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Abstract
BACKGROUND: Graphene is an allotrope of carbon with two-dimensional (2D) monolayer honeycombs. A larger detection area
and higher sensitivity can be provided by a graphene based nanosenor because of its two-dimensional structure. In addition,
owing to its special characteristics including electrical, optical and physical properties, graphene is a known more suitable
candidate than other materials for use in sensor applications.
RESULT: In this research, a set of novel models employing ﬁeld eﬀect transistor (FET) structures using graphene has been
proposed and the current–voltage (I-V) characteristics of graphene have been employed to model the sensing mechanism. An
adaptive neuro fuzzy inference system (ANFIS) algorithm has been used to provide another model for the current–voltage (I-V)
characteristic.
CONCLUSION: It has been observed that the graphene device experiences a large increase in conductance when exposed to
Escherichia coli bacteria at 0–104 cfu mL−1 concentrations. Accordingly, the proposed model exhibits satisfactory agreement
with the experimental data and this biosensor can detect E. coli bacteria providing high levels of sensitivity.
© 2015 Society of Chemical Industry
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The discovery of Escherichia coli bacteria in human colon goes back
to 1885 and is associated with German bacteriologist Theodor
Escherich. He found correlations between particular strains of the
bacteria and diarrhoea and gastroenteritis in infants which was a
signiﬁcant ﬁnding in the public health area; hence the change of
the name of the bacteria from Bacterium Coli to Escherichia Coli in
his honor.1,2 It must be noted that most E. coli bacteria do not cause
any illness in humans, and some act to the beneﬁt of the human
body. However, several E. coli bacteria cause infections that are not
gastrointestinal disorders, but rather those of the urinary tract.3,4
In E. coli sensing several biosensor structures have been used,
such as optical biosensors, photodiode based sensing,5 integrated
waveguide biosensors6 electro-chemical sensing techniques7 – 10
or carbon nanotube biosensors based on a FET structure with
very high limits of sensing.11 – 14 Nonetheless, most of these experiments need the use of labels for detection; hence, a simpler
method is required. Many of these biosensor fabrications are
unmanageable or the limit of sensing is remarkably lower than preferred. Properties and deﬁnition of nanomaterials utilized as part of
nanobiotechnology for E. coli sensing is recorded in Table 1.
Here, we describe a graphene based nanoelectronic sensor giving extremely sensitive bacteria (E. coli) detection (10 cfu mL−1 ). In
contrast to the mentioned approaches, which are time-consuming
and tedious, the graphene based nano-electronic sensor oﬀers
sensitive and rapid measurement. The novelty of the approach
is that, for the ﬁrst time, the eﬀect of E. coli detection on
graphene electrical properties has been studied and formulated.
J Chem Technol Biotechnol 2016; 91: 1728–1736

Furthermore, typically, two distinct states, namely equilibrium
(statistical) and non-equilibrium conditions are considered in
most studies. In this research, both states have been applied in
the mathematical formulation of sensor models.
Carbon-based materials have been explored extensively to
accommodate advancing technology.15 – 17 The discovery of a
single atomic sheet of graphite layer or graphene by Andre
Geim in 2004 has attracted much interest by communities of
researchers and by technology due to its superb electronic
properties.18 – 21,20,22 – 25 Graphene has a very high charge carrier
mobility which can exceed 200 000 cm2 V−1 s−1 at room temperature. According to experimental transport measurement
results, due to the extraordinary feature of high electron mobility,
graphene can serve as an extremely attractive material for use in
nano-electronic devices, particularly in sensor applications.26 – 29
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Table 1. Description and properties of nanomaterials used in nanobiotechnology for E. coli detection
Recognition
element

Signal transduction
method

Antibody
Antibody
Aptamer

Fluorescence
Fluorescence
Fluorescence

E. coli O157:H7
E. coli
E. coli

106 cells/mL (PBS)
104 cfu/mL
103 cfu/mL

Magnetic nanoparticle

CP1

Magnetic

E. coli O157:H7

104 cfu/mL (PBS-T)

Magnetic bead/quantum dot
RuBpy doped silica

Antibody
Antibody

Fluorescence
Fluorescence

E. coli 0157:H7
E. coli O157:H7

103 cfu/mL (brain)
1 cell mL−1 (PBS)

Material
Quantum dots
Carbon nanotubes
SWNT
MWNT

Graphene nanoribbons (GNRs) are narrow graphene strips produced by standard lithographic techniques.
Herein, we introduce an FET biosensor modiﬁed by graphene
which shows enhanced performance for measuring bacterium.
Prototype FET structures have indicated excellent performance
for transistors, interconnects, electromechanical switches, infrared
emitters and biosensors.30,31 As can be seen in Fig. 1, it looks similar
to the electrolyte-gated ﬁeld-eﬀect transistor and a graphene
channel connects the source and drain electrodes.32,33 When E. coli
bacteria come into contact with the surface or edge of graphene,
the amount of carrier concentration changes due to the variability
of the drain source current which is a measurable parameter.
According to the relation between conductivity and charge carrier
density or carrier mobility, the adsorbed molecules change the
conductivity of the graphene.34 – 37
In addition to the analytical model, an adaptive neuro fuzzy
inference system (ANFIS) algorithm has been developed.

Pathogen

n=

(14)
(53)
(54)
(55)
(56)
(57)
(58)
(59)
(60)
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in which aC − C = 1.42 Årepresents carbon–carbon (C–C) bond
length, and t = 2.7 (eV) is the nearest neighbour C–C tight binding
overlap energy. E g is the band gap energy which can be written for
monolayer graphene as:42,43
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where EF is Fermi energy, KB is Boltzmann’s constant, T is temperature and E is energy. Then the E. coli concentration is written as:
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The quantum capacitance is shown as:45
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where f (E) is Fermi Dirac distribution and D(E) the density of state
(DOS) and can be written as:40
D (E) =

An E. coli in contact with a ﬁlm of antibody functionalized
graphene is illustrated in Fig. 1. In this conﬁguration, to check
the system response and to ﬁnd the kinetics of bacteria binding,
the sensor was kept in chambers with 104 cfu mL−1 of E. coli.4,38

Ref.

As higher numbers of E. coli are caught by the graphene ﬁlm
antibodies, the conductance of the channel increases. Operating
the graphene FET in the p-type region with zero gate voltage
conﬁrms that the graphene conductance increases as a result of
higher levels of hole density caused by the high negativity of the
walls of the bacteria.
It has been proved by experimental methods that the conductance of graphene is a function of carrier density and mobility. In
other words, changes in electron density and/or charge carriers
by adsorption of E. coli molecules or ions in graphene change the
conductance:39
We begin the modelling by carrier concentration given as:40,41

EXPERIMENTAL
A chemical vapor deposition (CVD) method using ethanol was
used to grow graphene ﬁlm on copper foil. It was coated with
a thin layer of poly-methyl methacrylate (PMMA) dissolved in
chlorobenzene. Then by using a chemical etching method the
graphene/PMMA was released from the copper foil. The drain
and source (two electrodes) were prepared and connected to the
graphene using silver. Lastly, for electrode insulation silicon rubber
was used.4
Escherichia coli (K12 ER2925) was bought from New England Biolab and cultured in LB (Luria Bertani) medium at 37 ∘ C. Culturing
and colony counting methods were used for E. coli production at
107 cfu mL−1 density. It was prepared for experimental work by
diluting it in PBS solution (PH 7.2). The harvested E. coli was stored
at –80 ∘ C. A semiconductor device analyzer was used for electrical measurement (Agilent, B1500A) and all measurements were
done under ambient conditions. The gate voltage was applied
via an Ag/AgCl electrode immersed in PBS solution on top of the
graphene and the graphene device was biased at 100 mV.4

Detection range
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Figure 1. Graphene-FET for detection of E. coli.

in which Q is the charge measured in coulombs and
𝛿Q = e. 𝛿nTotal , e is electron charge, nTotal = n + n′ , where n is
inherent carrier concentration and n′ is the amount of carrier
concentration when bacteria is injected.
𝜕V = 𝜕Ee is the voltage applied to the device and Cq is given as:46
Cq =

e𝜕nTotal

(7)

𝜕E
e

which becomes by a simple mathematical rearrangement:
Cq = e2

𝜕nTotal
𝜕E

(8)

The GFET conductance can be written as follows:
⎛
⎞
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Based on the analytical model, 𝜓 is introduced as the E. coli
controlled parameter and shows the rate of change in conductivity
depends on E. coli concentration that is given by:
( )
𝜓 = aLn FEC + b

Using the deﬁnition of nTotal , the following equation can be
written for quantum capacitance:
Cq = e2

𝜕n
𝜕n′
+ e2
𝜕E
𝜕E

(9)

The performance of a biosensor based on graphene nanostructure is demonstrated by its conductance characteristic. As Vg
results in altering the conductance of the channel, one of the
parameters that has strong inﬂuence on biosensor conductance
is E. coli concentration, so we can write:
n′ = 𝜓FEC

(10)

where (F EC ) is the carrier concentration of E. coli and the control
parameter is indicated by (𝜓). As a result, the quantum capacitance
can be written as:
Cq = e2 .

1
√
3𝜋tac−c

E
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(13)

where the constant parameters have been calculated as a = 57550
and b = 18848.

ANFIS MODEL
Fuzzy logic (FL) and fuzzy inference systems (FIS), ﬁrst proposed
by Zadeh (1965), provide a solution for making decisions based
on vague, ambiguous, imprecise or missing data. FL represents
models or knowledge using IF–THEN rules. A neuro-fuzzy system is functionally equivalent to a FIS. A FIS mimics a human
reasoning process by implementing fuzzy sets and approximate
reasoning mechanism which use numerical values instead of logical values. A FIS requires a domain expert to deﬁne the MFs
and to determine the associated parameters both in the MFs,
and the reasoning section. However, there is no standard for the
knowledge acquisition process and thus the results may be different if a diﬀerent knowledge engineer is at work in acquiring
the knowledge from experts. A Neuro-Fuzzy system can replace

© 2015 Society of Chemical Industry
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Figure 2. ANFIS architecture.

Figure 3. Schematic of implemented ANFIS.
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Figure 4. Membership functions.
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Table 2. MFs ranges
Cfu mL−1
0
10
100
1000
10000

In1mf1
0.008462–0.01495
0.01486–0.01832
0.008462–0.01495
0.01499–0.01845
0.008493–0.015
0.01475–0.0182
0.0084–0.0141
0.01504–0.01902
0.007842–0.01385
0.0127–0.0163

In1mf2

In1mf3

.01433–0.03209
0.01469–0.06739
0.01336–0.03282
0.01496–0.06784
0.01364–0.03241
0.0162–0.06944
0.0.01327–0.03302
0.0144–0.06752
0.01259–0.0301
0.01579–0.06372

In1mf4

0.01538–0.08101
0.01498–0.1177
0.01575–0.08103
0.01489–0.1176
0.01456–0.0827
0.01575–0.1189
0.01431–0.08198
0.01447–0.1173
0.0147–0.07481
0.01273–0.1089

0.01481–0.1316
0.01307–0.1659
0.01477–0.1314
0.01276–0.166
0.01334–0.1333
0.0126–0.1674
0.01629–0.1303
0.01384–0.1664
0.01441–0.1219
0.01257–0.1539

In1mf5
0.01438–0.1809
0.008462–0.2142
0.01471–0.1808
0.008462–0.2142
0.01522–0.1821
0.008493–0.215
0.01354–0.1811
0.0084–0.2134
0.01365–0.1673
0.007842–0.1985

Figure 5. Fuzzy rule viewer for input and output variables of ANFIS model.

the knowledge acquisition process by humans using a training
process with an input–output training dataset. Thus instead of
being dependent on human experts the Neuro-Fuzzy system will
determine the associated parameters through a training process,
by minimizing an error criterion. A popular Neuro-Fuzzy system
is an ANFIS, a fuzzy system that uses an artiﬁcial neural network theory to determine its properties (fuzzy sets and fuzzy
rules).47,48
The main objective of ANFIS modeling is to map the inputs
to outputs to ﬁnd a function f̂ for a given input vector
X = (x 1 , x 2 , x 3 , … , x n ) in order to predict output ŷ as close
as possible to its actual outputy. Assume m observations
of multi-input–single-output data pairs is available such as
X = (x i1 , x i2 , x i3 , … , x in ), and
(
)
yi = f xi1 , xi2 , xi3 , … , xin i = 1, 2, … , m

(14)

It is now possible to build a model using ANFIS in a prediction
task for any given new input vectorX = (x i1 , x i2 , x i3 , … , x in ). This
prediction,ŷi is an approximation of ythat can be presented as

1732

(
)
ŷ i = f̂ xi1 , xi2 , xi3 , … , xin i = 1, 2, … , m

wileyonlinelibrary.com/jctb

(15)

The goal is to minimize the diﬀerence between the actual output
and the predicted one by determining an ANFIS model.
m [
]2
∑
)
(
̂f x , x , x , … , x − y → min .
i1
i2
i3
in
i

(16)

i=1

Indeed, in ANFIS the linguistic Takagi and Sugeno (TSK)
type fuzzy IF-THEN rules are used for prediction task. These
rules are generated by training the model to approximate
f by f̂ using m observations of n-input–single-output data
pairs (x i , yi ). ANFIS is a structure that consists of nodes and
directional links through which the nodes are connected. A
back-propagation strategy is used to train the MFs, while the
least mean squares algorithm determines the coeﬃcients of
the linear combinations in the consequent part of the model.
TSK type fuzzy IF-THEN rules are used in the ANFIS model,
for example:
)
(
)
(
if x is A1 and y is B1 , then f1 = p1 x + q1 y + r1 ,
(
)
(
)
if x is A2 and y is B2 , then f2 = p2 x + q2 y + r2 ,

© 2015 Society of Chemical Industry
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Figure 6. Current–voltage characteristics for diﬀerent E. coli concentrations.

where x and y are the inputs, f i is the output, pi , qi and ri are
the design parameters that are determined by the users during
the training process. Ai and Bi are the fuzzy sets according to
predeﬁned MF. An ANFIS model with two inputs and two fuzzy
rules is implemented in Fig. 2.

J Chem Technol Biotechnol 2016; 91: 1728–1736
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Bacteria biosensor prediction using the ANFIS model
Fuzzy logic (FL) and fuzzy inference systems (FIS), ﬁrst proposed
by Zadeh in 1965, provide a solution for making decisions based
on vague, ambiguous, imprecise or missing data. FL represents
models or knowledge using IF–THEN rules.
Neural networks learn system behavior by using system
input–output data. Neural networks have good generalization capabilities. The learning and generalization capabilities of
neural networks enable it to more eﬀectively address real-world
problems. Thus, neural networks can solve many problems that are

either unresolved or ineﬃciently solved by existing techniques,
including fuzzy logic.27
Both fuzzy logic and neural networks have been very successful
in solving many real-world problems. However, both technologies
have some limitations. In fuzzy logic, it is usually diﬃcult to
determine the correct set of rules and membership functions.
Moreover, ﬁne-tuning a fuzzy solution is even more diﬃcult and
takes longer. In neural networks, it is diﬃcult to understand the
‘Black Box,’ i.e. it is incomplete compared with a fuzzy rule based
system description.
An appropriate combination of these two technologies
(Neuro-Fuzzy) can eﬀectively solve the problems of fuzzy logic
and neural networks. A Neuro-Fuzzy approach was used to take
advantage of the neural network’s ability to learn, and the membership degrees and functions of fuzzy logic. The weights of the
neural networks are mapped to fuzzy logic rules and member

www.soci.org
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Table 3. 𝜓 parameter corresponding to E. coli concentration values
F(cfu mol−1 )
0
10
100
1000
10000

Ψ(Constant)
0.7
0.72
0.75
0.78
0.8

functions. Expressing the weights of the neural network by fuzzy
rules also provides a better understanding of the ‘Black Box’ and
thus helps to better design the neural network itself. Thus, while
the learning of neural network is parameterized by the variation
in input data, the learning of ANFIS is ﬁxed by the rules and
membership function values that we deﬁne.
In this paper, we develop a Neuro-Fuzzy system for pre cutting
the biosensor conductance variation. Generating the proper MFs
and extracting the fuzzy rules for the prediction of overall ratings
are the main advantages of this method for the deﬁned problem.
Hence, in this study, discovering the knowledge (fuzzy rules)
from experimental data and generalizing the relationship Y = f(X1 )
are the main goals of applying ANFIS for accurate prediction of
conductance. In this relationship, X1 stands for input variable and
Y stands for output variable. In the current study, conductance can
be determined as a function of voltage. Predicting the relationship
between inputs and output is one of the important tasks that
ANFIS does. Figure 3 shows the architecture of the implemented
ANFIS that consists of 1 input, 5 rules, and 5 MFs for inputs and
output.
After implementing the ANFIS model using the fuzzy logic
toolbox in Matlab software, the training was tested for error
estimation. Data from one input was given to a trained model of
ANFIS along with actual output. From the input values, suitable
MFs (Fig. 4) were selected to predict the output using the extracted
rules.
In Table 2, the range of MFs for all prediction models developed by ANFIS are presented. As can be seen from this table,
Gaussian MFs were selected for the models. These ranges
and MF types were selected as they minimize the errors of
prediction.
From the fuzzy rule viewer of the ANFIS model established
shown in Fig. 5, the process of biosensor prediction by selecting
the MFs can be better visualized. From the fuzzy rule viewer above,
when the input parameter is at 0.0923, an output of voltage at 19.2
is obtained.

Figure 7. Plot of device conductance versus E. coli concentration. Averages
of the values from six devices are taken for each data point and the
corresponding standard errors are represented by error bars.

between extracted data and the suggested model is clearly illustrated in the ﬁgures. In the proposed model, diﬀerent amounts of
E. coli concentration are shown in term of control parameter (𝜓) as
presented in Table 3.
Figure 7 shows the conductance of graphene at several diﬀerent
bacteria concentrations.
As can be seen, a concentration of E. coli as low as 10 cfu mL−1
was detected by the graphene based sensor. This is several orders
better than the sensitivity of formerly stated approaches such as
SWCNT-network FETs,49 polymerase series response,50 and external plasmon intensiﬁcation.51 10 cfu mL−1 of E. coli created a
3.25 ± 0.43% increase in the conductance of the graphene based
sensor (n =6 devices) which relates to an increase of ∼1.17 μA at
Vds = 0.2 V (notably greater than the existing noise of 0.02 μA).

CONCLUSION
The graphene component shows measureable changes in conductance when in contact with E. Coli, and this behavior is proposed
to be used for the detection of this type of bacteria. A bacteria
concentration control parameter (𝜓) is introduced in the derivation of the analytical model and is calculated iteratively. The sensor
created is label-free, rapid, extremely sensitive and selective for
the detection of bacteria E. Coli, with a very low sensing limit of
10 cfu mL−1 . Comparison between the results obtained from the
analytical and ANFIS models enables more accurate estimations.
With the aid of the proposed models, a realistic understanding of
the biosensor performance under exposure to E. coli can be gained
minimizing the need for empirical experiments.
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To check their functionality, the graphene devices were kept in
closed chambers with various E. coli concentrations to allow the
bacteria to grow and multiply. The graphene devices were then
washed with a PBS solution of pH 7.2 (to allow for the production
of the intended ﬁnal E. coli concentration)4 and were electrically
tested through measuring the I–V characteristics with zero voltage
between the solution and the gate. The current–voltage characteristics of the proposed model for a biosensor based on graphene
in comparison with results from experimental data and the ANFIS
model are illustrated in Fig. 6(a) to 6(f ). It can be observed that
the charge transfer between E. coli (0 to 10 000 cfu mol−1 ) and
graphene causes the current to increase. An acceptable agreement
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