) and is used for detecting the pres-
ence of the analyte or for measuring the analyte concentration.
At a microscopic level, the analyte diffusion in the biosensor re-
action chamber can be modeled as a random-walk [1], [2] sto-
chastic process, whose parameters are determined by the con-
centration gradient of the analyte, the ambient temperature, the
transport properties of the substrate, and the aqueous medium
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Fig. 4. Analyte motion, capturing, association and dissociation within a
biosensor reaction chamber.

in which all the biomolecules reside. Similarly, the binding be-
tween the analyte and the recognition element is determined
by the thermodynamics of the interaction process between the
biomolecules [2]. This interaction could be modeled using a
probabilistic model like a Markov chain, in which the states of
the Markovian model signify whether the analyte is bounded to
its specific recognition element or is unbounded and free to dif-
fuse to another binding site (as shown in Fig. 4).

Both analyte diffusion and analyte binding microscopic
models are useful for understanding the dynamical response of
the biosensor and for understanding the sources of variability
and fundamental noise. However, this dynamics is also strongly
dependent on the type of proteins and the type of transducers,
which requires a fairly large and complex library of behavioral
models. While the long-term goal is to incorporate different
types of dynamical models in FAST, for the first version, our
focus has been on modeling the steady-state, input-output
response of a generic affinity-based biosensor. We use a simple
parametric model whose complexity is only determined by
the concentration of the analytes being detected. The model is
general enough to be applied to different types of affinity-based
biosensor, as will be clear from the following analysis.

Let denote the concentration of the analyte and let
denote the magnitude of the output signal (optical or elec-

trical) generated by the transducer. Then, the change in magni-
tude of the output signal would be directly proportional to
the change in analyte concentration and is expressed as

(1)

where is a proportionality constant independent of the an-
alyte concentration modeling the sensitivity of the biosensor.

is a function that models the saturation response of the
biosensor. Saturation arises due to the lack of availability of the
analyte binding sites (or due to quenching of the optical trans-
ducers) as more analytes hybridize or react with their specific
biomolecules (see Fig. 4). Even though different forms of
are possible, should satisfy the following general properties:

(2)

(3)

(4)

(5)

Conditions (2) and (3) ensure that the change in magnitude re-
duces as more hybridization sites are used up. Conditions (4)
and (5) specify the boundary conditions for . One possible
choice of could be

(6)

where is a concentration parameter that determines
the saturation characteristics under control conditions (when no
analyte is present in the sample). Equation (1) could then be
expressed in its differential form as

(7)

(8)

(9)

Thus, the signal generated by an affinity-based biosensor can be
expressed as a log-linear function of the analyte concentration.

For a multi-analyte biosensor, the substrate is immobilized
with receptors specific to different analytes, as shown in Fig. 4.
In this regard, the biosensor signal will be a function of the con-
centration corresponding to different analytes. For the sake of
simplicity, we will consider only two analytes and . If
and denote the concentration of the analytes and , then
the gradient of the transducer signal with respect to the respec-
tive analyte concentrations can be expressed as

(10)

(11)

where are model parameters corresponding
to analytes and respectively. The parameters
model the effect of joint hybridization of the analytes and
on the output signal. The joint hybridization could be signified
as non-specific binding between an analyte and receptor mol-
ecule non-specific to that analyte. In other cases, the joint hy-
bridization could be synthetically introduced, as is the case in
the FEC biosensor architecture. The solution of (10) and (11) is
given by

(12)

Equations (12) could in principle be generalized to more than
two analytes and different types of logical circuits (for e.g.,
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Fig. 5. Illustration of a cross-bar bio-silicon circuit topology that can be specified by the user.

Fig. 6. The factor graph netlist of an example protein array, its equivalent circuit models and a micrograph of its physical implementation.

“AND” or “OR” gates). In the results section, we will demon-
strate the use of these behavioral models to capture the func-
tional response of different circuits constructed on an affinity-
based biosensor.

The behavioral models can be augmented to include the effect
of noise and variability in the biosensor signal. Like the behav-
ioral models, noise models are also specific to the biosensor plat-
forms and is dependent on the physics of: (a) reagent handling;
(b) analyte propagation through the substrate; (c) stochastic in-
teractions between the proteins; (d) noise at the interface of the
transducer; and (e) noise in read-out instrumentation. While fu-
ture versions of FAST will incorporate complex platform spe-
cific noise models, in the first version of FAST we have used
a simple additive white Gaussian noise (AWGN) model which
is parameterized by an amplitude parameter. This is a reason-
able assumption since the physics of each biosensor processing
is unique and hence independent of each other. Therefore, (9)
can be modified to obtain an augmented biosensor model spe-
cific to analyte as

(13)

is a zero mean Gaussian random variable that models the
cumulative noise of the biosensor.

Similarly, the joint model given by the (12) can be augmented
as

(14)

where denotes the corresponding additive noise param-
eter. As will be shown in the Section IV, all the parameters in
the (13) and (14) including and are estimated for spe-
cific logic circuits using log-linear regression methods.

III. INVERSE MODULE AND DENSITY EVOLUTION MODULE

Once a library of behavioral models (consisting of model pa-
rameters) has been created, the user can specify different topolo-
gies of protein-silicon circuits. A cross-bar topology is shown
in Fig. 5 and consists of antibody based logic circuits which are
spatially patterned at cross-bar points (intersection between the
horizontal and vertical lines). Each cross-bar point (or the logic
circuit) could be individually addressed and the change in con-
ductance could be measured using a peripheral silicon decoder.
For simulation purposes FAST models the cross-bar topology
as an equivalent factor-graph which captures the logical depen-
dencies between the antibody-based logic circuits, as shown in
Fig. 6.

A. Fast Probabilistic Inverse Problem

The FAST simulation engine then uses the factor-graph to
solve a probabilistic inverse problem whose objective is to gen-
erate inferences over circuit parameters given noisy observa-
tions. For a biomolecular circuit, the noisy observations corre-
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spond to the signal generated by the protein based circuit (re-
ferred to as the forward model as shown in Fig. 1) and is given
by , where is the number of observations.
The simulation engine then produces a posteriori probability
estimates of the parameters of interest

given the noisy observations . For ex-
ample, in a biomolecular circuit could be boolean
variables indicating the presence or absence of pathogens in
the given sample. Then, a straightforward application of the
Bayesian rule leads to

(15)

where we have assumed that the noisy observations condi-
tioned on the parameters of interest are independent of each
other. Equation (15) illustrates the functional architecture of
FAST, where is dependent on individual biomolec-
ular circuit whose parameters have been pre-computed using
in-laboratory experiments. These parameters could then be
imported into FAST and stored in the software repository. The
function in (15) represents the interconnection
between different biomolecular circuits and will be referred
to as the factor graph netlist. The factor-graph netlist consists
of two kinds of nodes: (a) variable nodes which represent the
circuit parameters to be estimated and (b) check nodes which
capture the functional relationship between different circuit
parameters (connected to the check nodes using “edges”).
For example, in Fig. 6 the circuit parameters are functionally
related to each other through different logic functions (“AND”,
“OR” and “Equality”). The factor-graph netlist also consists
of transducer nodes (denoted by “T”) which integrates the
circuit models from the forward and noise modules (see Fig. 6).
For example, an OR logic model will be used to generate the
posterior probability that either one of the
two analytes or is present given the measurement .
All the posterior probabilities are combined together using
a factor-graph to solve the probabilistic inverse problem or
to compute the probability of presence of target pathogens

given all the measured
conductances . The inference according to (15)
is determined using a message passing algorithm, where each
node in the netlist propagates messages along the edge to each
of its immediate neighbors. These messages take the form of
probability estimates that the node to which the message is
being sent to is in the state 0 or 1. The messages are computed
using two basic and distributed operations [7]: (a) marginaliza-
tion which involves summation over local joint distributions;
and (b) multiplication of local marginal probabilities. The
messages are propagated back and forth between the nodes
for a pre-determined number of iterations before a decision on

the variables are made. The distributed and local
computations avoids unnecessary summation or multiplication
over irrelevant internal nodes, thus facilitating inference over
large-scale biomolecular circuits.

B. Density Evolution Module

Density evolution provides a way to study the factor-graph
decoding algorithm by analyzing the evolution of message
densities on a hypothetical infinite tree-like with similar local
topology as the factor-graph of interest [12]. Traditionally,
density evolution is used to observe the asymptotic message
distributions and hence estimates a minimum threshold param-
eter (e.g., noise-variance of a Gaussian channel) that ensures
reliability (error-rate) performance less than some specific
tolerance. The density evolution procedure computes the
probability density of messages during an iterative decoding
algorithm based on a recursive estimation procedure that can
be evaluated analytically or numerically using Monte-Carlo
simulations [10], [11]. In this regard, it can be utilized to ob-
serve the convergence of code. Here we briefly describe density
evolution using the example factor-graph shown in Fig. 6(a).
For details the readers are referred to [10]. If denotes the
random variable corresponding to the messages propagated
from the check to the variable nodes of the netlist, density
evolution tracks the cumulative distribution with respect to
iteration time according to

(16)

where is the probability density function (pdf) of mes-
sages . Under the assumption that no antigens are present in the
analyte, a convergent message passing algorithm over the factor
graph netlist will yield which approaches zero as .
Monitoring will therefore be indicative of the dynamic be-
havior of the factor-graph netlist.

IV. EXAMPLE FAST DESIGN FLOW

We now demonstrate an example FAST design flow
(shown in Fig. 2) for our previously reported conducto-
metric immunoassay. The immunoassay uses pathogen specific
antibodies for bio-recognition and uses silver-enhanced
gold-nanoparticles as transducers [6], [13]. The immunoassay
can be integrated directly with CMOS circuits and the silver-en-
hancement based amplification technique can achieve detection
limits that are comparable to that of optical methods [13], [14].
For the sake of completeness we briefly describe the principle
operation of the immunoassay and is summarized in Fig. 7.
A single pathogen biosensor (referred to as EQ or equality
gate in Fig. 7) consists of a layer of antibodies (specific to the
target pathogen) which is immobilized between two conductive
electrodes. When the sample containing the target antigens
(An) is applied to the device, the antigens bind with its specific
antibodies. Then, when secondary antibodies conjugated with
gold(Au) nanoparticles is applied a sandwich (Ab-An-Ab-Au)
structure is formed between the electrodes, as shown in Fig. 7.
However, the gold-nanoparticles by itself is insufficient to
bridge the gap between the electrodes. Therefore, a biomolec-
ular amplification procedure called “silver-enhancement” [15]
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Fig. 7. Principle of operation and experimental results corresponding to our previously reported immunoassay (adapted from [6], [13]). The experimental data
has been used to demonstrate the complete FAST design flow.

is used to amplify the conductance signal. Note that different
biosensors use different methods of biomolecular amplifica-
tion and hence the behavioral model has to be appropriately
modified.

For the model immunoassay, the amplication procedure is
shown in Fig. 7 where the sandwich (Ab-An-Ab-Au) is sub-
jected to a solution of silver and hydroquinone (photographic
developing solution). The gold nano-particle surface act as a
catalyst and reduce silver ions into metallic silver in the pres-
ence of a reducing agent (for e.g., hydroquinone). The reduced
silver deposits on the gold surface, enlarging the size of the gold
nano-particle as shown in Fig. 7. As the size of the silver islands
grow, they offer a low resistive path for the electrons to hop be-
tween the electrodes which is registered as an increase in con-
ductance across the electrodes. With the increase in enhance-
ment time, the growth of silver-enhanced particles completely
bridges the gap between the electrodes (shown in Fig. 7) and
facilitates direct transport of electrons between the electrodes.
The silver-enhancement procedure, in principle, can be viewed
as a biomolecular integrator which effectively reduces the effect
of noise, however, at the expense of slower response time. The
change in conductance across the bridge serves as a measure of
analyte concentration (magnitude of the input signal).

Fig. 7(e) shows the experimental prototypes which were fab-
ricated [6], [13]. The inter-digitated interface consists of three
electrodes each of length 5 mm, and with 500 fingers with a
spacing between the figures being 5 m each. Fig. 7(f) shows
the SEM of the biomolecular device post silver-enhancement
where the nanoparticles completely bridge the gap between the
electrodes. In [6], [13], [4] rabbit IgG was used as one of the
target analyte and biosensor was characterized by measuring the
conductance across the electrodes. The result shown in Fig. 7(d)
revealed three distinct regions of operation (labeled A,B and
C) during the enhancement procedure. Region A represents the
conductance which is measured without the application of the
silver enhancement solution. Region B represents the conduc-

tance which is measured when the silver macroparticles have
not completed the bridge between the electrodes. Region C rep-
resents the conductance when the bridge has been successfully
formed between the electrodes.

In [6], [13] we reported a procedure to fabricate basic logic
circuits (“AND” and “OR”) by pico-liter dispensing of anti-
body patterns on different spatial locations of the silicon sub-
strate. The basic architecture and operational principle of the
logic circuits is also illustrated in Fig. 7. In the case of “OR”
gate, when either one of the proteins is present (one of the input
is valid), the silver-enhanced gold nanoparticles will ultimately
bridge the two electrodes (assuming the antibody density is large
enough). While in the case of the “AND” gate, the condition of
completing the conductive bridge between the two electrodes
will be determined by the presence of both the proteins in the
sample. When either one of the pathogen exists, the bridge will
be partially formed which results in low measured conductance.
Fig. 7(a) and (b) show preliminary results where the the conduc-
tances are measured for different concentrations of rabbit and
mouse IgG (12 g/ml ng/ml) and under different logic
conditions. Control experiments for all the experiments were
obtained using bovine IgG. It can be seen from Fig. 7(a) and
(b) that under different concentration levels of analytes the re-
sponse of the logic function remains consistent, however, the
magnitude of the measured conductance scales log-linearly with
the IgG concentration.

Once the experimental data corresponding to different logic
circuits is presented as input to the FAST forward and noise
module, multi-variable log-linear regression is performed to es-
timate parameters of the behavioral and noise models given by
(13) and (14). Note that each combination of the analyte will
give rise it a specific set of model parameters. These parameters
are stored in a model repository (implemented as an indexed
database) in FAST. estimated using a multi-variable log-linear
regression on the experimental data. The regression error is used
to estimate the noise parameter (variance) and captures the cu-
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TABLE I
BEHAVIORAL MODEL PARAMETERS

mulative effect of different noise sources affecting the output of
the immunoassay. Table I summarizes the repository of model
parameters estimated using experimental data obtained from the
immunoassay logic circuits shown in Fig. 5. Note that the behav-
ioral models could also be represented by its equivalent circuits
as shown in Fig. 6(b). Noise variance was adjusted based on the
regression error obtained when the linear models in Table I were
built.

Next, FAST is used for simulating a 30 30 cross-bar circuit
as shown in Fig. 5, where each cross-bar point instantiates one of
the antibody logic circuits shown in Table I. The first topology is
referred to as the “repetition” topology, each protein element is
patterned multiple times on different cross-bar locations. The
second topology is referred to as the “asymmetric” topology
where a logical combination of the protein circuit (AND, OR
and Equality) are used (see Fig. 1) at different cross-bar loca-
tions. For comparison purposes an “uncoded” topology is also
simulated which only uses a single protein circuit (without en-
coding). In the simulation experiment, different concentration of
analyte (rabbit IgG) is applied to the circuit and the objective is
to determine the inference on the presence or absence of analyte
in presence of random noise. Here the biosensor noise was mod-
eled as a zero mean additive white Gaussian noise (AWGN).

Once the simulation starts, the density evolution module is
used to trace the mean message probability density functions
(pdfs) as shown in Fig. 8. The figure shows the pdfs of the mes-
sages propagated from variable-nodes to check-nodes are shown
for different message-passing iterations. Note the number of
message-passing iterations can be set by the user as one of sev-
eral simulation parameters.

The evolution of the pdfs illustrates that starting from an equal
likelihood of pathogens being “detected” or “not detected,” the
pdf curves shift to the right. This implies that the biomolecular
circuit converges stochastically towards a state where detecting
the pathogens is significantly higher than the starting state. This
verifies the correct dynamical response of the biomolecular cir-
cuit.

Fig. 8. The pdf of messages as reported by the FAST DE module.

At the end of the FAST simulation, the reporting module pro-
duces the detection error rate (DER) which summarizes the like-
lihood of incorrect detection for different concentrations of the
analyte. Fig. 9 compares the DER corresponding to the three
biomolecular circuit topologies for different concentrations of
rabbit IgG. As expected, the FAST simulation shows that as the
concentration of the pathogen increases the DER decreases for
all the three topologies. However, the Fig. 9 also shows that
a simple “asymmetric” topology outperforms the “repetition”
topology by orders of magnitude in terms of DER. This result in-
dicates that patterning of protein based circuit into different log-
ical functions could provide significant reliability benefits espe-
cially since the “repetition” topology is most commonly used
in state-of-the-art microarrays. Of-course, this simulation result
needs to be verified using in-laboratory experiments where the
optimized “asymmetric” biomolecular circuit can now be pro-
totyped in silicon.

The last step in the FAST design flow (shown in Fig. 2) is
to verify some key attribute of the DER simulations. However,
verifying the DER of a size protein circuit is experimen-
tally cumbersome and laborious. Therefore, the benefits of the
encoder topology will be verified indirectly based on the DER
trends as summarized in Table II for a repetition encoder and
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TABLE II
DER OBTAINED USING FAST FOR DIFFERENT CONCENTRATION OF RABBIT AND MOUSE IGG (CONCENTRATION UNIT: G/ML): SHOWING THAT FOR A REPETITION

ENCODER AN INCREASE IN MOUSE IGG CONCENTRATION DOES NOT AFFECT THE DETECTION RELIABILITY OF RABBIT IGG

TABLE III
DER OBTAINED USING FAST FOR DIFFERENT CONCENTRATION OF RABBIT AND MOUSE IGG (CONCENTRATION UNIT: G/ML): SHOWING THAT FOR ASYMMETRIC

ENCODER, PRESENCE OF HIGHER CONCENTRATION OF MOUSE IGG ENHANCES THE DETECTION RELIABILITY OF RABBIT IGG

Fig. 9. The DER curves corresponding to “uncoded,” “repetition,” and “asym-
metric” topology of the biomolecular circuit for different rabbit IgG concentra-
tion levels when mouse IgG concentration was set to ���� �� g/mL.

in Table III for asymmetric encoder. Table II shows that as ex-
pected the DER of rabbit IgG decreases when the concentra-
tion of rabbit IgG in the sample increases. Also can be seen in
Table II, the DER of rabbit IgG remains unaffected by the con-
centration of the mouse IgG. However the DER for the “asym-
metric” code, as shown in Table III, shows that the increase in
concentration of rabbit IgG increases the reliability of detection
of the mouse IgG. This phenomena is a proof that the asym-
metric encoder can indeed be used to design reliable immunoas-
says.

Our experiments reported in [6] provide the proof for the
response of an FEC biosensor as predicted by FAST. In the
experiment reported in [6], 100 pg/mL mouse IgG was added
to the solution of 10 g/mL rabbit IgG which served as the
background interference. 10 g/mL bovine IgG was used as
the negative control experiment. For calibration purposes, a
sample containing only 100 pg/mL mouse IgG was applied a
biosensor specific to a single mouse IgG. Fig. 10(a) shows the

Fig. 10. Experimental verification (adapted from [6]) of responses predicted
by FAST. (a) Results from a mouse IgG biochip when 100 pg/ml mouse IgG is
used in presence of 10 �g/ml of rabbit IgG. (b) Results from the factor-graph
decoder showing significant improvement in reliability of mouse IgG detection
in the presence of background rabbit IgG.

result obtained from the single analyte biochip when a mixture
of 100 pg/mL mouse IgG and 10 g/mL rabbit IgG was ap-
plied. As expected, the results showed that anti-mouse IgG are
non-specific to rabbit IgG. In the next experiment, the mixture
with similar composition was applied to the six biochips and
the measured conductances were process by the decoding
algorithm. Fig. 10(b) shows the response obtained from the
decoder and compares it with results obtained for the negative
control experiments. Note that the output of the decoder is the
normalized score indicating the presence or absence of mouse
IgG. It can be clearly seen in Fig. 10(b) that not only has the
magnitude of the scores have increased significantly compared
to the control, the variance of the results have also decreased
by orders of magnitude. Since there is no overlap between error
bars, perfect detection of mouse IgG can be achieved in the
presence of high background concentration of rabbit IgG. This
experiment verified the reliability benefits of the asymmetric
encoder as predicted by FAST simulations.
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V. CONCLUSION

In this paper we presented a simulation tool, FAST, which
can be used for analyzing protein-silicon hybrid circuits.
The paper presented the software architecture of FAST and
described its underlying factor-graph based decoding algo-
rithm. The software provides sufficient flexibility to the user
for defining different biomolecular circuit models and circuit
topologies. Also, the software provides a detailed perfor-
mance report which includes: (a) a reliability curve; and (b) a
density evolution curve which can be used for system level
debugging by observing the dynamic response of the circuit.
The open-source version of FAST, written in C programming
language is publicly available and can be downloaded from
the web at http://www.egr.msu.edu/aimlab/FAST. The future
work in this area includes: (a) populating the FAST database
with different biomolecular circuit models corresponding to
other emerging nano-biosensors; (b) parameterizing the circuit
models to make it scalable with respect to the size and density
of the nano-biosensor array; and (c) improving the speed of
simulation by exploiting the convergence properties of message
passing algorithms.
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